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Abstract 

 A growing body of research has classified “responders” or “non-responders” to exercise training 

and has assessed whether individuals respond differently to exercise training.  In recent years, 

biostatisticians have raised concerns regarding the statistical rigour required to classify individual 

responses and determine whether interindividual variability can be attributed to differences in exercise 

trainability per se.  This dissertation attempts to advance our understanding of these concerns by 

describing, critically evaluating, and demonstrating how to implement statistical approaches when 

classifying individual responses and estimating interindividual differences in trainability.  The literature 

review first overviews the statistical principles relevant for examining individual responses to exercise 

training, and then reviews the purported biological mechanisms that explain why individuals respond 

differently to exercise training.  The literature review also contains a systematic review with two novel 

analyses that: i) demonstrate the importance of considering error and meaningful thresholds when 

classifying individual responses, and ii) present evidence questioning the existence of interindividual 

differences in trainability.  The following two chapters showcase and discuss the limitations with ignoring 

error and meaningful thresholds when classifying individual responses, and also demonstrate a new 

method for calculating response estimates – individual monoexponential regressions – that improves the 

accuracy in classifying individual VO2max responses.  We then provide evidence supporting the 

hypothesis that higher response rates – the proportion of participants classified as “responders” – are 

explained by larger mean changes and not reduced interindividual variability.  The remaining chapters 

focus on investigating the existence of interindividual differences in trainability by: i) critically evaluating 

the SDIR method, ii) presenting mixed evidence of interindividual differences in trainability across a range 

of morphological and molecular skeletal muscle outcomes following aerobic exercise training, and iii) 

revealing a lack of interindividual differences in trainability from an individual participant data meta-

analyses that included over 1,500 participants from 8 RCTs.  Collectively, this dissertation highlights the 

importance of adopting statistical methods when examining individual responses to exercise training.  



 

 

iii 

Co-Authorship 

This dissertation is the work of Jacob Bonafiglia in collaboration with his supervisor, Dr. Brendon. J. 

Gurd.  Below is a reference list for the components of this dissertation and includes details regarding the 

student’s (Jacob Bonafiglia’s) role for each manuscript chapter (chapters 3-8).  

 

Chapter 2.1 is a published textbook chapter:  

Bonafiglia JT, Islam H, Eynon N, and Gurd BJ. (2020) Statistical considerations and biological 

mechanisms underlying individual differences in adaptations to exercise training. The Routledge 

Handbook on Biochemistry of Exercise.  Taylor & Francis Publishing: Chapter 16, pages 242-259. 

Student role: Jacob Bonafiglia reviewed the literature and conceived the ideas for chapter 

sections, wrote the initial draft, and integrated feedback from all co-authors to prepared the final 

version for submission. 

 

Chapter 2.2 is in revision for publication as:  

Review article: Bonafiglia JT*, Preobrazenski N*, and Gurd BJ.  Inflated response rates and a lack of 

evidence for interindividual differences in trainability: A systematic review and meta-analysis of the 

exercise training literature.  Submitted to Frontiers in Physiology February 6th 2021 (665044).  

* Authors contributed equally 

Student role: Jacob Bonafiglia conceived the study design and conducted the literature search.  

Jacob Bonafiglia and Nicholas Preobrazenski both screened each study and extracted data.  Jacob 

Bonafiglia prepared and performed all data analysis, interpreted the data, and wrote the initial 

draft.  Jacob Bonafiglia also integrated feedback from all co-authors to prepare the final version 

for submission.  

 

 



 

 

iv 

 

Chapter 3 is published as:  

Bonafiglia JT, Nelms MW, Preobrazenski N, LeBlanc C, Robins L, Lu S, Lithopoulos A, Walsh JJ, 

and Gurd BJ. (2018) Moving beyond threshold-based dichotomous classification to improve the 

accuracy in classifying non-responders. Phys. Reports. 6(22):e13928. 

Student role: Jacob Bonafiglia conceived the study design, acquired, analyzed, and interpreted 

data, wrote the initial draft, and integrated feedback from all co-authors to prepare the final 

version for submission. 

Chapter 4 is published as:  

Bonafiglia JT, Ross R, and Gurd BJ. (2019) The application of repeated testing and monoexponential 

regressions to classify individual cardiorespiratory fitness responses to exercise training. Eur. J. Appl. 

Physiol. 4(119):889-900.   

Student role: Jacob Bonafiglia conceived the analytical design, analyzed and interpreted data, 

wrote the initial draft, and integrated feedback from all co-authors to prepare the final version for 

submission. 

Chapter 5 is published as:  

Bonafiglia JT, Preobrazenski N, Islam H, Walsh JJ, Ross R, Johannsen N, Martin CK, Church T, 

Slentz CA, Ross LM, Kraus WE, Kenny GP, Goldfield GS, Prud’homme DP, Sigal R, Earnest CP, 

and Gurd BJ. (2021) Exploring differences in cardiorespiratory fitness response rates across varying 

doses of exercise training: A retrospective analysis of eight randomized controlled trials. Sports Medicine. 

In-press.  

Student role: Jacob Bonafiglia conceived the analytical design, analyzed and interpreted data, 

wrote the initial draft, and integrated feedback from all co-authors to prepare the final version for 

submission. 

 



 

 

v 

Chapter 6 is published as:  

Bonafiglia JT, Brennan AM, Ross R, and Gurd BJ. (2019) An appraisal of the SDIR as an estimate of 

true individual differences in training responsiveness in parallel-arm exercise randomized controlled 

trials. Phys Rep. 7(14):e14163. 

Student role: Jacob Bonafiglia conceived the analytical design, analyzed and interpreted data, 

wrote the initial draft, and integrated feedback from all co-authors to prepare the final version for 

submission.  

 

Chapter 7 is published as:  

Bonafiglia JT, Islam H, Preobrazenski N, Ma A, Deschenes M, Erlich AT, Quadrilatero J, Hood 

DA, and Gurd BJ.  Interindividual variability in human skeletal muscle responses to moderate intensity 

continuous training.  Experimental Physiology. In-press.  

Student role: Jacob Bonafiglia conceived the study design, acquired, analyzed, and interpreted 

data, wrote the initial draft, and integrated feedback from all co-authors to prepare the final 

version for submission. 

 

Chapter 8 is in preparation:  

Bonafiglia JT, Swinton PA, Ross R, Johannsen N, Martin CK, Church T, Earnest CP, Slentz CA, 

Ross LM, Kraus WE, Walsh JJ, Kenny GP, Goldfield GS, Prud’homme DP, Sigal R, and Gurd BJ.  

Exploring interindividual differences in trainability and moderators of response: An individual participant 

data meta-analysis of eight randomized controlled trials.  Manuscript in preparation. 

Student role: Jacob Bonafiglia conceived the analytical design. N.B. We consulted a 

biostatistician (Paul A Swinton) who performed the complex Bayesian statistical modelling.  

Jacob Bonafiglia interpreted data, drafted the initial manuscript, and prepared the manuscript 

included in this dissertation.  



 

 

vi 

Acknowledgements 

First and foremost, I would like to thank my supervisor Dr. Brendon Gurd.  Thank you for your 

guidance, support, and friendship over the last seven years (yikes!).  I of course have immensely enjoyed 

our journey navigating the ever-changing landscape of individual response research per se, and I thought 

it would be best to analogize my gratefulness into terms we understand: 1) although the variability in my 

writing quality has been quite considerable (SDIR = 12 quality units [95% CI: 4-6]; MCID = 2 q.u.), I very 

much appreciate your dedication to developing my writing skills and abilities; 2) despite being classified 

as “unlikely” to respond to COVID (response probability ~15%), exposing me to an acute intervention of 

“reevaluation, redelegation, and re-motivation” led to me experiencing a positive “response” in academic 

success and I am very grateful we were able to adapt; 3) while the cause for how I “responded” is unclear 

(a question that can only be answered using a double crossover design using multiple supervisors), my 

apparent beneficial response is likely attributable to your openness, flexibility, and student-centered 

supervisory approach; and 4) although most graduate students demonstrate individual patterns of response 

across a range of research, teaching, and life skills, the potency of your supervision and friendship has 

resulted in me leaving the QPML a ‘global’ responder across these outcome and I hope to carry these 

lessons with me in my future as I venture outside of academia.  

  My second thanks goes to my lab mates and coworkers over the past seven years.  I could not 

have asked for a more productive enjoyable partnership than working with Dr. Hashim Islam and soon-to-

be Dr. Nicholas Preobrazenski.  Our time together was undoubtedly the highlight of my graduate studies, 

and I am excited to watch Hashim become a P.I. and develop his own research program, and I am also 

looking forward to reading Nick’s many 20-page editorials on bias and normality tests.  I am also thankful 

to Dr. Brittany Edgett for being a great mentor and friend when I first started my studies, Dr. Chris 

McGlory for providing me with many experiences (grant writing, peer-reviewing, and 1st place cycling 

finishes) and being a close friend in my final years in Kingston, and many other past and current co-



 

 

vii 

workers for their friendships including Dr. Andy B., Patrick, Young Michael, Dr. J Walsh, Eveline 

“Brazil time” Menezes, Kassia, and Ben.   

One perk of studying in the same place for 10 years is developing positive working relationships 

with many faculty and staff members of the SKHS.  Thank you to Dr. Tschakovsky for being a passionate 

teacher and sparking my initial interest in exercise physiology many years ago; thank you to Dr. Pyke for 

writing me many reference letters (sorry!) and challenging me with stimulating questions in previous 

defenses; thank you to Dr. Ross for offering guidance and insight on our many individual response 

projects, generously sharing your data, and connecting us with other groups to curate exciting datasets for 

my thesis; and of course, a sincere thank you to Anna, Trish, Angie, and Josie for always going above and 

beyond whenever I needed assistance.   

Last, but certainly not least, thank you to Kelsey (and Ziggy) for sticking it out in Kingston with 

me all these years and for your unconditional love and support.  Thank you to my parents and 

grandparents for encouraging me to pursue my interests, even though you find the world of academia very 

confusing.  Thank you to Quinn for being my lifelong competitor and for our frequent statistics and wet-

lab knowledge tradeoffs.  I am very grateful to have such supportive and loving friends and family.  



 

 

viii 

Table of Contents 

Abstract ................................................................................................................................................... ii 

Co-Authorship ........................................................................................................................................ iii 

Acknowledgements ................................................................................................................................ vi 

List of Figures ...................................................................................................................................... xiv 

List of Tables ........................................................................................................................................ xv 

List of Abbreviations ............................................................................................................................ xvi 

Chapter 1 General Introduction ................................................................................................................ 1 

Chapter 2 Literature Review .................................................................................................................... 4 

2.1 Literature Review Introduction ...................................................................................................... 4 

2.2 Statistical Considerations and Biological Mechanisms Underlying Individual Differences in 

Adaptations to Exercise Training ......................................................................................................... 5 

2.2.1 Abstract .................................................................................................................................. 5 

2.2.2 General Introduction ............................................................................................................... 5 

2.2.3 Defining “Responders” and “Low-Responders” ....................................................................... 6 

Analyzing individual responses to exercise training.......................................................................... 6 

Sources of variation influencing the observed response to exercise training .................................. 6 

Classifying “responders” and “low-responders” ........................................................................... 7 

Analyzing inter-individual variability in responses to exercise training ............................................. 8 

Sources of variation influencing inter-individual variability in responses to exercise training ........ 8 

Quantifying inter-individual variability in responses to exercise training ...................................... 8 

Concerns with labelling individuals as “non-responders” ................................................................. 8 

Investigating mechanisms of individual response variability........................................................... 10 

2.2.4 Genetic Influence on Individual Responses to Exercise ......................................................... 10 

Evidence from animal studies ........................................................................................................ 10 

Inbred strains ............................................................................................................................. 11 

Selective breeding for low and high responses to exercise training ............................................. 11 

Quantitative trait loci (QTL) mapping for exercise training responses ......................................... 12 

Evidence from human studies ........................................................................................................ 12 

Twin and family studies ............................................................................................................. 13 

Studies examining specific genetic variants – from candidate genes to genome-wide approach ... 13 

Current perspectives and future directions .................................................................................. 16 



 

 

ix 

2.2.5 Biological Mechanisms Underlying Individual Differences in Adaptations to Exercise Training

 ...................................................................................................................................................... 17 

Acute changes in skeletal muscle signaling pathways and training adaptations ............................... 20 

Acute changes in skeletal muscle mRNA and training adaptations.................................................. 21 

Acute changes in rates of skeletal muscle protein synthesis and training adaptations ...................... 22 

Acute epigenetic changes in skeletal muscle and training adaptations ............................................. 23 

Epigenetics overview ................................................................................................................. 23 

Skeletal muscle epigenetics: Possible mechanisms underlying individual differences in responses 

to exercise training ..................................................................................................................... 23 

Chronic skeletal muscle changes and training adaptations .............................................................. 25 

Overview of ‘chronic skeletal muscle changes’ .......................................................................... 25 

Chronic skeletal muscle changes and hypertrophic adaptations to resistance training .................. 25 

Mechanisms associated with changes in VO2max following aerobic training .................................. 26 

2.2.6 Future Directions: Multi-omic Approaches ............................................................................ 27 

2.3 A systematic review examining the approaches used to estimate interindividual differences in 

trainability and classify responses to exercise training ........................................................................ 29 

2.3.1 Abstract ................................................................................................................................ 29 

2.3.2 Introduction .......................................................................................................................... 30 

2.3.3 Methods ................................................................................................................................ 33 

2.3.4 Results .................................................................................................................................. 38 

2.3.5 Discussion............................................................................................................................. 48 

2.3.6 Conclusion ............................................................................................................................ 53 

2.4 Literature Review Conclusion and Chapter Objectives ................................................................. 54 

Chapter 3 Moving Beyond Threshold-Based Dichotomous Classification to Improve the Accuracy in 

Classifying Non-responders ................................................................................................................... 58 

3.1 Abstract ....................................................................................................................................... 58 

3.2 Introduction ................................................................................................................................. 58 

3.3 Methods ....................................................................................................................................... 59 

3.3.1 Experimental Design ............................................................................................................. 59 

3.3.2 Secondary Analysis ............................................................................................................... 60 

3.3.3 Statistical Analysis ................................................................................................................ 61 

3.4 Results ......................................................................................................................................... 62 

3.4.1 Limitations of Dichotomous Classification of Responders and Non-responders ..................... 62 

3.4.2 Classification of Non-response Using Response CIs .............................................................. 63 



 

 

x 

3.4.3 Comparison of Individual VO2max and WRPEAK Responses ................................................... 66 

3.5 Discussion ................................................................................................................................... 66 

3.5.1 Threshold-based Dichotomous Classification Overestimates Prevalence of Non-response...... 67 

3.5.2 More Information for Exercise Prescription Decision Making ............................................... 68 

3.5.3 Comparison of Individual VO2max and WRPEAK Responses ................................................... 68 

3.5.4 Limitations ............................................................................................................................ 69 

3.6 Conclusion................................................................................................................................... 70 

Chapter 4 The Application of Repeated Testing and Monoexponential Regressions to Classify Individual 

Cardiorespiratory Fitness Responses to Exercise Training ...................................................................... 72 

4.1 Abstract ....................................................................................................................................... 72 

4.2 Introduction ................................................................................................................................. 73 

4.3 Methods ....................................................................................................................................... 74 

4.3.1 Trial Design .......................................................................................................................... 74 

4.3.2 CRF Measurement ................................................................................................................ 76 

4.3.3 Repeated Measures Analysis Overview ................................................................................. 76 

4.3.4 Group-level Regressions ....................................................................................................... 77 

4.3.5 Individual Linear Regressions ............................................................................................... 77 

4.3.6 Individual Monoexponential Regressions .............................................................................. 78 

4.3.7 Observed Pre-Post Changes ................................................................................................... 78 

4.3.8 Additional Statistical Analysis ............................................................................................... 79 

4.4 Results ......................................................................................................................................... 80 

4.4.1 Baseline Characteristics and Mean Regressions ..................................................................... 80 

4.4.2 Individual Monoexponential Regressions vs. Individual Linear Regressions .......................... 81 

4.4.3 Individual Monoexponential Regressions .............................................................................. 83 

4.4.4 Individual Regressions vs. Observed Pre-Post Changes and TE ............................................. 85 

4.5 Discussion ................................................................................................................................... 87 

4.6 Conclusion................................................................................................................................... 90 

Chapter 5 Exploring Differences in Cardiorespiratory Fitness Response Rates Across Varying Doses of 

Exercise Training: A Retrospective Analysis of Eight Randomized Controlled Trials ............................ 91 

5.1 Abstract ....................................................................................................................................... 91 

5.2 Introduction ................................................................................................................................. 92 

5.3 Methods ....................................................................................................................................... 94 

5.3.1 CRF Response Rates ........................................................................................................... 100 

5.3.2 Statistical Analysis .............................................................................................................. 101 



 

 

xi 

5.4 Results ....................................................................................................................................... 102 

5.4.1 Primary Analysis ................................................................................................................. 104 

5.4.2 Secondary Analysis ............................................................................................................. 106 

5.5 Discussion ................................................................................................................................. 107 

5.6 Conclusion................................................................................................................................. 110 

Chapter 6 An Appraisal of the SDIR as an Estimate of True Individual Differences in Training 

Responsiveness in Parallel-Arm Exercise Randomized Controlled Trials ............................................. 112 

6.1 Abstract ..................................................................................................................................... 112 

6.2 Introduction ............................................................................................................................... 113 

6.3 Sources of Variation Impacting an Individual’s Observed Response to Training ......................... 115 

6.3.1 Typical Error of Measurement ............................................................................................. 118 

6.3.2 Within-Subject Variability .................................................................................................. 119 

6.4 Attempting to Isolate Individual Differences in Training Response: The SDIR ............................ 120 

6.4.1 Sources of Between-Subject Response Variability Within the Exercise Arm of an RCT ....... 120 

6.4.2 Response Variability Within the Control Arm of an RCT and Calculating SDIR ................... 123 

6.5 The Impact of Limitations in Parallel-Arm Exercise RCT on the Interpretation of the SDIR ......... 124 

6.5.1 External Limitations that May Affect the Interpretation of the SDIR ..................................... 125 

6.5.2 The Potential Influence of Adherence and Compliance to the Prescribed Exercise ............... 125 

6.5.3 Inherent Limitations that May Affect the Interpretation of the SDIR ...................................... 126 

6.6 Discussion ................................................................................................................................. 128 

6.7 Conclusion and Future Directions .............................................................................................. 129 

Chapter 7 Examining interindividual differences in select muscle and whole body-body adaptations to 

continuous endurance training ............................................................................................................. 131 

7.1 Abstract ..................................................................................................................................... 131 

7.2 Introduction ............................................................................................................................... 132 

7.3 Methods ..................................................................................................................................... 133 

7.3.1 Ethics Approval .................................................................................................................. 133 

7.3.2 Experimental Design ........................................................................................................... 133 

7.3.3 Tissue Analysis ................................................................................................................... 136 

7.3.4 Statistical Analysis .............................................................................................................. 137 

7.4 Results ....................................................................................................................................... 138 

7.5 Discussion ................................................................................................................................. 142 

7.6 Conclusion................................................................................................................................. 144 



 

 

xii 

Chapter 8 Exploring interindividual differences in trainability and moderators of response: An individual 

participant data meta-analysis of eight randomized controlled trials ..................................................... 146 

8.1 Abstract ..................................................................................................................................... 146 

8.2 Introduction ............................................................................................................................... 147 

8.3 Methods ..................................................................................................................................... 149 

8.3.1 Outcomes ............................................................................................................................ 152 

8.3.2 Bayesian Framework ........................................................................................................... 152 

8.3.3 IPD Meta-analysis: Interindividual differences in trainability .............................................. 154 

8.3.4 IPD Meta-analysis: Posterior predictions for proportions and distributions of change scores 155 

8.4 Results ....................................................................................................................................... 157 

8.4.1 Cardiorespiratory Fitness..................................................................................................... 157 

8.4.2 Body Composition Parameters ............................................................................................ 160 

8.5 Discussion ................................................................................................................................. 165 

8.6 Conclusion................................................................................................................................. 167 

Chapter 9 General Discussion .............................................................................................................. 169 

9.1 Summary of Key Findings ......................................................................................................... 169 

9.2 Viewpoint .................................................................................................................................. 172 

9.2.1 Introduction ........................................................................................................................ 172 

9.2.2 Prescribing Initial Doses of Exercise Training ..................................................................... 173 

9.2.3 Monitoring an Individual’s Response .................................................................................. 174 

9.2.4 Conclusion .......................................................................................................................... 176 

9.3 Future Directions ....................................................................................................................... 177 

9.3.1 Animal Studies .................................................................................................................... 177 

9.3.2 Unilateral exercise models................................................................................................... 178 

9.4 Statistical Bias ........................................................................................................................... 179 

9.5 Conclusion................................................................................................................................. 181 

References........................................................................................................................................... 183 

Appendix A Proposal Statement .......................................................................................................... 218 

Appendix B Supplemental Figures ....................................................................................................... 219 

Appendix C Supplementary Tables ...................................................................................................... 221 

Appendix D Supplementary Material ................................................................................................... 222 

Supplementary material for chapter 2.2 ............................................................................................ 222 

Supplementary material for chapter 5 ............................................................................................... 259 

  



 

 

xiii 

  



 

 

xiv 

List of Figures 

Figure 2.2-1 Molecular basis of skeletal muscle adaptation to exercise training.. .................................... 19 

Figure 2.3-1 Flow diagram of the study selection process ...................................................................... 40 

Figure 2.3-2 Timeline of individual response literature.. ........................................................................ 44 

Figure 2.3-3 Forest plot of ESIR values. .................................................................................................. 46 

Figure 2.3-4 Response rate ANOVAs. ................................................................................................... 48 

Figure 3.4-1 Dichotomous vs. continuous classification methods ........................................................... 63 

Figure 3.4-2 Classifying via confidence intervals and probabilities. ....................................................... 65 

Figure 4.4-1  Group-level regressions. ................................................................................................... 81 

Figure 4.4-2 Representative participant for regression classification. ...................................................... 83 

Figure 4.4-3 Possible classifications with monoexponential regressions. ................................................ 84 

Figure 4.4-4 Confidence intervals for all classification approaches. ........................................................ 86 

Figure 5.2-1 Three explanations for larger response rates. ...................................................................... 94 

Figure 5.3-1 Statistical plan. ................................................................................................................ 102 

Figure 5.4-1 Bean plot set 1. ................................................................................................................ 103 

Figure 5.4-2 Bean plot set 2. ................................................................................................................ 104 

Figure 5.4-3 Bean plot set 3: exposure. ................................................................................................ 106 

Figure 6.2-1 Waterfall plots of individual responses............................................................................. 113 

Figure 6.3-1 Typical error and repeated measures. ............................................................................... 119 

Figure 6.4-1 Changes in behavioural factors to control and exercise ..................................................... 122 

Figure 7.3-1 Study Design. .................................................................................................................. 135 

Figure 7.4-1 Representative images and blots. ..................................................................................... 139 

Figure 7.4-2 Primary SDIR analysis on muscle outcomes. ..................................................................... 142 

Figure 9.2-1. Viewpoint on individual response application ................................................................. 173 

 

file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383649
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383650
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383651
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383652
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383654
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383657
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383658
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383659
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383667
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383668
file:///C:/Users/0jtb1/Dropbox/Local%20Files/PhD%20Thesis/Jacob%20Bonafiglia%20PhD%20Thesis_Post%20Defence.docm%23_Toc76383670


 

 

xv 

List of Tables 

Table 2.2-1 Genetic Variants. ................................................................................................................ 15 

Table 2.3-1 Definitions of individual response terms.............................................................................. 32 

Table 2.3-2 Categorization details for systematic review primary analysis.............................................. 34 

Table 2.3-3 Study details overview for systematic review. ..................................................................... 41 

Table 3.4-1 Individual patterns of response. ........................................................................................... 66 

Table 4.3-1 Baseline characteristics. ...................................................................................................... 75 

Table 4.4-1 Response rates by regression type. ...................................................................................... 82 

Table 5.3-1 Trial acronyms. ................................................................................................................... 95 

Table 5.3-2 Subject characteristics and group-level responses. ............................................................... 97 

Table 6.3-1 Individual response terms used in literature. ...................................................................... 116 

Table 6.5-1 Dropout reasons and rates from six trials. .......................................................................... 127 

Table 7.4-1 Mean changes and interindividual differences in trainability in molecular and morphological 

skeletal muscle. ................................................................................................................................... 139 

Table 8.3-1 Basic trial details............................................................................................................... 150 

Table 8.4-1 CRF Bayesian Results. ...................................................................................................... 159 

Table 8.4-2 Waist circumference Bayesian results ............................................................................... 162 

Table 8.4-3 Body mass Bayesian results.. ............................................................................................ 164 

 



 

 

xvi 

List of Abbreviations 

ΔCRF – Change in cardiorespiratory fitness 

ΔT – Change in an individual’s true score 

ΔTE – Change attributable to typical error 

ΔTRUE – True change attributable to exercise training  

ΔWSV – Change attributable to within-subject variability  

1-MIN – Incremental step test with 1-minute stages 

3-MIN – Incremental step test with 3-minute stages 

4E-BP1 – Eukaryotic translation initiation factor 4E 

ACE – Angiotensin-converting enzyme  

ACSL1 – Acl-CoA synthetase long chain family member 1  

Akt – Protein kinase B 

AMP – adenosine monophosphate  

AMPK – AMP-activated protein kinase  

ANOVA – Analysis of variance  

AT – Aerobic training 

AT/RT – Combined aerobic and resistance training  

ATP – Adenosine triphosphate  

a-VO2diff – Arteriovenous oxygen difference 

BMI – Body mass index 

CaMK – Calmodulin-dependent protein kinase  

CI – Confidence interval  

CON – Control group 

CPVL – Carboxypeptidase vitellogenic like  

CRF – Cardiorespiratory fitness 



 

 

xvii 

CTRL – Control  

CV – Confidence interval  

DNA – Deoxyribonucleic acid 

DNMT – DNA methyl transferase 

DREW – Dose response-to exercise in women  

E-MECHANIC – Examination of mechanisms  

ESIR – Effect size of individual response  

EX – Exercise group  

Gene SMART – Genes and the skeletal muscle adaptive response to training  

GWAS – Genome-wide association study 

HAHI – High amount high intensity  

HALI – High amount low intensity  

HAMI – High amount moderate intensity  

HART-D – Health benefits of aerobic and resistance training in individuals with type 2 diabetes 

HAVI – High amount vigorous intensity  

HDAC3 – Histone deacetylation 3 

HEARTY – Healthy eating, aerobic, and resistance training in youth 

HERITAGE – Health, risk factors, exercise training and genetics 

HIIT – High intensity interval training 

HRT – High response trainers 

IPD – Independent participant data 

K36 – Acetylated histone H3 

LALI – Low amount low intensity 

LAMI – Low amount moderate intensity  

LRT – Low response trainers 



 

 

xviii 

MAMI – Moderate amount moderate intensity  

MAVI – Moderate amount vigorous intensity  

MBI – Magnitude-based inferencing  

MCID – Minimum clinically important difference 

MET – Metabolic equivalent task 

MMC – Minimum meaningful change 

MoTrPAC – Molecular transducers of physical activity consortium  

mRNA – messenger ribonucleic acid  

mTOR – Mechanisitic target of rapamycin 

NRF-1 – Nuclear respiratory factor 1 

p38 MAPK – p38 mitogen-activated protein kinase 

p53 – p53 tumor suppressor  

p70S6K – Ribosomal protein S6 kinase beta-1 

PDK4 – Pyruvate dehydrogenase kinase 4 

PGC-1α – Peroxisome proliferator-activated receptor-gamma coactivator 1 alpha 

POST – Post exercise training 

PPARδ/β – Peroxisome proliferator-activated receptor delta or beta 

PRE – Pre exercise training  

QTL – Quantitative trait loci  

RCT – Randomized controlled trial  

RNA – Ribonucleic acid 

rRNA – Ribosomal ribonucleic acid 

RT – Resistance training  

SD – Standard deviation  

SDCON – Standard deviation of change scores in the control group 



 

 

xix 

SDDIFF – Standard deviation of difference scores from test, re-tests 

SDEX – Standard deviation of change scores in the exercise group 

SDIR – Standard deviation of individual response  

SIT – Sprint interval training 

SNP – Single nucleotide polymorphism  

STRRIDE – Studies of a targeted risk reduction intervention through defined exercise 

STRRIDE AT/RT – STRRIDE aerobic and resistance training trial  

STRRIDE PD – STRRIDE trial in pre-diabetics  

SWC – Smallest worthwhile change 

TE – Typical error 

TEMONOEXP – Error in monoexponential regression 

TESLOPE – Error in linear regression 

VΔAD – Variability in exercise adherence  

VΔTE – Variability introduced by typical error 

VΔTECON – Variability introduced by typical error in the control group  

VΔTEEX – Variability introduced by typical error in the exercise group  

VΔTRUE – Variability in responses caused by exercise training  

VΔWS – Variability introduced by within-subject variability  

VΔWSCON – Variability introduced by within-subject variability in the control group 

VΔWSEX – Variability introduced by within-subject variability in the exercise group 

VEGF-A – Vascular endothelial growth factor A 

VO2 – Oxygen consumption  

VO2max – Maximal oxygen consumption 

VO2peak – Peak oxygen consumption  

WR – Work rate 



 

 

xx 

WRPEAK – Peak work rate 

WSV – Within subject variability  

 

 

 

 

 

 

 



 

 

 

1 

Chapter 1 

General Introduction 

Decades’ worth of research has proven that regular, structured exercise training improves many 

cardiorespiratory, metabolic, and musculoskeletal health outcomes 1.  The exercise literature has 

traditionally evaluated the benefits of exercise training by assessing mean changes and group-level 

effects.  In 1999, Dr. Claude Bouchard and colleagues reported a wide range of individual changes in 

cardiorespiratory fitness following 20 weeks of standardized aerobic exercise training 2.  For instance,  

some participants experienced little to no improvement (e.g. -100 to 0 mL/min) while others displayed 

robust increases (+ 1000mL/min).  This seminal report by Bouchard et al. 2 is widely recognized as the 

first study to look beyond mean changes, examine individual responses, and forward the notion that not 

all individuals equally benefit from exercise 3.     

 A growing body of work has continued to examine responses to exercise training at the individual 

level, and many reports have classified individuals as “responders” or “non-responders” based on 

observed changes following exercise training 3–5.  For example, Sisson et al. 6 classified ~30% of 

participants as “non-responders” because they failed to increase their cardiorespiratory fitness (i.e. 

observed changes were less than 0 mL/min) following six months of aerobic exercise training.  

Biostatisticians have recently raised concerns regarding the statistical rigour required to accurately 

classify an individual as a “responder” or “non-responder” 7–9.  For instance, the zero-based threshold 

used by Sisson et al. 6 does not consider random measurement error (i.e. technical/equipment error and/or 

random day-to-day biological variability), and thus risks incorrectly labelling individuals who may have 

benefitted from exercise training as “non-responders” (and vice versa).  Biostatisticians have also argued 

that responses should be classified against thresholds depicting meaningful changes 7–9, such as 1.0 

metabolic equivalent of task (MET) for cardiorespiratory fitness – a change associated with a ~8-14% 

reduction in all-cause morbidity and mortality 10.  Given that biostatisticians have predominantly 
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forwarded their arguments using data simulations 7,9, there are a lack of reports describing and 

demonstrating how to utilize statistically rigorous approaches for classifying individual responses to 

exercise training.  Therefore, the first objective of my dissertation (addressed in chapters 3-4) is to 

analyze exercise training data to demonstrate methods for classifying individual responses that consider 

random measurement error and a meaningful threshold.  

 The idea to classify individuals as “responders/non-responders” stemmed from the notion that 

individuals respond different to exercise training (i.e. interindividual variability in responses), and several 

studies have assumed these two concepts are statistically related.  For example, several studies 11–13 by 

one group of exercise physiologists found that more participants were classified as “responders” 

following high intensity training compared with low intensity training.  These authors interpreted these 

findings as evidence that higher exercise intensities reduce interindividual variability 11–13.  In contrast, 

biostatisticians have argued that the proportion of participants classified as “responders” – also called the 

“response rate” – is unrelated to interindividual variability 9,14.  Atkinson et al. 9 created a dataset that 

illustrated how response rates can differ between two groups that have similar interindividual variability 

but different means, whereby a higher mean change results in a higher response rate.  Given these 

conflicting interpretations between exercise physiologists and biostatisticians, analyses involving real 

physiological data from exercise training studies are needed to empirically to determine whether response 

rates are related to interindividual variability.  Therefore, the second objective of my dissertation 

(addressed in chapter 5) is to determine if response rates are related to interindividual variability. 

 While few reports have discussed the relationship between response rates and interindividual 

variability 9,11–13, biostatisticians have also questioned the widespread assumption that individuals actually 

respond differently to exercise training 7,15–17.  Because random measurement error and changes in 

behavioural factors (e.g. changes in diet, sleep patterns, stress-levels, etc.) can influence observed 

measurements before and after an intervention 7,15–17, interindividual variability in observed changes may 

not reflect interindividual differences in responses caused by exercise training – referred to as 
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“interindividual differences in trainability”.  Biostatisticians have outlined statistical methods that control 

for the confounding influence of random measurement error and behavioural factors to estimate the 

existence of interindividual differences in trainability.  However, there remains a lack of empirical 

evidence employing these statistical methods to investigate whether interindividual differences in 

trainability exist.  Therefore, the third and final objective of my dissertation (addressed in chapters 6-8) is 

to empirically investigate whether interindividual differences in trainability exist (chapters 6-8).     
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Chapter 2 

Literature Review 

2.1 Literature Review Introduction 

The following literature review is comprised of two separate published/submitted 

communications.  Sub-chapter 2.2 is a published textbook chapter that first provides an overview of the 

statistical principles for analyzing interindividual variability and classifying individual responses to 

exercise training.  Sub-chapter 2.2 then reviews studies that have attempted to identify genetic variants, 

epigenetic modifications, and other biological mechanisms that may explain why individuals respond 

differently to exercise training.  The next sub-chapter (2.3) is a systematic review submitted for 

publication (currently in second round of revision at Frontiers in Physiology) that builds off the statistical 

principles described in sub-chapter 2.2.  The systematic review comprehensively evaluated all exercise 

training studies – spanning the aerobic, resistance, and rehabilitation literature – to determine the methods 

that researchers have used to examine individual responses.  Sub-chapter 2.3 also provides novel 

analyses, using data extracted from studies included in the systematic review, that demonstrate the 

importance of adopting statistically rigorous approaches when analyzing interindividual differences in 

trainability and classifying individual responses.  The last section (sub-chapter 2.4) concludes chapter 2 

and outlines the specific objectives of the remaining chapters comprising my dissertation.   
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2.2 Statistical Considerations and Biological Mechanisms Underlying Individual 

Differences in Adaptations to Exercise Training  

Published as textbook chapter: Bonafiglia J.T., Islam H., Eynon N., and Gurd B.J. (2020) Statistical 

considerations and biological mechanisms underlying individual differences in adaptations to exercise 

training.  The Routledge Handbook on Biochemistry of Exercise. Taylor & Francis Publishing: Chapter 

16, pages 242-259.  

 

2.2.1 Abstract 

There is a growing interest in examining inter-individual differences in adaptations to exercise 

training and classifying individuals as “responders” or “low-responders”.  Despite this increasing 

popularity, the mechanisms underlying individual differences in training responses remain largely 

unclear.  This chapter reviews the available evidence highlighting possible genetics and biological 

mechanisms that may explain individual differences in adaptations to exercise training.  Prior to exploring 

possible mechanisms, we begin with a brief overview of statistical considerations associated with 

analyzing, interpreting, and discussing individual responses to exercise training.  We then conclude by 

acknowledging future large-scale collaborative projects, such as the Athlome consortium, that are 

anticipated to provide important insight toward the mechanisms underlying individual differences in 

adaptations to exercise training.  

2.2.2 General Introduction  

Although the multifaceted benefits of exercise are consistently observed at the group level, it is 

becoming increasingly apparent that individuals respond differently to exercise training 4,5,18.  A growing 

number of studies have identified a portion of participants as “non-responders” that do not appear to 

demonstrate meaningful benefit after completing exercise training 4,19.  Given issues associated with the 

term “non-responder”, we will instead use the term “low responder”.  Inter-individual variability and the 

purported existence of “low-responders” suggests that a “one size fits all” approach is not suitable when 

prescribing exercise in clinical/applied settings 20.  While the existence of variability in observed 
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physiological responses to exercise training cannot be questioned, the mechanisms explaining this 

variability remain unclear.  

 The purpose of this chapter is to discuss the evidence highlighting genetic factors and other 

mechanisms that appear to contribute to variability in observed responses to exercise training.  Given the 

importance in understanding statistical concepts related to analysis of individual responses, this chapter 

begins by overviewing methods for defining “responders” and “low-responders” as well as estimating 

variability in responses to training.  In closing, this chapter acknowledges two large-scale collaborative 

projects that are anticipated to provide valuable insight into the mechanisms underlying training 

responsiveness.   

2.2.3 Defining “Responders” and “Low-Responders” 

Two main observations have emerged from a growing body of literature examining individual 

responses to exercise training.  First, despite exercise training resulting in improvements at the group 

level, a portion of individuals do not appear to benefit from exercise training and have thus been labelled 

as “low-responders” (reviewed in 21).  Second, despite individuals completing identical training protocols, 

there appears to be inter-individual variability in the observed responses to exercise training (reviewed in 

22).  Although these two observations have gained considerable research interest and have led to 

discussions of utilizing exercise as a personalized medicine 20, concerns have been raised regarding the 

statistical approaches for classifying “responders” and “low-responders” 4,7–9,21,23 and quantifying the 

existence/magnitude of inter-individual response variability 4,7,9,15,22.  

 This section first outlines the sources of variation that are relevant to interpreting individual 

responses to training.  We then discuss several lines of evidence that raise concerns for labelling 

individuals as “non-responders” and preface the rest of this chapter.  

Analyzing individual responses to exercise training 

Sources of variation influencing the observed response to exercise training  
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There are three main sources of variation influencing an individual’s observed response to 

exercise training.  The first source of variation is an individual’s true response to exercise training 

(TRUE), which describes a real change in a physiological variable that is attributable to the effect of 

exercise training.  The second source of variation is within-subject variability (WS), which refers to real 

physiological changes associated with alterations in behavioural and/or environmental factors (e.g. 

changes in long-term physical activity or diet patterns) 17,24 over the course of an exercise training 

intervention.  Although the influence of WS can produce real physiological changes, it is important to 

emphasize that changes caused by WS are separate from the effects of exercise training 22.  The third 

source of variation is the typical error of measurement (TE), which comprises random measurement error 

introduced by technical noise (e.g. equipment or experimenter error) and random day-to-day variability in 

biological factors (e.g. circadian rhythms, sleep patterns, diet, etc.) 25.  Within the context of an 

individual’s response to exercise training, TE will introduce noise into both pre- and post-training 

measurements.  Taken together, an individual’s observed response to exercise training is comprised of 

TRUE, WS, and TE 22:  

𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙′𝑠 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 =  ∆𝑇𝑅𝑈𝐸 ± ∆𝑊𝑆 ± ∆𝑇𝐸 (1) 

where ΔTRUE represents true changes attributable to exercise training, ΔWS represents true 

changes attributable to WS (i.e. not attributable to exercise training), and ΔTE represents the impact of TE 

in both pre- and post-training measurements.   

Classifying “responders” and “low-responders” 

Given that ΔTRUE is one of three sources of variation comprising an individual’s observed 

response to exercise training (equation 1), it is inappropriate to assume that an individual’s observed 

response reflects ΔTRUE.  Therefore, rather than using an arbitrary threshold to dichotomously classify 

responses based on observed responses, classification of “responders” and “low-responders” may require 

utilizing a statistical approach that considers the influence of ΔTE and/or ΔWS 21.  Additionally, recent 

articles have suggested that analyzing individual responses on a continuous axis is more appropriate, and 

potentially less erroneous, than categorically classifying responses 9,21.  For more information regarding 
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recommended methods for identifying “responders” and “low-responders”, we refer the reader to several 

articles that describe relevant statistical approaches 7–9,21,23.   

Analyzing inter-individual variability in responses to exercise training  

Sources of variation influencing inter-individual variability in responses to exercise 

training  

The three main sources of variation that influence an individual’s observed response (ΔTE, ΔWS, 

and ΔTRUE; equation 1) can vary between individuals and thus contribute to inter-individual variability 

(standard deviation; SD) in observed responses to exercise training (herein referred to as “SDEX”):  

𝑆𝐷𝐸𝑋 =  𝑉∆𝑇𝑅𝑈𝐸 ±  𝑉∆𝑊𝑆 ±  𝑉∆𝑇𝐸 (2) 

 

where VΔTRUE represents inter-individual variability in true changes attributable to exercise 

training, VΔWS represents inter-individual variability in true changes attributable to 

behavioural/environmental factors, and VΔTE represents inter-individual variability in TE in both pre- and 

post-training measurements 22.   

Quantifying inter-individual variability in responses to exercise training  

Given that VΔTRUE is one of three sources of variation comprising inter-individual variability in 

observed responses (equation 2), it is inappropriate to assume that variability in observed responses 

reflects VΔTRUE 15.  For instance, we recently reported inter-individual variability in behavioural factors 

(e.g. diet and physical activity patterns) over the course of an exercise training intervention, which 

highlights the possibility that SDEX  is influenced by VΔWS and that SDEX is not an accurate depiction of 

VΔTRUE 22.  Further, recent articles have suggested that the influence of VΔWS and/or VΔTE are so large 

that the magnitude of VΔTRUE is minimal or does not exist 15.  Quantifying the existence/magnitude of 

VΔTRUE is a complex issue and we refer the reader to several articles that have outlined statistical 

approaches for estimating VΔTRUE using various study designs 8,15,17,24. 

Concerns with labelling individuals as “non-responders” 
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Concurrent with the increasing popularity of examining individual responses to exercise training 

are growing concerns with labelling individuals as “non-responders” 19,26.  Understanding these concerns 

is crucial for discussing individual responses to exercise training, especially when translating findings to 

broader audiences, and is therefore relevant for research exploring mechanisms contributing to individual 

differences in adaptations to training.  The four major concerns addressed in the literature are as follows:  

1. Dichotomous classification methods – Dichotomous classification methods risk labelling 

individuals as “non-responders” despite these participants potentially experiencing true 

physiological adaptations to exercise training 21.  Although conservative low-response thresholds 

(e.g. -2x TE) decrease the risk in misclassifying participants as “non-responders”, previous work 

(reviewed in 21) has inappropriately classified “non-responders” using non-conservative 

thresholds (e.g. +2x TE thresholds). In general, we recommend analyzing responses to exercise 

interventions on continuous axes rather than using dichotomous, and often arbitrary cut-off 

points.   

2. Individual patterns of response – Many studies have observed individual patterns of response 

across multiple outcomes (reviewed in 21) whereby a given individual can respond positively in 

one outcome but fail to respond in others.  The observation that individuals respond differently 

across a range of outcomes suggests that it is inappropriate to label individuals as “non-

responders” to exercise training.  In other words, it is critical to specify the outcome (specific 

trait) when labelling responders (e.g. “VO2max low-responder”) given the possibility that these 

individuals responded in other unmeasured outcomes 26.  

3. Intra-individual variability – We recently found that individual VO2max responses were not 

reproducible after completing two identical training periods 27.  This observation suggests that 

non-response is not a permanent feature as “non-responders” may positively respond after 

repeatedly being exposed to the same stimulus.  There is also evidence that “non-responders” can 
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elicit a positive response after changing the training stimulus 28 or augmenting exercise training 

frequency 29 or exposure 30.     

4. Public health concern – Individuals that view themselves as “non-responders” may refrain from 

exercising under the belief that exercise will not provide any benefit; a concern that is heightened 

by the low physical activity rates observed worldwide.  This public health concern may be 

alleviated by using alternative terminology such as “did not respond” instead of “non-responder” 

19.  

Investigating mechanisms of individual response variability  

Given the complex statistical considerations mentioned above, it reasonably follows that 

identifying mechanisms that underlie individual response variability is also a complex task requiring the 

use of nuanced statistical approaches 15.  The remainder of this chapter reviews studies that have explored 

potential mechanisms that underlie inter-individual variability in observed responses.  It is important to 

note that these studies did not use the above-referenced statistical approaches to determine the 

mechanisms underlying VΔTRUE.  Nevertheless, the studies discussed throughout the remainder of this 

chapter highlight many possible mechanisms underlying individual response variability and point to 

several areas for future work.    

2.2.4 Genetic Influence on Individual Responses to Exercise 

Since the pioneer HERITAGE study demonstrated inter-individual differences in observed 

responses to aerobic training, there has been considerable interest in exploring the role of genetics in 

regulating adaptations to exercise training.  The focus of this section is to review the evidence from 

animal models, and human studies supporting the notion that genetics partly explains the variability in 

adaptations to exercise training.   

Evidence from animal studies 

A unique advantage in animal studies is the ability to tightly control for 

behavioural/environmental factors (e.g., physical activity levels, diet composition, etc.), and thus 
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minimize variability in true changes caused by these factors (V∆WS).  Therefore, animal studies provide 

an opportunity to investigate the genetic mechanisms that may explain V∆TRUE.  In this section, we 

briefly highlight animal models that have been used to demonstrate that genetics contributes to the 

magnitude of adaptations to exercise training, and we review animal studies that attempted to identify 

specific genetic variants associated with training responsiveness.  

Inbred strains  

Inbred strains/lines are created by strict brother-sister mating for many generations (usually 20+) 

to produce genetically unique lines. Given the virtually isogenic nature of each inbred line (~98.6% 

identical genome after 20 generations of inbreeding), these animal models can interrogate the influence of 

genetics on variability in responses to exercise training.  Specifically, variability in training responses 

between inbred strains, and thus between different genetic profiles, reflects variability that can be 

attributed to genetics.  

 Several studies have demonstrated variability in training responses between inbred lines 

suggesting that genetic variation contributes to observed variability in training adaptations. Between-line 

variability in exercise responsiveness has been reported for aerobic exercise capacity, heart and muscle 

mass, body weight, and skeletal muscle morphological and molecular characteristics 31,32.  An interesting 

finding is that certain inbred lines appear to be ‘resistant’ to exercise training as rodents within these lines 

fail to improve their exercise capacity following standardized training 33–35. Importantly, the existence of 

between-line variability in exercise response, and the demonstration of exercise ‘resistant’ inbred lines, 

support the role of genetics in influencing exercise (low-)response.   

Selective breeding for low and high responses to exercise training  

In the late 2000s, a selective breeding rat model was developed based on changes in exercise 

capacity following aerobic training 34,36.  This model produced two genetically independent lines: low 

response trainers (LRT) and high response trainers (HRT).  Studies using this model have demonstrated 

that HRT exhibit larger changes in exercise capacity 34,37,38, muscle strength 39, and parameters of whole-
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body metabolic function 36.  Potential mechanisms underlying observed differences in whole-body 

exercise capacity and metabolic function responses between HRT and LRT include skeletal muscle 

morphological factors 36,38, regulators of skeletal muscle mitochondrial biogenesis 38, and cellular 

characteristics of the left ventricle 37.  Collectively, these findings from selectively bred rat models 

provide convincing, and perhaps the strongest 4, evidence that genetics contributes to the magnitude of 

adaptations following exercise training. 

Quantitative trait loci (QTL) mapping for exercise training responses  

Quantitative trait loci (QTL) are polymorphic regions (loci) associated with variability in a given 

phenotype.  QTL mapping involves correlating tagged genetic variants (i.e. selected variants that are 

meant to cover a given genomic region) with variation in a given phenotype 40.  It is important to note that 

the goal of QTL mapping is to determine whether phenotype variability is associated with a given locus 

or loci rather than specific genetic variants per se. Therefore, QTL mapping is often followed with more 

detailed analysis (e.g. “fine-mapping”) to identify specific genetic variants within a given loci that 

correlate with a given phenotype.    

 To our knowledge, few studies have conducted QTL mapping for aerobic exercise training 

phenotypes in animal models.  Massett et al. 41 identified a single QTL that was significantly associated 

with changes in aerobic exercise capacity 41.  This single QTL contains CPVL (a carboxypeptidase gene) 

suggesting that this gene is associated with changes in aerobic exercise capacity following training in 

mice 41.  However, large-scale human studies have failed to reproducibly identify significant associations 

between variants in CPVL and training responses in maximal exercise capacity 42.  Given the dearth of 

QTL mapping studies in animal models, it is possible that future investigations using a large number of 

genetically diverse lines reveal more QTLs linked to variation in adaptations to exercise training.  

Evidence from human studies 

Many human studies have provided different lines of evidence supporting an association between 

genetics and exercise training responses.  As described in the sections below, the bulk of these studies 
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come from Dr. Claude Bouchard and his colleagues beginning in the early 1980s and continuing today.  

Despite many reports demonstrating genetic associations to exercise training, there remain several 

shortcomings that currently limit the application of genetic factors to predict the magnitude of individual 

responses.   

Twin and family studies  

Experiments conducted at the University of Laval (Ste-Foy, Quebec Canada) were the first to 

provide evidence linking genetics to variability in observed responses to exercise training.  Exercise 

training studies involving monozygotic twins (i.e. siblings with nearly identical genomes) found 

moderate-strong correlations in changes in skeletal muscle outcomes, body composition, and exercise 

performance between twin pairs (reviewed in 43).  Subsequently, the HERITAGE Family Study 

demonstrated familial aggregation in exercise responses with heritability estimates (i.e. an estimate of the 

degree of variation in a given outcome that can be explained by genetics) ranging from ~14-51% across a 

number of physiological outcomes (reviewed in 43).  Collectively, twin and family studies suggest that 

genetics partially explains the variability in observed responses to exercise training in humans.   

It is important to recognize that shared behavioural/environmental factors may contribute to the 

aggregation of observed responses among monozygotic twins and nuclear families 24.  As discussed 

above, variability in observed responses is comprised of both variability in responsiveness to exercise 

training (VΔTRUE) and variability in real physiological changes attributable to behavioural/environmental 

factors (VΔWS).  Therefore, it is possible that similar observed responses among twins/families reflect 

shared behaviour/environmental factors rather than genetic associations to VΔTRUE 24.   

Studies examining specific genetic variants – from candidate genes to genome-wide 

approach  

The sequencing of the human genome provided experimental opportunities beyond twin/familial 

aggregation studies for investigating whether specific genetic variants underlie complex human 

phenotypes.  Experiments investigating genetic associations to human phenotypes follow either a 
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candidate-gene or a hypothesis-free approach 42.  Candidate-gene approaches involve testing the 

hypothesis that pre-determined, specific genetic variants are associated with a given phenotype.  

Conversely, hypothesis-free approaches involve genome-wide association studies (GWAS) to identify 

genetic associations to human phenotypes in hundreds of thousands to millions variations across the 

human genome.  For the remainder of this section, we will discuss genetic associations with exercise-

induced changes in VO2max as this is the most commonly studied outcome in exercise genomics 43.  For 

more information on other exercise-related outcomes we refer the reader to annual reviews completed by 

leaders in exercise genomics (most recent report: 44).  

Early candidate-gene approaches in human training studies used QTL mapping to identify 

chromosomal locations associated with changes in maximal 45,46 exercise capacity.  Later work explored 

specific genetic variants, and Williams and colleagues recently conducted a systematic review of specific 

variants associated with exercise-induced changes in VO2max 42.  As reported by Williams et al. 42, 

variants associated with changes in VO2max have small/weak effect sizes and only a few genetic variants 

have been successfully replicated in different cohorts (Table 2.1-1).    

A limitation of studying single genetic variants is the inherent complexity of the adaptive 

response to exercise; a complexity that reflects combined contributions from multiple genetic variants 

(i.e. polygenic) 42,43.  Cognizant of this genetic complexity, Bouchard and colleagues re-analyzed samples 

from the HERITAGE study using combined association scores across multiple variants 47.  Specifically, 

they conducted a genome-wide association study examining over 324,000 single nucleotide 

polymorphisms (SNPs) and identified 39 SNPs that were significantly (p < 1.5 x10-4) associated with 

changes in VO2max 47.  Multivariate regression analysis found that the combined effects of 21 of these 

SNPs accounted for ~49% of the variance in observed VO2max responses; an effect size that is similar to 

the heritability estimate (~47%) derived from the familial aggregation analysis reported in 1999 2.  

Importantly, these 21 SNPs accounted for a larger amount of variance in observed VO2max responses 

compared to the strongest individual variant (only ~7% of variance explained by ACSL1), thus 
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highlighting the strength of multivariate polygenic approaches.  Bouchard and colleagues also created 

“predictor scores” based on zygosity for each of the 21 SNPs, and these scores effectively separated high 

and low VO2max responses 47.  Evidently, findings from the HERITAGE Family Study suggest that 

genetics contributes to variability in VO2max response and supports the notion that low and high VO2max 

responders exhibit divergent genetic profiles 18.  However, these data should be looked at with caution, 

since many of these identified SNPs have not been replicated 42, and the statistical threshold chosen was 

low compared to other GWAS studies.  

Table 2.2-1 Genetic Variants. Genetic variants identified by Williams et al. 42 that are significantly 

associated with changes in VO2max following exercise training and have been replicated in different 

samples. 

Gene Symbol Pathway(s) 

ACE Renin-angiotensin system; protein digestion and absorption 

ACSL1 

Fatty acid biosynthesis; fatty acid degradation; “metabolic pathways”; 

fatty acid metabolism; PPAR signaling pathway; peroxisome; 

ferroptosis; thermogenesis; adipocytokine signaling pathway 

AMPD1 Purine metabolism; “metabolic pathways” 

APOE Cholesterol metabolism; Alzheimer disease 

BIRC7/YTHDF1 
Ubiquitin mediated proteolysis; apoptosis; toxoplasmosis; pathways in 

cancer; small cell lung cancer 

CAMTA1 N/A* 

CD44 

ECM-receptor interaction; hematopoietic cell lineage; shigellosis; 

Epstein-Barr virus infection; proteoglycans in cancer; microRNAs in 

cancer 

CKM Arginine and proline metabolism; “metabolic pathways” 

DAAM1 Wnt signaling pathway  

NDN N/A* 
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RGS18 N/A* 

RYR2 

Calcium signaling pathway; cAMP signaling pathway; cardiac muscle 

contraction; adrenergic signaling in cardiomyocytes; apelin signaling 

pathway; circadian entrainment; insulin secretion; oxytocin signaling 

pathway; pancreatic secretion; hypertrophic cardiomyopathy; 

arrhythmogenic right ventricular cardiomyopathy; dilated 

cardiomyopathy 

ZIC4 N/A* 

Pathways were determined by performing individual searches on the Kyoto Encyclopedia of 

Genes and Genomes (KEGG).  

* N/A refers to genes that are not involved in a known pathway.    

 

Current perspectives and future directions  

Despite the intriguing results discussed above, exercise genomics experts remain doubtful that 

genetic variants can be accurate predictors of individual exercise responses due to three apparent 

limitations:  

1. Few of the variants associated with changes in VO2max are linked to the physiological 

mechanisms that determine VO2max 43 (Table 2.1-1).  For instance, improvements in VO2max are 

primarily driven by increases in cardiac output, stroke volume and blood volume 48; however, 

none of the SNPs identified in the HERITAGE analysis are functionally related to these 

mechanisms 43,49.  As discussed above, the function of some of the SNPs from HERITAGE have 

yet to be discovered 47, and thus it is possible that future studies discover that some SNPs are 

functionally linked to exercise-induced improvements in VO2max.   

2. The majority of significant relationships between genetic variants and changes in VO2max are 

weak/have small effect sizes.  The majority of significant SNPs only explain ~1-2% of the 

variance in observed VO2max responses 47.  Although this section has focused on changes in 

VO2max following training, individual genetic variants associated with other complex human 
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traits have yielded disappointingly small effect sizes 50,51.  These disappointing results may be 

explained by the polygenic nature of human phenotypes whereby many genetic variants, each 

with small effect sizes, and/or a few rare variants with large effect sizes, collectively influence a 

given complex trait 50,52.  In support of a polygenic explanation is the observation of a larger 

effect size for the regression with changes in VO2max when Bouchard et al. 47 combined 21 

SNPs.  Nevertheless, studying genomics alone may not provide enough mechanistic information 

51, suggesting that multi-omic approaches are required to confidently predict complex human 

phenotypes 50,52.  

3. Perhaps the most problematic limitation is the inability to replicate genetic associations across 

multiple cohorts.  For instance, although ~100 genetic variants are associated with changes in 

VO2max 42, only 14 have been corroborated in some, but not all studies (Table 2.1-1).  It is also 

important to emphasize that significant associations do not necessarily confer causation, which 

highlights the need to follow successful replication studies with mechanistic and functional 

experiments to ascertain causal evidence 52. For example, a recent study suggested that the ACE 

insertion/deletion variant is associated with the ACE enzyme content in the blood, thus offering a 

strong biological marker that can potentially be predicted by the genotype 53.  

Despite the skepticism among experts in exercise genomics 49,50, several companies advertise the 

ability to predict training responsiveness based on algorithms derived from genetic associations.  These 

“direct-to-consumer” claims have received justifiable criticism 50,54 as future work is needed, including 

collaborative multi-omic approaches, before commercially marketing the ability to predict training 

responsiveness using genetic variants 54.  

2.2.5 Biological Mechanisms Underlying Individual Differences in Adaptations to Exercise Training 

This section reviews non-genetic biological mechanisms associated with individual variability in 

adaptations to exercise training.  The majority of this section focuses on skeletal muscle mechanisms.  

Therefore, it is important to preface this section by briefly describing the molecular basis of skeletal 
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muscle adaptations to exercise training (described in next paragraph).  Additionally, given that VO2max is 

the most studied outcome in exercise genomics, the final section reviews studies that have investigated 

mechanisms that may be associated with individual differences in VO2max responses to exercise training.    

 The molecular basis of skeletal muscle adaptations is illustrated in Figure 2.1-1 and has been 

described in detail elsewhere: 55–57.  Skeletal muscle adaptations to exercise training are characterized by a 

series of molecular events occurring in response to individual (acute) exercise bouts.  In brief, physical 

activity increases the production of contractile and/or metabolic biproducts (e.g. increased myocellular 

calcium, elevated AMP/ATP ratio, etc.) that act as signals to initiate of skeletal muscle adaptation.  These 

signals activate signaling pathways (e.g. AMPK, CaMK, p38 MAPK, etc.) that converge on various 

transcription factors and coactivators to promote transcription.  Consequently, acute exercise is associated 

with transient bursts in mRNA that typically occur in the early post-exercise period (e.g. 1-3 hours).  Over 

the course of repeated exercise bouts (i.e. exercise training), frequent mRNA bursts augment protein 

translation thereby altering skeletal muscle protein content.  Signaling pathways also promote protein 

translation and thus increase rates of protein synthesis.  Finally, altered protein levels improve skeletal 

muscle function and consequently increase exercise performance and other whole-body outcomes (e.g. 

glucose metabolism, cardiorespiratory fitness, etc.).   
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Figure 2.2-1 Molecular basis of skeletal muscle adaptation to exercise training. An acute bout of 

exercise increases the production of “signals” (i.e. contractile and metabolic biproducts) that activate 
signaling pathways, which in turn increases rates of protein synthesis by increasing transcription and/or 

translation.  Exercise training involves repeated bouts of acute exercise.  Accordingly, the molecular basis 

of adaptations to exercise training reflects an accumulation of the molecular events following serial acute 
exercise bouts.  Exercise training results in increased protein content, altered skeletal muscle function, 

and skeletal muscle and/or whole-body adaptations.  Although this figure illustrates an example where 

exercise promotes protein synthesis, exercise-induced production of “signals” can also inhibit certain 

signaling pathways and repress protein synthesis. Adapted from 56. 

  

Within the context of individual responses to exercise training, it is reasonable to hypothesize that 

variability in any of these acute molecular events (Figure 2.1-1) may explain the variability in responses 

to exercise training.  Additionally, although “exercise epigenetics” is still in its infancy 58,59 and epigenetic 

processes are often overlooked in depictions of the molecular basis of adaptations to exercise (Figure 2-

1), we overview the evidence linking acute alterations in skeletal muscle epigenetics and adaptations 

following exercise training.  Further, the final subsection briefly overviews studies that relate variability 

in adaptations to exercise training with chronic changes in skeletal muscle characteristics (i.e. measuring 

pre- vs. post-training changes rather than before vs. after an acute bout of exercise).  As discussed 

throughout this section, there is an overall dearth of evidence mechanistically linking acute and chronic 

skeletal muscle responses to variability in adaptations to exercise training, thus highlighting the need for 

future investigations.   
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Acute changes in skeletal muscle signaling pathways and training adaptations  

Although there is some evidence supporting and refuting the hypothesis that acute changes in 

skeletal muscle signaling play a role in predicting the magnitude of adaptations to resistance training 60–64, 

we are unaware of any evidence exploring this relationship with aerobic exercise.  With respect to 

resistance exercise, acute changes in phosphorylation of ribosomal protein S6 kinase beta-1 (p70S6K) 

positively correlate with subsequent muscle strength and size gains following training 60–62.  Despite three 

separate studies reporting this relationship 60–62, a significant correlation between acute changes in 

phosphorylation of p70S6K and hypertrophy is not always observed 64.  p70S6K is a downstream target 

of mammalian target of rapamycin (mTOR), which is a key regulator of protein synthesis and 

hypertrophic adaptations to resistance training 57.  In addition to p70S6K, acute changes in the 

phosphorylation of eukaryotic translation initiation factor 4E-binding protein 1(4E-BP1), another 

downstream target of mTOR 57, also correlate with changes in muscle size following resistance training 63.  

Interestingly, acute changes in phosphorylation of protein kinase B (Akt), an upstream activator of 

mTOR, or phosphorylation of mTOR itself do not correlate with changes in muscle size or strength 

following resistance training 60,63.  Thus, while the p70S6K and 4E-BP1 findings suggest that acute 

activation of mTOR signaling may explain variability in muscle adaptations to resistance training, the 

inability to observe significant correlations with phosphorylation of Akt and mTOR complicates this 

interpretation.   

An additional area of interest is exploring the role of satellite cells in mediating hypertrophic 

adaptations to resistance training.  Bellamy and co-workers 65 found that acute alterations in the number 

of satellite cells in type I fibers, but not type II fibers, positively correlate with changes in muscle size 

following resistance training.  Collectively, these findings support the speculation that changes in skeletal 

muscle signaling (p70S6K and 4E-BP1) and/or alterations in the number of satellite cells represent acute 

mechanisms that may explain individual differences in adaptations to resistance training.  However, the 

paucity of evidence that currently supports this speculation and the conflicting evidence related to mTOR 



 

 

 

21 

signaling highlights a need for future replication studies to provide more insight toward the relationship 

between acute changes in skeletal muscle signalling and adaptations to training.    

As mentioned above, no study has directly tested the hypothesis that variability in activation of 

skeletal muscle signaling pathways predicts inter-individual differences in adaptations to aerobic exercise 

training.  Despite this knowledge gap, we recently reported that blood lactate responses during an acute 

bout of aerobic exercise strongly correlate with changes in VO2max following four weeks of aerobic 

training 66.  Although we did not directly measure skeletal muscle signaling, it is possible that blood 

lactate concentrations reflect muscle lactate concentrations, intramuscular stress, and thus the activation 

of skeletal muscle signaling pathways 66.  Therefore, our observed correlation may provide indirect 

evidence linking variation in skeletal muscle signaling and variation in training responses; however, 

future work should directly test this hypothesis.  

Acute changes in skeletal muscle mRNA and training adaptations  

Although several studies have reported a temporal relationship whereby acute alterations in 

mRNA levels precede adaptations to training 67,68, few studies have directly tested the hypothesis that the 

magnitude of acute changes in mRNA levels predicts the variance in adaptations to exercise training.  

Granata et al. 69 found that aerobic training-induced changes in mitochondrial content positively correlate 

with acute changes in p53 mRNA content.  While this finding supports the role of p53 in regulating 

mitochondrial adaptations to exercise training 70, there is conflicting evidence for whether acute mRNA 

responses of other key regulators of mitochondrial biogenesis, including PGC-1α, positively correlate 

with mitochondrial adaptations to aerobic training 69,71.  Within the context of resistance exercise, acute 

changes in levels of mRNA linked to modulating muscle growth appear to be largest in participants 

identified as “extreme responders” in skeletal muscle hypertrophy following training 72,73.  Further, Raue 

et al. 74  used microarray analysis to demonstrate that acute changes in over 1700 mRNA correlated with 

changes in muscle strength and size following training.  In summary, although there is some evidence 

supporting the speculation that acute changes in skeletal muscle mRNA levels underlie individual 
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differences in training responses to exercise training, the small number of studies investigating this 

speculation highlights a need for future work.    

In an attempt to provide more insight into the potential importance of mRNA responses to acute 

exercise, we recently examined the repeatability of mRNA responses to two identical bouts of acute 

endurance exercise 75.  Our hypothesis was as follows: if the magnitude of an individual’s mRNA 

response to acute exercise predicts the magnitude of their subsequent adaptations to training, then the 

degree of acute mRNA responses should be somewhat repeatable at the individual level.  Acute changes 

of mRNA implicated in regulating skeletal muscle adaptations to aerobic training (e.g. PGC-1α, PDK4, 

NRF-1, VEGF-A, p53) were not repeatable, and several follow-up experiments confirmed that this lack of 

repeatability could not be explained by technical/measurement error 75.  This apparent lack of 

repeatability supports the observations of non-significant relationships between acute changes in mRNA 

levels and adaptations to training 69,71–73, possibly questions the spuriousness of the above-mentioned 

significant correlations/relationships 69,71–74, and ultimately suggests that acute changes in mRNA may not 

be a viable biomarker for gauging individual responsiveness to exercise training 75.    

Acute changes in rates of skeletal muscle protein synthesis and training adaptations  

To our knowledge, only studies using resistance exercise have directly tested the hypothesis that 

acute changes in rates of protein synthesis predict adaptations to training 61,63,76.  In opposition of this 

hypothesis, there is some evidence that changes in the rate of myofibrillar protein synthesis in response to 

a single pre-training bout of resistance exercise do not correlate with hypertrophic adaptations following 

resistance training 61,63.  Conversely, Damas et al. 76 found that changes in the rate of myofibrillar protein 

synthesis following an acute bout of resistance exercise in the third week of training positively correlate 

with hypertrophic responses to ten weeks of training.  While it is possible that the incongruent findings 

between these studies are explained by differences in the time points used to characterize changes in rates 

of muscle protein synthesis (i.e. changes following a single bout of exercise vs. three weeks of training) 5, 
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the small number of studies investigating this relationship warrants a need for further investigation.  

Further, future work should explore this hypothesis using aerobic exercise protocols.  

Acute epigenetic changes in skeletal muscle and training adaptations  

Epigenetics overview  

The term epigenetics translates to “in addition to changes in genetic sequence” and refers to 

chemical modifications to DNA (such as DNA methylation) that regulate the expression of genes without 

altering the underlying DNA sequence, which can ultimately result in downstream changes in protein 

expression 77.  There are two main types of epigenetic modifications 59.  First, DNA methylation involves 

the addition of methyl groups directly to the DNA sequence by DNA methyltransferases (DNMTs) 58.  

DNA methylation results in decreased transcription of the targeted gene whereas DNA demethylation (or 

hypomethylation), a process regulated by ten-eleven translocation enzymes 58, increases gene 

transcription (see 78 for details).  The second epigenetic process are histone modifications, which involve 

post-translational modifications to histones (the protein forming the nucleosome core and providing 

structural stability) that ultimately impact transcription by allowing/inhibiting the transcriptional 

machinery access to promoter regions of target genes 58.  Although not often considered an epigenetic 

process 59, the actions of non-coding RNAs (such as micro RNA) can also influence gene expression 

without altering DNA sequence.  Collectively, DNA (de)methylation, histone modification, and non-

coding RNAs influence gene expression and may therefore play important roles in the adaptive process to 

exercise 58,59,79,80.  

Skeletal muscle epigenetics: Possible mechanisms underlying individual differences in 

responses to exercise training  

Although no study has directly examined both acute changes in skeletal muscle DNA methylation 

and training-induced phenotypes in the same participants, there are some findings from acute exercise 

studies that highlight the possibility that changes in DNA methylation contribute to individual differences 

in exercise training responses.  For instance, Barrès et al. 81 found that exercise decreased global DNA 

methylation as well as methylation at genes known to regulate skeletal muscle adaptations (e.g. PGC-1α, 
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PDK4, and PPARδ/).  Importantly, Barrès et al. 81 found that DNA hypomethylation preceded increases 

in gene expression suggesting that alterations in DNA methylation are functionally important for 

transcriptional responses to acute exercise.  In support of this assertion, a recent acute exercise study 

found that individuals who displayed DNA hypomethylation at the PGC-1α promoter had larger increases 

in PGC-1α mRNA compared to individuals who displayed increases in DNA methylation at the PGC-1α 

promoter 82.  Given the aforementioned relationship between acute changes in PGC-1α mRNA and 

changes in skeletal muscle oxidative capacity following training 71, these findings raise the possibility that 

acute changes in DNA methylation may explain inter-individual differences in training responsiveness 79.  

However, future studies are needed to test this hypothesis.   

Although many studies have reported histone modifications in skeletal muscle following acute 

exercise (reviewed in: 59,79), studies examining both histone modifications to acute exercise and 

adaptations to training in the same group of individuals are lacking.  However, recent experiments in 

rodent skeletal muscle have found that acute exercise results in histone modifications on the PGC-1α 

promoter 83,84 and as described above, differences in epigenetic regulation on the PGC-1α promoter may 

explain variability in adaptations to training 79.  The potential importance of histone modifications on 

mediating exercise responsiveness was also demonstrated in a histone deacetylation 3 (HDAC3) knockout 

model 85.  Mice lacking HDAC3, a histone-modifying protein associated with transcriptional repression 58, 

exhibited supressed endurance and force production as well as greater muscle fatigue 85.  Despite these 

findings from rodent experiments, there is a need for future studies to examine the relationship between 

histone modifications following acute exercise and adaptations to exercise training in human participants.  

Although not examining responses to acute exercise per se, studies examining baseline epigenetic 

characteristics have provided additional evidence supporting the notion that epigenetic processes play an 

important role in predicting variability in training responses.  For instance, Stephens et al. 86 reported 

baseline differences in genome-wide DNA methylation between “low-responders” and “responders” in 

mitochondrial function following aerobic training.  Additionally, Thalacker-Mercer et al. 87 found that 
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“moderate and extreme responders” in hypertrophy following resistance training exhibited lower baseline 

levels of acetylated histone H3 (K36), a histone associated with increasing transcription 58, compared to 

“low-responders”.  Collectively, these findings suggest that “responders” are more ‘primed’ to experience 

transcriptional responses to acute exercise and thus exhibit large adaptations to exercise training.  Future 

studies should couple characterizing baseline epigenetic profiles with skeletal muscle responses to acute 

exercise in an attempt to provide a mechanistic link between baseline epigenetics and adaptations to 

training.  

Chronic skeletal muscle changes and training adaptations  

Overview of ‘chronic skeletal muscle changes’ 

For the purpose of this section, “chronic changes” refer to pre- vs. post-training changes that 

reflect an accumulation of the acute molecular events occurring after each individual exercise session 

over the course of a training period.  The findings from an elegant study by Perry and colleagues 68 can 

help explain this concept.  Perry et al. 68 found that exercise training concomitantly increased 

mitochondrial content (adaptation to training) and PGC-1α protein content (“chronic change”).  

Importantly, the observed chronic increase in PGC-1α protein content appeared to result from acute 

transient bursts of PGC-1α mRNA occurring after each individual exercise training session 68.  Therefore, 

while changes in PGC-1α protein were measured pre- vs. post-training, these chronic changes were a 

result of acute molecular events occurring after serial training sessions 68.   

Although there is evidence suggesting that chronic skeletal muscle changes are associated with 

variability in a range of adaptations to exercise training, the bulk of this evidence has explored 

mechanisms linked to hypertrophic adaptations following resistance training 5.  Therefore, the remainder 

of this section focuses on studies that have linked chronic skeletal muscle changes and hypertrophic 

adaptations to resistance training.   

Chronic skeletal muscle changes and hypertrophic adaptations to resistance training  
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Studies that have tested the hypothesis that chronic changes in skeletal muscle explain the 

variability in hypertrophy following resistance training have examined many different types of chronic 

skeletal muscle alterations 5.  First, an early investigation found that chronic increases in both myonuclei 

and satellite cell content only occurred in “extreme responders” 88; however, these findings were not 

supported by a more recent study 89.  Second, although one study reported that chronic increases in total 

RNA and rRNA content only occurred in “extreme responders” in hypertrophy 90, a later study failed to 

replicate this finding 89.  Third, several resistance training studies have concurrently measured 

hypertrophy and chronic changes in androgen receptor content 62,89,91,92, which is a transcription factor that 

alters transcription to promote skeletal muscle cell growth and protein synthesis 5.  Despite recent studies 

failing to observe differences in chronic changes in androgen receptor content between “low” and “high” 

hypertrophic responders 89,91, earlier studies reported positive correlations between chronic changes in 

androgen receptor content and myofibre hypertrophy 62,92.  Taken together, these studies have produced 

several lines of conflicting evidence, which makes it difficult to conclude whether the current literature 

supports or refutes the hypothesis that chronic skeletal muscle changes explain the variability in 

hypertrophic adaptations to resistance training.  Given that these studies did not attempt to capture the 

molecular events following acute exercise 93, future work should couple pre- vs. post-training measures 

with acute exercise measures to comprehensively characterize skeletal muscle changes that may account 

for individual differences in adaptations to training.  

Mechanisms associated with changes in VO2max following aerobic training  

It is widely accepted that training-induced improvements in VO2max are driven by chronic (i.e. 

pre vs. post-training) changes in features of the oxygen transport/consumption cascade including cardiac 

output, convective oxygen delivery through the cardiovascular system, and skeletal muscle oxygen uptake 

and consumption 48.  However, few studies have examined individual responses in both changes in 

VO2max and changes in components of the oxygen transport/delivery cascade following aerobic exercise 

training.   
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 To our knowledge, only studies using high intensity interval training (HIIT; including its higher 

intensity variant sprint interval training [SIT]) have tested the hypothesis that individual responses in 

components of the oxygen transport/consumption cascade explain individual variability in VO2max 

responses.  Interestingly, these studies have produced several lines of conflicting evidence.  First, Daussin 

et al. 94 found that changes in maximal cardiac output and VO2max were positively correlated following 

eight weeks of HIIT.  Conversely, we recently demonstrated that maximal cardiac output remained 

unchanged in both “low” and “high” VO2max responders following four weeks of SIT 95.  Second, while 

there is evidence that changes in VO2max positively correlate with changes in mitochondrial respiration 

following HIIT 94 and changes in arteriovenous oxygen difference (a-VO2dif;  a marker of active muscle 

oxygen consumption) following SIT 95, other findings demonstrate that markers of skeletal muscle 

mitochondrial content do not positively correlate with changes in VO2max following SIT 71,95.  Third, 

changes in capillary density positively correlate with observed VO2max responses following HIIT 94 but 

not SIT 71,95.  While it is possible that the above-mentioned lines of conflicting evidence are attributable to 

methodological differences between studies, future large-scale studies measuring several components of 

the oxygen transport/consumption cascade are needed to further investigate these discrepant findings.   

2.2.6 Future Directions: Multi-omic Approaches  

Many experts in the field of exercise “omics” have emphasized the need for multi-omic 

approaches to better understand the mechanisms underlying variability in individual responses to exercise 

training 50,52.  In brief, multi-omic approaches involve genome-wide (omic) analysis across multiple levels 

of biological information including, but not limited to, genomics (DNA sequences), transcriptomics (gene 

expression), epigenomics (epigenetics), proteomics (protein), and metabolomics (metabolites) 51.  The 

enthusiasm underlying multi-omic approaches is rooted in the belief that synthesizing data across multiple 

biological levels provides more information than what can be gleaned from any single “omic” layer alone 

96.  Within the context of exercise science, it is believed that combining information in a multi-omic 



 

 

 

28 

fashion can leverage current genomic, transcriptomic, epigenomic, and other “omic” findings to better 

identify the mechanisms underlying variability in responses to exercise training.   

 Although a comprehensive multi-omics study has yet to take place, a small number of studies 

have combined data across multiple biological layers in an attempt to identify mechanisms of training 

response variability 97,98.  For instance, RNA expression profiling (transcriptomic) was performed on 

HERITAGE samples to identify a number of transcripts that were associated with variability in observed 

VO2max responses to aerobic exercise training (reviewed in 43).  This information was then used to 

identify a number of SNPs (genomic) that were also related to changes in VO2max following training; 

however, none of these SNPs were among the group of variants that Bouchard and colleagues later 

identified in their GWAS on HERITAGE samples 47.  While other exercise studies have combined 

transcriptomics with epigenomics (DNA methylomics) 97,98 or proteomics 98, these studies contained 

relatively small sample sizes.  Unfortunately, large sample sizes are needed in multi-omic approaches in 

order to achieve the statistical power needed to detect factors associated with variance in a given 

phenotype 50.  

 One proposed solution to acquire large sample sizes is to conduct large-scale collaborative 

projects across multiple research sites 52.  To our knowledge, two multi-omic collaborative initiatives 

have been announced: the molecular transducers of physical activity consortium (MoTrPAC) 99 and the 

Gene SMART (skeletal muscle adaptative response to training) study 100. While the specifics of these two 

projects differ, they share the goal of harnessing the power of multi-omics to identify mechanisms that 

underlie variability in adaptations to exercise training.  Indeed, it is highly anticipated that these two 

initiatives will produce valuable insight toward identifying the mechanisms underlying individual 

response variability to exercise training. 
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2.3 A systematic review examining the approaches used to estimate interindividual 

differences in trainability and classify responses to exercise training  

Systematic review submitted for publication at Frontiers in Physiology: Bonafiglia J.T.*, 

Preobrazenski N.*, and Gurd B. J. A systematic review examining the approaches used to estimate 

interindividual differences in trainability and classify individual responses to exercise training. In second 

round of revision at Frontiers in Physiology, resubmitted May 17th, 2021.  

2.3.1 Abstract 

Background: Many reports describe statistical approaches for estimating interindividual 

differences in trainability and classifying individuals as “responders or “non-responders”.  The extent to 

which the exercise training literature has adopted these statistical approaches remains unclear.  

Objectives: This systematic review sought to: 1) investigate the existence of interindividual differences in 

trainability, and 2) test the hypothesis that less conservative thresholds inflate response rates compared 

with classification approaches that consider error and a smallest worthwhile change (SWC)/minimum 

clinically important difference (MCID).  Methods: We searched six databases: AMED, CINAHL, 

EMBASE, Medline, PubMed, and SportDiscuss.  Our search spanned the aerobic, resistance, and 

clinical/rehabilitation training literature.  Studies were included if they used human participants, 

employed standardized and supervised exercise training, and either: 1) stated that their exercise training 

intervention resulted in heterogenous responses, 2) statistically estimated interindividual differences in 

trainability, and/or 3) classified individual responses.  We calculated effect sizes (ESIR) to examine the 

presence of interindividual differences in trainability.  We also compared response rates (n = 614) across 

classification approaches that considered neither, one of, or both error and a SWC/MCID.  We then sorted 

response rates from studies that also reported mean changes and response thresholds (n = 435 response 

rates) into four quartiles to confirm our ancillary hypothesis that larger mean changes produce larger 

response rates.  Results: Our search revealed 3404 studies, and 149 were included in our systematic 

review.  Few studies (n = 9) statistically estimated interindividual differences in trainability.  The results 

from these few studies present a mixture of evidence for the presence of interindividual differences in 

trainability because several ESIR values lay above, below, or crossed zero.  Zero-based thresholds and 
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larger mean changes significantly (both p < 0.01) inflated response rates.   Conclusions: Our findings 

provide evidence demonstrating why future studies should statistically estimate interindividual 

differences in trainability and consider error and a SWC/MCID when classifying individual responses to 

exercise training.  

2.3.2 Introduction 

In 1999, the seminal HERITAGE Family Study reported individual cardiorespiratory fitness 

responses ranging from approximately -100 to +1000 mL/min following 20 weeks of supervised and 

standardized aerobic exercise training 2.  Early studies following HERITAGE continued to examine 

individual responses to exercise training by: 1) interpreting a wide range of observed responses as 

evidence that exercise training causes interindividual variability, and 2) classifying individuals as 

“responders” or “non-responders” if their observed response was above or below zero, respectively 

(reviewed in: 3,4,101).  In recent years, biostatisticians have raised concerns with these approaches and have 

advocated for more rigorous statistical approaches when estimating interindividual variability and 

classifying individual responses 4,7–9,15–17.  Although many reports explain how to use the biostatisticians’ 

approaches 7,8,21,22,102–104, the extent to which the exercise training literature has adopted these approaches 

remains unclear.  Additionally, data simulations and statistical papers have demonstrated why it is 

theoretically important to adopt these statistical approaches 7,9,15.  However, there is limited empirical 

evidence supporting these theoretical demonstrations using real exercise training data.     

Estimating interindividual variability requires partitioning the variability in outcome 

measurements caused by exercise training – herein referred to as interindividual differences in trainability 

– from the variability caused by random measurement error and within-subject variability 22.  Within-

subject variability refers to real physiological responses resulting from changes in 

behavioural/environmental factors such as diet, sleep, and physical activity outside of a standardized 

exercise intervention 22.  In 2015, Atkinson et al. 15 forwarded the standard deviation of individual 

response approach (SDIR), which attempts to partition the sources of variation by comparing observed 
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variability between control and exercise groups.  The SDIR is limited by the assumptions of randomized 

controlled trials including the assumption of independence 22.  However, not using the SDIR – or another 

method that partitions variability 17,103 – risks erroneously concluding that all of the variability in observed 

responses reflects interindividual differences in trainability 15.  To our knowledge, no study has evaluated 

the existence of interindividual differences in trainability by reviewing exercise training studies that have 

used the SDIR or a comparable method 17,103.  

With respect to classifying individual responses, labelling someone as an exercise “non-

responder” should be avoided because individuals can respond differently across a range of outcomes (i.e. 

demonstrate individual patterns of response 105,106), following different exercise doses 28,29,107, or even after 

repeated exposure to the same training intervention 27.  When classifying individuals under specific 

training conditions, “responders” should be identified as individuals whose observed response in a given 

outcome exceeds a smallest worthwhile change (SWC) or a minimum clinically-important difference 

(MCID) after accounting for changes that could be explained by “error” 7,8,21.  Non-conservative 

thresholds that do not account for error and/or a SWC/MCID risk incorrectly classifying individuals who 

did not benefit from exercise training as “responders” 21.  These potential misclassifications may lead to 

inflated “response rates” (see Table 2.2-1 for definition) compared with more conservative classification 

approaches that consider both error and a SWC/MCID.  To our knowledge, the only empirical evidence 

supporting this hypothesis comes from two studies reporting on a small number of outcomes (n = 6 and 1) 

with relatively small sample sizes (n = 40 and 84) 8,108.  Empirically confirming that conservative 

thresholds lower response rates can demonstrate how failing to account for error and a SWC/MCID 

inflates response rates.  

Accordingly, we performed a systematic review of studies that examined individual responses to 

exercise training.  Our search spanned the aerobic, resistance, and clinical/rehabilitation training 

literature.  We first determined the extent to which the exercise training literature has statistically 

estimated interindividual differences in trainability and considered error and a SWC/MCID when 
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classifying individual responses.  To empirically assess the importance of adopting these approaches, we 

also: 1) calculated estimates of interindividual differences in trainability from studies that have adopted a 

statistical approach, and 2) tested the hypothesis that more conservative thresholds reduce response rates 

by comparing response rates from studies that used zero-based thresholds, thresholds that consider error 

or SWC/MCID, or thresholds that consider both error and a SWC/MCID.   

 

Table 2.3-1 Definitions of individual response terms.  

Term Definition 

Terms related to interindividual differences in trainability  

Random measurement error 
Source of random variation caused by technical error and day-to-day 

biological variability.  

Within-subject variability  

Source of random variation caused by real physiological changes that 

occur due to changes in behavioural and/or environmental factors 

external to the prescribed intervention.  

Interindividual differences 

in trainability  

Variability in outcome measurements caused by exercise training; also 

referred to as “true response variability” or “the subject-by-training 

interaction” 15,17. 

SDIR  

A statistical estimate of interindividual differences in trainability 

calculated by subtracting observed variability in control from exercise 

groups. 

ESIR An effect size of the SDIR estimate.  

Terms related to classifying individual response  

“Responder” 

An observed response that exceeds a given response threshold; 

importantly, this term should be applied in an outcome and training-

specific manner (e.g. “VO2max responder to aerobic training). 

Response threshold The threshold used to classify “responders”.  

Zero-based thresholds 
Classification method that uses zero as the response threshold whereby 

“responders” have observed responses exceeding zero. 
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Quantiles 

An arbitrary classification approach that guarantees a fixed percentage of 

“responders” (e.g. using quartiles to identify the top 25% of participants 

as “responders”).  

TE 
Typical error; calculated to account for random measurement error when 

classifying individual responses 25.  

MCID 

Minimum clinically important difference; a non-arbitrary threshold for 

classifying individual responses based on evidence of clinically-relevant 

changes (e.g. 1 MET improvements for cardiorespiratory fitness because 

this change is associated with risk reduction of all-cause mortality 109).   

SWC 

Smallest worthwhile change; a response threshold calculated as 0.2 

multiplied by baseline standard deviation and is recommended when an 

evidence-based MCID is not available.  

Response rate 
The proportion of “responders” within a given group under specific 

classification parameters and training conditions.  

 

2.3.3 Methods 

Eligibility criteria 

Studies were included in the systematic review if they met all of the following inclusion criteria: 

1) were an original, published research study (including novel reanalyses), 2) used human participants, 3) 

employed a minimum of two weeks (or six sessions) of standardized and supervised exercise training, and 

4) examined individual responses to exercise training by: i) stating that exercise training resulted in 

heterogeneous responses without using a statistical approach to estimate interindividual differences in 

trainability (e.g. commenting on response heterogeneity or a wide range of individual responses in their 

results, discussion, or conclusions), ii) adopting a statistical approach to estimate interindividual 

differences in trainability (approaches listed in our supplemental file “S5”; Atkinson and Batterham, 

2015; Hecksteden et al., 2015; Hopkins, 2015; Dankel and Loenneke, 2020), and/or iii) classifying 

individual responses.  Studies were excluded if they did not meet all of the inclusion criteria, or if the 

manuscript was not available or not in English.   

Literature search and study selection  
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We conducted a literature search in AMED, CINAHL, EMBASE, Medline, PubMed, and 

SportDiscuss on March 28th, 2020.  A second, identical up-to-date search took place on January 6th, 2021.  

The search strategy incorporated two main concepts: exercise training and individual response.  A 

complete list of synonyms/related terms for these two main concepts were combined with “OR” (see 

Supplementary File “S2” for full list), and the search strategy combined the two separate synonym lists 

with “AND”.  Titles and abstracts were extracted from the database searches, and Covidence 

automatically removed duplicates.  

 Study selection followed a two-step process and was independently completed by two reviewers 

(J.T.B. and N.P.).  A third reviewer (B.J.G.) resolved disagreements (n = 2 total).  First, titles and 

abstracts were screened to identify studies that appeared to meet eligibility criteria.  Second, full texts 

were downloaded for articles that passed title and abstract screening to determine their eligibility.  Studies 

removed during full-text screening were assigned a reason for exclusion.  Final analyses included studies 

that passed both levels of study selection.  We used the Cochrane Collaboration Risk of Bias Assessment 

Tool 110 to assess the risk of bias.  We reviewed protocol and/or primary publications to evaluate the risk 

of bias for studies that included re-analyses of previously published data.   

Data extraction 

J.T.B. and N.P. performed data extraction using a predetermined data collection template, which 

included the variables provided in our supplementary material “S3” as well as response rates, mean 

changes, and response thresholds.  These two reviewers met to compare extracted data and resolve 

discrepancies.  J.T.B. and N.P. dichotomously categorized all included studies based on whether they did 

or did not use a statistical approach 15–17,103 to estimate interindividual differences in trainability.  After 

this initial categorization, J.T.B. and N.P. sorted studies that classified individual responses into three 

categories based on whether they considered error and/or a SWC/MCID (see Table 2.2-2 for details). 

Table 2.3-2 Categorization details for systematic review primary analysis.  

Category Description 
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Did studies use a statistical approach to estimate interindividual differences in trainability? 

Yes  

Used a statistical approach 8,15–17,22 that accounts for random 

measurement error/within-subject variability to estimate 

interindividual differences in trainability.  

No  

This category included all studies that commented on variability 

(e.g. “we observed a wide range of individual responses”) or 

classified individual responses without performing statistical 

analysis to estimate interindividual differences in trainability. 

How did studies classify individual responses? 

Did not consider error or a 

SWC/MCID 

Classified “responders” and “non-responders” using quantiles or 

zero-based thresholds (e.g. “responders” identified as individuals 

with observed responses exceeding zero).  These approaches do not 

consider error or a SWC/MCID. 

Considered error or a 

SWC/MCID* 

Used a response threshold that either considered error or a 

SWC/MCID.   

Considered error and a 

MCID/SWC 

Used a response threshold that considered both error and a 

SWC/MCID.  

* Studies that only considered error were combined with studies that only considered a SWC/MCID 

based on our observation that these approaches generally result in similar response thresholds 

(examples: 8,23,108,111).   

 

We extracted basic study characteristics such as training protocols, participant characteristics, and 

measured outcomes from all included studies (see supplemental material “S3” for study characteristics).  

For studies that statistically estimated interindividual differences in trainability, we extracted sample sizes 

and standard deviations (SD) of baseline values and change scores.  We used WebPlotDigitizer 112 to 

calculate SDs of change scores from two studies 113,114 that did not report these values but presented 

individual data in their figures.  For studies that classified individual responses, we extracted mean 

changes, thresholds used to classify “responders”, and response rates.  For the purposes of this review, 

response rate refers to the proportion of “responders” for a given outcome following a specific exercise or 

control condition (Table 2.2-1).     
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Data analysis 

Interindividual differences in trainability  

For studies that statistically estimated interindividual differences in trainability, we calculated the 

SD of individual response (SDIR) – a statistic that estimates the presence of interindividual differences in 

trainability (see 22 for a detailed explanation) – for each outcome using the following equation 15,16:   

 𝑆𝐷𝐼𝑅 = √𝑆𝐷𝐸𝑋
2 − 𝑆𝐷𝐶𝑇𝑅𝐿

2
 (1) 

where SDEX and SDCTRL represent the SD of change scores from the exercise and control group, 

respectively.  Positive SDIR values (i.e. SDEX > SDCTRL) suggest that interindividual differences in 

trainability exist.  An SDIR cannot be calculated if SDCTRL exceeds SDEX because you cannot take the 

square root of a negative number (equation 1).  In these instances, researchers can either report not being 

able to calculate a SDIR, or they can switch SDCTRL with SDEX in equation 1 and report the value as a 

negative SDIR.  Both incalculable and negative SDIR values should be interpreted as a lack of evidence for 

interindividual differences in trainability 22.  For studies that had multiple exercise groups, we 

amalgamated the exercise groups’ data according to chapter 7.7.3.8 in the Cochrane Handbook 115 to 

calculate one SDEX value and thus one SDIR value for each outcome in each study.  The standard error 

(SE) for each SDIR value was calculated to construct 90% confidence intervals (CIs) using the following 

equations 8,16:  

 𝑆𝐸 = √2(
𝑆𝐷𝐸𝑋

4

(𝑛𝐸𝑋 − 1)
+

𝑆𝐷𝐶𝑇𝑅𝐿
4

(𝑛𝐶𝑇𝑅𝐿 − 1)
) (2) 

 90% 𝐶𝐼 𝐿𝑖𝑚𝑖𝑡𝑠 =  √𝑆𝐷𝐼𝑅
2 ± 1.65 × 𝑆𝐸 (3) 

where nEX and nCTRL represent sample sizes for the EX and CTRL groups, respectively.  To 

visually present these data from different outcomes in one figure, we standardized SDIR values by 

calculating unitless effect sizes (denoted as ESIR) using the following equation 16:  
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 𝐸𝑆𝐼𝑅 =
𝑆𝐷𝐼𝑅

𝑆𝐷𝐵𝑆𝐿.𝑃𝑜𝑜𝑙𝑒𝑑
 (4) 

where SDBSL.Pooled represents the pooled SD of baseline values from the EX and CTRL groups.  Upper and 

lower CI limits were also divided by SDBSL.Pooled to construct 90% CIs for ESIR values 16.   

The interpretation of interindividual differences in trainability for each outcome was based on the 

positions of 90% CIs: CIs laying fully above zero suggested that interindividual differences in trainability 

were present, whereas CIs crossing or laying fully below zero indicated a lack of evidence for 

interindividual differences in trainability. 

ANOVAs on response rates 

We performed one-way ANOVAs comparing response rates across the three response 

classification categories outlined in Table 2.2-2.  We performed an ANOVA that compared response rates 

across every outcome and another ANOVA on the most commonly reported outcome.  The ANOVA on 

the most commonly reported outcome was performed to determine whether the variance introduced by 

comparing response rates across different outcomes impacted our ability to detect significance.  We 

excluded studies that used quantiles because these approaches guarantee a fixed percentage of 

responders/non-responders and therefore do not provide estimates of response rates.  To determine 

whether standardized mean changes impacted our ANOVA on all outcomes, we also performed an 

ANCOVA with standardized mean (x̄) changes inputted as a covariate.  Specifically, we first extracted 

available pre- and post-training means and SDs for each outcome to calculate Cohen’s d values using the 

following equation: 

 
𝑑𝑎𝑣 =  

�̅�𝑃𝑂𝑆𝑇 − �̅�𝑃𝑅𝐸

𝑃𝑜𝑜𝑙𝑒𝑑 𝑆𝐷
  (5) 

 

 where dav refers to a Cohen’s d value for a within-subject standardized mean change 116, and 

pooled SD was calculated as the standard deviation of pre values plus the standard deviation of post 
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values divided by two.  Because many (130 out of 298) of the sample sizes included in our ANCOVA 

were less than 20, we then converted dav values to Hedge’s g values (gav) using the following equation:  

 
Hedge′s 𝑔𝑎𝑣 = 𝑑𝑎𝑣 × (1 −

3

4 × (𝑛𝑃𝑂𝑆𝑇 + 𝑛𝑃𝑅𝐸) − 9
) (6) 

 

 Additionally, our ancillary hypothesis investigated whether response rates were a function of 

mean change relative to the response threshold.  We based this hypothesis on findings from two of our 

recent studies: 1) larger mean changes produce larger response rates at a given response threshold 117, and 

2) smaller response thresholds produce larger response rates at a given mean change 108.  We tested this 

hypothesis using outcomes with reported response rates, mean changes, and response thresholds; 

outcomes could not be included if any of these three parameters were not reported.  Data from both 

exercise and non-exercising control groups were included in this analysis.  Our dependent variable was 

response rates (in percentage), and our independent variable was calculated as the mean change divided 

by the response threshold.  This approach standardized our independent variable and thus allowed us to 

compare response rates across different outcomes.  We could not include response rates from studies 

using zero-based thresholds because mean changes cannot be divided by a response threshold of zero.  

We then sorted outcomes into four response rate quartiles: response rates less than or equal to: 1) 100%, 

2) 75%, 3) 50%, or 4) 25%.  Following this, we used a one-way ANOVA to compare standardized mean 

changes across these response rate quartiles.  We identified outliers within each quartile as z-scores that 

were either >2.58 or <-2.58, and we removed these data before running our ANOVA.  

For all ANOVAs, significant main effects were followed by Bonferroni post-hoc tests.  These 

statistical tests were performed on GraphPad Prism version 9 with the ANCOVA performed on SPSS 

version 26.  All data are presented as means ± standard deviation.  

2.3.4 Results 

Study selection 
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Figure 2.2-1 presents a flow diagram of the study selection process.  The literature search 

retrieved 3404 studies, and Covidence removed 1120 duplicates.  2284 studies entered title and abstract 

screening, and 2036 were deemed irrelevant and were subsequently excluded.  Full texts were then 

downloaded for 248 studies, and 99 were excluded (reasons provided in Figure 2.2-1), leaving a total of 

149 included studies.  Study details, measured outcomes, analytical approaches, and participant 

characteristics for these 149 studies can be found in the Supplemental Material (“S3”).  Most included 

studies had an unclear-high risk of bias (results presented in Supplemental material “S4”).  For ease of 

viewing, in-text references for all 149 included studies are provided at the end of this manuscript (see 

appendix).  Table 2.2-3 presents study characteristics and analysis categories (categories outlined in Table 

2.2-2) for these 149 studies.  
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Figure 2.3-1 Flow diagram of the study selection process.   
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Table 2.3-3 Study details overview for systematic review.  

Type of 

training 

# of studies 

(% all studies 

included) 

Avg. duration 

in weeks 

(SD) 

Avg. 

frequency 

(SD) 

# in males 

only 

# in females 

only 

# in both 

sexes 

Variability categories a Response classification categories b 

# “Yes” # “No” 
# No TE or 

SWC/MCID 

# TE or 

SWC/MCID 

# TE and 

SWC/MCID 

Aerobic  
74 

(50%) 

13.1 

(10.1) 

3.9 

(1.7) 

16 

(22%) 

9 

(12%) 

48 c 

(65%) 

68  

(92%) 

6  

(8%) 

14 

(27%) 

30 

(58%) 

8 

(15%) 

Resistance 
32 

(22%) 

14.3 

(9.3) 

2.7 

(0.8) 

13 

(41%) 

8 

(25%) 

11 

(34%) 

31 

(97%) 

1 

(3%) 

12 

(44%) 

15 

(56%) 

0 

(0%) 

Aerobic and 

Resistance 

35 

(23%) 

17.1 

(8.9) 

3.3 

(0.7) 

4 

(11%) 

5 

(14%) 

26 

(74%) 

33 

(94%) 

2 

(6%) 

10 

(37%) 

16 

(59%) 

1 

(2%) 

Other 
8 

(5%) 

11.4 

(6.2) 

4.1 

(2.9) 

1 

(13%) 

0 

(0%) 

7 

(87%) 

8 

(100%) 

0 

(0%) 

1 

(14%) 

5 

(72%) 

1 

(14%) 

a Variability categories outlined in Table 2.2-2 (“Did studies use a statistical approach to estiamte interindividual differences in trainability?”); b classification categories outlined in Table 2.2-2 

(“How did studies classify individual responses?”); c one group did not provide sex composition.  Note that percentages for the variability categories are based on the total number of studies within 

each type of training (aerobic = 74; resistance = 32; aerobic and resistance = 35; other = 8), whereas the percentages for response classification categories are based on the number of studies that 

classified individual responses within each type of training (aerobic = 52; resistance = 27; aerobic and resistance = 27; other = 7).   
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Timeline of studies examining individual responses to exercise training 

We created two timelines of the studies included in our analysis (Figure 2.2-2).  Figure 2.2-2A 

includes all studies and is sorted based on whether studies used a statistical approach to estimate 

interindividual differences in trainability.  The number of studies examining individual responses to 

exercise training has increased substantially since 1999 – when the findings from the HERITAGE Family 

Study were published – with the majority (72.5%; 108/149) being published within the last five years (i.e. 

2015 onward).  The paper by Atkinson and colleagues 15 is highlighted in Figure 2A because it describes 

the SDIR approach and, to our knowledge, is the first article in the exercise literature outlining how to 

statistically estimate the presence of interindividual differences in trainability.  It was therefore 

unsurprising that no study before 2015 statistically estimated interindividual differences in trainability 

(Figure 2.2-2A).  However, strikingly few studies (~9.5%; 8/84 studies) published in 2017 onward (i.e. 

after Atkinson et al.’s SDIR paper) statistically estimated interindividual differences in trainability.  Seven 

of these studies 22,101,113,114,118–120 used the SDIR, and one study explored different SDIR approaches using a 

variety of statistical parameters 8.  The 2016 study by Leifer et al. 121 used Levene’s tests to compare 

variability in observed responses between control and exercise groups – an approach that follows the 

same principles as the SDIR 22.   

 77.9% (116/149) of all included studies classified individual responses, and a timeline of these 

studies sorted by the three categories outlined in Table 2.2-2 is presented in Figure 2.2-2B.  31.9% of 

studies (37/116) classified individuals using an approach that did not consider error or a SWC/MCID (e.g. 

zero-based thresholds or quantiles).  56.9% of studies (66/116) considered error (66.7%; 44/66) or a 

SWC/MCID (33.3%; 22/66), and the most common approach (37.9%; 25/66) was classifying responders 

as individuals whose observed response exceeded a threshold of two times the typical error.  Only 8.6% 

of studies (10/116) considered both error and a SWC/MCID.  The most common approach (90%; 9/10) in 

this last category was classifying responders as individuals with confidence intervals – built using the 
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typical error of measurement and constructed around observed responses – that lay fully above a 

SWC/MCID.  Supplemental material “S3” provides more information on the specific classification 

approaches used in each study.  Three studies 122–124 were not categorized because they did not report 

enough information on how they classified individual responses.  
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Studies adopting approaches for estimating interindividual differences in trainability  

 

We were unable to calculate ESIR values from three of the nine studies that statically estimated 

interindividual differences in trainability because they did not report SD of baseline measures and/or 

change scores 22,101,119.  All three of these studies included novel re-analyses of previously published data: 

Figure 2.3-2 Timeline of individual response literature.  Timeline and heatmap of the 149 studies 

included in our systematic review.  Numbers refer to total number of studies in each cell, whereas shading 

depicts the total number of studies divided by the number of years included in that column.  Panel A 

includes all studies sorted by whether studies used a statistical approach to estimate interindividual 

differences in trainability, and panel B includes the 116 studies that classified individual responses sorted 

by the classification categories outlined in Table 2.  2020* includes studies published in 2020 and up to 

the updated literature search (January 6th, 2021).  MCID, minimum clinically important difference; SDIR, 

standard deviation of individual responses; SWC, smallest worthwhile change.  Note: Panel B only 

contains 113 of the 116 studies that classified individual responses because three studies did not report 

how individuals were classified 122–124. 
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Williamson et al. 101 reported greater variability in VO2max responses in a control group compared with 

an exercise group, Williamson et al.’s 2018 meta-analysis demonstrated trivial interindividual differences 

in trainability for body weight 119, and we reported moderate-large variability in behavioural factors (e.g. 

dietary habits and sedentary time) following a controlled exercise intervention 22.   

We calculated ESIR values in the remaining six studies.  These values with 90% CIs as well as 

basic details regarding participant characteristics and training modes are presented in Figure 2.2-3.  

Combining data across the three aerobic training groups from Hammond et al. 114 resulted in positive ESIR 

values for body mass and waist circumference.  However, we can only conclude that interindividual 

differences in trainability were present for body mass because the 90% CI for waist circumference 

crossed zero.  The aerobic, resistance, and aerobic plus resistance groups were also combined in the 

Walsh et al. study 118.  Responses in body composition and cardiometabolic health from Walsh et al. 118 

revealed mixed evidence of interindividual differences in trainability because ESIR 90% CIs lay above, 

below, or crossed zero.  ESIR estimates from the Leifer et al. 121 study also presented a mixture of 90% CI 

positions for indices of cardiometabolic health.  The ESIR values from Hecksteden et al. 8 and Yu et al. 120, 

who measured fitness parameters following aerobic training, were all positive but had large 90% CIs that 

crossed zero.  These large CIs were likely attributable to the small sample sizes of these two studies.  

Interestingly, only the study by Steele et al. 113, which examined strength responses to resistance training, 

revealed consistent evidence of interindividual differences in trainability as all ESIR 90% CIs lay above 

zero.   
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ANOVAs on response rates 

We obtained response rates for 614 outcomes from the 116 studies that classified individual 

responses.  71, 491, and 52 response rates were obtained from zero-based thresholds, approaches that 

considered error or a SWC/MCID, or both error and a SWC/MCID, respectively.  Our one-way ANOVA 

with all 614 response rates (Figure 2.2-4A; left panel) was significant (p < 0.01) with zero-based 

thresholds producing a significantly (p < 0.01) higher mean response rate (71.22 ± 18.09%) compared 

Figure 2.3-3 Forest plot of ESIR values.  Forest plot of the studies that statistically estimated interindividual 

differences in trainability.  CTRL, control group; EX, exercise training group; WC, waist circumference; VO2max; 

maximal oxygen uptake; SBP, systolic blood pressure; HDL-C, high-density lipoprotein cholesterol; TG, 

triglyceride; VAS, visual analog scale; LBM, lean body mass; BFM, body fat mass; ADAS-cog, Alzheimer’s 

disease assessment scale-cognitive subscale. a we combined data from three aerobic training groups (see section 

2.4.1); b data from four trials combined by Leifer et al.; c we combined data from the three training groups (see 

section 2.4.1), which included an aerobic, resistance, and combined training group. 
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with approaches that considered one of (50.53 ± 31.08%) or both error and a SWC/MCID (45.49 ± 

20.52%).  Our second ANOVA was performed on VO2max because this outcome had the most response 

rates (n = 75) compared with other outcomes (next 3 outcomes with the most response rates: various 

strength measures, n = 51; waist circumference, n = 20; body weight, n = 17).  The one-way ANOVA on 

VO2max response rates (Figure 2.2-4A; right panel) was also significant (p < 0.05) with zero-based 

thresholds resulting in a significantly (p < 0.05) higher mean response rate (78.42 ± 12.98%) compared 

with approaches that considered both error and a SWC/MCID (46.50 ± 20.85%).  We calculated 298 

Hedge’s g values, and our ANCOVA and associated post-hoc tests remained significant indicating that 

standardized mean changes did not confound the relationship between classification category and 

response rate (Figure 2.2-4A).   

Response rates, mean changes, and response thresholds were reported for 435 of the 614 

outcomes.  Our ancillary analysis (Figure 2.2-4B) on these 435 outcomes revealed significant differences 

in standardized mean changes (mean change divided by response threshold) across each quartile: ≤ 25% = 

0.09 ± 0.46; ≤ 50% = 0.83 ± 0.41; ≤ 75% = 1.58 ± 0.69; ≤ 100% = 3.62 ± 2.19 (ANOVA and all post-hoc 

p values < 0.01).  We identified ten outlying data points, and only one lay below the mean (blue data 

point; all other outliers in red; Figure 2.2-4B).  The two outliers in the upper quartile (response rates ≤ 

100%) had very large standardized mean changes, and both data points represent strength gains (leg press 

one-repetition maximum) from two resistance training groups in the same study 125.  The remaining eight 

outlying data points came from six studies 126–131 produced by the same research group, and homeostasis 

model assessment-estimated insulin resistance measurements accounted for four of these outliers.    

 

 

  



 

 

 

48 

 

 

2.3.5 Discussion 

This is the first systematic review to investigate the approaches used to examine individual 

responses to exercise training.  Our search revealed a large number of eligible studies (n = 149; Figure 

Figure 2.3-4 Response rate ANOVAs.  Impact of classification approach (panel A; n 

= 614 [all outcomes]; n = 75 [maximal oxygen uptake, VO2max]) and mean change 
(panel B) on response rates.  Table 2.2-2 outlines the classification categories outlined 

in panel A.   

* Significant at p < 0.01.  
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2.2-1) that spanned the aerobic, resistance, and clinical/rehabilitation training literature.  Few studies have 

statistically estimated whether exercise training causes interindividual differences in trainability (Figure 

2A).  This finding indicates that the majority of studies may have inappropriately interpreted variability in 

observed responses as evidence of interindividual differences in trainability.  In support of this 

speculation, our review highlighted several ESIR values that either fell below zero or had a 90% CI 

crossing zero (Figure 2.2-3).  Future work should therefore adopt approaches 15–17,103 to statistically 

estimate the existence of interindividual differences in trainability.   

Additionally, few studies considered error and a SWC/MCID when classifying individual 

responses (Figure 2.2-2B).  Our analyses on response rates confirmed the hypotheses that: 1) non-

conservative classification approaches not considering error and a SWC/MCID inflate response rates 

(Figure 2.2-4A), and 2) larger mean changes produce larger response rates (Figure 2.2-4B).  These 

findings provide evidence supporting the arguments 4,7,8,21,23 that future exercise training studies should 

consider error and a SWC/MCID when classifying individual responses to exercise training. 

Interindividual differences in trainability  

Our ESIR calculations highlighted mixed evidence for the presence of interindividual differences 

in trainability (Figure 2.2-3).  For instance, resistance training in the Steele et al. 113 study appeared to 

cause variability in strength responses, whereas aerobic training in the Leifer et al. 121 re-analysis may not 

have led to interindividual differences in cardiometabolic responses because the 90% CIs crossed zero.  

Interestingly, fasting insulin from the Leifer et al. study and peak strength from the Steele et al. study had 

similar ESIR values, but only peak strength revealed evidence of interindividual differences in trainability 

because its 90% CI lay fully above zero (Figure 2.2-3).  Because fasting insulin had a much larger sample 

size than peak strength (n = 1188 vs. n = 114), its larger 90% CI may reflect how blood-based 

physiological outcomes have larger random measurement error compared with strength-based 

performance outcomes.  This observation may also highlight how random measurement error for a given 

outcome influences interpretations of interindividual differences in trainability.  Future work should 
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therefore avoid pooling data across different outcomes when estimating interindividual differences in 

trainability.   

The ESIR values below zero (Figure 2.2-3) add to a growing body of literature questioning the 

presence of interindividual differences in trainability following standardized exercise training 27,101,119,132–

135.  For example, we 22 recently reported wide-ranging changes in energy intake, diet composition, and 

sedentary time following a controlled exercise intervention.  This apparent variability in behavioural 

changes suggests that within-subject variability contributes substantially to the variability in observed 

responses.  Recent studies have also demonstrated that individual cardiorespiratory fitness 27 and skeletal 

muscle responses 134,136 appear non-reproducible following repeated exposure to an identical exercise 

training intervention.  Assuming an individual’s trainability is a stable and reproducible trait 17, this non-

reproducibility  provides further evidence suggesting that within-subject variability largely comprises the 

variability in observed responses.  Taken together, these findings indicate that it may be erroneous to 

assume that variability in observed responses reflects interindividual differences in trainability.  Future 

work should therefore use a statistical approach 15–17,103 to determine whether interindividual differences 

in trainability are present following exercise training.      

Although we focused on interindividual differences in trainability, other disciplines have reported 

a similar lack of evidence for “true response variability” following non-exercise interventions 137.  For 

example, a recent meta-analysis of psychiatric assessment responses in patients with schizophrenia 138 

reported greater variability in control groups compared with treatment groups.  Rather than using the 

SDIR, these non-exercise studies utilized the “variability ratio” 137,138 – an approach that is similar to the 

SDIR because it relies on the assumption of independence to estimate true response variability.  However, 

the variability ratio divides, instead of subtracts, the variability of observed responses in the treatment 

group by the variability of observed responses in the control group.  The variability ratio was used in 

recent meta-analyses (reviewed in 137) across scientific disciplines other than exercise and sport science to 

empirically test for the existence of “true response variability”.      
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Classifying individual response 

Using 614 response rates from 116 studies, we found that zero-based thresholds inflate response 

rates compared with classification approaches that consider error and a SWC/MCID (Figure 2.2-4A).  

These findings add to previous work 7,8,21,108 demonstrating that non-conservative thresholds increase the 

proportions of participants classified as “responders”.  Given our observation of inflated response rates 

with zero-based thresholds (Figure 2.2-4A), we recommend researchers consider error and a SWC/MCID 

when classifying individual responses.    

Controlling for differences in response thresholds supported our ancillary hypothesis that larger 

mean changes produce larger response rates (Figure 2.2-4B).  This finding corroborates our recent 

demonstration that larger mean changes explain why higher doses of exercise produce larger 

cardiorespiratory fitness response rates 117.  We speculate that the red outliers in the 25%, 50%, and 75% 

quartiles had large variability (or a single outlying datapoint), which resulted in a low response rate 

despite having a large standardized mean change (and vice versa for the blue data point in Figure 2.2-4B).  

However, analyzing these raw data is needed to confirm this speculation.  Both analyses demonstrate how 

response rates are group statistics that highly depend on response thresholds (Figure 2.2-4A) and mean 

changes (Figure 2.2-4B) 9.  Future research should therefore avoid attributing lower response rates to 

reduced interindividual variability – an interpretation made in several studies included in our review 11–13 

– and should recognize that response rates provide little, if any, useful information at the individual level 

9.    

 While our results demonstrate how we should classify responses (i.e. consider error and a 

SWC/MCID; Figure 2.2-4A), what remains less clear is why we should classify individual responses in 

the first place.  Although individual response classification may help guide exercise prescription decision-

making in clinical and applied settings, to our knowledge, only one study 29 has utilized initial response 

classifications to guide subsequent exercise prescription decisions.  A key challenge to individualizing 

exercise prescription is choosing a response threshold that incorporates an equipment-specific error 
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estimate 139 and a change linked to clinical benefit (i.e. MCID).  While equipment-specific errors can be 

easily generated using simple test re-test experiments 25, MCIDs are not available for many outcomes.  

For VO2max, we 23 recently used a MCID of 1.0 MET because this change confers a ~8-14% risk 

reduction in all-cause morbidity and mortality 10.  When MCIDs are unavailable, researchers can use 

SWCs (i.e. 20% of baseline standard deviation) to estimate a threshold representing a small effect size 7.  

It is important to emphasize that, unlike MCIDs, SWCs are clinically arbitrary and should not be used to 

gauge whether an individual has clinically benefitted following exercise training.  Future work is needed 

to examine the validity of classification of individual response for the purpose of optimizing exercise 

prescriptions and for establishing MCIDs for a wider range of outcomes.    

Limitations and future directions 

The few studies that statistically estimated the presence of interindividual differences in 

trainability varied substantially in participant characteristics, training modes, and outcomes assessed 

(Figure 2.2-3).  Recent meta-analyses have reported pooled SDIR estimates indicating a lack of 

interindividual differences in trainability in body weight 119,133 and body composition 132.  Unlike the 

present study, these meta-analyses focused on a single outcome and used search criteria that identified all 

studies reporting standard deviations of change scores – not just those evaluating individual responses as 

we did in the present review.  The small number of studies adopting the SDIR approach (Figure 2.2-2A) 

and the methodological variability across these studies precluded our ability to make accurate conclusions 

about the presence of interindividual differences in trainability across the exercise training literature.  For 

example, it would be inappropriate to estimate interindividual differences in trainability by pooling the 

ESIR data from Figure 2.2-3 because of the substantial heterogeneity in populations (e.g. overweight 

adolescents, adults with low back pain, or older adults with cognitive impairment) and outcomes assessed 

(e.g. VO2max, perceptions of back pain, or an Alzheimer’s cognition score).  More studies should 

therefore adopt the SDIR approach to allow for additional population- and outcome-specific meta-analyses 

on other clinically relevant outcomes (e.g. VO2max, waist circumference, grip strength, etc.).  
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Importantly, these meta-analyses can provide robust assessments of the presence or absence of 

interindividual differences in trainability. 

Large variation in our dataset may also explain why response rates were not significantly 

different between studies that considered error or SWC/MCID vs. studies that considered both (Figure 

2.2-4A).  Comparing response rates across different thresholds within the same group (and thus mean 

change) overcomes this limitation by eliminating between-study variation in participant characteristics, 

training modes, and random measurement error.  Although we and others have explored the relationship 

between response rates and thresholds using VO2max and exercise performance data 8,108, future work 

should confirm that failing to account for error and a SWC/MCID inflates response rates in different 

outcomes.  

2.3.6 Conclusion 

The present systematic review found that few studies have statistically estimated interindividual 

differences in trainability or considered error and a SWC/MCID when classifying individual responses.  

Our review also presented some ESIR values that question the presence of interindividual differences in 

trainability, which demonstrates why it is inappropriate and potentially erroneous to assume variability in 

observed responses reflects interindividual differences in trainability.  We also found that zero-based 

thresholds inflate response rates, which demonstrates why it is important to classify responses using an 

approach that considers both error and a SWC/MCID.  Our analysis examining mean changes supported 

the notion that response rates are group statistics that provide little information about an individual’s 

response to exercise training.  Future exercise training studies should therefore adopt statistical 

approaches for estimating interindividual differences in trainability 15–17,103 and classifying individual 

responses 4,7,8,21,23.  
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2.4 Literature Review Conclusion and Chapter Objectives 

For ease of viewing, I have divided this section into three sub-sections based on the overall thesis 

objectives outlined in the general introduction (chapter 1).  

Thesis objective 1: Demonstrate methods for classifying individual responses 

 Building off the discussion of the statistical principles in sub-chapter 2.2, the analyses presented 

in sub-chapter 2.3 demonstrate the importance of considering error and a meaningful threshold (i.e. SWC 

or MCID) when classifying individual responses.  We found that zero-based thresholds that do not 

consider error and a SWC/MCID inflate response rates (Figure 2.3-4), and we discuss how this finding 

has implications for classifying groups of participants in research studies.  However, the implications of 

considering error and a meaningful threshold for classifying individuals in clinical and applied settings 

remain unclear.  The objective of chapter 3 is to demonstrate how to consider error and a meaningful 

threshold when classifying individual responses to exercise training, and to discuss the utility of these 

classification methods for clinical and applied settings.  

 In addition to considering error and a meaningful threshold, biostatisticians have also questioned 

how we should be calculating response estimates in the first place 8.  An individual’s observed response is 

typically calculated as a change score (i.e. post-intervention measure minus pre-intervention measure), 

and Hecksteden et al. 8 recently argued this conventional approach may be heavily confounded by random 

measurement error.  Instead, these authors 8 suggested that a more accurate estimate of an individual’s 

true response to exercise training can be obtained from repeated measurements collected over the course 

of an exercise intervention.  Indeed, Hecksteden et al. 8 demonstrated that deriving response estimates 

from individual linear regressions – calculated as the slopes of observed measures over time – lowered the 

uncertainty in individual VO2max response estimates compared with conventional pre-post change scores.  

However, given that VO2max adaptations to exercise training appear non-linear 140, it is unclear whether a 

non-linear regression can further reduce the uncertainty in response estimates.  Accordingly, the 

objective of chapter 4 is to test the hypothesis that non-linear regressions improve the accuracy in 
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calculating VO2max response estimates compared with linear regressions and conventional pre-post 

change scores.  

Thesis objective 2: Explore the relationship between response rates and interindividual variability  

 The ancillary analysis from the systematic review in sub-chapter 2.2 revealed that larger 

standardized mean changes resulted in higher response rates (Figure 2.3-4B).  Importantly, our ancillary 

analysis did not consider the impact of interindividual variability, and therefore could not provide insight 

into whether response rates are also related to interindividual variability.  Atkinson et al. 9 used data 

simulations to demonstrate that higher response rates are explained by higher mean changes.  In contrast, 

recent reports 11–13 have interpreted higher response rates as evidence of larger mean changes and reduced 

interindividual variability.  Whether response rates are related to interindividual variability remains 

unclear because these recent reports 11–13 did not statistically test the validity of their interpretation and  

Atkinson et al.’s 8  datasets were designed to support their arguments that larger mean changes solely 

explain higher response rates.  Accordingly, the objective of chapter 5 is to empirically test the 

hypothesis that higher response rates are explained by larger mean changes in either the absence or 

presence of reduced interindividual variability.  

Thesis objective 3: Investigate the existence of interindividual differences in trainability  

Sub-chapter 2.2 concludes that the biological mechanisms explaining why individuals respond 

differently to exercise training remain largely unknown because no study has adopted a statistical 

approach to investigate the mechanisms underpinning interindividual differences in trainability.  Similar 

to mechanistic investigations, the systematic review in sub-chapter 2.3 found that only ~10% all exercise 

training studies have adopted an approach to partition interindividual differences in trainability from the 

confounding sources of variation.  Of the studies included in this ~10%, the majority (8/9 studies) used 

the SDIR because it is a simple approach for estimating interindividual differences in trainability in 

parallel-arm RCTs.  However, some inherent limitations associated with parallel-arm exercise RCTs, such 
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as the inability to blind participants to group allocation, may violate the assumptions underlying the SDIR 

and thus impact interpretations of interindividual differences in trainability.  Given that the impact of 

these limitations has yet to be discussed in the exercise training literature, the objective of chapter 6 is to 

critically appraise the SDIR approach for estimating interindividual differences in trainability in parallel-

arm RCTs.   

The few studies adopting the SDIR provided mixed evidence of interindividual differences in 

trainability (Figure 2.3-3).  Because these studies examined a limited range of outcomes (e.g. fitness, 

cardiometabolic measures, strength assessments, cognitive tests, and indices of body composition; Figure 

2.3-3), other investigations are needed to estimate the existence of interindividual differences in 

trainability in additional outcomes (i.e. outcomes not included in Figure 2.3-3).  With respect to skeletal 

muscle outcomes, several studies 95,100,141–143 have presented wide ranges of individual skeletal muscle 

adaptations following exercise training.  However, none of these studies adopted the SDIR.  Similar to the 

findings from our systematic review (Figure 2.3-3), evaluating several skeletal muscle outcomes with the 

SDIR will also likely present mixed evidence for the existence of interindividual differences in trainability.  

This hypothesis, however, has yet to be tested.  Therefore, the objective of chapter 7 is to test the 

hypothesis that interindividual differences in trainability are present for some, but not all, skeletal muscle 

responses to aerobic exercise training. 

As discussed in sub-chapter 2.3, meta-analyses provide a powerful opportunity to explore the 

existence of interindividual differences in trainability by synthesizing results across many studies.  To 

date, three meta-analyses have utilized the SDIR 119,132,133, and have all failed to provide evidence 

supporting the existence of meaningful interindividual differences in trainability.  Importantly, these 

findings question the assumption that individuals respond differently to exercise training.  However, an 

individual participant data (IPD) meta-analysis may provide more accurate estimates of the existence of 

interindividual differences in trainability by synthesizing raw participant data rather than group-level data 
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(e.g. standard deviations of change scores) 144.  Therefore, the primary objective of chapter 8 is to 

conduct an IPD meta-analysis to investigate the existence of interindividual differences in trainability.   
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Chapter 3  

Moving Beyond Threshold-Based Dichotomous Classification to Improve the 

Accuracy in Classifying Non-responders 

Published as original research article: Bonafiglia J.T., Nelms M. W., Preobrazenski N., LeBlanc C., 

Robins L., Lu S., Lithopoulos A., Walsh J.J., and Gurd B.J. (2018) Moving beyond threshold-based 

dichotomous classification to improve accuracy in classifying non-responders.  Phys. Reports. 

6(22):e13928. 

3.1 Abstract 

We examined maximal oxygen consumption responses following exercise training to demonstrate 

the limitations associated with threshold-based dichotomous classification of responders and non-

responders and proposed alternative methods for classification. Specifically, we: 1) calculated individual 

probabilities of response, and 2) classified individuals using response confidence intervals and reference 

points of zero and a smallest worthwhile change of 0.5 METs. Our findings support the use of individual 

probabilities and individual confidence intervals to improve the accuracy in non-response classification.  

3.2 Introduction 

Many exercise training studies have presented a wide range of observed maximal oxygen 

consumption (VO2max) responses to structured exercise training at the individual level 6,30,145. These 

observations have led to a growing interest in characterizing individuals as “responders” or “non-

responders”.   

Much of the recent literature has dichotomously classified individuals as either “responders” or 

“non-responders” using a pre-determined threshold 29,30,146,147 including two times the typical error (2x 

TE) 28,106,127,148–151. Although 2x TE is a relatively robust threshold for the classification of “responders” 

(i.e. the true change for observed responses >2x TE above zero is >90% likely to be positive) 25, 



 

 

 

59 

dichotomous classification of “non-responders” has significant limitations. First, dichotomous 

classification fails to consider the continuous range of probabilities of a positive response and almost 

certainly misclassifies individuals as “non-responders”; and second, 2x TE has typically been applied 

relative to zero 28,106,127,148–150, which fails to consider “non-response” within the context of meaningful 

benefit 7. 

Individual probabilities of positive (>0) and meaningful (> the smallest worthwhile change; 

SWC) responses can be calculated 152, and a recent review elegantly described a method that quantifies 

likely positive and meaningful responses using confidence intervals (CI) 7. However, neither of these 

approaches have been utilized to improve the confidence in the classification of non-responders. Thus, the 

purpose of the current study was to extend the work of Hopkins 152 and Swinton et al. 7 to: 1) highlight the 

limitations of threshold-based dichotomous classification of non-responders using individual probabilities 

of response 152, and 2) present conservative methods of classifying individuals as non-responders using 

individual CIs and a reference point of both zero and the SWC. The findings from the present study 

demonstrate that individual probabilities of response and individual CIs are more informative statistical 

approaches than threshold-based dichotomous classification. Further, the application of these approaches 

can improve the accuracy of non-responder classification for studies in exercise science.   

3.3 Methods 

3.3.1 Experimental Design  

To address the primary purposes of the present study, we utilized VO2max data from a recent 

parallel-arm exercise study; details of which have been published elsewhere 66. Briefly, 29 healthy, 

recreationally-active males were assigned (via minimization 153 based on baseline VO2max) to four weeks 

of structured exercise training (EX, n = 14) that was 30 mins of cycling at 65% peak work rate four times 

per week or a no-prescribed-exercise control period (CTL, n = 15). VO2max was assessed one week 

preceding (PRE) and ~72 hours following the final training session of the four-week intervention (POST). 

Two incremental step tests with one-minute (day 1) or three-minute (day 2, ~24 hours after day 1 test) 
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stages were completed at PRE and POST. PRE and POST VO2max were determined as the average of the 

two VO2max values obtained during the one- and three-minute stage tests. Collecting repeated measures 

at each time point (PRE and at POST) is a recommended approach to reduce the influence of 

measurement error in observed values 17,154. In an attempt to further reduce the impact of measurement 

error, we followed standardized equipment calibration procedures and asked participants to refrain from 

ingesting nutritional supplements or exercising 24 hours before, and consuming alcohol and caffeine 12 

hours before all physiological testing.  

Although many studies have used secondary criteria (e.g. respiratory exchange ratio > 1.15, heart 

rate ± 10 b.p.m. of age-predicted max, and blood lactate levels > 8mmol/L) to confirm that a maximal 

VO2 is reached during incremental testing, reports have questioned the validity of these criteria as they 

can occur at a range of submaximal VO2 values 155. Accordingly, we decided to not use these criteria 

when measuring VO2max at PRE and POST 66. Additionally, we did not include a verification phase in 

our incremental step tests as there is debate on the utility/necessity of these phases for quantifying 

VO2max 156,157.  

 Each participant attended a preliminary screening session where they were briefed on the study, 

provided informed consent, and had their height and weight recorded. All procedures performed on 

human participants were submitted and approved by the Health Sciences Human Research Ethics Board 

at Queen’s University (reference number: 6003260) and conformed to the Declaration of Helsinki.   

3.3.2 Secondary Analysis  

A secondary analysis of the present study was comparing the TE for VO2max and peak work rate 

(WRPEAK) and examining differences in individual response classification between these variables. 

WRPEAK was calculated as the highest 30-second WR period during the one-minute stage incremental step 

tests at PRE and POST 66. Given the evidence demonstrating reductions in WRPEAK with stage lengths of 

three minutes or greater 158, we did not measure WRPEAK from the three-minute stage tests.  Thus, all 

WRPEAK analysis was derived from a single PRE and a single POST value.  
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3.3.3 Statistical Analysis  

TE for VO2max and WRPEAK was calculated using the change in these variables from PRE to 

POST in the CTL group as recently recommended 101. Specifically, the TEs were calculated using the 

following equation 25:  

𝑇𝐸 =  
𝑆𝐷𝑑𝑖𝑓𝑓

√2
 

Where SDdiff is the standard deviation (SD) of the difference scores (POST minus PRE). Although 

we 28,106,148,159 and others 29,30,127,151 have previously calculated the TE from two baseline tests, we 

calculated TE from PRE-POST changes in the CTL group in the present study as this approach captures 

more sources of variation. Specifically, repeat baseline tests estimates the measurement error (i.e. 

technical error and day-to-day biological variation 25) whereas PRE-POST changes in CTL estimates 

measurement error and the within-subject variability caused by changes in behavioural/environmental 

factors across an intervention 101.  

We calculated a TE of 1.08 mL/kg/min and 13.86 W for VO2max and WRPEAK, respectively. 

These values resulted in a 2x TE of 2.16 mL/kg/min and 27.71 W for VO2max and WRPEAK, respectively. 

As recommended by Hopkins 25, we compared the TEs across these variables by expressing the TEs as a 

percentage of the mean of PRE and POST CTL data (herein referred to as the coefficient of variation 

[CV] for VO2max and WRPEAK).  

These TEs were subsequently utilized to calculate individual probabilities of response being 

greater than zero and the SWC as described by Hopkins 152. 50% and 90% confidence intervals of 

individual responses were calculated as described by Swinton et al 7 using a TE multiple that had been 

adjusted for a sample size of 10. Because the sample size used to calculate TE impacts the certainty in the 

estimated TE value, adjusting the width of CIs with different multiples is a recommended approach to 

accommodate studies with sample sizes less than 50 7.  

As recommended by Swinton et al. 7, we chose an SWC that was expected to be below the 

expected change for most individuals by a difference greater than our TE. Specifically, for VO2max we 
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chose a 0.5 MET was chosen because it is likely clinically meaningful 109 and fits the criteria outlined by 

Swinton et al. 7. Because we are unaware of a clinically meaningful change for WRPEAK, we used an SWC 

of 0.2 times the standard deviation of baseline measures as previously recommended 7,160.  

For our secondary analysis we also calculated the TE for VO2max using VO2max values derived 

from the one-minute stage tests (1-MIN) only (i.e. instead of an average from both 1-MIN and 3-MIN 

tests as described above) because WRPEAK was only measured during the 1-MIN tests. The TE for 

VO2max from the 1-MIN tests was 3.04 mL/kg/min.  

3.4 Results 

3.4.1 Limitations of Dichotomous Classification of Responders and Non-responders 

Figure 3.4-1 presents the individual observed VO2max responses to EX. Using a threshold of 2x 

TE above zero (Figure 3.4-1A), participants were dichotomously classified as “responders” or “non-

responders”. Calculating individual probabilities of response (Figure 3.4-1B) revealed that classifying 

Participant 4 as a “responder” following the 2x TE approach was appropriate given that there is a 95% 

chance that this participant had a positive response (i.e. > 0mL/kg/min). Conversely, because there is an 

86% chance that Participant 3 had a positive response (Figure 3.4-1B), it is highly likely that classifying 

this participant as a non-responder would be a misclassification. This finding demonstrates that the 2x TE 

approach risks misclassification of non-responders, particularly for individuals whose observed responses 

fall just below the dichotomous classification threshold (e.g. Participant 3).  
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Figure 3.4-1 Dichotomous vs. continuous classification methods. (A) Observed individual VO2max 

responses and 2x TE threshold-based dichotomous classification of responders and non-responders. (B) Observed 

VO2max responses and probabilities of a positive response (>0 mL/kg/min) for participants 3-4. 

Although Figure 3.4-2A-C presents the probabilities of a positive (>0) response for two 

representative participants, probabilities of a meaningful positive response (>SWC) can also be calculated 

(Figure 3.4-2 D-F). For a given individual, the probability that their response exceeded the SWC is lower 

than the probability that their response exceeded zero (Figure 3.4-2). 

3.4.2 Classification of Non-response Using Response CIs 

Figure 3.4-2 presents examples of how the recently reviewed response CIs 7 can be used to 

conservatively classify individual responses using a zero-based threshold (Figure 3.4-2A-C) and a SWC 

(Figure 3.4-2D-F) with both 50% and 90% CIs. 50% CIs classifies individuals with 75% certainty while 

90% CIs classifies individuals with 95% certainty. Increasing the desired confidence in classifying 

responses widens the response CI thus increasing the confidence with which individuals can be classified, 

but also likely increasing the proportion of individuals who cannot be classified with confidence (i.e. 

classified as uncertain). Using larger CI widths (e.g. 90%) risks making type II errors (i.e. incorrectly 
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classifying individuals as uncertain when they are likely responders or non-responders), whereas using 

smaller CI widths (e.g. 50%) risks making type I errors (i.e. incorrectly classifying individuals as 

responder or non-responders when they may not be). Because it is not possible to use a single CI width 

that simultaneously protects against both type I and type II errors, future studies need to decide which 

type of error they are more willing to risk making when they classify individuals as responders, uncertain, 

or non-responders.  

 

When using a zero-based threshold, individuals can be classified as likely having a positive 

response (responders; CI lies completely above 0), likely having a negative response (non/adverse 

responders; CI lies completely below 0) or having an uncertain response (CI overlaps 0). As shown in 

Figure 3-2, because participant 12’s 90% CI completely lies above zero, they are classified as a 

“responder” with (at least) 95% confidence 7. Conversely, participant 1 is classified as a “non/adverse 

responder” with (at least) 95% confidence. Participant 3 is classified as a responder with 75% confidence; 

however, because their 90% CI crosses 0, they cannot be classified as a responder with 95% confidence 

and their response would thus be considered “uncertain” at this level of confidence 7. 
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 Using response CIs in conjunction with a SWC-based threshold allows individuals to be 

classified as having a meaningful positive response (responders; CI lies completely above the +SWC), a 

non-meaningful response (non-responders; CI lies completely below the +SWC), a meaningful negative 

response (adverse responders; CI lies completely below the –SWC), or uncertain (CI overlaps the 

+SWC). Figure 3.4-2D-F presents participants 1, 3 and 12 responses classified relative to the SWC (0.5 

MET) threshold. Although participant 12 is still classified as a responder with (at least) 95% confidence, 

participant 1 is classified differently using the 50% and 90% response CI. Specifically, at 75% confidence 

participant 1 is classified as an adverse responder because their 50% CI completely lies below -SWC 

(Figure 3.4-2D); however, at 95% confidence, this participant is classified as a non-responder because 

their 90% response CI crosses the -SWC threshold but completely lies below the +SWC threshold (Figure 

Figure 3.4-2 Classifying via confidence intervals and probabilities. Observed VO2max 

responses, response 50% CIs (black) and 90% CIs (grey), and probabilities of a positive response 

(percentages) relative to a zero-based threshold (A-C) and a SWC-based threshold (D-F) for three 

representative participants. Participant numbers correspond to figure 3.4-1A. Red, black and green 

circles represent non/adverse, uncertain, and positive responders, respectively. 



 

 

 

66 

3.4-2D).  Lastly, although participant 3’s response falls below the +SWC threshold, this participant 

cannot be classified as a non-responder because their CIs overlap the +SWC threshold.  

3.4.3 Comparison of Individual VO2max and WRPEAK Responses  

WRPEAK had a larger TE than VO2max when expressing TEs as CVs (WRPEAK: 5.29%, VO2max: 

2.39%). However, we calculated a larger CV for VO2max when using the VO2max values from the 1-

MIN tests only (6.76%).  

Interestingly, despite both VO2max and WRPEAK being calculated from incremental step tests, 

some participants were not consistently classified between these variables (Table 3-1). Specifically, 

although eight participants were classified as a VO2max and WRPEAK responder, six participants received 

a different classification between these two variables (e.g. participant 11 was classified as a VO2max 

responder and a WRPEAK non-responder; Table 3.4-1).   

Table 3.4-1 Individual patterns of response.  

Individual peak oxygen consumption (VO2max) and work rate (WRPEAK) responses classified 

relative to a smallest worthwhile change (SWC) with 50% confidence intervals for EX 

participants.  

Participant 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

VO2max               

WRPEAK               

White cells = responder, grey cells = uncertain, black cells = non-responder.  

SWC for VO2max = 0.5 MET (1.75 mL/kg/min); SWC for WRPEAK = 0.2 times standard 

deviation of observed baseline values (10.64 W).  

3.5 Discussion 

The current study demonstrated how recently proposed statistical approaches 7,152 can be used to 

improve the confidence when classifying non-responders. The major novel findings are: 1) despite its 

growing popularity in the individual response literature 29,30,106,127,146,147,149,150, threshold-based 

dichotomous classification approaches misclassify individuals who have a high probability of a positive 
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response as non-responders, and 2) using response CIs with zero- and/or SWC-based thresholds provides 

more information than dichotomous classification approaches regarding an individual’s response. 

Application of these statistical approaches has the potential to improve evidence-informed exercise 

prescription decision making.  

3.5.1 Threshold-based Dichotomous Classification Overestimates Prevalence of Non-response 

Despite being a robust approach for classifying responders, threshold-based dichotomous 

classification overestimates the prevalence of non-responders. For example, we recently reported a non-

response rate of 22% (14/63 participants) using a 2x TE threshold for changes in VO2max following 

sprint interval training 106. However, reanalysis of this dataset using 90% CIs decreased the non/adverse-

response rate to 6% (4/63 participants) and 10% (6/63 participants) relative to a zero-based and SWC (0.5 

MET)-based threshold, respectively. Importantly, this re-analysis suggests that the 2x TE dichotomous 

classification approach overestimated the prevalence of non-responders. It is also important to note that 

utilizing the response CI approach also introduces a group of individuals who cannot be classified as 

either responders or non-responders with confidence. Our re-analysis using 90% CIs resulted in 14% 

(9/63 participants) and 33% (21/63 participants) of participants being classified as “uncertain” for zero- 

and SWC-based thresholds, respectively. However, because classifying individuals using response CIs 

and a zero- or SWC-based threshold increases the confidence with which individuals are classified as 

non-responders, the adoption of these statistical approaches should improve the accuracy of future 

estimates of rates of non-response. 

Although the current work highlights an application of the methods outlined by Swinton et al. 7, 

this study is not the first to use CIs to classify individual responses to exercise training. Hecksteden et al. 8 

recently demonstrated an individual classification approach that involves calculating individual response 

estimates and CIs based on linear regressions of repeated measures collected throughout exercise training. 

Hecksteden et al. 8 argue that their proposed approach is superior to threshold-based dichotomous 

classification as repeated measures provides a more accurate estimate of an individual’s true response. 
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Although our study design did not allow us to adopt Hecksteden et al.’s 8 approach (i.e. our study only 

included pre- and post-training measures), future work should consider including repeated measures to 

classify individual responses.    

3.5.2 More Information for Exercise Prescription Decision Making 

Individual response CIs offer more information than simply dichotomously classifying 

participants as responders or non-responders. Using participant 3 as an example, the only information 

provided by the 2x TE approach is that this participant is classified as a non-responder (Figure 3.4-1A). 

Conversely, using the statistical approaches outlined by Hopkins 152 and Swinton et al. 7 shows that 

participant 3’s 50% CI lies above zero with an 86% chance of having a response that exceeded zero 

(Figure 3.4-2B), suggesting that despite being classified as “uncertain” relative to the SWC (Figure 3.4-

2E), this participant likely demonstrated a positive response and possibly (47% chance) demonstrated a 

clinically meaningful positive response. The added information that can be gathered from these statistical 

approaches can potentially be used for evidence-informed exercise prescription decision making.    

Importantly, evidence-informed exercise prescription decision making requires careful 

consideration in selecting an SWC threshold. Specifically, determining an SWC can be based on clinical 

evidence demonstrating the smallest change in a variable that reduces the risk of morbidity/mortality 161. 

For variables without clinical evidence, an alternative approach is using an arbitrary SWC of 0.2 times the 

SD of baseline values 7,160, as we have done for  WRPEAK. However, given that numerous studies that have 

demonstrated the clinical benefits of improvements in VO2max 109, we used a SWC of 0.5 METs instead 

of the 0.2 times baseline SD approach. Additionally, Swinton et al. 7 recommend choosing an SWC that is 

lower than the expected change for most individuals. It is important to note that using a different SWC 

would shift the threshold(s) used to classify individual responses potentially increasing or decreasing the 

number of individuals that are classified as responders or non-responders.    

3.5.3 Comparison of Individual VO2max and WRPEAK Responses 
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Consistent with the findings of previous reports 29, our CV analysis revealed that the TE for 

WRPEAK was greater than VO2max when VO2max values were taken from the 1-MIN tests only. However, 

when the TE for VO2max was calculated using repeated measures at PRE and POST (i.e. both 1-MIN and 

3-MIN tests), the TE for VO2max was lower than the TE for WRPEAK and the TE for VO2max from the 1-

MIN tests only. The finding that using VO2max measures derived from two tests at PRE and POST 

lowered the TE demonstrates the benefit of collecting repeated measures at each time point. Specifically, 

because collecting repeated measures reduces the impact of measurement error in observed values 17,154, 

repeated measures may also reduce the magnitude of measurement error in TE estimates. Unfortunately, 

our study design prohibited us from collecting repeated measures of WRPEAK at each time point and future 

work is needed to determine whether collecting repeated WRPEAK measures results in a smaller CV than 

the value reported in the present study.  

In addition to differences in TEs, we found that some participants were not consistently classified 

across VO2max and WRPEAK responses (Table 3.4-1). Although this finding is somewhat surprising given 

that both VO2max and WRPEAK are measured during incremental step tests, the observation that 

participants do not respond similarly across variables is consistent with previous demonstrations of 

individual patterns of response 28,95,106,143,146,147.  

3.5.4 Limitations 

Although the current study demonstrates that individual probabilities of response and individual 

CIs are more accurate and informative than threshold-based dichotomous classification, there are several 

limitations associated with these statistical approaches. Firstly, the calculation of individual CIs is 

dependent on the certainty of the TE estimate and assumes that the effect of TE on observed measures is 

random (i.e. repeated measures normally distribute around the true value). Using large sample sizes to 

calculate TE may help alleviate the impact of these assumptions/limitations and TE multiples can be used 

to calculate individual CIs when small sample sizes (<50) have been used to estimate the TE 7, as we have 

done in the current study. Further, individual probabilities of response are calculated using the TE 152 and 
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thus are also influenced by the uncertainty associated with TE estimates derived from small sample sizes. 

Therefore, a limitation associated with calculating individual probabilities is the lack of a recommended 

approach to make adjustments when small sample sizes have been used to estimate the TE. Secondly, 

while we repeated VO2max measures at pre- and post-training in an attempt to account for the influence 

of TE in observed measures 154, it has been recently argued that taking repeated measures throughout the 

course of an intervention better accounts for TE when classifying individual responses as it estimates the 

intra-individual variation in observed measurements 8. Lastly, although recent reviews have highlighted 

the necessity to attribute individual responses to an effect of exercise training per se 15,101, the approaches 

used in the present study simply characterize whether or not an individuals have positively responded (or 

not) to a given intervention and are not designed to determine the cause of each individual’s response.  

 It is important to note that the statistical approaches used in this study represent an application of 

magnitude-based inferences (MBI). Unlike traditional null-hypothesis testing, MBI appraises effect sizes 

relative to pre-determined thresholds to gauge whether a given treatment should be implemented 162. 

Although the statistical principles underlying MBI have been heavily debated 163,164, this debate has 

focused on performing MBI for group-level analysis. To our knowledge, all approaches that have been 

used to classify individual responses involve MBI and it has been argued that MBI is critical for 

monitoring an individual’s progress to exercise training 165. At present, statistical approaches for 

classification of individual response that do not rely on MBI are lacking and this represents an important 

area for future research.  

3.6 Conclusion 

Our findings support the application of Hopkins’ 152 and Swinton et al.’s 7 statistical approaches 

to more accurately characterize individual responses and classify non-response. Importantly, our findings 

suggest that future work should not use threshold-based dichotomous approaches to classify 

responders/non-responders as the field of exercise science moves towards more precisely characterizing 

rates of non-response to exercise intervention and prescribing exercise as a personalized medicine. The 
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approaches presented in this study extend beyond VO2max responses to a short-term exercise protocol 

and have utility for characterizing individual responses across a host of other variables and interventions.  
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Chapter 4 

The Application of Repeated Testing and Monoexponential Regressions to 

Classify Individual Cardiorespiratory Fitness Responses to Exercise Training 

Published as original research article: Bonafiglia J.T., Ross R., and Gurd B. J. (2019) The application 

of repeated testing and monoexponential regressions to classify individual cardiorespiratory fitness 

response to exercise training. Eur. J. Appl. Physiol. 4(119):889-900.  

4.1 Abstract 

Purpose: We tested the hypothesis that monoexponential regressions will increase the certainty in 

response estimates and confidence in classification of cardiorespiratory fitness (CRF) responses compared 

to a recently-proposed linear regression approach. Methods: We used data from a previously-published 

RCT that involved 24 weeks of training at high-amount-high-intensity (HAHI; N=28), high-amount-low-

intensity (HALI; N=48), or low-amount-low-intensity (LALI; N=33). CRF was measured at 0, 4, 8, 16, 

and 24 weeks. We fit the repeated CRF measures with monoexponential and linear regressions, and 

calculated individual response estimates, the error in these estimates (TEMONOEXP and TESLOPE, 

respectively), and 95% confidence intervals (CIs). Individuals were classified as responders, uncertain, or 

non-responders based on where their CI lay relative to a minimum clinically important difference. 

Additionally, responses were classified using observed pre-post changes and the typical error of 

measurement. Results: Comparing the error in response estimates revealed that monoexponential 

regressions were a better fit than linear regressions for the majority of individual responses (N=81/109) 

and mean CRF data (mean TEMONOEXP:TESLOPE; HAHI = 2.00:2.58, HALI = 1.91:2.46, LALI = 1.63:2.18; 

all p < 0.01). Fewer individuals were confidently classified as responders with linear regressions 

(N=29/109) compared to monoexponential (N=55/109). Additionally, response estimates were highly 

correlated across all three approaches (all r>0.92). Conclusions: Future studies should determine the type 

of regression that best fits their data prior to classifying responses. The similarity in response estimates 
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and classification from regressions and observed pre-post changes questions the purported benefit of 

using repeated measures to characterize CRF responses to training.  

4.2 Introduction 

Since Bouchard and colleagues’ (1999) demonstration of interindividual heterogeneity in 

cardiorespiratory fitness (CRF) responses to standardized exercise training, there has been a growing 

interest in classifying individuals as CRF “responders” or “non-responders” 6,28–30,106,146–148. Although the 

majority of the CRF non-response literature has used thresholds based on the typical error of 

measurement to dichotomously classify individuals as responders or non-responders 28–30,106,146–148, these 

response classification approaches have received criticism given their risk in misclassifying individual 

response 8,21,101. Further, dichotomous classification approaches involve calculating individual responses 

using only two time points (i.e. pre- and post-training) and may therefore be associated with large error in 

individual response estimates 8. In light of these criticisms, recent reports have proposed alternative 

statistical approaches for classifying individual responses 7,8,17.  

Hecksteden et al. (2018) recently described an individual response classification method that 

involves taking repeated measures over the course of a training intervention. Specifically, an individual’s 

response was estimated as the slope of a linear regression of their observed measures over time 8. The 

certainty in an individual’s response estimate (i.e. the typical error [TE] of the slope) was used to 

calculate individual confidence intervals (CIs), and individuals were classified as “responders”, 

“uncertain”, or “non-responders” if their CI lay above, crossed, or fell below the smallest worthwhile 

change (herein referred to as the minimum clinically important difference [MCID]), respectively. Unlike 

individual response classification approaches that derive response estimates from pre-post training 

changes 7,166, Hecksteden et al. (2018) argued that classifying response based on repeated measures 

provides a more accurate estimate of an individual’s true response. Additionally, although a repeated 

cross-over study design (participants are exposed to both the experimental and control condition more 

than once) can theoretically provide the most accurate estimate of an individual’s response to an 
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intervention 167, adopting this study design for an exercise training trial would be costly, time-consuming, 

and risks introducing carryover and/or seasonal effects that may bias response estimates 8,15,17. 

Accordingly, collecting repeated measures over the course of an intervention represents a practical 

alternative for classifying individual responses to training 8,17. 

Importantly, Hecksteden et al. (2018) performed linear regressions on CRF responses to a one-

year training program despite CRF adaptations to prolonged exercise training appearing to be non-linear 

140. Specifically, CRF adaptations to training appear to follow a monoexponential (non-linear) shape 168,169 

as the rate of increase in CRF decreases over the course of prolonged exercise training 140. Considering 

the non-linear shape of CRF adaptations to training, Hecksteden et al. (2018) suggest that using non-

linear modelling may decrease the error in response estimates and thus improve the confidence in 

classification of individual responses. Therefore, the primary purpose of the present study was to test the 

hypothesis that, compared to individual linear regressions, non-linear regressions will decrease the error 

in CRF response estimates and consequently improve the ability to confidently classify individuals as 

CRF responders or non-responders. A secondary purpose of this study was to test the hypothesis that 

compared to the commonly-adopted 6,28,151,29,30,95,106,143,146–148 approach of deriving response estimates from 

observed pre-post training differences, estimating responses from regressions of repeated measures will 

reduce the error in response estimates and thus increase the number of participants that can be confidently 

classified.  In order to test these hypotheses, we utilized CRF data from a rigorously-controlled 24-week 

randomized controlled trial 30,170,171. Given the growing interest in the application of personalized 

exercise-based medicine 20, this study aims to better inform exercise scientists and clinicians about the 

strengths and weaknesses of several approaches for deriving individual CRF response estimates and 

classifying CRF responses to exercise training.   

4.3 Methods 

4.3.1 Trial Design 
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Details of the trial design and methods 171, and findings from the primary 170 and secondary 

analysis 30 have been published elsewhere. Briefly, 300 sedentary and abdominally-obese adults were 

randomized to a control group (n = 75) or to one of three exercise training groups: low-amount (kcals per 

session: 180 for females and 300 for males) and low-intensity (50% of maximal oxygen consumption; 

LALI; n = 73), high-amount (kcals per session: 360 for females and 600 for males) and low-intensity 

(50% of maximal oxygen consumption; HALI; n = 76), or high-amount (kcals per session: 360 for 

females and 600 for males) and high-intensity (75% of maximal oxygen consumption; HAHI; n = 76). All 

training involved supervised walking/jogging on a treadmill five times per week. All 300 participants did 

not complete the entire intervention and dropout information (number and reasons for dropout) is 

presented in the primary analysis 170.  Sample sizes for the present analysis are presented in Table 4.3-1.  

Table 4.3-1 Baseline characteristics.  

 HAHI 

(N = 28) 

HALI 

(N = 48) 

LALI 

(N = 33) 

CONTROL 

(N = 42) 

Age (years) 53 ± 8 52 ± 8 55 ± 6.6 51 ± 8.3 

CRF (L/min) 2.74 ± 0.76 2.69 ± 0.63 2.60 ± 0.65 2.74 ± 0.82 

CRF (mL/kg/min) 28.3 ± 5.4 28.9 ± 5.0 28.0 ± 5.5 29.7 ± 5.9 

BMI (kg/m2) 37.6 ± 7.0*† 36.0 ± 5.5† 33.0 ± 6.9 32.2 ± 4.3 

CRF, cardiorespiratory fitness; BMI, body mass index. All data mean ± standard deviation.  
*Significantly different than LALI (p < 0.05).  
†Significantly different than control (p < 0.05). 

 
Participants in the control group did not complete repeated CRF testing over the course of the 

intervention 30 and are therefore excluded from the repeated measures analysis. However, baseline (pre) 

and 24-week (post) CRF data from the control group was used to calculate the typical error of 

measurement (described below). Participants in the exercise groups completed 24 weeks of supervised 

training that consisted of five treadmill exercise sessions per week. Training attendance and adherence 

data are reported in the primary analysis 170. CRF was measured at baseline and after 4, 8, 16, and 24 
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weeks of training and only participants with CRF data at each time point were included in the current 

analysis (baseline characteristics are presented in Table 4.3-1).   

4.3.2 CRF Measurement 

CRF was measured during a graded exercise test using standard open-circuit spirometry 

techniques (SensorMedics) as previously described 30. Briefly, participants walked on a treadmill at a self-

selected speed at zero elevation for three minutes, after which the incline was increased by five percent 

for two minutes, then by two percent every subsequent two minutes until volitional fatigue.   

4.3.3 Repeated Measures Analysis Overview 

Although previous attempts to define the shape of CRF adaptations to exercise training are 

limited with small sample sizes, short durations (i.e. ~10 weeks), and/or prescribed an inconsistent 

exercise dose over the course of training 168,169,172–175, these studies have generally indicated that CRF 

adaptations are best described with exponential or linear fits 168,169,173,174. Therefore, in order to test the 

hypothesis that non-linear modelling improves the accuracy in individual response classification, we 

compared exponential (non-linear) and linear regressions. All regressions were performed on GraphPad 

Prism (v. 5.01; GraphPad Software, Inc., La Jolla CA, USA), and exponential regressions were run 

according to Prism’s one-phase association (i.e. monoexponential) equation: 

𝑌𝑖 = 𝑌0 + (𝑃𝑙𝑎𝑡𝑒𝑎𝑢 − 𝑌0) × (1 − 𝑒(−𝐾 × 𝑥𝑖)) (1) 

  where 𝑌𝑖  is the observed CRF value at a given time, 𝑌0 is the predicted CRF value at baseline (y-

intercept), plateau is the highest predicted CRF value at infinite time, K is the time constant value 

(reciprocal of tau), and 𝑥𝑖 is time. For the purpose of our analysis, all the time points were expressed 

relative to 24 weeks; 0, 4, 8, 16, and 24 weeks were assigned a numerical value of 0.0, 0.167, 0.333, 

0.667, and 1.0, respectively.   

We first performed monoexponential and linear regressions on mean CRF data for each exercise 

group (HAHI, HALI, and LALI). Based on the results from this group analysis (see details below) we 

then performed individual monoexponential and linear regressions and calculated individual CIs. Results 
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from the individual regression analysis were subsequently utilized to classify individuals as “responders”, 

“uncertain”, or “non-responders” according to the methods outlined by Hecksteden et al. (2018) 

(described below).  

4.3.4 Group-level Regressions 

We ran both monoexponential and linear regressions between time (independent variable) and 

mean observed CRF values (dependent variable) separately for each exercise group. The goodness of the 

monoexponential and linear fits were compared by assessing the error associated with each fit (described 

in more detail below). 

4.3.5 Individual Linear Regressions 

Following the methods outlined by Hecksteden et al. (2018), we ran linear regressions for each 

participant in the exercise groups that was included in our analysis. The slope of the linear regressions 

represented each individual’s response estimate and the TE of the slope was calculated using the 

following equation:  

𝑇𝐸𝑆𝐿𝑂𝑃𝐸 =  

√∑(𝑦𝑖 − �̂�𝑖)2

3

√∑(𝑥𝑖 − �̅�)2
 

(2) 

where ∑(𝑦𝑖 − �̂�𝑖)
2 represents the sum of squared differences between the observed (actual) CRF 

value (𝑦𝑖) and the predicted CRF value (�̂�𝑖) at each time point (i), ∑(𝑥𝑖 − �̅�)2 represents the sum of 

squared differences between each numerical time value (𝑥𝑖) and the mean time value (�̅�), and 3 represents 

the degrees of freedom with five timepoints (df = n – 2). Each individual’s TESLOPE was used to calculate 

individual 95% CIs using the following equation 7:    

𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 95% 𝐶𝐼 =  𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 ± (1.96 × 𝐸𝑟𝑟𝑜𝑟) (3) 

where the response estimate and error were the slope and TESLOPE of an individual’s linear 

regression, respectively (see figure 4.4-2 for example). Individuals were then classified as “responders”, 

“uncertain”, or “non-responders” if their 95% CI lay above, crossed, or fell below the MCID (see figure 
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4.4-3 for examples) We chose a MCID of 1 MET (3.5 mL/kg/min) because a 1 MET increase in CRF 

confers a ~12-20% decrease in risk of all-cause mortality 109.  

4.3.6 Individual Monoexponential Regressions 

We extended the methods outlined by Hecksteden et al. (2018) to run individual monoexponential 

regressions. We constrained the time constant (K) value for each individual to match the K value 

associated with their respective group-level monoexponential regression. Constraining the K value 

assumed that the predicted rate of CRF adaptation (i.e. the shape of the monoexponential curves) was the 

same for each individual within a given exercise group (K values: HAHI = 2.583, HALI = 3.155, LALI = 

4.023). We feel this assumption is justified because failure to constrain the K value during individual 

regression analysis resulted in physiologically impossible predicted peak CRF values for several 

participants (see Supplemental Fig. 1).  

Similar to the approach using linear regressions, individual response estimates (∆�̂�) were 

calculated as the predicted CRF at 24 weeks minus the predicted CRF at baseline. Specifically, the y-

intercept (Y0) of the monoexponential regression was used as the predicted CRF value at baseline and the 

predicted CRF value at 24 weeks was calculated using equation 1 with 𝑥 = 1.0 (i.e. the numerical value 

for 24 weeks, see above). Similar to TESLOPE, the TE of each individual’s monoexponential regression 

(TEMONOEXP) was calculated using equation 2. Individual 95% CIs were then calculated using equation 3 

with ∆�̂� and TEMONOEXP inputted as the response estimate and error, respectively. These individual 95% 

CIs were then used to classify response relative to the MCID following the same procedures outlined 

above (see figure 4.4-2 for example).   

4.3.7 Observed Pre-Post Changes 

Following recent recommendations 101, the typical error of measurement was calculated using the 

pre-post CRF data in the control group with the following equation 25:  

𝑇𝑦𝑝𝑖𝑐𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 𝑜𝑓 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 =  
𝑆𝐷𝑑𝑖𝑓𝑓

√2
     (4) 
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where SDdiff is the standard deviation of the difference scores (i.e. post/24-week CRF minus 

pre/baseline CRF) for control group participants. Unlike the analysis using repeated measures, we derived 

response estimates for this analysis as the observed change in CRF from pre-training (0 weeks) to post-

training (24 weeks) for participants in the three exercise groups. Individuals were then classified 

following the same procedures described above but with observed changes and the typical error of 

measurement inputted as the response estimate and error in equation 3, respectively. Because this 

approach does not produce an individualized error estimate, the CIs were the same width for all 

participants. We compared the width of this CI to the average CI width from individual linear and 

monoexponential regressions.  

4.3.8 Additional Statistical Analysis 

The goodness of fit for the monoexponential and linear models of mean CRF data were compared 

using the TE of each fit (equation 2; described above). The average of the individual TEMONOEXPS and 

TESLOPES were calculated for each group and these values were compared within each group (i.e. average 

TEMONOEXP vs. average TESLOPE) using paired t-tests (separate t-test for each group). Paired t-tests were 

also used to compare the average width of individual CIs when using monoexponential and linear 

regressions within each group. Three separate bivariate correlations were run to assess the similarity of 

response estimates derived from monoexponential regressions, linear regressions, and observed pre-post 

changes. These bivariate correlations were run separately for each exercise group and also on pooled data 

across all three groups. Additionally, chi-square analyses were performed to compare the number of 

participants that could not be confidently classified (uncertain) vs. the number of participants that were 

confidently classified (responder or non-responder) between the linear and monoexponential regression 

approaches. Separate 2x2 chi-square tests (independent variable: linear or monoexponential regression, 

dependent variable: uncertain or not uncertain) were conducted for total (pooling all participants 

together), HAHI, HALI, and LALI (4 chi-square tests total). Lastly, one-way analysis of variance 
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(ANOVA) and Bonferroni post-hoc analyses were used to compare baseline characteristics across groups. 

All data presented in the text of the results section are reported as mean ± standard deviation.  

4.4 Results 

4.4.1 Baseline Characteristics and Mean Regressions 

With the exception of body mass index (BMI), which significantly (p < 0.05) differed between 

control vs. HAHI, control vs. HALI, and LALI vs. HALI (Table 4.3-1), there were no other significant 

differences in baseline characteristics between groups (Table 4.3-1). Fig. 4.1-1 presents the mean 

monoexponential and linear regressions for HAHI, HALI, and LALI. For each exercise group, the 

TESLOPE exceeded the TEMONOEXP, suggesting that the group mean CRF data was best fit with a 

monoexponential regression (Fig. 4.1-1).  
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Figure 4.4-1  Group-level regressions. Monoexponential and linear regressions of mean cardiorespiratory fitness 

(CRF) data for HAHI (high amount and high intensity), HALI (high amount and low intensity), and LALI (low 

amount and low intensity). TEMONOEXP and TESLOPE values were calculated using equation 2 and are expressed in 
CRF units (mL/kg/min). Data are plotted as mean ± SEM. 

4.4.2 Individual Monoexponential Regressions vs. Individual Linear Regressions 

Similar to the group-level regressions, TESLOPE exceeded the TEMONOEXP for most individuals in 

HAHI (21 of 28), HALI (38 of 48), and LALI (22 of 33). Paired t-tests revealed that the mean TESLOPE 

(average of all individual TESLOPES) was significantly higher than the mean TEMONOEXP (average of all 

individual TEMONOEXPS) for HAHI (TESLOPE = 2.58 ± 0.97; TEMONOEXP = 2.00 ± 0.79; p < 0.01), HALI 

(TESLOPE = 2.46 ± 0.95; TEMONOEXP = 1.91 ± 0.81; p < 0.01), and LALI (TESLOPE = 2.18 ± 0.84; TEMONOEXP 

= 1.63 ± 0.72; p < 0.01). The average individual CI width was also significantly (p < 0.05) smaller when 

using individual monoexponential regressions compared to linear regressions for all three groups 

(monoexponential CI width vs. linear CI width: HAHI = 7.8 ± 3.1 vs. 10.1 ± 3.8, HALI = 7.5 ± 3.2 vs. 9.7 
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± 3.7, LALI = 6.4 ± 2.8 vs. 8.5 ± 3.3). The significantly smaller TE and CI widths associated with 

monoexponential regressions resulted in more individuals that were classified as responders when using 

monoexponential rather than linear regressions (Table 4.4-1). Chi-square analyses revealed a significant 

(p < 0.01) difference in the number of participants classified as uncertain between monoexponential and 

linear regressions for HALI and total (pooling all participants together) but not HAHI (p = 0.10) or LALI 

(p = 0.12).  

Table 4.4-1 Response rates by regression type.  

Number and percentage of individuals classified as responders, uncertain, or non-responders 

using individual linear or monoexponential regressions.  

 HAHI 

(N = 28) 

HALI 

(N = 48) 

LALI 

(N = 33) 

Total 

(N = 109) 

Responders 

Linear 12 (43%) 12 (25%) 5 (15%) 29 (27%) 

Monoexponential 18 (64%) 26 (54%) 11 (33%) 55 (50%) 

Uncertain 

Linear 16 (57%) 36 (75%)* 24 (73%) 76 (69%)* 

Monoexponential 10 (36%) 22 (46%) 18 (55%) 50 (46%) 

Non-responders 

Linear 0 (0%) 0 (0%) 4 (12%) 4 (4%) 

Monoexponential 0 (0%) 0 (0%) 4 (12%) 4 (4%) 

 

Fig. 4.4-2 presents a representative monoexponential regression, linear regression, and individual 

CI for one participant to demonstrate the impact of TESLOPE exceeding TEMONOEXP on response 

classification. As seen in Fig. 4.4-2, despite this participant being classified as a responder with a 

monoexponential regression, they were classified as uncertain with a linear regression because their 

comparatively larger TESLOPE resulted in a larger individual CI that crossed the MCID. Similar to the 
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representative participant presented in Fig. 4.4-2, several of the participants that were classified as a 

responder using a monoexponential regression were classified as uncertain with a linear regression (total 

= 28(uncertain with linear fit)/55(responders with monoexponential fit): HAHI = 6/18; HALI = 15/26; 

LALI = 7/11). Conversely, only two participants (one in HALI and one in LALI) were classified as 

uncertain with a monoexponential regression and a responder with a linear regression. Very few 

individuals were classified as non-responders (n = 4 of 109 total participants) and these participants were 

consistently classified as non-responders with both regression approaches (Table 4.4-1).  

 

Figure 4.4-2 Representative participant for regression classification.  Individual monoexponential (upper left panel) and 
linear (bottom left panel) regression, and the corresponding individual CIs and response classification (right panels) for one 
representative participant. The green circle represents a classification of “responder” whereas the yellow circle represents a 
classification of “uncertain”. The dashed line represents the MCID (1 MET). Refer to the text for information regarding the 

calculation of response estimates and their error (TEMONOEXP/TESLOPE), and for the rationale of illustrating this participant’s data. 

4.4.3 Individual Monoexponential Regressions 

To illustrate our proposed extension of Hecksteden et al.’s (2018) approach, Fig. 4.4-3 presents 

individual monoexponential regressions, individual CIs, and response classification for six representative 

participants. These participants were not included in Fig. 4.4-3 to represent the observed mean change in 

CRF following exercise training or based on any baseline characteristic (e.g., age, sex, baseline CRF, 

etc.). Instead, these six participants are highlighted because they represent the six possible combinations 
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of response estimates/TEMONOEXP and response classification that generally characterized most 

participants in our analysis. Specifically, participants were classified as responders if they had a large 

response estimate (e.g. > 8 mL/kg/min; Fig 4.4-3A) or if they had a response estimate that barely 

exceeded the MCID but also had a low TEMONOEXP (Fig. 4.4-3B).  Participants were classified as uncertain 

if they had a large TEMONOEXP (Fig. 4.4-3C) or a response estimate that approximated the MCID (Fig. 4.4-

3D).  Finally, participants were classified as non-responders if they had a response estimate that fell 

below (Fig. 4.4-3E) or approximated zero (Fig. 4.4-3F).  

 

Figure 4.4-3 Possible classifications with monoexponential regressions.  Individual monoexponential regressions 

(A-F), and individual CIs and response classification (right panels) for six representative participants. Green circles 

represent responders, yellow circles represent uncertain, and red circles represent non-responders (right panels). The 

letters in the right panel are matched to the letters of the individual monoexponential regressions panels. The dashed 

line represents the MCID (1 MET). Refer to the text for information regarding the calculation of response estimates 

and their error (TEMONOEXP). These participants are highlighted because they represent the six possible combinations 
of response estimates/TEMONOEXP and response classification that generally characterized most participants in our 

analysis. The participant in panel A completed HAHI, panels B and C completed HALI, and panels D-F completed 

LALI. 
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4.4.4 Individual Regressions vs. Observed Pre-Post Changes and TE 

The analysis performed for our secondary purpose revealed that using the typical error of 

measurement (derived from observed pre-post changes in the control group) resulted in a wider CI (8.32 

mL/kg/min) than the average CI width (7.24 mL/kg/min) from individual monoexponential regressions 

but not linear regressions (9.44 mL/kg/min). The larger CI width with the typical error of measurement 

resulted in slightly more participants being classified as uncertain (51%, 56/109 of total participants) 

compared to our analysis using monoexponential regressions (46%, 50/109 of total participants; Table 

4.4-1) but not linear regressions (69%, 76/109 of total participants; Table 4.4-1). Individual response 

estimates derived from monoexponential regressions, linear regressions, and observed pre-post changes 

were highly correlated for all groups and for the pooled data across groups (all bivariate correlations had r 

values > 0.92). Fig. 4.4-4 presents individual response estimates and corresponding CIs derived from all 

three of these approaches (contains HAHI participant responses as representative data). Data in Fig. 4.4-4 

are participant-matched and presented in ascending order based on response estimates derived from 

monoexponential regressions (i.e. participant 1 had the smallest response estimate). The strong 

correlations and the individual data presented in Fig. 4.4-4 demonstrate that despite using three distinct 

approaches, a given individual’s response estimates appear to be quite similar regardless of the approach 

used. The similarity in individual response estimates can also be seen in the trend that response estimates 

generally increased from participant 1 to 28 in each panel of Fig. 4.4-4 suggesting that all three 

approaches produced similar individual response estimates. Although Fig. 4.4-4 only contains data from 

HAHI, we found similar results with HALI and LALI (data not shown).  
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Figure 4.4-4 Confidence intervals for all classification approaches.  Individual response 

estimates and CIs derived from monoexponential regressions (A), linear regressions (B), and 

observed pre-post changes (C) for participants in HAHI (n = 28). Participant numbers are 

matched across panels and are presented in ascending order based on response estimates 
from monoexponential regressions (A). Black dashed line represents the MCID of 1 MET 

(3.5 mL/kg/min). 
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4.5 Discussion 

The current study used CRF data from a large RCT to test the hypothesis that using individual 

monoexponential regressions rather than linear regressions improves the ability to confidently classify 

individuals as CRF responders or non-responders. The novel findings are: 1) the smaller error in the 

group-level monoexponential regressions suggested that monoexponential curves were a better fit than 

linear regressions for the mean CRF data, 2) the average error and CI width of the individual 

monoexponential regressions were significantly smaller than the average error and CI width of the linear 

regressions, 3) very few participants were classified as non-responders and these participants were 

consistently classified as non-responders regardless of the regression used to derive their response 

estimate, and 4) compared to individual linear regressions, the smaller error in monoexponential 

regressions resulted in narrower CIs and an increased number of individuals who were more confidently 

classified as CRF responders in all three groups. Taken together, these findings suggest that the non-linear 

shape of CRF adaptations in our dataset was best evaluated with monoexponential regressions.  

 As we move toward the application of personalized exercise-based medicine 20, an individual’s 

response classification may be used to guide exercise prescription decision making. For example, a recent 

study by Montero and Lundby (2017) increased the prescribed training frequency for participants 

classified as maximal power output “non-responders” in an attempt to increase these participants’ 

observed responses. Because the use of monoexponential regressions decreased the number of individuals 

who could not be classified with confidence (i.e. “uncertain”), this approach may be superior for making 

exercise prescription decisions based on the classification of CRF responders or non-responders. 

However, future work using data simulations where true responses and measurement error are known is 

needed to compare the performance of different response classification approaches.  

Additionally, our analysis for our secondary purpose revealed that using observed pre-post 

changes and the typical error of measurement resulted in only slightly more individuals (n = 6) being 

classified as uncertain compared to our monoexponential regression approach. CRF response estimates 
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were similar (Fig. 4.4-4) and highly correlated across approaches suggesting that using pre-post changes 

results in similar response estimates as regressions of repeated measures. This data contradict the 

suggestion that using repeated measures will provide more accurate estimates of individual CRF 

responses 8 and questions the benefit of using repeated measures when classifying CRF response to 

exercise training compared to the observed pre-post changes approach.  Importantly, this suggests that the 

additional cost, time, and participant burden associated with repeated measures may not be warranted in 

future exercise training studies seeking to characterize individual CRF response. Further, given the 

possibility that short-term training studies (e.g., two to six weeks) are limited in the number of repeated 

measures that can be collected throughout the intervention, it may be more suitable to classify CRF 

responses to short-term exercise training using the observed pre-post changes approach. However, future 

work is needed to examine the appropriateness of collecting repeated measures and subsequently 

classifying CRF responses for training interventions of different durations.  

It is important to emphasize that the generalizability of our findings is currently unclear as our 

results are specific to our dataset. Future work is needed to confirm that monoexponential regressions best 

characterize CRF adaptations to exercise training in other data sets across a range of training types, 

durations and within different populations. Further, the trial used in the present study 171 adjusted exercise 

intensity after every CRF measurement (i.e. at 4, 8, and 16 weeks of training) and our findings may not be 

generalizable to studies that progress/adjust exercise intensity or amount differently throughout an 

exercise training intervention. It is possible that the specific protocol to adjust exercise intensity used in 

the trial by Ross and colleagues (2013) contributed to the monoexponential shape of changes in CRF to 

exercise training. Generalizability aside, our findings suggest that future studies should determine the type 

of regression that best fits the repeated measures data prior to classifying individual responses. This 

recommendation is supported by our finding that monoexponential regressions resulted in better fits than 

the linear regressions for all three exercise groups. Interestingly, this finding may suggest that the time 
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course of CRF adaptations to exercise training follows a monoexponential shape regardless of exercise 

intensity and/or amount; however, future work is needed to confirm this contention.      

Our findings may not be generalizable to exercise training interventions using different outcomes 

and/or intervention durations. For instance, certain outcomes including body weight 176,177, fat mass 178, 

and markers of cardiac function 179 appear to adapt linearly or remain unchanged in the first several 

months of exercise training, which suggests that monoexponential regressions are not the best fit for these 

outcomes. Additionally, previous studies have indicated that linear models best describe CRF adaptations 

to short-term (i.e. 10 weeks) training interventions 173,174. Therefore, future work using different outcomes 

and/or intervention durations should determine the model that best fits their data prior to classifying 

individual responses. Our analysis demonstrates that choosing a model that best fits a given dataset can 

decrease the error in individual response estimates and consequently increase the confidence with which 

individuals are classified.  

The importance of specificity of the modelling/fitting approach is also apparent when comparing 

the error and shape of the monoexponential curves for the mean CRF response across the three exercise 

groups (Fig. 4.4-1). For instance, the larger K value (reciprocal of tau) in LALI is consistent with a 

delayed plateau in the mean CRF response compared to HALI and HAHI. These between-group 

differences resulted in different mean CRF response estimates whereby LALI had the smallest and HAHI 

had the largest estimated mean CRF response (Fig. 4.4-1). Importantly, despite differences in the 

characteristics of the monoexponential curves between groups, the finding that a monoexponential 

regression was a better fit than a linear regression was consistent across all three groups.  

It is important to note that our approach for deriving individual response estimates assumed that 

the time course of CRF adaptation followed the same monoexponential curve (i.e. contained the same K 

value; supplemental Fig. 4.4-1) across all participants within a given group. Despite completing the same 

exercise training program, it is likely that individuals experienced different rates of CRF adaptations (e.g. 

individuals within a group may reach a ‘plateau’ in CRF improvements at different timepoints). 
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Therefore, although our approach to constrain the K value eliminated physiologically impossible CRF 

response estimates, this approach also prevented potential individuality in the shape of monoexponential 

regressions. The potential individuality in the rate/shape of CRF adaptations to training supports the need 

for future studies to characterize the shape of group/mean responses in order to determine the most 

appropriate approach to derive individual response estimates.  

Although the current study involved a single CRF measure at each time point, the error in 

response estimates can be reduced by performing repeated measures at each time point 17,154. Therefore, in 

an attempt to improve the accuracy in individual response classification, future studies would benefit 

from including repeated measures at each time point.  

4.6 Conclusion 

 Our findings demonstrate that individual monoexponential regressions were a superior fit 

compared to linear regressions for CRF responses to prolonged exercise training. Accordingly, using 

monoexponential regressions resulted in a larger number of individuals who could be confidently 

classified. Importantly, the similarity in response estimates and classification when using observed pre-

post changes and the typical error of measurement questions the need to include repeated measures when 

analyzing individual CRF responses to exercise training. Nevertheless, future work that wishes to use 

repeated measures should determine the response classification approach that provides the lowest 

error/greatest certainty in individual response estimates prior to classifying individual responses. 
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Chapter 5 

Exploring Differences in Cardiorespiratory Fitness Response Rates Across 

Varying Doses of Exercise Training: A Retrospective Analysis of Eight 

Randomized Controlled Trials 

Published as original research article: Bonafiglia J.T., Preobrazenski N., Islam H., Walsh J.J., Ross 

R., Johannsen N., Martin C.K., Church T., Slentz C.A., Ross L.M., Kraus W.E., Kenny G.P., 

Goldfield G.S., Prud’homme D.P., Sigal R., Earnest C.P., and Gurd B.J. (2021) Exploring 

differences in cardiorespiratory fitness response rates across varying doses of exercise training: 

A retrospective analysis of eight randomized controlled trials. Sports Medicine. In-press. 

5.1 Abstract 

Objective: This study tested the hypothesis that greater mean changes in cardiorespiratory fitness (CRF), 

in either the absence or presence of reduced interindividual variability, explain larger CRF response rates 

following higher doses of exercise training.  Methods: We retrospectively analyzed CRF data from eight 

randomized controlled trials (RCT; n = 1,590 participants) that compared at least two doses of exercise 

training.  CRF response rates were calculated as the proportion of participants with individual confidence 

intervals (CIs) placed around their observed response that lay above 0.5 metabolic equivalents (MET).  

CIs were calculated using no-exercise control group-derived typical errors and were placed around each 

individual’s observed CRF response (post minus pre-training CRF).  CRF response rates, mean changes, 

and interindividual variability were compared across exercise groups within each RCT.  Results: 

Compared with lower doses, higher doses of exercise training yielded larger CRF response rates in eight 

comparisons.  For most of these comparisons (7/8), the higher dose of exercise training had a larger mean 

change in CRF but similar interindividual variability.  Exercise groups with similar CRF response rates 

also had similar mean changes.  Conclusion: Our findings demonstrate that larger CRF response rates 
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following higher doses of exercise training are attributable to larger mean changes rather than reduced 

interindividual variability. Following a given dose of exercise training, the proportion of individuals 

expected to improve their CRF beyond 0.5 METs is unrelated to the heterogeneity of individual 

responses.   

 

5.2 Introduction 

Participating in regular physical activity improves cardiorespiratory fitness (CRF) and reduces 

risk of all-cause morbidity and mortality 109.  However, only a proportion of a given sample manifest CRF 

improvements following structured exercise training (reviewed in: 4).  This proportion can be quantified 

by calculating the “CRF response rate”: i.e., the number of individual CRF responses exceeding a given 

threshold relative to the total sample size.  Sisson et al. 6 reported a larger CRF response rate following 

high-amount (12 kcal/kg/week) compared with low-amount (4 or 8 kcal/kg/week) aerobic training.  

Similarly, Ross et al. 30 demonstrated a larger CRF response rate following high-intensity (75% maximal 

CRF) compared with low-intensity (50% maximal CRF) training.  These findings, in combination with 

similar results from studies comparing response rates across exercise intensities, amounts, or frequencies 

29,106,111,148,180, establish that higher doses of exercise training are associated with larger CRF response 

rates.   

There are three possible explanations for why response rates may vary between different 

interventions (illustrated in Figure 5.2-1).  Response rates can increase as a consequence of: 1) reduced 

interindividual variability (i.e. reduced standard deviation of observed responses; Figure 5.2-1A), 2) a 

larger mean response (Figure 5.2-1B), or 3) reduced interindividual variability and a larger mean response 

(Figure 5.2-1C).  Because higher doses of exercise training result in larger mean CRF responses 170,181–183, 

explanation 1 (Figure 5.2-1A; i.e. reduced interindividual variability alone) does not explain larger CRF 

response rates following higher doses of exercise training.  Thus, we speculate that larger CRF response 

rates following higher doses of exercise training are attributable to either a larger mean response alone 
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(explanation 2; Fig 5.2-1B), or a combination of a larger mean response and a reduction in interindividual 

variability (explanation 3; Fig 5.2-1C).   

While no study has empirically determined which explanation(s) underlies larger CRF response 

rates following higher doses of exercise training, there is support for both explanations 2 and 3 in the 

literature.  In support of explanation 2 (Figure 5.2-1B), a data simulation by Atkinson and colleagues 

demonstrated that larger mean changes can increase response rates in the absence of reduced 

interindividual variability 9.  In contrast, Mann et al. 184,185 proposed that increasing exercise intensity may 

reduce variability in metabolic stress associated with moderate intensities of exercise 66,186–188 thus 

promoting more homogenous activation of mechanisms that drive CRF improvements 55.  Mann et al.’s 

hypothesis is consistent with explanation 3 (Figure 5.2-1C): homogenous activation of mechanisms 

increasing the mean response and reducing interindividual variability.  At present, it is unclear whether 

Atkinson’s (i.e. explanation 2) or Mann’s (i.e. explanation 3) theory is correct.   

The purpose of this study was to test the hypothesis that larger mean responses in either the 

absence (explanation 2) or presence (explanation 3) of reduced interindividual variability explain larger 

CRF response rates following higher doses of exercise training.  To test this hypothesis, we 

retrospectively analyzed CRF data (n = 1,590 participants) from eight previously published, 

methodologically rigorous parallel-arm randomized controlled trials (RCTs) that compared at least two 

exercise training doses 170,181–183,189–192.  In addition to comparing CRF response rates across different 

doses of exercise (e.g. intensities and amounts), we also examined the impact of exercise exposure (i.e. 

number of training weeks) on CRF response rates, mean changes, and interindividual variability.   
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5.3 Methods 

We retrospectively analyzed CRF data (measured as maximum peak oxygen uptake in relative 

units [mL/kg/min]) from eight large, rigorously controlled RCTs (references for each trial are presented in 

Figure 5.2-1 Three explanations for larger response rates. Illustration of the three possible statistical 

explanations underlying differences in response rates between two different exercise training interventions using 

exemplary cardiorespiratory fitness (CRF) data.  In all three panels, Intervention A (blue lines) has a larger CRF 

response rate compared to intervention B (red lines).  Histograms (solid red and blue lines) represent the distribution 

of individual responses and the width of the histogram reflects the degree of interindividual variability of observed 

responses.  Vertical dashed lines represent mean responses and the vertical black line represents the response 

threshold.  The response rate for a given dose of exercise training is calculated as the proportion of individuals 

falling to the right of the response threshold. 
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Tables 5.3-1 and 5.3-2).  All trials involved supervised exercise training and measured CRF using indirect 

calorimetry during graded exercise tests.  Control groups were only included to calculate the typical error 

(TE) of CRF measurement (details below).  Participants without CRF measures at both pre- and post-

intervention, or participants with less than 70% adherence to the prescribed exercise training intervention 

– a cut-off used in several RCTs for per protocol analysis 30,181,189 – were excluded from the present 

analysis (see original publications for adherence definitions; references provided in Tables 5.3-1 and 5.3-

2).  Table 5.3-2 presents the sample sizes included in the present analysis, as well as age and baseline 

CRF data for each exercise training group.  As stated in previous publications 170,181–183,189–192, each trial 

was granted ethics approval at their respective institutions, was performed in accordance with the 

Helsinki Declaration, and obtained written informed consent from each participant prior to data 

collection.   

Table 5.3-1 Trial acronyms.  

List of acronyms for exercise groups. 

Trial(s) Acronyms Definition 

DREW 181 

LAMI Low amount, moderate intensity  

MAMI Moderate amount, moderate intensity 

HAMI High amount, moderate intensity  

E-MECHANIC 183 

MAVI Moderate amount, vigorous intensity 

HAVI High amount, vigorous intensity 

HART-D 192,  

HEARTY 189, and 

STRRIDE AT/RT 190 

AT Aerobic training 

RT Resistance training 

AT/RT Combined aerobic and resistance training 

Queen’s 170 and STRRIDE-

PD 191 

LAMI Low amount, moderate intensity  

HAMI High amount, moderate intensity 

HAVI High amount, vigorous intensity  
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STRRIDE 182 

LAMI Low amount, moderate intensity  

LAVI Low amount, vigorous intensity 

HAVI High amount, vigorous intensity  

See supplementary material for specific exercise dose descriptions.  Note: acronyms were 

created for this study and are not the same acronyms used in original publications.   
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Table 5.3-2 Subject characteristics and group-level responses.  

Sample sizes, age, and cardiorespiratory fitness (CRF) results from the eight randomized controlled trials included in the present analysis 

(references provided beside trial acronyms). 

Groups Sample Size  Age 
Pre-training CRF 

mL/kg/min  

Post-training CRF 

mL/kg/min  
Δ CRF  

CRF Response Rate N 

(%) 

DREW 181 

CTRL* 93 (93♀) 57.2 (5.9) 15.5 (3.0) 15.3 (3.0) -0.2 (1.9)   6   (6%) 

LAMI 144 (144♀) 58.0 (6.5) 15.4 (3.0) 16.0 (3.1) 0.6a (1.9a)   14a  (10%) 

MAMI 89 (89♀) 56.8 (6.6) 15.0 (2.4) 16.4 (2.6) 1.4b (1.6a†)   17a  (19%) 

HAMI 94 (94♀) 56.4 (6.4) 16.0 (2.9) 17.6 (2.9) 1.6b (1.8a†)   15a  (16%) 

E-MECHANIC 183 

CTRL* 59 (43♀) 49.7 (10.7) 23.0 (5.4) 21.5 (6.7) -1.5 (3.2)  2 (3%) 

MAVI 58 (43♀) 48.3 (11.1) 23.9 (5.6) 24.9 (6.5) 1.0a (2.7a)    7a (12%) 

HAVI 53 (38♀) 48.6 (12.2) 23.5 (5.1) 26.5 (6.3) 3.0b (3.2a)  19b (36%) 

HART-D 192 

CTRL* 32 (21♀) 58.1 (8.5) 18.7 (3.6) 18.4 (3.4) -0.3 (2.3)  2 (6%) 

AT 52 (32♀) 56.0 (7.6) 20.6 (5.2) 21.2 (5.6) 0.6ab (2.4a†‡)    4a (8%) 

RT 57 (32♀) 58.4 (8.5) 19.7 (4.9) 19.8 (5.5) 0.1a (2.1a†)   3a (5%) 

AT/RT 52 (33♀) 56.1 (7.2) 19.2 (3.3) 20.4 (3.9) 1.2b (2.5‡) 10a (19%) 

HEARTY 189 

CTRL* 51 (35♀) 15.4 (1.3) 30.3 (5.2) 30.6 (5.2) 0.3 (3.4)   7 (14%) 

AT 33 (22♀)  15.6 (1.2) 31.5 (3.9) 34.1 (4.8) 2.6a (3.5†) 11a (33%) 

RT 21 (14♀) 15.7 (1.6) 30.9 (5.1) 31.6 (6.2) 0.7a (3.6†)   4a (19%) 
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AT/RT 29 (16♀) 15.3 (1.5) 30.8 (4.5) 33.0 (4.9) 2.2a (5.3†) 10a (34%) 

Queen’s 170 

CTRL* 43 (29♀) 51.0 (8.1) 29.7 (5.9) 29.6 (6.1) -0.1 (3.0)  4 (9%) 

LAMI 46 (30♀) 53.0 (6.8) 27.9 (5.2) 32.7 (6.5) 4.8a (3.4a)  29a (63%) 

HAMI 55 (34♀) 52.6 (7.9) 29.0 (5.0) 35.9 (6.5) 7.0b (3.5a†)  47b (85%) 

HAVI 41 (25♀) 52.8 (7.7) 28.6 (4.8) 36.6 (6.9) 8.0b (4.5a†) 34ab (13%) 

STRRIDE 182 

CTRL* 59 (31♀)  52.7 (7.2) 27.0 (6.0) 26.3 (5.5) -0.7 (2.5)         5 (8%) 

LAMI 55 (26♀) 53.5 (5.6) 27.0 (6.0) 28.9 (6.4) 1.9a (2.4a) 10a (18%) 

LAVI 64 (29♀) 52.6 (6.7) 29.0 (6.0) 32.4 (6.2) 3.4b (2.8a) 28b (44%) 

HAVI 61 (26♀) 52.2 (6.3) 28.0 (5.3) 32.9 (6.3) 4.9c (2.9a) 39b (61%) 

STRRIDE-AT/RT 190 

AT 54 (28♀) 50.1 (9.4) 28.3 (6.0) 32.5 (6.9) 4.2a (3.8a†) 33a (61%) 

RT 52 (30♀) 50.1 (11.5) 26.6 (6.3) 28.0 (7.1) 1.4b (2.8a)  7b (13%) 

AT/RT 37 (22♀) 47.9 (9.7) 27.4 (5.6) 31.5 (7.0) 4.1a (3.3a†) 20a (54%) 

STRRIDE-PD 191 

LAMI 39 (25♀) 58.7 (7.8) 24.5 (5.3) 25.7 (6.1) 1.2a  (2.4a†)   6a (16%) 

HAMI 29 (18♀) 62.9 (6.9) 24.9 (5.0) 26.8 (5.1) 1.9ab (2.3a†)   4a (14%) 

HAVI 38 (22♀) 61.5 (7.1) 24.2 (5.5) 27.1 (5.6) 2.9b  (2.8a)  17b (45%) 
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Age and CRF columns are presented as mean (standard deviation).  The proportion of female participants for each group is provided in brackets 

(♀).  CTRL, control groups; see methods section for definition of training group abbreviations and training protocol details.  CRF data are 

presented as relative maximal oxygen uptake in mL/kg/min.  CRF response rates are relative to 0.5 MET threshold (see methods for details).  Δ 

CRF calculated as post- minus pre-training CRF.  

 
* As described in methods, control groups were not included in any statistical analysis.  Identical letters (e.g. all a’s) represent no statistical 

differences (p > 0.05) whereas unlike letters represent statistical differences (p < 0.05) between groups for mean CRF changes (Δ CRF column), 

variability in observed responses (parentheses in Δ CRF column), or the CRF response rates (CRF Response Rate column).  Variability in 

observed responses were not compared between groups with cross or double symbols (†,‡), and these comparisons were not made based on the 

results from the analytical steps presented in Figure 5.3-1 and Supplemental Figure 2.     
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Acronyms define each group based on the type of exercise (e.g. resistance [RT], aerobic [AT], or 

combined aerobic and resistance [ATRT] training) or the prescribed dose of aerobic exercise (e.g. low- 

[LA], moderate- [MA], or high-amount [HA]; and moderate- [MI] or vigorous-intensity [VI).  Although 

the same acronyms were used across trials (e.g. a LAMI group existed in several trials), the prescribed 

amounts and intensities varied.  For the sake of brevity, details of each trial’s prescribed exercise doses, 

intervention lengths, and participant characteristics are provided in the supplementary material.  Table 

5.3-1 includes a summary of all the acronyms used to describe each exercise group.  

5.3.1 CRF Response Rates 

We followed methods outlined by Swinton et al. 7 to determine CRF response rates within each 

exercise group.  50% confidence intervals (CIs) were calculated using the TE and constructed around 

each participant’s observed CRF response (post-training CRF minus pre-training CRF).  The TEs were 

calculated separately for each trial using the standard deviation of pre-post CRF differences in control 

groups.  The TE derived from the STRRIDE control group was used for all three STRRIDE trials as 

STRRIDE-AT/RT did not include a control group and STRRIDE-PD included a clinical lifestyle 

intervention condition rather than a no-exercise control group.  TEs were also expressed as a percentage 

of the mean CRF control group data (herein referred to as the coefficient of variation [CV] for CRF 

measurement).   

We used a response threshold of 1.75 mL/kg/min (0.5 MET) – a threshold used in previous 

studies 21,111 given its association with reduced all-cause morbidity and mortality 109.  We have previously 

used a larger response threshold of 3.5 mL/kg/min (1 MET) to classify CRF responses in a study 

conducted at Queen’s (herein referred to as “Queen’s”) 23.  However, based on Swinton et al.’s 

recommendations 7, we opted for 1.75 mL/kg/min as the seven other trials had smaller mean CRF changes 

and had many participants with observed CRF responses smaller than 3.5 mL/kg/min.  CRF response 

rates were calculated as the proportion of participants with their 50% CI laying fully above the response 

threshold of 1.75 mL/kg/min.  Therefore, we define “CRF response rates” as a group statistic (i.e. a 
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proportion of a sample), and this term is distinct from labels such as “responder” or “non-responder” that 

are applied at the individual level.  This distinction in terminology is important given the many concerns 

associated with labeling individuals as “non-responders” (see refs. 19,26 for more details).   

As described above, we used relative CRF values (mL/kg/min) because there are clinically-

relevant thresholds in relative CRF terms (e.g. 1.75 mL/kg/min) 109 but no established thresholds for 

absolute CRF (L/min).  To determine whether changes in body weight impacted our relative CRF results, 

we repeated all analysis using absolute CRF values and these results are presented in the supplementary 

material.     

5.3.2 Statistical Analysis 

A summary of the steps for our statistical analysis is illustrated in Figure 5.3-1 and Supplemental 

Figure 2 and a detailed breakdown is provided in the results section below.  Chi-squared tests and 

Marascuilo procedures 193 were performed to compare CRF response rates between groups.  To account 

for multiple comparisons, the Benjamini-Hochberg procedure 194 was used to adjust p values (Bonferroni 

corrected α = 0.05 / 8 comparisons = 0.00625) for the Chi-squared tests (Step 1A of our analysis; Figure 

5.3-1).  Group × time interaction effects from 2-way repeated measures ANOVAs were used to compare 

mean changes in CRF between groups.  When significant group × time interactions were observed in 

ANOVAs with three groups, which only occurred in the secondary analysis (see results below), post-hoc 

unpaired t-tests on CRF change scores were used to identify between group differences.  Levene’s tests 

were used to compare interindividual variability (i.e. standard deviation of CRF change scores) between 

groups.   

To capitalize on the unique time course data collected as part of the Queen’s trial – CRF was 

measured after four, eight, sixteen, and twenty-four weeks of training – we also examined the impact of 

exercise exposure (i.e. weeks of training) in this trial.  The Cochran’s Q and McNemar tests were used as 

repeated measures equivalents to the Chi-squared and Marascuilo procedure, respectively.  For this 
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exercise exposure analysis, participants were collapsed across groups and were only included if they had 

CRF data at all five time points (n = 109 participants).   

Chi-squared tests, Marascuilo procedures, and unpaired-tests were performed on Microsoft Excel, 

whereas ANOVAs, Levene’s, Cochran’s Q, and McNemar tests were run in SPSS (Version 25; IBM 

Corp., Armonk, NY, USA).  Significance was accepted at p < 0.05 for all tests. 

 

Figure 5.3-1 Statistical plan.  Flow chart for primary analysis and list of the comparisons that fit each explanation.     
a Unclear why groups differ in CRF response rates as this observation cannot be explained by one of the three 

presented explanations.  This situation may reflect instances where there is insufficient statistical power for 

comparisons of mean responses and/or variability in observed responses.  * See supplemental figure 1 for a 

description of the analytical steps for our secondary analysis. 

 

5.4 Results 

The present analysis included 1,253 exercise group and 337 control group participants.  Table 

5.3-2 summarizes the descriptive statistics and results from the analysis outlined in Figure 5.3-1 and 
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Supplemental Figure 2 (described below). The TEs, CVs, and associated response thresholds for each trial 

are provided in Supplementary Table 1, and observed CRF responses for all participants are presented in 

Figures 5.4-1 and 5.4-2 (split into two figures for ease of viewing).    

 

Figure 5.4-1 Bean plot set 1.  Bean plots showing individual data (dots) and the distribution of observed CRF 

responses (black lines mirrored above and below data points) for the DREW (A), E-MECHANIC (B), HART-D (C) 

and HEARTY (D) trials.  Green dots represent individual CRF changes that fell above the response threshold 

(vertical black dashed line).  See supplementary material for definitions of trial and exercise group acronyms. 
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Figure 5.4-2 Bean plot set 2.  Bean plots showing individual data (dots) and the distribution of observed CRF 

responses (black lines mirrored above and below data points) for the Queen’s (A), STRRIDE (B), STRRIDE-AT/RT 
(C), and STRRIDE-PD (D) trials.  Green dots represent individual CRF changes that fell above the response 

threshold (vertical black dashed line).  See supplementary material for definitions of trial and exercise group 

acronyms. 

 

5.4.1 Primary Analysis 

See Figure 5.3-1 for an illustration of the steps for our primary analysis and a list of the 

comparisons that fit each explanation.  In Step 1A, eight chi-squared tests (one per trial) were run to 

compare CRF response rates across exercise groups within each trial.  Between group differences were 

absent (p > 0.05) in DREW, HART-D and HEARTY (Table 5.3-2).  Because our primary question was to 

determine why exercise groups present differences in CRF response rates, trials without differences in 

CRF response rates proceeded to Step 2A and were excluded from primary analysis.  Significant between 
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group differences in CRF response rates were present in E-MECHANIC, Queen’s, and the three 

STRRIDE trials resulting in these five trials moving to Step 1B.   

In Step 1B, the Marascuilo procedure was used to identify which groups within each trial had 

significantly different CRF response rates.  Non-significant (p > 0.05) between group comparisons (see 

similar letters in “ΔCRF” column in Table 5.3-2) were moved to Step 2A and excluded from primary 

analysis.  Significant (p < 0.05) between group comparisons proceeded to Step 2B (8 total, see groups 

with unlike letters in both “ΔCRF” and “CRF Response Rate” columns in Table 5.3-2 for E-

MECHANIC, Queen’s, and the three STRRIDE trials).  

 Step 2B compared mean changes between groups (i.e. group × time interaction effects) using 

separate 2-way repeated measures ANOVAs (i.e. one ANOVA per trial).  HAVI and HAMI in 

STRRIDE-PD had similar mean changes (group × time interaction: p = 0.11), and this comparison 

proceeded to Step 3A (“No” option from Step 2B in Figure 5.3-1).  The remaining 7 comparisons 

revealed significant group × time interaction effects (p < 0.05; see unlike letters in “ΔCRF” column in 

Table 5.3-2) and proceeded to Step 3B (“Yes” option from Step 2B in Figure 5.3-1).  

 In both Steps 3A and 3B, Levene’s tests were used to compare interindividual variability (i.e. 

standard deviation of CRF change scores) between groups within a comparison.  HAVI and HAMI in 

STRRIDE-PD (Step 3A) had similar interindividual variability (p = 0.29) despite HAVI having a 

significantly larger CRF response rate (Table 5.3-2).  Therefore, the different CRF response rate between 

HAVI and HAMI in STRRIDE-PD cannot be attributed to one of the three explanations presented in 

Figures 1 (“No” option from Step 3A in Figure 5.3-1).  The remaining seven comparisons (Step 3B), 

revealed similar interindividual variability between groups (“No” option from Step 3B in Figure 5.3-1; 

see similar letters in parentheses in “ΔCRF” column in Table 5.3-2).  Therefore, these seven comparisons 

were consistent with explanation #2: higher doses of exercise training result in larger CRF response rates 

due to similar interindividual variability and a larger mean change (Figure 5.2-1B).  Collectively, no 

comparison from our primary analysis was consistent with Explanation #1 (Figure 5.2-1A). 
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 Figure 5.4-3 presents the impact of exercise exposure on CRF response rates from the Queen’s 

trial.  Increasing exercise exposure significantly (p < 0.05) increased CRF response rates and CRF mean 

responses.  Interindividual variability also increased over time, suggesting that the impact of exercise 

exposure is also consistent with explanation #2: increased exercise exposure increases CRF response rates 

due to larger mean changes, not reduced interindividual variability. 

 

Figure 5.4-3 Bean plot set 3: exposure.  Bean plots showing individual data (dots) and the distribution of observed 

CRF responses (blank lines mirrored above and below data points) for the impact of exercise exposure in the 

Queen’s trial.  Green dots represent individual CRF changes that fell above the response threshold (vertical black 
dashed line).  All observed responses calculated as CRF at a given time point minus baseline CRF.  Wks, weeks; 

SD, standard deviation; RR, response rates.   

 

5.4.2 Secondary Analysis 

Supplemental Figure 2 illustrates the analytical steps described below.  Secondary analysis was 

performed on all comparisons that entered Step 2A in our primary analysis (i.e. all comparisons from 

DREW, HART-D, and HEARTY, as well as the 5 non-significant comparisons from Step 1B).  First, 

“secondary step 1” compared mean changes in CRF between groups within each trial.  Mean changes in 

CRF did not differ between groups in several comparisons (see similar letters in “ΔCRF” column in Table 
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5.3-2).  Therefore, these 9 comparisons (3 comparisons from HEARTY) were associated with “Secondary 

Explanation 1”: similar CRF response rates explained by similar mean changes. 

Conversely, mean changes in CRF significantly differed (p < 0.05) between groups in five 

comparisons (see groups with unlike letters in “ΔCRF” column in Table 5.3-2), and these comparisons 

proceeded to “Secondary Step 2”.  Levene’s tests revealed similar interindividual variability between 

these groups (p > 0.05; “NO” from “Secondary Step 2”).  Therefore, these five comparisons were 

consistent with “Secondary Explanation 2”: similar CRF response rates are present despite a larger mean 

change and similar interindividual variability. Collectively, no comparison from our secondary analysis 

was consistent with “Secondary Explanation 3” suggesting that similar CRF response rates are not 

explained by one group having a larger mean change and greater interindividual variability.  

5.5 Discussion 

The present study retrospectively analyzed CRF data to test the hypothesis that larger mean 

changes in the either absence or presence of reduced interindividual variability explain larger CRF 

response rates following higher doses of exercise training.  Using CRF data from eight rigorous RCTs 

(total n = 1,590 participants; references in Tables 1 and 2), we compared CRF response rates, mean CRF 

changes, and interindividual variability of observed CRF responses across different doses of exercise 

training.  When compared with lower doses, higher doses of exercise training did not always result in a 

larger CRF response rate (e.g. comparisons in DREW, HART-D and HEARTY; Table 5.3-1).  This 

finding challenges the notion that higher intensities, amounts or frequencies of exercise training 

consistently increase CRF response rates 29,106,111,148,180.  When higher doses of exercise training were 

associated with larger CRF response rates, the higher dose of exercise training elicited a larger mean 

change but similar interindividual variability.  Similarly, in the Queen’s trial (Figure 5.4-3), increasing 

exercise exposure increased CRF response rates due to larger mean changes, not reduced interindividual 

variability.  Most comparisons (9/14) from our secondary analysis revealed that similar CRF response 

rates were associated with similar mean changes.  Taken together, these analyses suggest that CRF 
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response rates are primarily driven by mean changes and are unrelated to interindividual variability.  As 

improvements in CRF are associated with reductions in all-cause morbidity and mortality 109, our findings 

suggest that higher doses of exercise training increase mean CRF responses and thus increase the 

proportion of individuals who will benefit from structured physical activity.    

A growing body of research has estimated the proportion of individuals exhibiting meaningful 

CRF improvements following exercise training 6,29,30,106,111,148,180.  Many studies demonstrate that higher 

doses of exercise training increase CRF response rates 6,29,30,106,111,148,180, and several reports have 

interpreted these findings as evidence that increasing exercise dose reduces interindividual variability 11–

13,180.  However, our data challenge this interpretation.  In fact, our results indicate that when comparing 

low and high doses of exercise training, it is inappropriate, and likely erroneous, to attribute differences in 

CRF response rates to reductions in interindividual variability.  In contrast, our data suggest that 

differences in CRF response rates between groups are primarily driven by different mean changes.  

Consistent with this assertion, we also demonstrate that larger mean changes, not reductions in 

interindividual variability, explain larger CRF response rates following increased exercise exposure 

(Figure 5.4-3).  Although the present study focused on CRF, we recently reported a similar coupling of 

mean changes and response rates in body composition, exercise performance, and strength outcomes 

118,195.  Collectively, these findings echo concerns recently raised by Atkinson and colleagues 9, who 

purport that comparing response rates across intervention groups or time points are more indicative of 

‘average medicine’ than ‘personalized medicine’.   

Data simulations 9 and hypothetical figures 14,17 have previously explored the concepts of 

response rates, mean changes, and interindividual variability.  Our findings extend this work by using 

objectively measured CRF data from 1,590 participants across eight RCTs.  Consistent with previous 

theoretical work 9,14,17, our empirical results demonstrate that CRF response rates and interindividual 

variability are unrelated statistics that provide distinct information.  Specifically, CRF response rates 

quantify the proportion of a given population with CRF improvements beyond a given threshold while 
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interindividual variability characterizes the range/heterogeneity of observed responses 7,9.  The clear 

distinction between response rates and interindividual variability – as demonstrated in the present study 

and in previous simulations/figures 9,14,17 – suggests that it is erroneous to conflate these two statistics.    

The issue of conflating CRF response rates and interindividual variability is exemplified in recent 

interpretations of CRF response rates of 100% (i.e. the absence of “non-responders”) as evidence of little 

to no interindividual variability 11–13.  Our findings suggest these interpretations are misguided as CRF 

response rates of 100% likely reflect large mean changes that far exceed the response threshold.  In other 

words, because CRF response rates are primarily driven by mean changes, the absence of CRF “non-

response” (i.e. a 100% CRF response rate) can occur in the presence (or absence) of large interindividual 

variability.  Therefore, future work should interpret CRF response rates, including rates of 100%, as a 

function of mean changes instead of drawing conclusions regarding response heterogeneity.   

Although differences in CRF response rates are clearly unrelated to interindividual variability, 

Figures 3 and 4 present a wide range of observed CRF responses following a given dose of exercise 

training.  Several lines of evidence suggest that both genetic 2,34,47,196,197 and non-genetic 185 factors may 

contribute to this variability.  For example, Bouchard et al. 47 demonstrated that genetic ‘predictor scores’ 

based on 21 single nucleotide polymorphisms explained ~49% of the variance in observed CRF 

responses.  Additionally, we recently demonstrated that the variance in acute blood lactate responses – a 

marker of metabolic stress 198 – positively predicted the variance in observed CRF responses following 

four weeks of standardized aerobic exercise training 66.  Importantly, these genetic and metabolic 

associations are based on observed CRF responses, and future studies should consider analyses that 

identifies mechanisms associated with true response variability 15,101,114.   

 Despite the large sample sizes utilized in the current study, statistical power likely limited our 

ability to detect differences in CRF response rates.  Dichotomizing continuous data substantially reduces 

statistical power 14,199 and may explain why significantly larger mean changes were not always associated 

with significantly larger CRF response rates (e.g. the five comparisons from the secondary analysis  
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associated with “Secondary Explanation 2”).  For example, post hoc power calculations revealed ~82% 

power for the time x group interaction effect between LAVI and HAVI in STRRIDE (p < 0.05) but only 

~47% power for the chi-squared test comparing CRF response rates between these two groups (p > 0.05).  

We also may have been underpowered to detect differences in interindividual variability between groups 

with Levene’s tests.  According to the statistical software G*Power 200, a sample size of ~200 per group is 

needed to detect a large effect size for the Levene’s test (power: 0.80; two-tailed alpha: 0.05; variance 

ratio of 1.5 200).  However, larger CRF response rates were never associated with smaller interindividual 

variability (Table 5.3-2; Figure 5.4-3).  Thus, regardless of whether poor statistical power limited our 

ability to statistically detect differences in interindividual variability, our data do not support the assertion 

that larger CRF response rates are attributable to reduced interindividual variability.   

It is important to reiterate that this study was a retrospective analysis of previously published 

RCTs.  Because participant characteristics varied across RCTs (e.g. baseline CRF; Table 5.3-2), we 

performed separate statistical analyses for each trial rather than adopting a pooled or meta-analysis.  We 

confirmed that mean changes determine CRF response rates in overweight or obese adults 170,181–183,190, 

type 2 or pre-diabetics 191,192, and overweight adolescents 189.  Given that five of eight trials involved 

overweight or obese, sedentary adults 170,181–183,190, the generalizability of our findings to other populations 

may be limited.  Future work with large sample sizes is needed to explore the relationship between CRF 

response rates, mean changes, and interindividual variability in other populations (e.g. individuals with 

chronic disease, athletes, or healthy, young adult populations).   

5.6 Conclusion 

Against the backdrop of precision exercise medicine 4,20, a growing number of studies have 

compared CRF response rates across varying doses of exercise training.  The current analysis 

demonstrates that larger mean changes, not reductions in interindividual variability, explain larger CRF 

response rates following higher doses of exercise training.  However, higher doses of exercise training did 

not consistently produce larger CRF response rates.  Instances where response rates were similar between 
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exercise groups were associated with similar mean changes but not greater interindividual variability.  

These findings suggest that CRF response rates are primarily driven by mean changes.  Future work 

should avoid making conclusions about individual response heterogeneity when interpreting rates of 

response following exercise training. 
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Chapter 6 

An Appraisal of the SDIR as an Estimate of True Individual Differences in 

Training Responsiveness in Parallel-Arm Exercise Randomized Controlled 

Trials 

Published as original research manuscript: Bonafiglia JT, Brennan AM, Ross R, and Gurd BJ. (2019) 

An appraisal of the SDIR as an estimate of true individual differences in training responsiveness in 

parallel-arm exercise randomized controlled trials. Phys Rep. 7(14):e14163. 

 

6.1 Abstract 

Calculating the standard deviation of individual responses (SDIR) is recommended for estimating 

the magnitude of individual differences in training responsiveness in parallel-arm exercise randomized 

controlled trials (RCTs).  The purpose of this review article is to discuss potential limitations of parallel-

arm exercise RCTs that may confound/complicate the interpretation of the SDIR.  To provide context for 

this discussion, we define the sources of variation that contribute to variability in the observed responses 

to exercise training and review the assumptions that underlie the interpretation of SDIR as a reflection of 

true individual differences in training responsiveness.  This review also contains two novel analyses: 1) 

we demonstrate differences in variability in changes in diet and physical activity habits across an 

intervention period in both exercise and control groups, and 2) we examined participant dropout data from 

six RCTs and found that significantly (p <  0.001) more participants in control groups (12.8%) dropped 

out due to dissatisfaction with group assignment compared to exercise groups (3.4%).  These novel 

analyses raise the possibility that the magnitude of within-subject variability may not be equal between 

exercise and control groups.  Overall, this review highlights that potential limitations of parallel-arm 

exercise RCTs can violate the underlying assumptions of the SDIR and suggests that these limitations 
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should be considered when interpreting the SDIR as an estimate of true individual differences in training 

responsiveness.   

6.2 Introduction  

In 1999 Bouchard et al. 201 published results from the HERITAGE Family Study demonstrating a 

wide range of peak oxygen consumption (VO2peak) responses across individuals completing an identical 

exercise training program.  Subsequently, a substantial body of literature has emerged reporting 

variability in the observed pre-post training changes in VO2peak 6,13,28–30,106,143,146,148,202, peak work rate 

29,143, lactate threshold 28,106, and other physiologically meaningful central 95,203,204 and peripheral 

71,95,142,143,149,205 adaptations.  Importantly, although the existence of variability in the observed response to 

training cannot be questioned (illustrated in Figure 6.2-1), it remains unclear whether this variability can 

be attributed to an effect of exercise per se.   

 

Figure 6.2-1 Waterfall plots of individual responses.  ‘Classic’ illustration of variability in the observed responses 

to exercise training.  Individual bars represent observed changes in cardiorespiratory fitness (CRF) for individual 

participants from a previously published randomized controlled trial 170.  Observed responses to 24 weeks of a no-
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exercise control period (A) or exercise training (B).  The exercise training prescription was walking/jogging five 

times per week at an intensity of 50% baseline cardiorespiratory fitness until 180 (females) or 300 (males) 

kilocalories were expended.    

 In the last several years, biostatisticians in the field of exercise science have raised concerns 

regarding the experimental and statistical rigor required to appropriately analyze individual response 

heterogeneity 4,9,15–17.  Specifically, although many reports have assumed that the variability in observed 

responses reflects true individual differences in training responsiveness 6,13,28–30,106,143,146,148,202, recent 

reviews have highlighted the importance of considering multiple sources of variation that can contribute 

to the observed variability in training responses and have questioned whether the existence of individual 

variability attributable to exercise has been convincingly demonstrated 4,8,9,15–17,101,161.   

In parallel-arm exercise randomized controlled trials (RCTs), the standard deviation of individual 

responses (SDIR), the amount by which the true effect of the treatment differs between individuals 16 

(described in detail below), has been forwarded as an appropriate and robust statistical means of 

quantifying the magnitude of individual differences in training responsiveness 15.  Importantly, there are 

potential limitations associated with parallel-arm exercise RCTs that merit consideration when 

interpreting the SDIR.  However, despite several exercise training studies utilizing the SDIR 101,114,118,119,206–

208, the potential impact of these limitations have yet to be discussed in detail in the individual response 

literature.   

 Thus, the purpose of the current review is to discuss the potential limitations in parallel-arm 

exercise RCTs that may limit confidence when interpreting the SDIR.  It is important to note that this 

review does not find fault in the mathematical logic underlying the SDIR.  Further, we agree with previous 

reports 9,15,101 that calculating the SDIR is the only approach for determining whether interindividual 

variability can be attributed to an effect of exercise per se in parallel-arm exercise RCTs.   In this review, 

we highlight potential external and inherent limitations that may affect the data obtained from parallel-

arm exercise RCTs and consequently limit confident interpretation of the SDIR as an estimate of true 

individual differences in training responsiveness.  Given the recent focus on the application of 

personalized exercise-based medicine 4,20, this review aims to better inform researchers in exercise science 
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about the logic underlying the SDIR and the potential pitfalls associated with parallel-arm exercise RCTs 

that may confound its use as an estimate of variability in training responsiveness attributable to exercise.    

6.3 Sources of Variation Impacting an Individual’s Observed Response to Training 

In this section we discuss the different sources of variability that influence an individual’s 

observed value at a single time point (6.3.1) and observed pre-post change following an intervention 

(6.3.2).  The terminology used in this section is a synthesis of terms derived from a series of previously 

published papers 7,8,101,106,119,128,146–149,151,152,15,154,167,203,209–214,16,17,24,25,28–30.  We attempt to use the most 

common term(s) for each source of variability and provide a list of relevant terms with definitions and 

alternative names in Table 6.3-1.  
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Table 6.3-1 Individual response terms used in literature.  

Synthesis of terms used in this paper and in the individual response literature.    

Term used this paper 
Defined on 

page 
Articles using this term Alternative names used in other articles 

Observed value 136 7,25,209  

True value 136 7,15,17,25,209  

Typical error 136 

7,8,152,154,210–

212,25,28,29,101,106,127,128,148 

Random error/noise 8,17,25 

Technical error 30,149,151,214 

Coefficient of variation (TE expressed as a 

percentage of the mean; 8,25,146,147,203) 

Technical error 136 15,25 
Measurement error 17 

Instrumentation error 7 

Random day-to-day variability 137 101 Biological error/variability 7,25,101 

Observed change/response 137 25,209  

True change/response 137 15,209  

Within-subject variability 

(ΔWS) 
137 8,17 

Biological variability 7 

Within-patient error 24,213 

Random within-subjects variability 15,101,119 

Standard deviation of individual 

response (SDIR; VΔTRUE) 
139 8,15,16,101,119 

Subject-by-training interaction 15,17,101 

Patient-by-treatment interaction 24,167,213 
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Individual responses; Individual trainability; 

Individual talent; Training responsiveness 17 

True individual differences 15,25 

Variability in observed responses 

(SDEX; SDCON) 
139 8,16,17,209 

Standard deviation in changes in interventions 

or controls 15,101,119 

Gross response variability 8,17 

Minimum clinically important 

difference (MCID) 
139 15,101,119 Smallest worthwhile difference/change 7,8,17,154 
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6.3.1 Typical Error of Measurement 

Whenever a measurement is obtained, the observed value that results is influenced by both the 

individual’s true value and random measurement error.  Random measurement error, or the typical error 

of measurement (TE), results from a combination of the technical error introduced by equipment and/or 

experimenter reliability and the random day-to-day variability in biological factors capable of altering the 

measured variable.  Biological factors contributing to random day-to-day variability include factors that 

can affect an individual’s mental and/or physical state at the time of testing (e.g. behavioural and 

environmental factors including circadian rhythm, sleep patterns, diet, exercise, etc.; 4,7,17,25,185).  The 

equation below demonstrates that an individual’s observed value is comprised of both their true value 

(TRUE) and the TE 209:  

 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 =  𝑇𝑅𝑈𝐸 ±  𝑇𝐸 (1) 

Importantly, although both technical error and day-to-day biological variability will introduce 

“noise” into any measurement, this noise is expected to randomly affect the observed value.  In other 

words, the noise introduced by TE will, over the course of repeated measurements, result in observed 

values that are normally distributed around an individual’s true value (Figure 6.3-1).  Thus, taking the 

mean of several measurements at a single time point (e.g. before or after training) will increase the 

accuracy of the estimate of an individual’s true value 17,154.     

Within the context of a training intervention, an individual’s observed change incorporates both 

their true change (ΔT) from baseline (PRE) to end of training (POST) and the TE associated with both 

PRE and POST observed values (ΔTE):  

 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙′𝑠 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶ℎ𝑎𝑛𝑔𝑒 =  𝛥𝑇 ± 𝛥𝑇𝐸 (2) 

It is important to emphasize that TE (both technical error and day-to-day biological variability) 

would be expected to introduce random noise into both PRE and POST measurements.  Thus, while this 

random noise likely exerts minimal influence on the ability to detect group differences across a training 

intervention, it can influence an individual’s observed change following training 17.   
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Figure 6.3-1 Typical error and repeated measures.  Illustration of the random nature of typical error (TE) in the 

observed values of repeated measures distributed around the true value (vertical dashed line). 

6.3.2 Within-Subject Variability 

Biological variability also has the potential to influence an individual’s true change following an 

exercise training intervention.  Chronic changes in behavioural and/or environmental factors external to 

the prescribed exercise (e.g. changes in long-term activity patterns or diet quality/quantity; reviewed by 

185,215) can impact an observed change by augmenting or impairing an individual’s true response to an 

intervention 17,24.  Because variability in an individual’s mental/physical state could alter their true 

response to the same exercise intervention administered on different occasions, this source of variability 

is termed “within-subject variability” (Table 6.3-1; 17,24).  The existence of within-subject variability 

requires that ΔT (from equation 2) be further delineated into true changes attributable to exercise 

(ΔTRUE) and true changes not-attributable to exercise (i.e. changes attributable to within-subject 

variability; ΔWS): 

 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙′𝑠 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐶ℎ𝑎𝑛𝑔𝑒 =  ∆𝑇𝑅𝑈𝐸 ±  𝛥𝑊𝑆 ±  𝛥𝑇𝐸 (3) 

 Unlike TE, which is expected to have a random effect on observed changes (Figure 6.3-1) and 

remain constant regardless of the duration of an intervention, the impact of ΔWS on an individual’s 

observed change is expected to increase with longer interventions due to the potential for longer/more 

substantial behavioural/environmental changes. 
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6.4 Attempting to Isolate Individual Differences in Training Response: The SDIR 

Although a repeated cross-over exercise/control study can theoretically partition the multiple 

sources of variation that contribute to an individual’s observed change following training 17,167, this 

experimental design is costly and time-consuming.  In contrast, estimating the standard deviation of 

individual responses (SDIR) in a parallel-arm exercise RCT (i.e. one or more experimental arms and one 

control arm) has been championed as a more feasible approach to isolate the amount by which ΔTRUE 

differs between individuals 9,15,16.  In this section, we explore how differences in the standard deviations 

of change scores between the experimental and control arms of a parallel-arm RCT are used to calculate 

the SDIR.  We also highlight the assumptions that permit the SDIR to be interpreted as an estimate of true 

individual differences in training responsiveness.   

6.4.1 Sources of Between-Subject Response Variability Within the Exercise Arm of an RCT 

From this point forward, we will focus on the factors contributing to the variability in observed 

responses between individuals (i.e. interindividual variability/between-subject variability in observed 

responses; Table 6.3-1).    

Box 1: Key points from section 6.3 

• The “noise” introduced by the typical error of measurement (TE) is expected to randomly 

affect observed values (Figure 6.3-1).   

• In addition to TE in both PRE- and POST-intervention measurements, changes in behavioural 

and/or environmental factors also affect an individual’s observed change to an intervention 

(termed within-subject variability).   

• Although the influence of TE on an individual’s observed change remains constant regardless 

of the length of the intervention, the influence of within-subject variability is expected to 

increase with longer intervention durations.   
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Within the exercise arm of a parallel-arm RCT, the variability in observed responses can be 

quantified by calculating the standard deviation of the individual change scores (the standard deviation of 

observed responses to exercise; SDEX).  Although the variability in the factors contributing to SDEX cannot 

be isolated for a single arm exercise intervention 17, we can theoretically capture these factors using the 

following equation: 

 𝑆𝐷𝐸𝑋  =  𝑉∆𝑇𝑅𝑈𝐸 ± 𝑉∆𝑊𝑆𝐸𝑋  ± 𝑉∆𝑇𝐸𝐸𝑋 (4) 

where VΔTRUE is the between-subject variability in the true changes attributable to exercise (i.e.  the 

magnitude of true individual differences in training responsiveness), VΔWSEX is the variability in the 

within-subject variability within the exercise arm (i.e. the between-subject variability in true changes not 

attributable to exercise), and VΔTEEX is the variability in the TE at PRE and POST within the exercise 

arm.    

As with the impact of ΔWS on an individual’s observed response (discussed in section 6.3), 

VΔWSEX reflects variability in changes in behavioral/environmental factors external to the prescribed 

exercise that can either augment or impair individuals’ true responses 17,24.  Figure 6.4-1 presents 

variability in changes in behavioural factors in an EX group from a large RCT 170,171, which potentially 

demonstrates the existence of VΔWSEX and raises the possibility that variability in these behavioural 

factors contributed to the SDEX presented in Figure 6.2-1.  Importantly, the component of variability 

within SDEX attributed to VΔWSEX and VΔTEEX is purported to occur randomly 15,101,119.  This purported 

random nature of VΔWSEX has led it to be called “random within-subjects variability” 15,101,119.  Similar to 

the effects of ΔTE and ΔWS, the effect of VΔTEEX on SDEX should remain constant regardless of the 

duration of intervention period while the impact of VΔWSEX on SDEX would be expected to increase with 

increasing intervention duration.   
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Figure 6.4-1 Changes in behavioural factors to control and exercise.  Histograms depicting variability in changes 

in behavioural factors that are known to influence overall health and fitness following the completion of 24 weeks of 

exercise training (EX) or a control period (CON).  All data was collected from a previously published randomized 
controlled trial 170.  Variability in changes in Canadian Healthy Eating Index Scores (A), sedentary time (B), energy 

intake (C), and total physical activity (D).  The EX and CON groups presented in this figure are the same groups 

presented in Figure 6.2-1.  See Ross et al.  171 for more information regarding the measurement of these behavioural 

outcomes.  SDCON and SDEX values represent the variability in observed responses to CON and EX, respectively.  

SDIR values were calculated using equation 8.  Negative SDIR values reflect situations where SDCON exceeded SDEX, 

and SDIR was therefore calculated by switching SDCON and SDEX in equation 8.  As recommended by Hopkins 16, 

effect sizes of SDIR values (ESIR) were calculated by dividing SDIR values by baseline SD (see Hopkins 16 for effect 

size category cut-points).  As previously recommended 7,8,160, minimum meaningful change (MMC) thresholds were 

determined by multiplying baseline SD by 0.2.  The arrows indicate the mean observed response for each 

behavioural variable. 

 

Because SDEX results from multiple sources of variability, inferences about the existence or 

magnitude of VΔTRUE cannot be made without quantifying the contributions of VΔWSEX and VΔTEEX.  As 

discussed in the next subsection, a control group is needed to estimate the contribution of VΔWS and 
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VΔTE on the variability in observed responses 15.  Thus, attempts to attribute variability in the observed 

responses to VΔTRUE in single-arm exercise trials (i.e. lacking a control group) have been justifiably 

criticized 15,101.   

6.4.2 Response Variability Within the Control Arm of an RCT and Calculating SDIR 

The fundamental assumption inherent to parallel-arm exercise RCTs is that participants in the 

treatment and control (CON) groups differ only by the treatment they receive (i.e. standardized exercise 

training vs. usual care, respectively; 161).  Accordingly, it is assumed that the difference between SDEX 

(see equation 4 above) and the standard deviation of the observed responses to CON (SDCON) is the 

absence of VΔTRUE.  Thus, the variability in the observed responses to CON (SDCON) can be captured 

with the following equation: 

 𝑆𝐷𝐶𝑂𝑁  =  𝑉∆𝑊𝑆𝐶𝑂𝑁 ± 𝑉∆𝑇𝐸𝐶𝑂𝑁  (5) 

where VΔWSCON and VΔTECON are the variability attributable to random within-subject variability and TE, 

respectively.  Similar to EX, there appears to be variability in changes in behavioural factors in CON 

(select behavioural factors from a large RCT 170,171 are presented in Figure 6.4-1) and this variability may 

contribute to SDCON (Figure 6.2-1A).    

If the only difference between EX and CON within a parallel-arm RCT is the presence (or 

absence) of exercise, and we assume that variability in within-subject variability and TE are equal 

between groups (i.e. VΔWSEX = VΔWSCON and  VΔTEEX = VΔTECON), subtracting the variability of 

observed responses to CON (SDCON) from the variability in observed responses to EX (SDEX) should 

provide us with an estimate of VΔTRUE as follows:  

 𝑆𝐷𝐸𝑋  −  𝑆𝐷𝐶𝑂𝑁  = (𝑉∆𝑇𝑅𝑈𝐸 ± 𝑉∆𝑊𝑆𝐸𝑋  ±  𝑉∆𝑇𝐸𝐸𝑋) − (𝑉∆𝑊𝑆𝐶𝑂𝑁  ±  𝑉∆𝑇𝐸𝐶𝑂𝑁) (6) 

wherein VΔWSEX = VΔWSCON and VΔTEEX = VΔTECON; thus, (VΔWSEX ± VΔTEEX) and (VΔWSCON ± 

VΔTECON) cancel each other out resulting in the following (simplified) equation:  

 𝑆𝐷𝐸𝑋  −  𝑆𝐷𝐶𝑂𝑁  =  𝑉∆𝑇𝑅𝑈𝐸 (7) 
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The simplification of equation (6) to equation (7) and the underlying logic detailed above provide 

the foundation for the utility of the SDIR in parallel-arm exercise RCTs.   Specifically, the difference in 

variability between EX and CON reflects the variability that is attributable to true individual differences in 

training responsiveness (VΔTRUE).  It is important to reiterate that interpreting the SDIR as an estimate of 

VΔTRUE is based on the assumption that VΔWS and VΔTE are equal between EX and CON.  Accordingly, 

if there is the potential that this assumption is violated, then caution should be applied when interpreting 

the SDIR.   

SDIR is calculated using the following equation 15,16,101: 

 𝑆𝐷𝐼𝑅 =  √(𝑆𝐷𝐸𝑋)2 − (𝑆𝐷𝐶𝑂𝑁)2 (8) 

Once the SDIR is calculated, confidence intervals and standardized effect sizes can be generated 

16,161 and the magnitude of the SDIR can be interpreted relative to a minimal clinically important difference 

(MCID) 15 or a smallest worthwhile change (SWC; typically 0.2 x baseline standard deviation) 160.   

 

6.5 The Impact of Limitations in Parallel-Arm Exercise RCT on the Interpretation of the 

SDIR 

In section 6.4-2 we discussed that interpreting the SDIR as an estimate of VΔTRUE requires that 

VΔWS and VΔTE are the same between EX and CON groups (i.e. VΔWSEX = VΔWSCON and VΔTEEX = 

VΔTECON).  In this section, we highlight examples that violate this assumption.  Specifically, we highlight 

Box 2: Key points from section 3 

• Based on the assumption that typical error (VΔTE) and within-subject variability (VΔWS) do 

not differ between exercise and control arms in an RCT, the SDIR theoretically represents the 

magnitude of individual differences in training responsiveness (VΔTRUE) (equations 6-8).   

• If the assumptions of the SDIR are violated, then caution is warranted when interpreting the 

SDIR. 
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external (section 6.5.1 and 6.5.2) and inherent (section 6.5.3) limitations in the design of parallel-arm 

exercise RCTs and suggest that these limitations limit confidence when interpreting the SDIR as an 

estimate of VΔTRUE.   

6.5.1 External Limitations that May Affect the Interpretation of the SDIR 

As stated in section 6.4, failure to consider SDCON is a major limitation that prevents inference 

about the existence and/or magnitude of VΔTRUE 101.  Although this section focuses on other external 

limitations that can occur in RCTs, the issues associated with not considering SDCON are briefly reiterated 

in the discussion (section 6.6) and have been discussed in previous articles 4,9,15,101.   

Even when SDCON is considered, there are external limitations in study design that can occur in 

parallel-arm exercise RCTs that may violate the assumption that VΔWS and VΔTE are equal between EX 

and CON.  It is important to acknowledge that these limitations represent deviations from standard 

guidelines for designing an RCT 216.  For instance, using different equipment and/or experimenters to 

measure outcomes in EX vs. CON groups 206 risks introducing differences in VΔTE between EX and CON 

groups.  Additionally, study designs that allow for potential between-group differences in 

behavioural/environmental factors (e.g. using different durations to separate baseline and follow up 

measures between EX and CON; collecting EX and CON at different sites 206; etc.) risks introducing 

differences in VΔWS between groups.  Non-optimal RCT designs introduce the possibility that VΔTEEX ≠ 

VΔTECON and/or VΔWSEX ≠ VΔWSCON and therefore limit the utility of the SDIR to accurately estimate 

VΔTRUE 9.   

6.5.2 The Potential Influence of Adherence and Compliance to the Prescribed Exercise  

It is important to note that differences in training adherence (attending the prescribed number of 

training sessions) and compliance (completing the exercise sessions as prescribed; i.e. achieving the 

prescribed exercise intensity and/or duration) may also influence the variability in observed responses to 

exercise training (SDEX).  This variability would not be attributable to either VΔTRUE or VΔWSEX, but 
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would represent an additional source of variance in the observed response to an exercise intervention.  We 

have modified equation 4 to include variability in adherence/compliance to exercise training (VΔAD):  

𝑆𝐷𝐸𝑋  =  𝑉∆𝑇𝑅𝑈𝐸 ± 𝑉∆𝐴𝐷 ± 𝑉∆𝑊𝑆𝐸𝑋  ± 𝑉∆𝑇𝐸𝐸𝑋 (9) 

 Importantly, variability in participant adherence/compliance to exercise training (VΔAD) further 

complicates the assumption that EX and CON only differ by VΔTRUE.  Specifically, subtracting SDCON 

from SDEX would not isolate (VΔTRUE) but instead would result in the following (modified based on 

equation 7; see above):  

𝑆𝐷𝐶𝑂𝑁 − 𝑆𝐷𝐸𝑋  =  𝑉∆𝑇𝑅𝑈𝐸 ± 𝑉∆𝐴𝐷 (10) 

  The added complexity associated with VΔAD requires that trialists implement a standardized 

approach that considers participant adherence/compliance prior to calculating the SDIR (e.g. only include 

data from participants that completed >90% of supervised training sessions).  We refer the reader to 

published articles that have discussed strategies to account for differences in participant adherence and 

compliance 217,218.   

6.5.3 Inherent Limitations that May Affect the Interpretation of the SDIR 

The impact of the external limitations discussed in sections 6.5.1 and 6.5.2 can be eliminated, or 

at least reduced, by performing rigorously designed RCTs.  However, even in rigorously controlled 

exercise RCTs, there may be inherent limitations that threaten the assumption that VΔTE and VΔWS are 

random, and thus are equal between EX and CON.  Unlike drug trials that administer placebo to the CON 

group, participants cannot be blinded to their assigned group in exercise RCTs 217,218.  Non-blinded group 

assignment risks introducing performance/participant preference bias 110,219; a type of bias that causes 

participants to alter their behaviour during the course of an intervention based on the knowledge of, and 

potential preference toward/against, their assigned group 219.  Thus, it is possible that 

performance/preference bias results in differences in variability in behavioural changes between EX and 

CON (Figure 6.4-1), which violates the assumption that VΔWS is equal between groups.    
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 We have performed two novel analyses in an attempt to determine whether 

performance/participant preference bias exists in exercise RCTs.  First, we synthesized dropout 

information from several large parallel-arm exercise RCTs (Table 6.5-1).  Interestingly, we found that 

despite similar dropout rates (p = 0.9), significantly more (p < 0.001) CON participants (12.8% of total 

sample) dropped out due to dissatisfaction with their group assignment than EX participants (3.4% of total 

sample; see Table 6.5-1).  This finding is consistent with the assertion that participants prefer to be 

assigned to EX over CON 217,220,221 and raises the possibility that exercise RCTs inherently introduce 

performance/preference bias that may contribute to differences in VΔWS between groups.   

Table 6.5-1 Dropout reasons and rates from six trials. 

Reasons for dropouts pooled across six large parallel-arm exercise randomized controlled trials 

conducted in middle-aged, overweight/obese adults free of cardiovascular disease and type 2 

diabetes.   

 Exercise Group Control Group 

Total Number of Participants 966 288 

 Reasons for Dropout   

Dissatisfaction with group* 33 (3.4%) 37 (12.8%) 

No contact 8 (0.8%) 3 (1.0%) 

Time commitment 50 (5.2%) 6 (2.1%) 

Other 121 (12.5%) 18 (6.3%) 

Total Number of Dropouts 212 (21.9%) 64 (22.2%) 

We performed 2x2 chi-squared analyses on the proportion of dropouts (dropouts vs.  
completers) and the number of participants who dropped out due to dissatisfaction (dropouts 

due dissatisfaction vs.  dropouts not due to dissatisfaction) between EX and CON.  References 

for the six randomized controlled trials: 170,181,222–225†.  Percentages are relative to total number 
of participants within each group. 

* Significant difference (p < 0.001) between groups. 
†This table only includes dropout data from exercise and control groups.  Groups that followed 

dietary interventions without a prescribed exercise intervention were excluded from this 
analysis.    

 

Next, in an attempt to test the assumption that VΔWS is equal between EX and CON, and to try to 

understand the impact of non-blinding/preference bias in exercise RCTs, we compared the variability in 

changes in select behavioural factors (parameters of physical activity and diet) from a large exercise RCT 
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170,171.  Interestingly, we found that the variability in these factors differed between EX and CON groups 

with moderate-large SDIR effect sizes (Figure 6.4-1).  Although this analysis is preliminary, it highlights 

the potential impact of non-blinding on behavioural factors believed to contribute to VΔWS.   

 Collectively, these analyses highlight the potential impact of non-blinded group assignment in 

parallel-arm exercise RCTs on data quality.  Specifically, we believe these results suggest that inherent 

pitfalls associated with exercise RCTs violate the assumption that VΔWSEX = VΔWSCON.  In an attempt to 

improve the robustness of the SDIR in parallel-arm exercise RCTs, trialists can use statistical approaches 

(e.g. outlier removal) to identify participants that may have deviated from the prescribed behaviours.  

However, it may prove difficult, if not impossible, to measure and account for all sources of VΔWS when 

attempting to calculate and interpret the SDIR.    

6.6 Discussion 

In the previous section we discussed that limitations of parallel-arm exercise RCTs may 

invalidate the assumption that VΔTE and VΔWS are equal between EX and CON due to: 1) non-optimal 

RCT designs (section 6.5.1), 2) variability in participant adherence/compliance to exercise training 

(section 6.5.2), and 3) inherent limitations (e.g. inability to blind participants to group assignment; section 

Box 3: Key points from section 6.5 

• Parallel-arm exercise RCTs containing external limitations may deliberately introduce 

between-group differences in VΔTE and/or VΔWS, thus violating the assumptions that allow 

the SDIR to estimate VΔTRUE.   

• Beyond avoidable external limitations, inherent limitations in parallel-arm exercise RCTs 

(e.g. inability to blind participants) also risk violating the assumption that VΔWS is equal 

between EX and CON.   

.   
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6.5.3).  Taken together, the previous section suggests that caution is warranted when interpreting the SDIR 

as an estimate of VΔTRUE in parallel-arm exercise RCTs.   

 It is important to note that the above-mentioned limitations are specific to parallel-arm exercise 

RCTs.  RCTs that are devoid of these limitations (e.g. drug trials where participants can be blinded) may 

not violate the assumption that VΔTE and VΔWS are equal between EX and CON.  Additionally, although 

acute exercise studies involve non-blinded participants, these studies are relatively short (e.g. 

measurements collected at baseline and three hours-post acute exercise (61,62)) and may not provide 

enough time for behavioural/environmental differences (i.e. factors contributing to VΔWS) to emerge 

between EX and CON.  To our knowledge, only one acute exercise study has utilized the SDIR 226, 

highlighting acute exercise as a feasible model for exploring the existence and magnitude of VΔTRUE.  

Subsequent to establishing the existence of VΔTRUE, researchers can explore potential mechanisms that 

contribute to interindividual differences in training responsiveness (see “conceptual framework” in (19)).   

 It is also important to reiterate that the majority of previous reports examining individual 

responses to exercise training have not included a CON group 13,28,29,106,143,146,148,202,203 or analyzed SDCON 

6,30.  In the absence of SDCON, it is impossible to partition the contributions of VΔTRUE and VΔTE/VΔWS 

as the counterfactual (i.e. an estimate of what would have happened had a participant in EX been allocated 

to CON) remains unknown 101.  Although we suggest that caution is warranted when interpreting the SDIR, 

failing to consider SDCON represents a larger and more problematic issue in the individual response 

literature.   

6.7 Conclusion and Future Directions 

The SDIR statistic estimates whether variability in the observed responses to exercise training can 

be attributed to an effect of VΔTRUE per se 15.  However, external limitations and non-blinded group 

assignment may confound the robustness of the SDIR.  Therefore, we suggest that future studies consider 

the potential limitations in parallel-arm exercise RCTs when interpreting the SDIR as an estimate of 

VΔTRUE.  
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 While the SDIR statistic is relevant for parallel-arm exercise RCTs, there are other statistical 

approaches that are useful for clinical/applied settings.  Specifically, there are several approaches for 

estimating whether an individual has benefited from an exercise intervention 4,7,8,23,166.  Although these 

approaches are not able to determine why an individual has/has not benefited following an intervention, 

they provide information that can be used to guide individualized exercise prescription decision-making 

21.  Therefore, although the SDIR is the only statistic able to assess the existence/magnitude of VΔTRUE in 

parallel-arm exercise RCTs 9, different statistical approaches 4,7,8,23,166 can be used in future studies that 

wish to investigate the application of personalized exercise-based medicine.  
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Chapter 7 

Examining interindividual differences in select muscle and whole body-body 

adaptations to continuous endurance training 

Published original research article: Bonafiglia J.T., Islam H., Preobrazenski N., Ma A., Deschenes M., 

Erlich A.T., Quadrilatero J., Hood D.A., and Gurd B.J. (2021) Examining interindividual differences in 

select muscle and whole-body adaptations to continuous endurance training.  Exp. Physiol.  In-press.  

7.1 Abstract  

Studies have interpreted a wide range of morphological and molecular changes in human skeletal 

muscle as evidence of interindividual differences in trainability.  However, these interpretations fail to 

account for the influence of random measurement error and within-subject variability.  The purpose of the 

present study was to use the standard deviation of individual response (SDIR) statistic to test the 

hypothesis that interindividual differences in trainability are present for some but not all skeletal muscle 

outcomes.  Twenty-nine recreationally-active males (age: 21±2 years; BMI: 24±3; VO2peak: 45±7 

mL/kg/min) completed four weeks of continuous training (REL; n=14) or control (CTRL; n=15).  

Maximal enzyme activities (citrate synthase and β-HAD), capillary density, fibre type composition, fibre-

specific SDH activity and substrate storage (IMTG and glycogen), and markers of mitophagy (BNIP3, 

NIX, PRKN, and PINK1) were measured in vastus lateralis samples collected before and after the 

intervention.  We also calculated SDIR values for VO2peak, peak work rate, and the onset of blood lactate 

accumulation for REL and a separate group that exercised at the negative talk test (TT) stage.  Although 

positive SDIR values – indicating interindividual differences in trainability – were obtained for aerobic 

capacity outcomes, maximal enzyme activities, capillary density, all fibre-specific outcomes, and BNIP3 

protein content, the remaining outcomes produced negative SDIR values indicating a large degree of 

random measurement error and/or within-subject variability.  Our findings question the interpretation of 

heterogeneity in observed responses as evidence of interindividual differences in trainability and highlight 
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the importance of including control groups when analyzing individual skeletal muscle response to 

exercise training.     

7.2 Introduction  

Several studies have reported a wide range of individual molecular and morphological changes 

following aerobic exercise training in human skeletal muscle 95,100,141–143.  For example, McPhee et al. 

(2011) presented observed responses in skeletal muscle enzyme content that ranged from a ~3-fold 

decrease to a ~6-fold increase following six weeks of training.  These studies have interpreted a wide 

range of observed responses (i.e. pre-post training changes) as evidence of interindividual variability in 

the responses to aerobic exercise training (i.e. interindividual differences in trainability).  However, 

because observed responses contain random measurement error and within-subject variability 22, it is 

unclear whether observed variability reflects interindividual differences in trainability in skeletal muscle 

adaptations to exercise training.   

The standard deviation of individual response (SDIR) statistic can estimate interindividual 

differences in trainability in exercise training responses using the following equation 15: 

 𝑆𝐷𝐼𝑅 =  √(𝑆𝐷𝐸𝑋)2 − (𝑆𝐷𝐶𝑇𝑅𝐿)2 (1) 

where SDEX and SDCTRL represent the standard deviation of observed variability in an exercise (EX) and a 

no-exercise control group (CTRL), respectively.  Assuming measurement error and within-subject 

variability equally contribute to observed variability in EX and CTRL, a positive SDIR (i.e. SDEX > SDCTRL) 

indicates interindividual differences in trainability 15.  Conversely, a negative SDIR value (i.e. SDEX < 

SDCTRL) suggests interindividual differences in trainability may not exist and that observed variability 

reflects a large degree of random measurement error and/or within-subject variability 15.  Recent studies 

using the SDIR approach have reported a mixture of positive and negative SDIR values for cardiorespiratory 

fitness and body composition responses to aerobic exercise training 8,114,118,119.  However, no study has 

adopted the SDIR statistic to analyze skeletal muscle responses to aerobic exercise training.  We speculate 

that morphological and molecular skeletal muscle changes will also reveal a mixture of positive and 
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negative SDIR values indicating the presence and absence of interindividual differences in trainability, 

respectively.  

 The primary purpose of the present study was to use the SDIR statistic to test the hypothesis that 

interindividual differences in trainability are present for some but not all morphological and molecular 

skeletal muscle responses to aerobic exercise training.  To test this hypothesis, we examined changes in a 

wide range of morphological and molecular skeletal muscle outcomes including: enzyme activities 

(whole-muscle citrate synthase [CS], beta-hydroxyacyl-CoA dehydrogenase [β-HAD], and fibre-specific 

succinate dehydrogenase [SDH]), type I fibre composition, capillary density, fibre-specific substrate 

storage (glycogen and intramuscular triglycerides [IMTG]), and markers of mitophagy (BCL2-interacting 

protein 3 [BNIP3], BNIP3-like protein [NIX], Parkin (PRKN), and PTEN-induced kinase 1 [PINK1]).  

We also examined three whole-body aerobic outcomes including peak oxygen consumption (VO2peak), 

peak work rate (WRpeak), and work rate at the onset of blood lactate accumulation (OBLA) following 

continuous training at relative intensity (REL) or an intensity that produced a negative response to the talk 

test (TT).  Confirming our hypothesis would provide evidence supporting the assertion that it is 

inappropriate, and perhaps erroneous, to assume that observed variability reflects interindividual 

differences in trainability 15.   

7.3 Methods 

7.3.1 Ethics Approval 

Each participant attended a preliminary screening session where they were provided a verbal and 

written explanation of the experimental protocol and its associated risks prior to obtaining informed 

consent.  All experimental procedures performed on human participants were approved by the Human 

Health Sciences Human Research Ethics Board at Queen’s University (reference number: 6003260) and 

conformed to the Declaration of Helsinki, except for registration in a database.     

7.3.2 Experimental Design 
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Figure 7.3-1 provides a schematic of our study design.  The current study followed a parallel-arm 

design in which 29 recreationally-active males (age: 21±2 years; BMI: 24±3; peak oxygen uptake 

[VO2peak]: 45±7 mL/kg/min) were assigned to either four weeks of supervised continuous training at a 

relative intensity of 65% WRpeak (REL; n = 14) or a no-exercise control period (CTRL; n = 15).  

Participants were assigned to REL or CTRL via minimization 153 whereby the first participant was 

randomly allocated to REL or CTRL and every subsequent participant was allocated in a manner that 

minimized the imbalance of baseline VO2peak between groups.  We also analyzed whole-body aerobic 

adaptations from a separate group that exercised at an intensity that produced a negative response to the 

talk test (TT).  The TT group was part of a separate study 66, and thus participants were separately 

recruited and enrolled into this group.  Data collection for all three groups occurred concurrently 

(September-March, 2016), used the same inclusion/exclusion criteria to recruit participants from the same 

population, and took place in the same location.  All participants were recruited through social media 

advertisements and posters distributed across the Queen’s University’s campus.  Participants were asked 

to maintain their regular dietary and physical activity habits throughout the 4-week intervention.  
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The study protocol, eligibility criteria, and training and mean VO2peak, WRpeak, and OBLA data 

are provided elsewhere 66.  In brief, REL involved 30 minutes of cycling at 65% WRpeak, whereas TT 

involved 30 minutes of cycling at an intensity that caused uncomfortable speech production.  Both groups 

exercised for 4 days per week for 4 weeks (15 sessions total; 3d/wk in one week).  All three whole-body 

aerobic outcomes were assessed during incremental step tests to exhaustion before and after training: 

VO2peak was calculated as the highest 30 second average oxygen consumption (collected via gas 

Figure 7.3-1 Study Design.  Schematic of study design. Participants in study 1 were assigned to 

control (CTRL) or continuous training at relative intensity (REL) via minimization based on pre-

training peak oxygen consumption (VO2peak) measures – see 66 for details.  A separate cohort of 

participants were recruited to complete four weeks of continuous training at the negative talk test (TT) 

stage.  Incremental step tests were completed to measure VO2peak, peak work rate (WRpeak), and the 

onset of blood lactate accumulation (OBLA).  NEG refers to the negative talk test stage – an intensity 

where participants cannot maintain comfortable speech (see 66 for details). 
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exchange using a metabolic cart), WRpeak was calculated as the highest 30 second average work rate, 

and OBLA was determined as the work rate during when blood lactate levels exceeded 4.0 mmol/L.  

Using the Bergström skeletal muscle biopsy technique as previously described 227, vastus lateralis 

biopsies were collected from the REL and CTRL groups only.  Biopsies were collected after an overnight 

fast (~12 hours) before (pre) and ~72 hours (post) following the final REL session or the end of the no-

exercise control intervention.  All participants were asked to refrain from exercising 24 hours before their 

biopsy and physiological testing visits, and to arrive to our laboratory in an overnight fasted state.  Upon 

arrival, we provided participants with a standardized breakfast (12 grain bagel with ~1.5oz of cream 

cheese and 300mL of orange juice [total ~510 kcals; ~20g fat, ~71g carbohydrate, and ~14g protein).  A 

small portion of skeletal muscle samples were embedded in optimal cutting temperature (O.C.T.) 

compound (Tissue-Tek, Sakura Finetek, USA) for immunofluorescent and histochemical analysis, and the 

remaining sample was immediately snap-frozen in liquid nitrogen.  

7.3.3 Tissue Analysis 

~10-20 mg of muscle was homogenized to determine maximal CS and β-HAD activities as  

previously described 95.   

 Immunofluorescent analysis of myosin heavy chain isoforms was performed as previously 

described 228.  MHCIIa/x or MHCIIx fibres were not examined given our previous observation of a low 

abundance of these fibres in samples collected from recreational active males 229. This observation is also 

consistent with recent estimates that type IIX fibres represent <1% of the total muscle fibre pool 230.  All 

fibres were counted in each cross-section, and type I composition was expressed as a percentage of type I 

fibres relative to the total sum of type I and IIa fibres.  Additionally, we used immunofluorescence to 

count capillaries, and capillary density was expressed as the average number of capillaries per millimetre 

squared (cap/mm2) as previously described 231.  Lastly, SDH activity, glycogen content, and IMTG 

content were quantified via histochemical analysis as previously described 228, and were matched to fibre-

type to quantify these outcomes in a fibre-specific manner.    
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 Western blotting was performed on whole-muscle homogenates to quantify the content of 

mitophagy regulators as previously described 232.  We used commercially available antibodies against 

BNIP3 (1:1000 dilution; antibody gifted from Dr. Kirshenbaum), NIX (1:200; Santa Cruz, sc-166332 lot 

#D0114), PRKN (1:1000; Cell Signalling, 4211 lot #4), and PINK1 (1:1500; Santa Cruz, sc-33796 lot 

#C2107).  Ponceau staining was used as a loading control, and there were no differences in protein 

between conditions or time (all p > 0.05).  All protein data were expressed relative to total protein loaded.   

7.3.4 Statistical Analysis 

Observed responses for all outcomes were calculated by subtracting post-intervention values from 

pre-intervention values.  Two-way repeated measures ANOVAs were used to assess main effects of time, 

group, and time˟group interactions for skeletal muscle outcomes only (results for mean changes in 

VO2peak, WRpeak, and OBLA reported elsewhere 66).  Three-way repeated measures ANOVAs were 

used for fibre-specific outcomes (factors: time, group, and fibre type).  SDIR values were calculated for 

each outcome using equation 1, and were calculated separately for REL and TT groups.  Because 

participants in TT group were not randomized (Figure 7.3-1), analysis on the TT group violates the 

assumptions of independence required for the SDIR 
15.  The TT analysis was therefore exploratory and the 

associated results should be interpreted with caution.  For VO2peak, SDIR values were appraised against a 

minimum clinically important difference (MCID) of 1.75mL/kg/min – a value associated with reduced 

risk of all-cause morbidity and mortality 109.  Because the other variables examined do not have similar 

evidence-informed MCIDs, we appraised the other SDIR values against smallest worthwhile changes 

(SWC) calculated as 0.2 times SD of pre-training CTRL group values (thresholds that approximate small 

effect sizes 8).  95% confidence intervals were calculated for each SDIR as previously described 16.  

Meaningful interindividual differences in trainability were considered present for a given variable when 

the SDIR exceeded the SWC 15.  For outcomes where SDCTRL exceeded SDEX, we reversed the SDIR 

formula and reported these instance as negative SDIR values.  Outliers were identified as z-scores that 

exceeded ± 2.54, and these data were removed prior to any statistical analysis.  Shapiro-Wilk tests 
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revealed that all data were normal (p>0.05) except for observed changes in OBLA (p=0.03) and fibre-type 

composition (p=0.02).  Although the SDIR statistic relies on the assumption of normality, we used the 

SDIR on OBLA and fibre-type data as we are unaware of a non-parametric alternative for estimating 

interindividual differences in trainability.  Significance was accepted as p<0.05 and all data presented as 

mean ± SD.  

7.4 Results 

As reported elsewhere 66, VO2peak increased significantly following REL (+ 3.67 ± 3.1 

mL/kg/min) and TT (+ 5.43 ± 3.0 mL/kg/min) but not CTRL (+ 0.17 ± 2.8 mL/kg/min; group˟time 

interaction: p < 0.01) indicating that the training stimuli were sufficient to induce aerobic adaptations.  

Representative images for all immunofluorescent, histochemical, and western blotting analyses are 

provided in Figure 7.4-1.  Table 7.4-1 presents mean and SD of observed responses, as well as SDIR and 

SWC values for all skeletal muscle outcomes.  CS activity increased over time (significant main effect of 

time) and trended to increase more in EX (near-significant group˟time interaction [p = 0.07]).  β-HAD 

activity and capillary density also increased over time (significant main effects of time) but changes 

across time were not different between groups (group˟time interactions: p = 0.4 for both outcomes).  A 

significant main effect of time and group˟time interaction was observed for glycogen content in both fibre 

types, whereby REL increased glycogen content more than CTRL.  Significant main effects of fibre type 

were observed for all fibre specific outcomes: SDH activity and IMTG content higher in type I fibres 

whereas glycogen content was higher in type IIA fibres.  No other significant main or interaction effects 

were observed (Table 1).   
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Table 7.4-1 Mean changes and interindividual differences in trainability in molecular and 

morphological skeletal muscle. 

Outcome 
Δ REL 

Mean (SD) 

Δ CTRL 

Mean (SD) 

SDIR 

[95% CI limits] 
SWC

 
SDIR > SWC? 

Whole muscle outcomes 

Figure 7.4-1 Representative images and blots.  Representative images for immunofluorescent 

and histochemical analysis (A) and western blotting analysis (B).  White scale bars represent 100 µm 

(A).  REL, relative intensity continuous training; CTRL, control group; PRE, pre-training; POST, post-

training; CAP. DENS., Capillary density; SDH, succinate dehydrogenase; IMTG, intramuscular 

triglyceride; BNIP3, BCL2 interacting protein 3; NIX, BNIP3-like protein; PRKN, Parkin; and 

PINK1, PTEN-induced kinase 1.   



 

 

 

140 

CS Max Activity 

(AU) 
0.78 (0.91)* 0.07 (0.57) 

0.71 

[-0.21 – 1.63] 
0.35 Yes 

β-HAD Max Activity 

(AU) 
0.51 (0.86) 0.23 (0.86) 

0.02 

[-0.86 – 0.90] 
0.16 No 

Capillary Density 

(cap/mm2) 
56.77 (110.45) 23.13 (87.31) 

67.65 

[-11120 – 11255] 
35.56 Yes 

Type I Composition 

(%) 
-0.16 (12.77) -5.08 (17.25) 

-11.60 

[-265 – 242] 
2.24 - 

Fibre-specific outcomes 

SDH Activity  

Type I (AU) †  
1.67 (6.51) 1.82 (4.78) 

4.41 

[-37.8 – 46.6] 
1.67 No 

SDH Activity 

Type IIA (AU) 
2.19 (4.39) 0.88 (3.40) 

2.77 

[-16.9 – 22.5]  
0.89 No 

Glycogen Content 

Type I (AU) 
3.38 (2.92)** -0.55 (2.37) 

1.71 

[-7.34 – 10.80] 
0.64 Yes 

Glycogen Content 

Type IIA (AU) † 
5.26 (3.82)** -0.80 (3.00) 

2.37 

[-12.9 – 17.7] 
0.74 Yes 

IMTG Content 

Type I (AU) † 
0.63 (2.51) 0.45 (1.40) 

2.08 

[-3.40 – 7.55] 
0.30 Yes 

IMTG Content 

Type IIA (AU) 
0.29 (1.69) -0.22 (1.15) 

1.24 

[-1.38 – 3.85] 
0.22 Yes 

Markers of mitophagy 

BNIP3 Content 

(AU) 
-0.10 (0.47) 0.04 (0.42) 

0.21 

[-0.001 – 0.43] 
0.09 Yes 

NIX Content 

(AU) 
0.10 (0.62) 0.16 (0.78) 

-0.48 

[-1.02 – 0.06] 
0.15 - 

PRKN Content 

(AU) 
-0.11 (0.53) 0.10 (0.55) 

-0.16 

[-0.47 – 0.15] 
0.12 - 

PINK1 Content 

(AU) 
-0.08 (0.54) 0.03 (0.61) 

-0.28 

[-0.64 – 0.07] 
0.15 - 

SDIR > SWC interpretations only provided for outcomes with positive SDIR values.  REL, continuous training at a 

relative intensity; CTRL, control group; SDIR, standard deviation of individual responses; SWC, smallest worthwhile 

change; CI, confidence intervals; CS, citrate synthase; β-HAD, beta-hydroxyacyl-CoA dehydrogenase; SDH, 
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succinate dehydrogenase; IMTG, intramuscular triglyceride; BNIP3, BCL2 interacting protein 3; NIX, BNIP3-like 

protein; PRKN, parkin; and PINK1, PTEN-induced kinase 1.  * near-significant interaction effect (p = 0.07); ** 

significant interaction effect (p < 0.05); †main effect of fibre type.  

 

 We observed positive SDIR values (value [95% CI]) for VO2peak (1.42 mL/kg/min [-7.99 – 

10.83]) and WRpeak (3.80 W [-430.03 – 437.62]) that did not exceed the MCID of 1.75 mL/kg/min or 

SWC of 10.02 W, respectively.  OBLA also revealed a positive SDIR value (26.10 W [-788.94 – 841.14]), 

and this value exceeded the SWC of 8.25 W.      

 Interestingly, similar SDIR results were observed in the TT group (VO2peak: 1.12 mL/kg/min [-

7.84 – 10.07]; WRpeak: 6.83 W [-454.81 – 468.46]; OBLA: 28.24 W [-876.69 – 933.18]); however, these 

results should be interpreted with caution given the lack of randomization for the TT group.   

For skeletal muscle outcomes, Figure 7.4-2 presents individual observed responses and SDCTRL 

and SDEX values.  SDEX was greater than SDCTRL for most, but not all outcomes.  Our SDIR analysis 

revealed three main results (Table 7.4-1): 1) some outcomes revealed meaningful interindividual 

variability whereby positive SDIR values exceeded the SWC (CS activity, capillary density, type I and IIA 

glycogen and IMTG content, and BNIP3 protein content); 2) some outcomes revealed interindividual 

variability that was not meaningful whereby positive SDIR values did not exceed the SWC (β-HAD 

activity and type I and IIA SDH activity); and 3) some outcomes revealed negative SDIR values indicating 

a lack of interindividual differences in trainability  (type I composition, and NIX, Parkin, and PINK1 

protein content).   
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Figure 7.4-2 Primary SDIR analysis on muscle outcomes.  Individual changes in citrate synthase (CS) 

activity (A), beta-hydroxyacyl-CoA dehydrogenase (β-HAD) activity (B), capillary density (C), type I 

fibre composition (D), fibre-specific succinate dehydrogenase (SDH) activity and glycogen and IMTG 

content (E), and protein content of mitophagy markers (F) following four weeks of continuous exercise 

training at a relative intensity (REL) or a control group (CTRL).  Upper and lower 95% confidence 

interval limits are provided in square brackets below each SDIR value.  SD, standard deviation; SDIR, 

standard deviation of individual responses (calculated using equation 1; see text); BNIP3, BCL2 

interacting protein 3; NIX, BNIP3-like protein; PRKN, parkin; and PINK1, PTEN-induced kinase 1.   

7.5 Discussion 

Four weeks of REL resulted in positive and negative SDIR values for the morphological and 

molecular outcomes included in the present study.  Although we obtained positive SDIR values for 

VO2peak, WRpeak, and OBLA, all three outcomes had large CIs that overlapped zero, and only OBLA 

had an SDIR value that exceeded the SWC.  Because previous studies failed to account for the influence of 
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random measurement error and/or within-subject variability 95,100,141–143, our study is the first to 

demonstrate that exercise training results in meaningful interindividual variability in certain 

morphological and molecular adaptations in human skeletal muscle (Table 7.4-1; i.e. positive SDIR values 

exceeding SWC).  However, our results also revealed non-meaningful interindividual variability (i.e. 

positive SDIR values not exceeding the SWC; Table 1) or no evidence of interindividual differences in 

trainability (i.e. a negative SDIR value; Table 1) for roughly half of our outcomes (Table 7.4-1).  These 

latter findings add to the growing body of evidence indicating that observed responses contain a large 

degree of random measurement error and/or within-subject variability 119,134; observations that raise 

concerns for whether researchers, clinicians, or coaches can accurately quantify an individual’s true 

response to exercise training 233.  Accordingly, our findings suggest that it is inappropriate, and perhaps 

erroneous, to assume that variability in observed skeletal muscle responses to continuous exercise training 

reflects interindividual differences in trainability.  

 Our study also adds to the limited body of work examining changes in markers of mitophagy 

following aerobic exercise training in human skeletal muscle 234–236.  Rodent studies demonstrate that 

exercise training increases mitochondrial turnover to maintain or improve mitochondrial quality and 

function 237.  In support of these animal findings, two human studies 234,235 reported elevated 

mitochondrial content and markers of mitophagy after exercise training.  In contrast, we (Table 7.4-1) and 

others 236 found no changes in markers of mitophagy, and these discrepant findings may be explained by 

differences in exercise training protocols.  It is important to note that measuring changes in markers of 

mitophagy does not sufficiently quantify mitochondrial turnover dynamics and current techniques for 

quantifying mitophagy-flux are currently limited to animal models 237. Collectively, these discrepant 

findings and methodological limitations highlight important areas for future work.  

 The present study has some limitations that are important to consider.  First, the lack of 

randomization for the TT group violates the assumptions of independence and thus violates assumptions 

required for the SDIR 22.  The results of the TT group should therefore be interpreted with caution and 
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within the context of this limitation. Further, the inability to blind participants to CTRL or REL risked 

introducing participant preference bias: a bias that occurs when participants alter their behaviour based on 

knowing their assigned group 219.  Participant preference bias may lead to differences in variability of 

behavioural changes between CTRL and REL, and such changes could violate the SDIR assumption that 

within-subject variability is equal between groups 22.  In the current study, although we attempted to 

mitigate changes in within-subject variability by asking all participants to maintain their dietary and 

physical activity habits throughout the intervention, we did not objectively measure these behavioural 

factors.  Direct assessment of the factors contributing to within-subject variability remains a major 

challenge for future studies because it requires collecting objective measurements of diet, physical 

activity, and other potential behavioural/environmental factors (e.g. exercise recovery habits, 

psychological stress, or major life events 185).  However, confirming or refuting the assumption of equal 

between-group within-subject variability is paramount if the individual response field is to move forward 

in a meaningful way.  Future work also needs to establish statistical approaches that incorporate objective 

measurements of behavioural/environmental factors when estimating interindividual differences in 

trainability.  Additionally, because the sample size of the present study was based on changes in VO2peak 

66, poor statistical power may explain the lack of group˟time interactions for certain outcomes (e.g. CS 

activity: p = 0.07).  Indeed, large-scale, rigorous, and well-controlled training studies remain an important 

direction for future exercise physiology research 238.    

7.6 Conclusion 

We found that four weeks of continuous endurance training did not result in meaningful 

interindividual differences in trainability across all molecular, morphological, and whole-body aerobic 

outcomes included in our study.  Our findings highlight the need to include no-exercise control groups 

and adopt statistical approaches (e.g. the SDIR; 15 that account for random measurement error/within-

subject variability when analyzing interindividual variability.  Although we measured several 
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morphological and molecular outcomes in human skeletal muscle, future work should explore additional 

outcomes and different training protocols.    
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Chapter 8 

Exploring interindividual differences in trainability and moderators of 

response: An individual participant data meta-analysis of eight randomized 

controlled trials 

 

8.1 Abstract 

The purpose of the present individual participant data (IPD) meta-analysis was two-fold: 1) 

investigate the presence of interindividual differences in trainability for cardiorespiratory fitness (CRF), 

waist circumference, and body mass, and 2) examine the impact of exercise training and potential 

moderators on the probability that an individual will experience benefit in these three outcomes.  Our IPD 

meta-analysis combined data from 1,879 participants from eight previously-published randomized 

controlled trials that examined effects of different doses of exercise training in overweight adolescents 

and adults who were sedentary, overweight or obese, and with or without type 2 or pre-diabetes.  We 

followed a Bayesian analysis to address our two purposes by: 1) comparing the probability of obtaining 

the data given a model supporting the hypothesis that the variability of change scores was greater 

following exercise than control against a null hypothesis model, and 2) creating models with group 

(exercise vs. control) and moderator factors (baseline BMI and exercise duration, intensity, amount, mode 

and adherence) to estimate the most probable proportions of participants expected to exceed minimum 

clinically important differences (MCIDs) for all three outcomes.  Our results indicated a lack of evidence 

supporting the presence of interindividual differences in trainability for all three outcomes.  We also 

found that exercise training was associated with a larger proportion of participants expected to exceed 

MCIDs for all three outcomes.  Although our moderator found that higher exercise amounts and 

combined aerobic and resistance training were associated with larger proportions, differences in 
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proportions were likely explained by higher mean changes.  Therefore, prescribing an exercise 

intervention known to elicit a large mean should increase the probability that an individual will 

experience a beneficial change in CRF, waist circumference, and body mass, regardless of whether 

exercise training per se is responsible for their response.   

8.2 Introduction 

Many exercise training studies have interpreted wide ranges of physiological changes as evidence 

that individuals respond differently to exercise training (chapter 2.3).  However, these interpretations 

assume that variability in observed responses reflects interindividual differences in exercise training 

responses (i.e. trainability) 15.  These interpretations therefore ignore the confounding influence of 

measurement error and/or “within-subject variability” – a term referring to variability introduced by 

changes in behavioural/environmental factors not related to exercise training 22 (e.g. changes in sleep, 

diet, stress, etc. 185).  Rather than assuming its existence, several studies 8,113,114,118,120,135 have estimated the 

presence of interindividual differences in trainability by determining whether the variability of change 

scores is larger in exercise compared with control groups 15.  Only some of these studies reported larger 

variability in exercise groups 8,113,114,118,120,135, and this inconsistency may be explained by small sample 

sizes (range: 26 to 181) leading to imprecise estimates, or by heterogeneity in the outcomes examined 

across these studies.  It therefore remains unclear the extent to which variability in observed responses 

reflects interindividual differences in trainability.   

Analyses pooling data of a single outcome across multiple studies may offer greater precision for 

determining the presence of interindividual differences in trainability.  Recent aggregate data meta-

analyses – with sample sizes ranging from 1,185 to 1,500 participants – have reported a lack of clinically-

important interindividual differences in trainability in body mass and body composition parameters 

119,132,133.  An alternative to aggregate data meta-analyses are individual participant data (IPD) meta-

analyses, which involve obtaining and analyzing raw participant data.  Compared with aggregate data 

meta-analyses, IPD meta-analyses permit the ability to investigate potential moderators, provide more 



 

 

 

148 

precise estimates, and enable greater flexibility in statistical modelling by unrestricting assumptions of the 

distribution of underlying change scores 144.  We 117 recently compiled a large dataset of 1,879 

participants across eight RCTs that investigated the effects of different doses of exercise training on 

various health outcomes including cardiorespiratory fitness (CRF), waist circumference, and body mass.  

This dataset presents an opportunity to perform an IPD meta-analysis to explore interindividual 

differences in trainability in CRF and body composition parameters, and to assess the extent to which 

results align with previous meta-analyses indicating a lack of interindividual differences in trainability 

119,132,133. 

 Despite limited evidence supporting the presence of interindividual differences in trainability, 

there is an abundance of evidence (reviewed in: 4,19,239) suggesting that individuals differentially benefit 

from completing ostensibly the same exercise training intervention.  For example, Ross et al. 30 reported 

individual changes in cardiorespiratory fitness (CRF) that ranged from ~ -0.3 to +1.2 L/min, and this 

range of change scores (~1.5 mL/kg/min) substantially exceeded both a clinically-meaningful CRF 

change (e.g. 3.5 mL/kg/min 109) and the variation that could be explained by measurement error alone 

(0.204 L/min).  In other words, although it is unclear why individuals appeared to benefit differently (i.e. 

differences in trainability or within-subject variability), it is clear the participant with the largest change 

score had a higher probability of experiencing a clinically meaningful CRF improvement than the 

participant with the lowest change score.  Exploring potential moderators of observed response (i.e. 

change scores) may elucidate exercise prescription strategies for maximizing the probability that an 

individual experiences a meaningful change.  Conducting an IPD meta-analysis in our large dataset 117 

provides the scope to examine the role of potential moderators such as exercise adherence, intensity, 

duration, and mode on the probability that an individual will experience a meaningful change in CRF, 

waist circumference, or body mass. 

Accordingly, the objectives of this large dataset (n = 1,879 participants) IPD meta-analysis were 

to: 1) investigate the presence of interindividual differences in trainability for CRF, waist circumference, 
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and body mass, and 2) examine the impact of exercise training and potential moderators on the 

probability that an individual will experience benefit in these three outcomes.  We also estimated the 

impact of exercise training and potential moderators on the distribution (i.e. standard deviation) of CRF, 

waist circumference, and body mass change scores.  

8.3 Methods 

The present study is an IPD meta-analysis of CRF, waist circumference, and body mass data from 

eight previously published exercise intervention RCTs.  Table 8.3-1 summarizes the participant 

characteristics, total sample sizes, and training protocols, with full study details published elsewhere 

171,190–192,240–243.  Each study received ethics approval at their respective institutions, conformed to the 

Declaration of Helsinki, and obtained written informed consent from each participant prior to 

commencing data collection.  
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Table 8.3-1 Basic trial details.  Participant characteristics, sample sizes, and exercise training amounts from the eight randomized controlled trials 

included in the present individual participant data meta-analysis. 

Trial Participant Characteristics Sample Size Control Group? Exercise Group 1 Exercise Group 2 Exercise Group 3 

DREW 
Inactive, postmenopausal 

females 
465 Yes 

AT: 4KKW at 50% 

CRFmax 3-4d/wk for 

6mo 

AT: 8KKW at 50% 

CRFmax 3-4d/wk for 

6mo 

AT: 12KKW at 50% 

CRFmax 3-4d/wk for 

6mo 

E-MECHANIC 
Sedentary and overweight or 

obese males and females 
195 Yes 

AT: 8KKW at 65-

85% CRFmax 3-5d/wk 

for 6mo 

AT: 20KKW at 65-

85% CRFmax 3-5d/wk 

for 6mo 

- 

HART-D 
Sedentary males and females 

with type 2 diabetes 
269 Yes 

AT: 12KKW at 50-

80% CRFmax 3-5d/wk 

for 9mo 

RT: 9 x (10-12 reps 

over ~2 sets) at 10-

12RM 3d/wk for 9mo 

ATRT: 10KKW at 

50-80% CRFmax 3-

4d/wk and same RT 

program for 9mo 

HEARTY 

Inactive and overweight or 

obese postpubertal male and 

female adolescents 

138 Yes 

AT: 20-45min at 65-

85% HRmax 4d/wk for 

6mo 

RT: 7 x (8-15 reps 

over 2-3 sets) at 8-

15RM 4d/wk for 6mo 

ATRT: Same AT and 

RT program for 9mo 

Queen’s 
Sedentary and overweight or 

obese males and females 
267 Yes 

AT: 180(F) or 

300(M)kcal at 50% 

CRFmax 5d/wk for 

6mo 

AT: 360(F) or 

600(M)kcal at 50% 

CRFmax 5d/wk for 

6mo 

AT: 360(F) or 

600(M)kcal at 75% 

CRFmax 5d/wk for 

6mo 

STRRIDE 
Sedentary and overweight or 

obese males and females 
260 Yes 

AT: 14KKW at 40-

55% CRFmax for 7-

8mo b  

AT: 14KKW at 65-

80% CRFmax for 7-

8mo b 

AT: 23KKW at 65-

80% CRFmax for 7-

8mo b 

STRRIDE AT/RT 
Sedentary and overweight or 

obese males and females 
155 No 

AT: 14KKW at 65-

80% CRFmax for 8mo 

b  

RT: 8 x (8-12 reps 

over 3 sets) at 8-

12RM for 8mo b 

ATRT: Same AT and 

RT program for 8mo b 
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STRRIDE PD 
Sedentary and prediabetic 

males and females 
130 Noa 

AT: 42KJKW at 50% 

VO2R for 6mo b 

AT: 67KJKW at 50% 

VO2R for 6mo b 

AT: 67KJKW at 75% 

VO2R for 6mo b 

Original methods or primary results publications: DREW 240, E-MECHANIC 241, HART-D 192, HEARTY 242, Queen’s 171, STRRIDE 243, STRRIDE AT/RT 

190, STRRIDE PD 191. a  Control group included lifestyle/dietary intervention, thus excluded from current study; b each participant could choose their desired 

exercise frequency.  AT, aerobic training; RT, resistance training; ATRT, combined aerobic and resistance training; KKW, kcals per kg body mass per week; 

CRFmax, maximal cardiorespiratory fitness; HRmax, maximal heart rate; VO2, reserve oxygen consumption; KJKW, kilojoule per kg body mass per week.  
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8.3.1 Outcomes 

Although outcome assessment protocols varied slightly across studies (full details elsewhere: 

30,171,242,181–183,190–192,225,241), all 8 studies used similar methods to measure CRF, waist circumference, and 

body mass.  Briefly, CRF was determined as the maximum level of oxygen consumption, measured via 

gas exchange using a metabolic cart, during an incremental exercise test to exhaustion and expressed in 

relative (mL/kg/min) units.  Waist circumference was manually assessed using tape measures (expressed 

in centimeters) and body mass was measured using scales (expressed in kilograms).  We focused on these 

three outcomes because they were included in all 8 studies and because they are clinically relevant due to 

their association with all-cause morbidity and mortality 109,244,245.  Our analyses (described below) 

estimated the proportion of individuals that would be expected to exceed minimal clinically important 

differences (MCID), which were +3.5mL/kg/min for CRF, -2cm for waist circumference, and -2kg for 

body mass as we 23,114 and others 8 have used previously.  

8.3.2 Bayesian Framework 

The majority of meta-analysis (examples: 119,132,133) follow a frequentist framework whereby 

parameters (e.g. means, standard deviations [SDs], etc.) are objectively estimated from the data and 

uncertainty is expressed with confidence intervals.  A limitation with confidence intervals is their inability 

to provide distributional information, such that there is no direct sense for whether the parameter value 

(e.g. mean) in the middle of the confidence interval is more probable of representing the true value than 

any other value within the interval 246.  In other words, a 90% confidence interval centered around a mean 

CRF change of 3 mL/kg/min and ranging from 1 to 5 mL/kg/min should be interpreted as: 90% of 

similarly sized intervals (i.e. ranging 4 mL/kg/min) obtained from repeatedly completing the trial will 

contain the true mean change 246.  However, researchers often misinterpret confidence intervals 247 as (in 

keeping with the previous example): there being a 90% chance that the true change in CRF is between 1 

and 5 mL/kg/min.  Although the latter interpretation is perhaps more intuitive and desirable when trying 
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to estimate a given parameter (e.g. true mean change in CRF), this interpretation cannot be made within a 

traditional-frequentist framework 246.   

Instead of implementing a frequentist approach, we followed a Bayesian framework for our IPD 

meta-analysis.  Rather than estimating parameters from the data alone, Bayesian frameworks combine 

prior beliefs and the data to estimate the most plausible parameter values (e.g. mean change in CRF).  

Bayesian frameworks are therefore considered subjective because researchers can incorporate their a 

priori expectations when estimating parameters.  For example, a researcher could use information from 

several large-scale, rigorous meta-analyses to develop an expected mean change in CRF, and then 

combine this information with their actual data to derive the most plausible estimate for the true mean 

change in CRF.  In Bayesian analysis, prior beliefs refer to the probability of obtaining a parameter (e.g. 

mean change in CRF) given a model of a density function (e.g. normal distribution), and are written as: 

𝑝(𝜃|𝑀) 

 where 𝑝 is the probability, 𝜃 is the parameter (e.g. mean change in CRF), the vertical dash means 

given, and 𝑀is the model (e.g. normal distribution).  Conversely, the data (y) refers to the probability of 

obtaining the data (e.g. dataset of raw CRF change scores) given the parameter (e.g. mean change in 

CRF) and a model (e.g. normal distribution), and are written as:  

𝑝(𝑦|𝜃, 𝑀) 

Simulated datasets are then generated by combining prior beliefs with the data, and these datasets 

are used to calculate predictions – referred to as “posteriors” – for the most plausible parameter.  For 

example, mean changes in CRF can be estimated from many (e.g. n = 1000) simulated datasets of CRF 

change scores to predict the most plausible value depicting the true mean change in CRF.  Posteriors 

therefore estimate the probability of a parameter (e.g. mean change in CRF) given the simulated data (�̃�) 

and a model, and are written as:  

𝑝(𝜃|�̃�, 𝑀) 
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Intervals known as “credible intervals” can also be constructed from the posterior distributions 

and are interpreted as having a given chance of containing the parameter (e.g. a 90% chance of containing 

the true mean change in CRF).  It is important to emphasize that posterior predictions and credible 

intervals represent subjective probabilities because they are built using prior beliefs.  Nevertheless, if prior 

beliefs are well justified (e.g. established using relevant data), then credible intervals permit more 

intuitive, and arguably more useful, interpretations compared with confidence intervals 246.  There are 

additional benefits to employing a Bayesian framework that we discuss throughout the remaining 

sections.   

We conducted our IPD meta-analysis by fitting Bayesian hierarchical distribution regression 

models.  All models comprised random intercepts to account for systematic differences across studies, 

and models with group (exercise vs. control) and moderators (defined below) included these variables as 

fixed effects.  The subsequent methods sections provide specific details for how we used these Bayesian 

models to investigate interindividual differences in trainability and proportions of participants exceeding 

MCIDs.  

8.3.3 IPD Meta-analysis: Interindividual differences in trainability  

We fit initial base models of our IPD meta-analysis that included the predicted mean and variance 

parameters across three different types of distributions: normal, skew normal, and t-distributions.  The 

most appropriate distribution type for each outcome was determined using the Watanabe-Akaike 

information criterion, and these identified distribution types were then used in all subsequent analyses for 

each outcome.   

To investigate the presence of interindividual differences in trainability, we first conducted 

analyses to obtain Bayes factors.  Bayes factors are denoted as: 

(
𝑝(𝑦|𝑀1)

𝑝(𝑦|𝑀2)
) 
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because they are obtained by estimating the probability (𝑝) of obtaining the data (𝑦) given two 

different models: 𝑀1 represents a model that included group as a factor (i.e. exercise vs. control), whereas 

the 𝑀2 model did not contain a group factor (i.e. all data combined as coming from one large group).  The 

𝑀1model estimated the probability that the variance in exercise change scores exceeded the variance in 

control change scores – an observation indicating the presence of interindividual differences in 

trainability 15.  Conversely, the 𝑀2 model estimated the probability of the null hypothesis (i.e. variance in 

exercise not greater than variance in control).  A Bayes factor greater than 1.0 would indicate that 𝑀1was 

a better fit, which would then indicate the presence of interindividual differences in trainability because 

the probability of the variance in exercise exceeding control was higher than the probability of the null 248.  

Conversely, a Bayes factors less than 1.0 would indicate a lack of interindividual differences in 

trainability 248.  Instead of evaluating a single Bayes factor, we obtained multiple Bayes factors by 

repeatedly estimating and comparing probabilities for both model – a process referred to as bridge 

sampling 249.  The strength of evidence in favour of either model (𝑀1 or 𝑀2) was evaluated according to a 

previously defined scale 248.  As described above, Bayesian frameworks require incorporating prior 

beliefs.  Given limited pre-existing data to justify appropriate priors, we created “local” priors using our 

dataset.  Specifically, we developed priors from randomly created “training sets” that consisted of 1/3 of 

the total dataset, meaning that Bayes factors were calculated on the remaining 2/3 of the dataset.  To 

increase the stability of our calculated Bayes factors, we repeated these steps four times (i.e. creating four 

different priors each containing 1/3 of the data) and calculated an average Bayes factor for each outcome.   

8.3.4 IPD Meta-analysis: Posterior predictions for proportions and distributions of change scores  

We estimated posterior predictions using the model with the group factor (𝑀1) – fit with the most 

appropriate distribution type as determined via the Watanabe-Akaike method (described above) – to 

estimate two additional parameters.  First, if our Bayes factors indicated the presence of interindividual 

differences in trainability, we would obtain posterior predictions to estimate the most probable magnitude 

of interindividual differences in trainability.  However, as described in our results section, we did not 
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perform this analysis because our Bayes factor analysis indicated a lack of interindividual differences in 

trainability for all three outcomes. 

Second, regardless of whether interindividual differences in trainability were present, we obtained 

posterior predictions to estimate the proportions of exercise and control participants that exceeded MCIDs 

for each outcome.  As described above, posterior predictions are used to estimate the most probable 

parameter (𝑝(𝜃|𝑦, 𝑀)) based on new, simulated data (�̃�) generated from models (𝑝(�̃�|𝜃, 𝑀)).  In order to 

be consistent with our moderator analysis (described below), the prior distribution for these posterior 

predictions was based on a uniform distribution.  Rather than making a prediction from one simulated 

dataset, we established many datasets (n = 1000), each containing a simulated distribution of individual 

change scores for each group.  The posterior prediction for each simulated dataset was obtained by 

calculating the proportion of simulated participants exceeding the MCID.  We also obtained posterior 

predictions for the standard deviation of change scores from each simulated dataset.  The ‘overall’ 

estimated proportion of participants exceeding the MCID and standard deviation of change scores for 

each outcome and group were calculated as the average of all posterior predictions with 90% credible 

intervals.   

Following the same methods to calculate posterior predictions described above, we also 

investigated the effects of potential moderators on the proportion of participants exceeding MCIDs and 

the standard deviation of change scores.  We evaluated six moderators: 1) intervention duration (4, 6 or 8 

months); 2) exercise adherence (number of calories expended during exercise training relative to the 

amount prescribed; categorized as ≥ or < 70%  for “high” or “low” adherence, respectively); 3) exercise 

mode (aerobic, resistance, or combined); 4) exercise intensity (aerobic exercise only – including binary 

low/high with cut-offs comprising 60% of maximum CRF, heart rate, or VO2 reserve); 5) exercise amount 

(aerobic exercise only – low: less than 500kcal per session; mid: between 500-1000kcal per session; high: 

greater that 1000kcal per session); and 6) baseline BMI (trinary as mean or beyond ± 1 SD).  Given that 

some moderators had smaller sample sizes (e.g. ~90 participants for combined training; 1/3 being only ~ 
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30 participants), we based our priors on uniform distributions rather than establishing local priors from a 

training set consisting of 1/3 our data.  Uniform distributions are commonly used for priors in Bayesian 

analysis 250.  An additional advantage of Bayesian analysis is the flexibility in fitting models when 

pooling data in IPD meta-analyses 249.  For instance, although only one trial included measures at four 

months 170, we were able to include this time point in our duration moderator analysis by using models to 

simulate dataset and subsequently estimate probable proportions and standard deviations at four months.  

Although we used the entire dataset to generate models and simulate data, we ensured that the sample size 

of simulated datasets matched the sample size of the actual data (e.g. four months had a smaller sample 

size than six months because only one study had four month data).  We interpreted a moderator as 

impacting proportions if the most probable proportion for one factor (e.g. high exercise intensity) 

exceeded the upper limit of 90% credible interval for the comparative factor (e.g. low exercise intensity).  

All analyses were performed using the R wrapper package brms interfaced with Stan to perform 

sampling 251 and the R package bridge sampling to calculate Bayes factors.  Convergence of parameter 

estimates was obtained for all models with Gelman-Rubin R-hat values below 1.1 252. 

8.4 Results 

8.4.1 Cardiorespiratory Fitness 

The best model fit for CRF change scores was obtained using a t-distribution (elpd difference: t-

distribution vs. normal skew = 3.0 times standard error; t-distribution vs. normal = 4.0 times standard 

error).  The base IPD model estimated a mean change of 2.2 ml/kg/min (90%CrI: 1.5 to 3.0) for exercise 

and -0.29 ml/kg/min (90%CrI: -1.0 to 0.6) for control.  The average Bayes factor was less than 1.0 and 

identified moderate evidence (average Bayes factor = 0.11, range: 0.01 to 0.15) supporting the null 

model, thereby refuting the presence of interindividual differences in trainability.  Table 8.4-1 presents 

the estimated proportions of participants exceeding the MCID of 3.5 mL/kg/min and estimated standard 

deviations of change scores with 90% credible intervals (CrI) denoting the subjective probabilities.  

Consistent with the greater mean change present within the exercise group, exercise training had a higher 
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estimated proportion of participants (estimated proportion, 90% CrI: 30%, 21-41%) exceeding the MCID 

of 3.5 mL/min/kg compared with control (11%, 5-19%).  Several moderators appeared to increase 

estimated proportions of participants exceeding the CRF MCID in the exercise group (Table 8.4-1): 1) 

longer durations (4 vs. 8 months), 2) higher exercise intensity, 3) combined aerobic and resistance 

compared with resistance training alone, and 4) higher exercise amount (low vs. high).  Interestingly, as 

proportions increased within a given group (exercise or control) and within some moderators (duration, 

baseline BMI and exercise mode) so too did many of the most probable estimates of standard deviation of 

change scores (Table 8.4-1).   
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Table 8.4-1 CRF Bayesian Results.   Analysis of relative cardiorespiratory fitness (CRF) change scores 

and moderator analyses involving exercise vs .control and exercise only comparisons. 

  Exercise (90% Credible intervals)   Control (90% Credible intervals)  

Model or 

moderator 
N Proportion ≥ MCID 

Standard 

deviation 

(mL/kg/min) 

N 
Proportion ≥ 

MCID 

Standard 

deviation 

(mL/kg/min) 

Exercise vs. control 

Base Model 1378 0.30 (0.21-0.41) 3.4 (2.9-3.9) 329 0.11 (0.05-0.19) 3.5 (2.9-4.2) 

Exercise vs. control moderators 

Duration       

4 months 158 0.20 (0.09-0.32) 3.0 (2.2-3.6) 23 0.07 (0.01-0.15) 3.0 (2.2-3.8) 

6 months 804 0.27 (0.17-0.39) 3.4 (2.7-4.1) 237 0.11 (0.04-0.20) 3.5 (2.7-4.4) 

8 months 4161 0.35* (0.25-0.46) 4.1 (3.3-5.2) 691 0.16* (0.08-0.26) 4.3 (3.3-5.9) 

Baseline BMI       

-1SD 

1376 

0.29 (0.20-0.40) 3.4 (2.8-3.9) 

329 

0.11 (0.06-0.19) 3.5 (2.9-4.3) 

Mean 0.31 (0.22-0.42) 3.5 (2.9-4.1) 0.13 (0.07-0.21) 3.8 (3.0-4.7) 

+1SD 0.27 (0.18-0.39) 3.2 (2.7-3.8) 0.11 (0.05-0.18) 3.4 (2.7-4.1) 

Exercise Only Moderators 

Exercise Adherence 

Low (<70%) 73 0.21 (0.10-0.34) 3.6 (3.0-4.2)     

High (≥70%) 1252 0.30 (0.19-0.44) 3.6 (2.9-4.1)     

Exercise Intensity 2 

Low (<60%) 498 0.21 (0.09-0.34) 3.6 (2.5-4.4)     

High (≥60%) 690 0.37* (0.22-0.52) 4.4 (3.3-6.5)     

Exercise Mode 

Aerobic 1188 0.28 (0.17-0.41) 3.5 (2.9-4.0)     

Resistance 97 0.24 (0.15-0.36) 3.4 (2.8-3.9)     

Combined 93 0.40* (0.31-0.50) 4.9 (3.8-6.8)     

Exercise Amount 3 

Low 145 0.22 (0.13-0.33) 3.9 (3.1-5.2)     

Mid 291 0.27 (0.16-0.39) 4.4 (3.5-5.5)     

High 749 0.36* (0.23-0.48) 3.7 (2.9-4.5)     
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N: Number of individuals included in the IPD model. Proportion > MCID: The proportion estimated to meet or exceed the 

minimal clinically important clinical difference, with 90% credible intervals denoting Bayesian subjective probabilities. 1 

Combines participants from intervention durations of 8 and 9 months. 2 Intensities were prescribed as percentages of different 

variables across studies (see Table 1 for details). 3 Low, mid, and high exercise amounts categorized as less than 500kcal, 

between 500 and 1000, and greater than 1000 kcals prescribed per sessions. * Most probable proportion exceeded upper limit 

of 90% credible interval within moderator comparison. 

 

8.4.2 Body Composition Parameters  

The best model fit for both waist circumference and body mass was obtained using a t-

distribution (elpd difference: t-distribution vs. normal skew = 2.3 to 2.6 times standard error; t-

distribution vs. normal = 3.9 to 5.0 times standard error).  The base IPD model estimated a mean waist 

circumference change of -2.5 cm (90%CrI: -3.2 to -1.9) for exercise and -0.04 cm (90%CrI: -0.8 to 0.6) 

for control, and a mean body mass change of -1.4 kg (90%CrI: -2.2 to -0.8) for exercise and -0.02 kg 

(90%CrI: -0.8 to 0.6) for control.  The average Bayes factor was less than 1.0 for both outcomes and 

identified “anecdotal” evidence supporting the null model (waist circumference: average Bayes factor = 

0.47, range: 0.41 to 0.56; body mass: average Bayes factor = 0.39, range: 0.22 to 0.68).  Tables 8.4-1-2 

and 8.4.1-2 present the estimated proportions of participants exceeding MCIDs of -2cm and -2kg 

estimated standard deviations of change with 90% credible intervals denoting subjective probabilities for 

waist circumference and body mass, respectively.   Both outcomes had higher estimated proportion of 

participants exceeded MCIDs in exercise (waist circumference: 54%; 48-61%; body mass: 42%; 34-50%) 

compared with control groups (waist circumference: 30%; 23-38%; body mass: 26%; 18-35%).   

Several moderators appeared to increase estimated proportions of participants exceeding the waist 

circumference MCID in the exercise group (Table 8.4-2): 1) higher exercise adherence, 2) combined 

aerobic and resistance compared with resistance training alone, and 3) higher exercise amount (mid vs. 

high).  Several moderators also appeared to increase estimated proportions of participants exceeding the 

body mass MCID in the exercise group (Table 8.4-3): 1) higher baseline BMI (mean vs .+1SD), 2) higher 

exercise adherence, 3) combined aerobic and resistance training compared with both aerobic or resistance 
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training alone, and 4) higher exercise amounts (low vs. high).  Similar to CRF, many of the most probable 

estimates of standard deviations of change scores were larger as proportions increased within a given 

group (exercise or control) and within some moderators for waist circumference (exercise duration, mode, 

and amount; Table 8.4-2) and body mass (baseline BMI, adherence, and exercise amount; Table 8.4-3).   
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Table 8.4-2 Waist circumference Bayesian results.  Analysis of relative waist circumference change 

scores and moderator analyses involving exercise vs .control and exercise only comparisons. 

  Exercise (90% Credible intervals)   Control (90% Credible intervals)  

Model or 

moderator 
N Proportion ≥ MCID 

Standard 

deviation (cm) 
N 

Proportion ≥ 

MCID 

Standard 

deviation (cm) 

Exercise vs. control 

Base Model 1475 0.54 (0.48-0.61) 4.9 (4.2-5.6) 359 0.30 (0.23-0.38) 5.7 (4.6-7.9) 

Exercise vs. control moderators 

Duration       

4 months 159 0.52 (0.41-0.61) 4.5 (3.6-5.6) 31 0.26 (0.17-0.35) 5.6 (4.0-8.9) 

6 months 807 0.53 (0.46-0.61) 4.8 (4.1-5.6) 248 0.29 (0.20-0.37) 5.7 (4.4-8.1) 

8 months 5091 0.54 (0.48-0.61) 5.3 (4.4-6.4) 801 0.31 (0.23-0.40) 5.8 (4.6-8.1) 

Baseline BMI       

-1SD 

1475 

0.54 (0.48-0.61) 4.8 (4.1-5.6) 

359 

0.29 (0.22-0.37) 5.3 (4.4-7.2) 

Mean 0.53 (0.46-0.61) 4.4 (3.8-5.2) 0.26 (0.19-0.35) 4.9 (4.0-6.9) 

+1SD 0.56 (0.50-0.62) 5.2 (4.5-6.1) 0.32 (0.24-0.40) 5.9 (4.8-8.2) 

Exercise Only Moderators 

Exercise Adherence 

Low (<70%) 98 0.39 (0.30-0.47) 5.1 (4.1-6.1)     

High (≥70%) 1325 0.56* (0.48-0.63) 4.9 (4.2-5.7)     

Exercise Intensity 2 

Low (<60%) 515 0.44 (0.35-0.55) 4.9 (4.0-5.8)     

High (≥60%) 681 0.54 (0.46-0.62) 4.8 (4.0-5.7)     

Exercise Mode 

Aerobic 1196 0.53 (0.45-0.62) 5.1 (4.3-5.9)     

Resistance 140 0.46 (0.37-0.56) 4.8 (4.0-5.9)     

Combined 139 0.61* (0.54-0.68) 5.2 (4.4-6.2)     

Exercise Amount 3 

Low 142 0.43 (0.30-0.61) 4.5 (3.5-6.5)     

Mid 293 0.45 (0.35-0.53) 4.7 (3.8-5.7)     

High 759 0.56* (0.47-0.62) 5.1 (4.2-6.1)     

N: Number of individuals included in the IPD model. Proportion > MCID: The proportion estimated to meet or exceed the 

minimal clinically important clinical difference, with 90% credible intervals denoting Bayesian subjective probabilities. 1 

Combines participants from intervention durations of 8 and 9 months. 2 Intensities were prescribed as percentages of different 

variables across studies (see Table 1 for details). 3 Low, mid, and high exercise amounts categorized as less than 500kcal, 
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between 500 and 1000, and greater than 1000 kcals prescribed per sessions. * Most probable proportion exceeded upper limit 

of 90% credible interval within moderator comparison. 
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Table 8.4-3 Body mass Bayesian results.  Analysis of body mass change scores and moderator analyses 

involving exercise vs .control and exercise only comparisons. 

  Exercise (90% Credible intervals)   Control (90% Credible intervals)  

Model or 

moderator 
N Proportion ≥ MCID 

Standard 

deviation (kg) 
N 

Proportion ≥ 

MCID 

Standard 

deviation (kg) 

Exercise vs. control 

Base Model 1535 0.42 (0.34-0.50) 4.1 (3.5-5.0) 375 0.26 (0.18-0.35) 4.6 (3.7-6.4) 

Exercise vs. control moderators 

Duration       

4 months 159 0.47 (0.36-0.57) 3.9 (3.0-5.1) 31 0.28 (0.18-0.39) 4.4 (3.2-7.3) 

6 months 823 0.43 (0.35-0.51) 4.1 (3.3-5.0) 247 0.26 (0.18-0.35) 4.5 (3.5-6.4) 

8 months 5531 0.39 (0.33-0.47) 4.4 (3.5-5.5) 971 0.25 (0.17-0.33) 4.7 (3.6-6.8) 

Baseline BMI       

-1SD 

1535 

0.42 (0.35-0.51) 3.9 (3.3-4.5) 

375 

0.25 (0.18-0.35) 4.3 (3.5-5.7) 

Mean 0.35 (0.27-0.46) 3.4 (2.9-4.0) 0.19 (0.11-0.29) 3.8 (3.0-5.2) 

+1SD 0.48* (0.41-0.56) 4.5 (3.8-5.3) 0.31* (0.24-0.40) 4.9 (4.0-6.7) 

Exercise Only Moderators 

Exercise Adherence 

Low (<70%) 108 0.31 (0.22-0.41) 4.0 (3.2-4.9)     

High (≥70%) 1376 0.42* (0.33-0.52) 4.6 (3.6-6.2)     

Exercise Intensity 2 

Low (<60%) 550 0.37 (0.26-0.48) 4.0 (3.3-4.9)     

High (≥60%) 699 0.43 (0.34-0.54) 4.0 (3.3-4.8)     

Exercise Mode 

Aerobic 1249 0.42 (0.34-0.51) 4.2 (3.4-5.1)     

Resistance 141 0.30 (0.22-0.41) 4.9 (3.8-5.1)     

Combined 145 0.52* (0.46-0.59) 4.4 (3.5-5.2)     

Exercise Amount 3 

Low 145 0.25 (0.14-0.37) 3.0 (2.6-3.5)     

Mid 301 0.36 (0.27-0.47) 3.4 (2.9-4.0)     

High 803 0.44* (0.33-0.53) 4.1 (3.5-6.0)     

N: Number of individuals included in the IPD model. Proportion > MCID: The proportion estimated to meet or exceed the 

minimal clinically important clinical difference, with 90% credible intervals denoting Bayesian subjective probabilities. 1 

Combines participants from intervention durations of 8 and 9 months. 2 Intensities were prescribed as percentages of different 

variables across studies (see Table 1 for details). 3 Low, mid, and high exercise amounts categorized as less than 500kcal, 
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between 500 and 1000, and greater than 1000 kcals prescribed per sessions. * Most probable proportion exceeded upper limit 

of 90% credible interval within moderator comparison.  

 

8.5 Discussion 

This was the first IPD meta-analysis to investigate the presence of interindividual 

differences in trainability and estimate proportions of participants expected to experience 

meaningful benefit in CRF, waist circumference, and body mass.  Our results revealed three key 

findings: 1) Bayes factors were less than 1.0 for all three outcomes indicating a lack of 

interindividual differences in trainability, 2) a higher proportion of participants exceeded MCIDs 

following exercise training compared with control for all three outcomes, and 3) higher exercise 

amounts and combined training compared with resistance or aerobic training alone were 

associated with higher proportions of participants exceeding MCIDs for all three outcomes.  

Taken together, our results refute the notion that individuals respond differently to exercise 

training per se, and suggest that completing exercise training and following certain exercise 

prescription parameters (e.g. prescribing high exercise amounts and combined modes) can 

increase the probability that an individual will experience clinically meaningful benefit in CRF, 

waist circumference, and body mass.   

 Our findings add to the growing body of work questioning the assumption that variability 

in observed responses to exercise training reflects interindividual differences in trainability 

(27,132–135 and chapter 8).  Among the meta-analyses questioning this assumption 119,132,133, we 

believe the present IPD meta-analysis provides the most powerful evidence for several reasons: 

1) we utilized a very large sample size (n = 1,879) gathered from 8 methodologically-robust 

RCTs 171,190–192,240–243, 2) we followed a Bayesian framework that incorporated prior knowledge 

– about whether the variability of changes scores in exercise exceeded control – to estimate the 
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presence of interindividual differences in trainability, and 3) we tested for the type of distribution 

that best fit our data rather than assuming normality.  Our results indicated that t-distributions, 

which are similar to normal distributions but with wider tails (i.e. more than 5% of participants 

lay beyond 2 SDs), best fit our data of change scores for all three outcomes.  Importantly, this 

finding demonstrates how our IPD meta-analysis enabled greater model flexibility (i.e. 

unrestricting assumptions of distributions) and aligned with recent arguments 8 questioning the 

validity in estimating the presence of interindividual differences in trainability with approaches 

that assume normality (examples: 15,103).  However, our Bayes factor approach still relied on the 

assumption of independence, in which measurement error and within-subject variability are 

assumed to be equal between exercise and control groups within a RCT, and inherent limitations 

associated with exercise trials may violate this assumption (discussed elsewhere: chapter 6).  

Although repeatedly exposing participants to both control and exercise interventions may 

overcome these limitations 17,24, this study design is costly, labour intensive, and may introduce 

additional confounding variables (e.g. carryover effects) 101.  Therefore, at present, the exercise 

training literature has yet to conclusively demonstrate the presence of interindividual differences 

in trainability. 

Regardless of whether a group of individuals respond differently to exercise training, 

practitioners in clinical and applied settings remain faced with the challenge of prescribing 

exercise at the individual level.  Our analyses first found that a higher proportion of exercise 

group participants were expected to exceed MCIDs for CRF, waist circumference, and body 

mass – findings consistent with the well-established effect of exercise training on important 

health outcomes 1.  Although several moderators impacted proportions for each outcome (Tables 

8.4-1-3), only higher exercise amounts and combined aerobic and resistance training resulted in 
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higher expected proportions for all three outcomes.  While it is tempting to conclude that 

practitioners should therefore prescribe higher exercise amounts and combined training, 

interpreting differences in proportions alongside differences in standard deviations of change 

scores point toward a more simplistic and generalizable conclusion.  Because standard deviation 

of change scores did not shrink with increasing proportions (Tables 8.4-1-3), larger mean 

changes likely explained why certain moderators (e.g. higher exercise amounts) increased 

proportions of participants exceeding MCIDs.  Thus, although we only explored six potential 

moderators, these findings suggest that mean changes would also explain why other moderators 

could impact response proportions; however, future work is needed to confirm this speculation.  

We recently demonstrated that larger mean changes, not reduced interindividual variability, 

explain why higher doses of exercise training increase CRF response rates  (chapter 5).  The 

present Bayesian analysis supports our recent finding 117, and suggests that practitioners should 

prescribe exercise doses known to elicit large mean changes in order to increase the probability 

that an individual experiences a meaningful change in CRF, waist circumference, and body mass.   

8.6 Conclusion 

Despite the widespread assumption that individuals respond differently to exercise 

(chapter 2.3), the current IPD meta-analysis failed to provide evidence for the presence of 

interindividual differences in trainability for CRF, waist circumference, and body mass.  

Although exercise training per se may not explain why individuals differentially benefit from 

completing ostensibly the same dose of exercise training, completing exercise training will 

increase the probability that an individual will experience a meaningful change in CRF, waist 

circumference, and body mass.  To further increase the probability that an individual will 
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experience benefit, practitioners should prescribe exercise training doses known to elicit large 

mean changes.    
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Chapter 9 

General Discussion 

9.1 Summary of Key Findings 

The overarching aims of my dissertation were to demonstrate methods for classifying individual 

responses that consider measurement error and a meaningful change (chapters 3-4), determine if response 

rates are related to interindividual variability (chapter 5), and empirically investigate whether 

interindividual differences in trainability exist (chapters 6-8).    

To contextualize my dissertation within the individual response to exercise literature, chapter 2.2 

reviewed the biological mechanisms purported to explain the variability in observed responses to exercise 

training.  A key conclusion from chapter 2.2 was that every mechanistic study to date has attempted to 

link biological predictors (e.g. genetic variants, epigenetic factors, etc.) to variability in observed 

responses.  In other words, no mechanistic study has adopted a statistical approach required to partition 

the sources of variation and identify biological predictors explaining interindividual differences in 

trainability.  Building off this conclusion, our systematic review in chapter 2.3 investigated the extent to 

which the exercise training literature has adopted these statistical approaches.  We found that very few 

studies (less than 10%) have followed recommendations to use the SDIR or a similar statistic, and only 6 

of the 23 outcomes examined in these studies presented evidence of interindividual differences in 

trainability with at least 95% confidence.  We also found that response rates are largely inflated in the 

exercise training literature because few studies (~8%) followed recommendations to consider error and a 

SWC/MCID when classifying individual responses to exercise training.  Taken together, chapter 2 

highlights how ignoring these statistical recommendations impacts our understanding of mechanisms 

underlying interindividual variability (chapter 2.2), the presence of interindividual differences in 

trainability (chapter 2.3), and how we should interpret response rates (chapter 2.2).   
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Chapters 3 and 4 focused on methods for classifying individual responses to exercise training that 

consider error and a meaningful change.  In chapter 3 we demonstrated that dichotomous classification 

risks misclassifying individuals as “non-responders” despite a high probability of having experienced 

benefit.  We showed how confidence intervals overcome this limitation by estimating a range for an 

individual’s true response, and by reclassifying participants as “uncertain” unless their observed response 

exceeded a meaningful threshold with a certain degree of confidence (e.g. CRF 95% CI lay fully above 

0.5 METs 109).  However, in chapter 3 we calculated observed responses using two time points (i.e. pre- 

and post-training), and this approach may be associated with a large degree of error in true response 

estimates 8.  In chapter 4 we tested the hypothesis that classifying responses using repeated measures over 

the course of an exercise training intervention will decrease the error in response estimates compared with 

linear regressions and the conventional pre-post training approach.  We found that fitting repeated 

measures with monoexponential regressions decreased the error in CRF response estimates and therefore 

increased the CRF response rate (i.e. the proportion of individuals classified as CRF “responders” with 

95% confidence) compared with both linear regressions and the pre-post training approach.  Taken 

together, these chapters demonstrate that considering error and meaningful thresholds help avoid 

misclassifying individuals (chapter 3), and that deriving response estimates from repeated measures can 

improve the accuracy in response classification.   

In chapter 5 we tested the hypothesis that higher doses of exercise training produce larger 

response CRF rates because of larger mean changes with or without reduced interindividual variability.  

Using CRF data from over 1,500 participants across 8 RCTs, we demonstrated that larger mean changes, 

and not reduced interindividual variability, explained larger CRF response rates following higher doses of 

exercise training.  These findings demonstrate that response rates are unrelated to interindividual 

variability and suggest it is erroneous to interpret larger response rates as evidence of lower response 

heterogeneity – a common conclusion in the individual response literature 11–13,253.  Chapters 5 therefore  
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advances our understanding of the factors contributing to response rates, and supports the argument that 

response rates are more informative of ‘average medicine’ than ‘personalized medicine’ 9.   

Chapters 6-8 focused on interindividual differences in trainability.  In chapter 6 we critically 

appraised the SDIR method 15 and discussed how limitations of parallel-arm RCTs may invalidate the 

assumption that within-subject variability is equal between exercise and control groups.  Our novel 

analyses comparing variability in behavioural factors between exercise and control groups supports the 

speculation that the inability to blind participants in exercise trials may lead to between-group differences 

in within-subject variability.  However, because the SDIR remains the only method for estimating 

interindividual differences in trainability in parallel-arm trials, we recommend future parallel-arm RCTs 

work adopt the SDIR but consider its limitations when drawing conclusions.  In chapter 7 we used the SDIR 

to investigate the existence of interindividual differences in trainability for molecular and morphological 

skeletal muscle outcomes.  We obtained a mixture of positive and negative SDIR values providing 

potential evidence for and against the existence of interindividual differences in trainability, respectively.  

Although chapter 7 adds to the growing body of literature pointing to a lack of interindividual differences 

in trainability, our small sample size limited our precision in SDIR estimates.  In light of the importance of 

using large sample sizes when estimating SDIR 9, chapter 8 revisited our large dataset from chapter 5 

(>1,500 participants from 8 RCTs) to investigate the presence of interindividual differences in trainability 

for cardiorespiratory fitness, waist circumference, and body weight.  Following a Bayesian framework,  

we failed to provide evidence supporting the existence of interindividual differences in trainability for 

CRF, waist circumference, or body mass.  We also explored moderators of response, and found that 

certain moderators (e.g. longer exercise durations) increased the proportion of participants expected to 

experience meaningful benefit.  Interestingly, higher proportions were also associated with larger 

estimates of standard deviation of change scores.  Because greater interindividual variability should lower 

proportions of expected benefit 117, this finding confirms the ideas presented in chapter 5 that larger 
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response rates are explained by larger mean changes.  Taken together, these three chapters provide 

evidence questioning the assumption that interindividual differences in trainability exist.   

9.2 Viewpoint 

This sub-chapter contains an essay in preparation for submission as a “Viewpoint” in the Journal 

of Applied Physiology.   

9.2.1 Introduction 

The concept of “precision medicine” is gaining popularity across many scientific disciplines 254.  

In exercise science, precision medicine involves individualizing exercise prescription to optimize 

response and/or prevent “non-response” 19,20,255,256.  An individualized approach to exercise prescription 

theoretically involves two steps: 1) prescribing an initial dose of exercise training based on biological 

predictors (e.g. genetic variants; 257), and 2) monitoring an individual’s response to either maintain or 

modify exercise prescription.  Our Viewpoint (Figure 9.2-1) is that mean changes, not biological 

predictors, should inform initial exercise prescriptions, and that behavioural factors need to be considered 

when monitoring an individual’s response to exercise training.   
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9.2.2 Prescribing Initial Doses of Exercise Training 

To our knowledge, only one study 258 has tested whether biological predictors can inform how 

researchers prescribe initial exercise prescriptions.  These authors used a 15-variant genetic algorithm to 

predict whether individuals would better respond to low- or high-intensity resistance training.  Their 

results demonstrated that ‘matching’ individuals – i.e.  prescribing the dose predicted to be more 

favourable based on an individual’s genotype – produced larger adaptations compared with 

‘mismatching’ 258.  However, these findings have received criticism given the weak and/or controversial 

evidence supporting the genetic variants included in their algorithm 259.  While future investigations may 

eventually support the application of biological predictors, experts in exercise genomics believe current 

evidence does not support genetic testing for individualizing exercise prescription 260.  

Figure 9.2-1. Viewpoint on individual response application.  Our “viewpoint” for how 

to prescribe and monitor an individual in clinical and applied settings.  
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Rather than examining biological predictors, we believe practitioners in clinical/applied settings 

should simply use mean changes to inform initial exercise prescriptions.  We 117 recently reanalyzed data 

from over 1,500 participants across 8 RCTs and demonstrated that larger mean changes explain why 

higher doses of exercise training produce more “responders” in cardiorespiratory fitness (CRF) compared 

with lower doses of exercise training.  These findings refute interpretations that higher CRF response 

rates are caused by reductions in interindividual variability 11–13, and thus support arguments that response 

rates are more informative of ‘average medicine’ than ‘precision medicine’ 9.  We also reanalyzed our 

dataset following a Bayesian framework, and confirmed that larger mean changes increased the 

proportion of participants expected to experience meaningful improvements in CRF as well as waist 

circumference and body mass (chapter 8).  Taken together, our results indicate that, compared with single 

or combined biological predictors, mean changes appear to better predict an individual’s response.  

Therefore, to increase the probability that an individual will benefit from an initial exercise prescription, 

practitioners should prescribe exercise training protocols known to elicit large mean changes (Figure 9.2-

1).   

9.2.3 Monitoring an Individual’s Response 

Interpreting an individual’s response requires an understanding of the three sources of variation 

comprising observed changes to exercise training 22: 1) random measurement error arising from technical 

and day-to-day biological variability, 2) real physiological changes arising from behavioural factors (e.g. 

diet, sleep, habitual physical activity, etc. 185; a term referred to as “within-subject variability” ), and 3) 

‘true’ responses caused by exercise training (i.e. trainability).  Although practitioners can establish 

“typical errors” to distinguish real responses from error 25, it is very difficult to delineate effects caused by 

exercise training or changes in behavioural factors at the individual level.   

Alternatively, evaluating a group of participants in RCTs can estimate the degree to which 

trainability differs between individuals.  Given that measurement error and within-subject variability 

should theoretically be equal between control and exercise arms in a RCT 9, extra variability in observed 
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responses in the exercise group can be attributed to interindividual differences in trainability 15.  However, 

recent meta-analyses have failed to demonstrate larger variability of observed responses in exercise 

groups compared with control (132,133 and chapter 8).  Additionally, an earlier meta-analysis reported 

clinically trivial interindividual differences in trainability for body weight 119, and only ~26% of the 

examined outcomes in our recent systematic review presented evidence of interindividual differences in 

trainability with at least 95% confidence (chapter 2.3).  Thus, despite the widespread assumption that 

observed variability reflects interindividual differences in trainability (chapter 2.3), current evidence does 

not support the notion that individuals respond differently to exercise training.   

A logical next question is: if exercise per se is not causing interindividual differences, why do 

some individuals appear to not benefit while others certainly benefit following a given dose of exercise 

training?  Given that many studies report observed responses falling below thresholds that conservatively 

account for random measurement error (chapter 2.3), detrimental changes in behavioural factors may 

explain why some individuals do not appear to benefit from exercise training.  Indeed, many behavioural 

factors including sleep quality, psychological stress, and habitual physical activity can impact an 

individual’s observed response to exercise training 185.  Monitoring an individual in clinical/applied 

settings should therefore encompass multiple behavioural factors rather than solely focusing on exercise 

prescription.  To our knowledge, no study has adopted this multifactorial monitoring approach (Figure 

9.2-1), and future work is needed to test the efficacy of targeting behavioural changes rather than, or in 

addition to, exercise modification.     

When conducting follow-up assessments, practitioners should perform  repeat testing to 

accurately assess whether an individual has or has not experienced benefit 25.  If exercise modification is 

warranted (e.g. the practitioner has confirmed a lack of a meaningful response with repeat testing and 

cannot identify a major influence of adverse behavioural changes), then current evidence suggests that 

augmenting exercise dose (e.g. increasing intensity, duration, and/or frequency – protocols that elicit large 

mean changes) may increase the probability that an individual will experience benefit 6,29,30.  However, the 
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observation that “non-responders” can “respond” after continued exposure to the same dose 30 questions 

the necessity in augmenting exercise dose.  Refraining from augmenting dose may be especially 

important given its potential negative impact on enjoyment and exercise adherence 261.  Other evidence 

suggests that altering exercise mode 28,107 may also increase the probability that an individual will 

experience benefit.  However, we recently demonstrated that a VO2max “non-responder” can be re-

classified as a VO2max “responder” after completing the identical dose of exercise training a second time 

27.  This apparent poor repeatability, which is also present for skeletal muscle adaptations 134,136, questions 

whether divergent responses to different exercises modes 28,107 represents a “rescuing” of non-response or 

simply reflects a large degree of behavioural variability – a possibility that reiterates the importance of 

targeting behavioural factors (Figure 9.2-1).  Therefore, regardless of how practitioners prescribe exercise 

and/or behavioural modifications, the apparent intra-individual variability in response to the same dose of 

exercise training 27,30,134,136 highlights the need for frequent assessment when monitoring individuals in 

clinical/applied settings.   

9.2.4 Conclusion 

Our Viewpoint argued that mean changes should inform initial exercise prescription and that 

behavioural factors need to be examined when monitoring an individual’s response to exercise training.  It 

is important to recognize that our Viewpoint focused on individualizing exercise prescription to optimize 

benefit in a single outcome, and developing individualized approaches that target multiple outcomes 

remains a challenge for future work 19,20.  Additionally, most studies have focused on statistical 

approaches for analyzing individual response in research contexts (examples: 8,9,22) with few investigating 

the application of precision exercise medicine.  Thus, while we propose a potential framework for 

individualizing exercise prescription (Figure 9.2-1), future work is needed to test individualized 

approaches in clinical and/or applied settings.   
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9.3 Future Directions  

As discussed in the previous section (chapter 9.2), there remains a lack of evidence demonstrating 

the existence interindividual differences in trainability.  We speculate that large variability in behavioural 

modifications has precluded the ability to detect interindividual differences in trainability in controlled, 

supervised, and standardized human trials.  Future work should therefore attempt to control and account 

for within-subject variability by collecting objective measurements of behavioural factors including but 

not limited to: tracking habitual physical activity with accelerometers, providing standardized diets, and 

monitoring sleep with wearable technology.  However, these objective measurements can be costly, 

increase participant burden, and produce misleading data due to the Hawthorne-effect (e.g. participants 

increasing physical activity levels because their physical activity habits are being measured 220).  

Additionally, it is very unlikely that researchers can assess all the potential behavioural and 

environmental factors that may influence a given outcome 185,215 – a concern that is especially relevant for 

outcomes determined by many different physiological (e.g. VO2max 262) and/or molecular processes (e.g. 

mitochondrial biogenesis 263).  An alternative approach to objectively measuring behavioural factors is 

employing study designs that limit the influence of within-subject variability.  The remainder of this 

section discusses animal studies and single-leg models as two study designs that may reduce the influence 

of within-subject variability and thus provide an opportunity to demonstrate the existence of 

interindividual differences in trainability.   

9.3.1 Animal Studies 

Compared with human studies, animal studies can tightly control for many behavioural and 

environmental factors that may contribute to within-subject variability.  For example, a recent study by 

MacDonald and colleagues 264 provided standardized diet across all rodents, completely measured all 

habitual physical activity (voluntary wheel running), and kept rodents in cages with equal light-dark 

cycles and housing temperatures.  These rigorous experimental controls demonstrate how animal studies 

can reduce, or perhaps eliminate, variance attributable to within-subject variability.  Accordingly, if 
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animal studies are only confounded by random measurement error, it may be easier to isolate and detect 

interindividual differences in trainability using the SDIR statistic.  This idea is best explained using the 

equations below (equations from chapter 6):  

Animal Studies Human Studies 

𝑆𝐷𝐼𝑅 = 𝑆𝐷𝐸𝑋 − 𝑆𝐷𝐶𝑂𝑁 𝑆𝐷𝐼𝑅 = 𝑆𝐷𝐸𝑋 − 𝑆𝐷𝐶𝑂𝑁 

𝑆𝐷𝐼𝑅 = (𝑉∆𝑇𝐸 ± 𝑉∆𝑇𝑅𝑈𝐸) − (𝑉∆𝑇𝐸) 𝑆𝐷𝐼𝑅 = (𝑉∆𝑇𝐸 ± 𝑉∆𝑊𝑆 ±  𝑉∆𝑇𝑅𝑈𝐸) − (𝑉∆𝑇𝐸 ± 𝑉∆𝑊𝑆) 

 

As seen in the equations above, obtaining positive SDIR values (i.e. indicating the existence of 

interindividual differences in trainability; VΔTRUE) requires that VΔTRUE is larger than two confounding 

sources of variation in human studies (VΔTE and VΔWS) compared with one (VΔTE) in animal studies.  

No animal study to my knowledge has used the SDIR or any comparable statistic to investigate the 

existence of interindividual differences in trainability.  Obtaining large and positive SDIR values in animal 

models could support our speculation (section 9.2) that large variability in behavioural factors precludes 

our ability to detect interindividual differences in trainability in human trials.  However, given the many 

inherent experimental differences between animal and human studies 265, using the SDIR statistic in human 

models that limit the influence of within-subject variability may provide more meaningful information for 

the existence of interindividual differences in trainability.  

9.3.2 Unilateral exercise models  

Unilateral exercise training models (also referred to as single-arm or leg exercise) training – 

whereby one limb is subjected to exercise training and the other to no-exercise control – may provide a 

unique opportunity to investigate interindividual differences in trainability in human participants.  Given 

that changes in diet, sleep, habitual physical activity, and many other behavioural/environmental factors 

should affect the whole body and not one limb over the other, within-subject variability should be 

virtually identical between limbs.  Accordingly, similar to animal models, single-leg training models may 

better isolate and detect interindividual differences in trainability:   
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Unilateral model Bilateral or whole body model 

𝑆𝐷𝐼𝑅 = 𝑆𝐷𝐸𝑋 − 𝑆𝐷𝐶𝑂𝑁 𝑆𝐷𝐼𝑅 = 𝑆𝐷𝐸𝑋 − 𝑆𝐷𝐶𝑂𝑁 

𝑆𝐷𝐼𝑅 = (𝑉∆𝑇𝐸 ± 𝑉∆𝑇𝑅𝑈𝐸) − (𝑉∆𝑇𝐸) 𝑆𝐷𝐼𝑅 = (𝑉∆𝑇𝐸 ± 𝑉∆𝑊𝑆 ±  𝑉∆𝑇𝑅𝑈𝐸) − (𝑉∆𝑇𝐸 ± 𝑉∆𝑊𝑆) 

 

A major assumption of single-leg training is that adaptations in the exercised limb do not 

‘transfer’ or promote adaptations in the control limb 266.  Unilateral exercise studies are therefore limited 

to examining peripheral outcomes that are not determined by cardiac or neural mechanisms.  For 

example, several unilateral studies have reported changes in mitochondrial enzyme activities in the 

exercising limb only because these adaptations occur via intramuscular signaling and biochemical 

processes (reviewed: 266).  Conversely, neural-mediated strength adaptations may explain why unilateral 

resistance training increases strength in non-exercising control limbs 267.  Only one study 268 has examined 

individual responses using a unilateral model, and this study appraised the variability in observed 

responses rather than adopting the SDIR or a comparable statistic.  Obtaining positive and large SDIR 

values from unilateral training studies would provide empirical human evidence supporting our 

speculation that large variability in behavioural and/or environmental factors confounds our ability to 

detect interindividual differences in trainability in bilateral human exercise training trials.    

9.4 Statistical Bias 

It is important to highlight that the chapters within this dissertation may be influenced by four key 

types of “statistical bias”:  

1. Spectrum bias refers to how diagnostic tests may be differentially sensitive across different 

subgroups of participants (e.g. differences in disease severity) 269.  Interpreting response 

classification as a diagnostic test, chapters 3-4 may be at risk of spectrum bias because 

participants were recruited using strict eligibility criteria.  We acknowledge this specificity in 

chapter 4 where we conclude that future work should test for the regression that fits best given 

their dataset rather than assuming monoexponential is superior to linear.  Alternatively, chapters 5 
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and 8 examined response rates across a range of trials with varying participant eligibility criteria, 

suggesting that findings from these chapters are less likely to only apply to a certain population.  

Future studies that classify individual responses should be aware of spectrum bias by avoiding 

claims that extend beyond their population examined.  

2. Incorporation bias occurs when a diagnostic test is used to determine the ‘reference standard’, 

which refers to the “truth” that the diagnostic test is attempting to predict 270.  In other words, 

diagnostic tests that avoid incorporation bias attempt to predict an outcome not directly assessed 

with the diagnostic test (e.g. using a blood marker to predict presence of cancer).  Within the 

context of this dissertation, measurement error and within-subject variability preclude our ability 

to ascertain an individual’s “true” response (“reference standard”).  Moreover, all response 

classification methods (diagnostic tests) are at potential risk of incorporation bias because they 

attempt to diagnose “true responses” for the same outcome (e.g. VO2max response classification 

used to predict true VO2max response; chapters 3-5 and 8).  Future work could explore whether 

response classification in a certain outcome can accurately “diagnose” a hard, clinical end-point 

such as cardiovascular disease presence, major coronary event, or even mortality.  

3. Participation bias refers to instances where study participants differ from the population from 

which they are being sampled.  Participation bias is a major issue in exercise trials because 

participants willing to partake in a long-term exercise intervention are typically more healthy and  

physically active than their age-matched counterparts 271.  Participation bias appears especially 

relevant in older individuals 271, and this finding likely explains why exercise was not superior to 

recommended guideline activity in lowering all-cause mortality among older adults in the 5-year  

Generation 100-year study 272.  Because we did not obtain basic participant characteristics from 

participants who declined to participate, it is unclear whether the exercise trials included in this 

dissertation are influenced by participant bias.  The impact of participation bias on exercise 

intervention research suggests examining a balance of RCTs and cohort studies – where active 
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participants are compared with non-active age-matched counterparts – may be most informative 

for ascertaining the health benefits of exercise training.   

4. Verification bias occurs when all participants undergo diagnostic testing (e.g. blood biomarkers 

for cancer) but only a portion of participants receive the ‘reference standard test’ (e.g. gold-

standard method for determining cancer presence) 273.  As described above in “incorporation 

bias”, because we cannot ascertain individuals’ true responses to exercise (reference standard), 

we could not have some participants receive a reference standard test.  Therefore, verification 

bias was unlikely an issue in the present dissertation, but remains an important bias for future 

exercise studies that diagnose adaptations based on simplistic tools (e.g. blood biomarkers, survey 

data, etc.).   

9.5 Conclusion 

Taken together, the current dissertation highlights important considerations for examining 

individual responses to exercise training: responses should be classified using methods that consider error 

and a meaningful threshold, response rates are unrelated to interindividual variability, and the presence of 

interindividual differences in trainability should not be assumed.  We hope the work presented here 

promotes future study in this area using the statistical approaches demonstrated and discussed throughout 

the above chapters.     
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Appendix A 

Proposal Statement 

No significant changes from the approved thesis proposal occurred.  
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Appendix B 

Supplemental Figures 

 

Supplemental Figure 1. Representative constrained and unconstrained monoexponential regressions.  

Representative individual monoexponential regression without (A) and with (B) a constraint on the time constant 

value (K). K was constrained in panel B to equal the K value associated with the monoexponential regression of the 

mean CRF data of this participant’s group. Plateaus represent the highest predicted CRF value at infinite time and 

the plateau and K values are presented in CRF units (mL/kg/min).  
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Supplemental Figure 2. Secondary analysis statistical plan.  Flow chart for secondary analysis.   

* As determined in steps in 1A or 1B of primary analysis.  † Unpaired t-tests were only performed if ANOVAs with 

three groups (e.g. ANOVAs for DREW, HART-D, and HEARTY) revealed significant group × time interaction 

effects.  These unpaired t-tests were used as post-hoc tests to determine which groups had significantly different 

mean changes in CRF. 
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Appendix C 

Supplementary Tables 

Supplementary Table 1. Typical errors from eight trials.  Sample size of control groups (N) and 

typical errors (TE), coefficients of variation (CV), and response thresholds calculated using control 

group CRF data for each trial.  

Trial N 
TE 

(mL/kg/min) 

CV 

(%) 

Threshold 

(mL/kg/min) 

DREW 93 1.35 8.7% 3.03 

E-MECHANIC 59 2.25 10.0% 3.89 

HART-D 32 1.61 5.1% 3.28 

HEARTY 51 2.38 6.8% 4.00 

Queen’s 43 2.14 7.8% 3.81 

STRRIDE* 59 1.77 6.6% 3.43 

TEs calculated as the standard deviation of pre-post differences of CRF data from control group 

participants divided by √2.  CVs calculated as TEs divided by mean CRF data from control group 

participants (pre- and post-intervention values combined).  Response thresholds were calculated using 

50% confidence intervals based on TEs as outlined by Swinton et al. 7.  

* Data used for all three STRRIDE trials (STRRIDE, STRRIDE-AT/RT, and STRRIDE-PD). 
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Appendix D 

Supplementary Material 

Supplementary material for chapter 2.2 

References of articles included in  systematic review 

References A-I: 2,8,11,12,21–23,27,28,106,114,122,123,125–129,131,146,149–151,195,202,211,268,274–307 

 

References I-R: 29,30,89,91,95,107,111,121,124,130,142,196,208,308–340 

 

References S-Z: 6,13,86,90,100,101,108,113,118–120,139,141,143,147,253,341–366 
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Section/topic # Checklist item Reported on page # 

Title 1 Identify the report as a systematic review, meta-analysis, or both. 1

Structured summary 2

Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, participants, 

and interventions; study appraisal and synthesis methods; results; limitations; conclusions and implications of key findings; 

systematic review registration number. 

2, 3

Rationale 3 Describe the rationale for the review in the context of what is already known. 4, 5

Objectives 4
Provide an explicit statement of questions being addressed with reference to participants, interventions, comparisons, outcomes, 

and study design (PICOS). 
5

Protocol and registration 5
Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide registration 

information including registration number. 
N/A (no registered protocol)
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Search 8 Present full electronic search strategy for at least one database, including any limits used, such that it could be repeated. 6 and supplemental "S2"

Study selection 9
State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, included in the 
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7

Data collection process 10
Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes for obtaining 
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7

Data items 11
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Risk of bias in individual 

studies 
12

Describe methods used for assessing risk of bias of individual studies (including specification of whether this was done at the study 

or outcome level), and how this information is to be used in any data synthesis. 
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Summary measures 13 State the principal summary measures (e.g., risk ratio, difference in means). Table 1

Synthesis of results 14
Describe the methods of handling data and combining results of studies, if done, including measures of consistency (e.g., I

2
) for 

each meta-analysis. 
Figure 2

Risk of bias across studies 15
Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication bias, selective reporting within 

studies). 
N/A

Additional analyses 16
Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating which were 

pre-specified. 
N/A

Study selection 17
Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at each stage, 

ideally with a flow diagram. 
8 and Figure 1

Study characteristics 18
For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and provide the 

citations. 
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Risk of bias within studies 19 Present data on risk of bias of each study and, if available, any outcome level assessment (see item 12). N/A

Results of individual studies 20
For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each intervention group (b) 

effect estimates and confidence intervals, ideally with a forest plot. 
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Synthesis of results 21 Present results of each meta-analysis done, including confidence intervals and measures of consistency. N/A

Risk of bias across studies 22 Present results of any assessment of risk of bias across studies (see Item 15). N/A

Additional analysis 23 Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression [see Item 16]). N/A

Summary of evidence 24
Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to key groups (e.g., 

healthcare providers, users, and policy makers). 
12
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Funding 27
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DISCUSSION 

FUNDING 

TITLE 

ABSTRACT 

INTRODUCTION 
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Supplementary material “S2” 

  Combined with AND 

Term Exercise Training Individual Response 

OR Aerobic exercise training Adverse responder 

OR Aerobic training Adverse response 

OR Continuous endurance training Dichotomous classification 

OR Endurance training High responder 

OR Exercise Intervention High-responder 

OR Fitness training Individual differences 

OR High intensity interval training Individual heterogeneity 

OR High-intensity intermittent training Individual observed responses 

OR High-intensity interval training Individual patterns of response  

OR Interval training Individual trainability 

OR Isometric Training Individual variability 

OR Moderate intensity continuous training Interindividual heterogeneity 

OR Moderate-intensity continuous training Inter-individual heterogeneity 

OR Physical training Interindividual responses 

OR Plyometric training Inter-individual responses 

OR Resistance exercise training Interindividual variability 

OR Resistance training Inter-individual variability 

OR Resistance-type exercise training Likely Responder 

OR Sprint interval training Low responder 

OR Sprint training Low-responder 

OR Sprint-interval training Non responder 

OR Strength training Non response  

OR Strength-type exercise training Non-responder 

OR Strength-type training Non-response 

OR Tabata training Patient by treatment interaction 

OR Wingate training  Patient-by-treatment interaction 

OR  Patterns of response 

OR  Probable responder 

OR  Responder 

OR  Response classification 

OR  Response heterogeneity 

OR  Response levels 

OR  Response patterns 

OR  Response thresholds 

OR  Response variability 

OR  Response variation 

OR  Responsiveness  

OR  SDir 

OR  SDr 
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OR  Standard deviation of individual response 

OR  Subject by training interaction 

OR  Subject by treatment interaction 

OR  Subject-by-training interaction 

OR  Subject-by-treatment interaction 

OR  Trainability 

OR  True response 

OR  Uncertain responder 

OR  Unlikely Responder 
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10 studies) 
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RT 
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HDL-C, FBG, 
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HOMA-IR 

Álvarez 
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17 

Front 
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adults 
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100% 

HRpredmax
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skinfolds 
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DBP, FGL, FI, 
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Álvarez 
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12 x 40-60s 

6 18 3 

FGL, FI, 
HOMA-IR, 
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adults 
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Álvarez 
20
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0 1 2x TE 
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trained, 
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M/F 

RT-High frequency 
RT-Low frequency 
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ATRT 

Progressive 
RT program 
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program  
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LF: 12 

HF: 3 
LF: 2 
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fasting 
insulin, 
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Álvarez 
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Int J 
Obesity 
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RT 
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ATRT 

Progressive 
RT program 
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program  
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Álvarez 
20
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Scand J 
Med Sci 
Sports 
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trained, 
adults 
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RT  

ATRT 
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HIIT: 70-
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RT: Failure 
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3 sets x 4 
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ATRT: 
HIT+RT 

12 
HIT: 36 
RT: 24 

ATRT: 60 

3 
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5 

body mass 
(scale), BMI, 
WC (tape), 
skinfolds 
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(auto 

monitor), 
blood 
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methods, 

radioimmun
oassay), 
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Álvarez 
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Front 
Physiol 

0 1 2x TE 

Overweight/
obese, 

prehyperten
sive and 

normotensiv
e, 

sedentary, 
adults 

F HIIT AT 
70-100% 

HRmax, 7-
10 x 60s 

16 48 3 

body mass 
(scale), BMI, 
WC (tape), 
skinfolds 

(caliper), fat 
mass 

(bioimpende
nce), muscle 

mass 
(bioimpeden
ce), BP (auto 

monitor), 
RHR(monitor

), FGL (all 
assays), TC, 
LDL-C, HDL-

C, TG, 1RM, 2 
KMWT 

Álvarez 
20
19 

Scand J 
Med Sci 
Sports 

0 1 2x TE 

Overweight/
obese and 
hyperglyce

mic, 
sedentary, 

adults 

F ATRT ATRT 

RT: 10-20% 
1RM or 

body 
weight, 8 
exercises, 

50 min 
AT: 70% 

HRmax, 30 
min 

20 60 3 

body mass, 
WC, fat 

mass, lean 
mass, SBP, 
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14 

PLoS One 0 1 1x CV 

Study 1: 
Healthy, 
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adults 

Study 2: 
Healthy, 
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adults 

M/F 
F 

SIT 
HIIT 

AT 
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300% 
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Wingates 
HIIT: 60-
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12 

6 
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Eur J 
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adults 
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Med Sci 
Sport Ex 
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M/F Various AT 

Various: 
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ion of four 

studies 
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Progressive 
RT program 
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ATRT 

SE: 
Progressive 

RT 
program, 

progressive 
MICT 

program - 
RT before 

END 
ES: 

Progressive 
MICT 

program, 
progressive 
RT program 

- END 
before RT 

12 36 3 
VO2max, 

Wmax 

Castro 
20
19 

PloS One 0 0 Quantiles 
Healthy, 

sedentary, 
adults 

M 
MICT 
HIIT 

AT 

MICT: 70-
75% HRR, 

40 min 
HIIT: 

90%HRR, 5 
x 4min 

8 28 3 to 4 

Maxial 
power 
output 
(MPO) 

Caudwel
l 

20
09 

Pub Hlth 
Nutr 

0 1 SWC/MCID 

Overweight/
obese, not 

stated, 
adults 

M/F MICT AT 
70% 

Hrmax, 
500kcal  

12 60 5 
body mass, 

fat mass 
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Chen 
20
17 

Biomed 
Gen 

Genom 
0 1 SWC/MCID 

Lower leg 
injury, not 

stated, 
adults 

M/F 
Rehab Exericse 

Program 
OTH
ER 

ATRT: 
Progressive 

RT and 
MICT  

program 

6 18 3 CSAmax 

Chmelo 
20
15 

J Am Ger 
Soc 

0 0 Zero based 

Overweight/
obese, 

sedentary, 
elderly 

M/F 
MICT 

RT 
ATRT 

MICT: 50-
70% HRR, 
15-30 min 

RT: 
Progressive 
RT program 

20 
80 
60 

4 
3 

VO2max, 
knee 

extensor 
strength, 

400m walk 
time, gait 

speed, chair 
rise time, 

Short 
Physical 

Performance 
Battery Score 

Church
ward-
Venne 

20
15 

J Am 
Med Dir 

Assoc 
0 0 Zero based 

healthy 
prefrail and 

frail, not 
stated, 
elderly 

M/F RT RT 

Various: 
Amalgamat
ion of three 
RT studies 

12 to 24 36 to 72 2 to 3 

Lean body 
mass, T1 

fiber size, T2 
fiber size, 
1RM leg 

press, 1RM 
leg 

extension, 
chair-rise 

time 

Croyma
ns 

20
13 

J Appl 
Physiol 

0 N/A   

Overweight/
obese, 

sedentary, 
adults 

M RT RT 
Progressive 
RT program 

12 36 3 

Fat mass 
(DEXA), LBM 

(DEXA), 
strength 

(1RM), Glu 
AUC 

(enzymatic) 

Dalleck 
20
15 

DMSO 0 1 SWC/MCID 
Healthy, 

sedentary, 
adults 

M/F MICT AT 
Progressive 

MICT+RT 
14 42 3 

WC, BG, HDL, 
SBP, TG 

Dalleck 
20
16 

J Fit Res 0 1 

1x CV for 
VO2max 

Zero based 
for other 
outcomes 

Healthy, 
sedentary, 

adults 
M/F 

MICT+RT-
Standardized 

MICT+HIIT+RT-
Personalized 

ATRT 

Standardiz
ed: 

Progressive 
MICT and 

RT 
programs 

Personalize

13 39 3 

HDL, TG, BG, 
SBP, 

VO2max, 
WC, BF, 

Bench pres 
5RM, leg 

press 5RM, 
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d: 
Progressive 
MICT, HIIT, 

and RT 
programs 

left leg stork 
stand, right 

leg stork 
stand 

Damas 
20
19 

J Appl 
Physiol 

0 1 2x TE 
Healthy, RT-

trained, 
adults 

M 
RT-control 
RT-variable 

RT 

RT-control: 
Failure, 9-
12 reps x 8 

sets x 8 
exercises 

RT-
variable: 

variable RT 
program 

8 16 2 
Muscle CSA 
(ultrasound) 

Damas 
20
19 

JSCR 0 1 2x TE 
Healthy, not 

trained, 
adults 

M 
RT-HF 
RT-LF 

RT 

Both 
groups: to 

failure 9-12 
reps x 3 

sets  

8 16-40 
5 

2-3 
CSA, 1RM 

Davidse
n 

20
11 

J Appl 
Physiol 

0 0 Quantiles 
Healthy, not 

trained, 
adults 

M RT RT 
Progressive 
RT program 

12 60 5 
Muscle gain 
(DEXA), fiber 
size (histo) 

de 
Lannoy 

20
17 

PloS One 0 1 
2x SD 

control 
group 

See Brennan 
2020 

M/F 
See Bonafiglia 2019 

above 
AT 

See 
Bonafiglia 

2019 above 

See 
Brennan 

2020 

See 
Brennan 

2020 

See 
Brennan 

2020 

2hr glucose, 
fasting 
insulin, 

insulin AUC, , 
sedentary 

time 

Del 
Giudice  

20
20 

JSAMS 0 2 

TE + 
SWC/MCID 
(confidence 

interval) 

Healthy, 
active, 
adults 

M HIIT AT 
90-95% 
HRmax, 
4x4min 

4 16 4 

VO2max 
relative, 
VO2max 
absolute, 
time to 
fatigue 

Delgado
-Floody 

20
19 

Nutrition, 
Metaboli

sm & 
Cardiovas

cular 
Diseases 

0 1 2x TE 
Obese, not 

trained, 
adults 

M/F RT RT 

40-60% 
1RM, 20-35 
reps x 1 set 

x 4-8 
exercises  

20 60 3 

Body mass 
(scale), WC 

(tape), 
BP(x2), 
fasting 

glucose, 
HDL-C, TG 

Denham 
20
19 

Biomed J 0 N/A   
Healthy, not 

stated, 
adults 

M SIT AT 

All-out, 4-6 
sprints 
(sprint 

length not 
reported) 

6 18 3 
Sperm 

telomere 
length 
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Diaz-
Vegas 

20
18 

Sci & 
Sports 

0 1 2x TE 

Overweight/
obese, not 

stated, 
adults 

M 
RT-concentric  
RT-eccentric 

RT 

body 
weight, 8 
reps x 4 
sets x 1 
exercise 

4 12 3 

BMI, WC, 
SBP, DBP, 
Mean BP, 
VO2peak 

Dionne 
19
93 

Med Sci 
Sport Ex 

0 N/A   
Healthy, 

sedentary, 
adults 

M MICT AT 
Various - 

multicentre 

Various - 
multicent

re 

Various - 
multicent

re 

Various - 
multicent

re 
VO2max 

Edgett 
20
18 

Clin Phys 
Func Img 

0 1 2x TE 
Heathy, 
active, 
adults 

M/F 
See Bonafiglia 2016 
+ See Raleigh 2016 

AT 

See 
Bonafiglia 
2016 + See 

Raleigh 
2016 

See 
Bonafigli
a 2016 + 

See 
Raleigh 

2016 

See 
Bonafigli
a 2016 + 

See 
Raleigh 

2016 

See 
Bonafigli
a 2016 + 

See 
Raleigh 

2016 

VO2max 

Erskine 
20
10 

Eur J 
Appl 

Physiol 
0 1 1x SD 

Healthy, not 
trained, 
adults 

M RT RT 

80% 1RM, 
10 reps x 4 

sets x 1 
exercise 

9 27 3 

muscle force, 
MVC, muscle 
CSA, specific 

tension 

Garcia 
20
16 

Clin Phys 
Func Img 

0 1 SWC/MCID 
Healthy, RT-

trained, 
adults 

F 
RT-Multiple set 

RT-Tri-set 
RT 

Progessive 
RT program 

52 156 3 Deadlift 1RM 

Goddar
d 

20
14 

Int J Ex 
Sci 

0 1 2x SEM 
Healthy, 
active, 
adults 

not 
stat
ed 

SIT AT 
all-out, 3 x 

1 min 
6 18 3 VO2max 

Gray 
20
18 

APNM 0 N/A   
Healthy, 
active, 
adults 

M/F SIT AT 
all-out, 4-6 
30s  sprints  

4 12 3 

body weight, 
body fat, 

BMI, waist to 
hip ratio, 

glucose AUC, 
insulin AUC, 

insulin 
sensitivity, 

plasma 
vitamin B3, 

plasma 
NAD:NADP 

ratio, plasma 
NAMPT 

Gross 
20
07 

Med Sci 
Sport Ex 

0 N/A   

Healthy, 
END-

trained, 
adults 

M/F 
HIIT-consecutive 

HIIT-
nonconsecutive 

AT 
100%PPO, 
8x2.5 mins 

3 9 3 

5km velocity, 
5km power 

output, peak 
aerobic 
power 
output, 

VO2peak 
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Gurd 
20
16 

APNM 0 1 2x TE 
Healthy, 
active, 
adults 

M/F SIT AT 
Amalgamat

ion of 5 
studies 

Amalgam
ation of 5 

studies 

Amalgam
ation of 5 

studies 

Amalgam
ation of 5 

studies 

VO2peak, 
time to 

completion, 
lactate 

threshold 

Hagstro
m 

20
18 

Int J 
Sports 
Med 

0 N/A 
Not enough 
information 

provided 

breast 
cancer 

survivor, 
sedentary, 

adults 

F RT RT 
8RM, 3 sets 

8-10 reps 
16 48 3 microRNAs 

Hammo
nd 

20
19 

Med Sci 
Sport Ex 

1 2 

Probablistic 
categories 
using TE 

and 
SWC/MCID 

See Brennan 
2020 

M/F 
See Bonafiglia 2019 

above 
AT 

See 
Bonafiglia 

2019 above 

See 
Brennan 

2020 

See 
Brennan 

2020 

See 
Brennan 

2020 

body weight, 
WC 

Haun 
20
19 

Front 
Physiol 

0 0 Quantiles 

Healthy, 
resistance-

trained, 
adults 

M RT RT 
Progressive 
RT program 

6 18 3 

composite 
score of: VL 

muscle 
thickness, leg 

soft tissue, 
thigh 

circumferenc
e, VL fiber 

CSA 

Hauser 
20
16 

Med Sci 
Sport Ex 

0 N/A   

healthy, 
END-

trained, 
adults 

M 

MICT-normobaric 
hypoxia 

MICT-hypobaric 
hypoxia 
Control 

AT 
Variable/co

mplex 
3 18 6 Hbmass 

Hautala 
20
06 

Eur J 
Appl 

Physiol 
0 N/A   

healthy, 
sedentary, 

adults 
M/F 

MICT 
RT 

ATRT 

MICT: 70-
80% 

Hrmax, 30 
min 

RT: 8-12 
1RM, 1 set 
x 8-12 reps, 

10 
exercises 

2 10 5 VO2peak 

Heckste
den 

20
18 

J Appl 
Physiol 

1 2 

Many 
methods 

including TE 
+ 

SWC/MCID 
(confidence 

interval) 

healthy,  not 
trained, 
adults 

M/F MICT AT 

60% HRR 
and HR 

correspond
ing to 

lactate 
threshold 

52 156 3 VO2max 
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Horak 
20
18 

PloS One 0 1 SWC/MCID 
Healthy, 
athletes, 

adults 
M 

RT - Explosive 
RT - Hypertrophy 

HIIT 
ATRT 

RT-EXP: 
90% max 
power, 4 
sets x 8 
reps x 1 
exercise 
RT-HYP: 

75% max 
power, 6 
sets x 2 

exercises x 
reps not 
stated 

HIIT: 90% 
HRmax, 30 

x 15 
seconds 

8 24 3 

300 degree/s 
right leg 

extension, 60 
degree/s 
right leg 

extension, 
right leg 

isometric 
extension, 

vertical 
jump, body 

fat % 

Hubal 
20
05 

Med Sci 
Sport Ex 

0 N/A 
Not enough 
information 

provided 

Healthy, not 
stated, 
adults 

M/F RT RT 
Progessive 
RT program 

12 
Not 

stated 
Not 

stated 

Muscle CSA, 
Isometric 

MVC, 1RM 
MVC 

Hvid 
20
17 

Exp 
Gerontol

ogy 
0 0 Quantiles 

mobility-
limited, 

sedentary, 
elderly 

M/F RT RT 

70-80% 
1RM, 3 sets 
x 10 reps, 8 

exercises 

12 24 2 
Total BDNF, 

mature BDNF 

Islam 
20
19 

APNM 0 1 
50% CI 

using TE 
above 0 

Healthy, 
active, 
adults 

M/F 
VICT 
SIT 

AT 

VICT: 85% 
HRpeak, 30 

min 
SIT: All-out, 

8 x 20s 

4 16 4 

VO2peak, 
TTF, 5km 
time trial, 

back 
extension, 

push-up, sit-
up, right 

plank, left 
plank 

Johanns
en  

20
13 

Diab Care 0 1 SWC/MCID 
T2D, 

sedentary, 
adults 

M/F 
MICT 

RT 
MICT+RT 

ATRT 

MICT: 50-
80% 

VO2max, 
12 kkw 

RT: 2 sets x 
10-12 reps 

x 9 
exercises 
MICT+RT: 
50-80% 

VO2max, 
10 kkw + 2 
sets x 10-

36 108-180 
3-5 
3 

3-4 

VO2peak, 
estimated 

METs 
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12 reps x 9 
exercises 

Kacerov
sky-

Bielesz 

20
12 

Diab Care 0 0 Quantiles 

Offspring of 
T2D, not 
stated, 
adults 

M/F 
MICT 

RT 
ATRT 

MICT: 80-
90% VT, 

15-60 mins 
RT: 

Progressive 
RT program 

26 52 2 
myocellular 

ATP 
synthesis 

Karavirt
a 

20
11 

Med Sci 
Sport Ex 

0 N/A   
Healthy, not 

trained, 
adults 

M/F 
MICT 

RT 
MICT+RT 

ATRT 

MICT: 
Variable 

RT: 
Progressive 

Training 
Program 

21 
42 
84 

2 
4 

VO2max, 
MVC 

Karavirt
a 

20
13 

PLoS One 0 N/A   
Healthy, not 

trained, 
adults 

F 
MICT 

RT 
MICT+RT 

ATRT 

MICT: 
Variable 

RT: 
Progressive 

Training 
Program 

21 
42 
84 

2 
4 

Heart rate 
complexity 

index 

Keller 
20
11 

J Appl 
Physiol 

0 0 Quantiles 
Healthy, 

sedentary, 
adults 

M MICT AT 
70% 

VO2max, 
45min 

6 24 4 VO2max 

King 
20
08 

Int J 
Obesity 

0 1 SWC/MCID 

Overweight/
obese, 

sedentary, 
adults 

M MICT AT 
70%Hrmax, 

500kcal 
12 60 5 

Body weight, 
body fat 

Knepper
s 

20
19 

J Cach 
Sarc 

Muscle 
0 0 

Means 
clustering 
(quantiles) 

COPD, not 
stated, 
adults 

M/F 

HIIT+RT+thigh 
electrostimulation+
respiratory muscle 

training 

ATRT 
Unclear: 

insufficient 
detail 

4 20 5 

Aggregate 
score of 

qPCR and 
western blot 

data 

Koufaki 
20
02 

Med Sci 
Sport Ex 

0 1 1x TE 

End stage 
renal 

disease, not 
stated, 
adults 

M/F MIIT AT 

90% VO2 at 
ventilatory 
threshold, 
3x 6-8 min 

24 72 3 

VO2peak, 
VO2 kinetics, 
VO2peak at 
ventilatory 
threshold 

Krusnau
skas 

20
20 

Medicina 0 1 2x TE 
Healthy, 

untrained, 
adults 

M SIT AT 

7.5% body 
weight, all-

out 4-
6x30sec 

3 9 3 
Sprint power 

output 

Leddy 
20
16 

J Neurol 
Phys 

Therap 
0 N/A   

post-stroke, 
not stated, 

adults 
M/F MICT AT 

70-80% 
Hrmax, 40 

min 
10 40 4 VO2submax 

(x3), peak 
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treadmill 
speed 

Leifer 
20
16 

MSSE 1 1 2x TE 
See 

Bouchard 
2012 

M/F 
See Bouchard 2012 

above 
AT 

See 
Bouchard 

2012 above 

See 
Bouchard 

2012 

See 
Bouchard 

2012 

See 
Bouchard 

2012 

Fasting 
insulin, TG, 
HDL-C, SBP 

Leon 
20
02 

Int J 
Sports 
Med 

0 0 Quantiles HERITAGE M/F 
See Bouchard 1999 

above 
AT 

See 
Bouchard 

1999 above 

See 
Bouchard 

1999 
above 

See 
Bouchard 

1999 
above 

See 
Bouchard 

1999 
above 

HDL 

Leońska
-Duniec 

20
18 

J Sport 
Sci Med 

0 N/A   
Healthy, 

sedentary, 
adults 

F MICT AT Variable 12 36 3 
BMI and Fat 

mass 

Lortie 
19
84 

Int J 
Sports 
Med 

0 N/A   
Healthy, 

sedentary, 
adults 

M/F MICT AT 
60-85% 

HRR, 40-45 
min 

20 
Not 

stated 
4 to 5 

WRmax, 
MAP 

Marsh 
20
20 

RT:  0 0 Zero based 
Healthy, not 

trained, 
adults 

M/F 
MICT 

RT 
ATRT 

MICT: 
Progressive 

MICT 
RT: 

Progressive 
RT 

12 36 3 

Leg press 
1RM, Bench 
press 1RM, 
VO2max, 

TTE, Resting 
HR 

Massie 
20
19 

Ped Ex 
Sci 

0 N/A   
Healthy, not 

stated, 
adolescents 

F MICT AT 
60-70% 

VO2max, 
30 min 

12 36 3 

Lab energy 
intake, free-
living energy 
intake,  total 

energy 
expenditure, 

activity 
energy 

expenditure 

McLare
n 

20
18 

J Sport 
Sci 

0 2 

TE + 
SWC/MCID 
(confidence 

interval) 

Healthy, 
team sport, 

adults 
M Various 

OTH
ER 

Variable 
(combinati
on of HIIT, 
RT, sports-

specific 
exercises, 

etc.) 

8 72-96 9 to 12 

Yo-yo 
Intermittent 

Recovery 
Test, 30m 

sprint, 20m 
sprint, 10m 

sprint, 
countermove

ment jump 
height, 1RM 

squat 

McPhee 
20
10 

Eur J 
Appl 

Physiol 
0 0 Quantiles 

Healthy, not 
trained, 
adults 

F MICT+HIIT AT 

MICT: 75% 
Hrmax, 45 

min 
HIIT: 

6 18 3 

Double leg 
VO2max, 
single leg 
VO2max 
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90%Hrmax, 
5 x 2 min 

McPhee 
20
11 

Exp Phys 0 0 Quantiles 
Healthy, not 

trained, 
adults 

F MICT+HIIT AT 

MICT: 75% 
Hrmax, 45 

min 
HIIT: 

90%Hrmax, 
5 x 2 min 

6 18 3 
SDH 

expression 

Medran
o 

20
20 

Ped Diab 0 1 SWC/MCID 

Overweight/
obese, not 

stated, 
adolescents 

M/F MICT-RT ATRT 

MICT: 76% 
Hrpeak 60 

mins 
RT: 10 min 
of various 

RT 
exercises 

24 72 3 

Body weight, 
heptic fat, 
abdominal 

fat, fat mass 
index, BMI, 

GGT, 
AST/ALT 

Metcalf
e 

20
16 

APNM 0 N/A   
Healthy, 

sedentary, 
adults 

M/F HIIT AT 
All-out, 1-
2x10-20s 

6 18 3 

VO2max, 
glucose AUC, 
insulin AUC, 

insulin 
sensitivity 

Mobley 
20
18 

PloS One 0 0 
Means 

clustering 
(quantiles) 

Healthy, not 
trained, 
adults 

M RT RT 
Variable 

(undulation 
model) 

12 36 3 
VL thickness 

(DEXA) 

Monter
o 

20
17 

J Phys 0 1 1x TE 
Healthy, not 

trained, 
adults 

M MICT+HIIT AT Variable 5 5 to 25 1 to 5 Wrmax 

Morton 
20
18 

Frontiers 
in 

Physiolog
y 

0 0 Quantiles 
Healthy, RT-

trained, 
adults 

M RT RT 
Variable: 
combined 

two groups 
12 48 4 

Type I CSA, 
Type II CSA, 
Lean body 

mass 

Mueller 
20
15 

Frontiers 
in human 
neuroscie

nce 

0 0 Zero based 

Overweirght 
or obese, 
healthy, 
adults 

M/F MICT+RT ATRT 

MICT: 70-
80% 

Hrmax, 
30min 
RT: Not 
stated 

12 24 2 
Leptin, HDL-

C, BDNF 

Mulroy 
20
10 

Physical 
therapy  

0 1 SWC/MCID 
Post-stroke, 
not stated, 

adults 
M/F Rehab 

OTH
ER 

Variable 6 24 4 
Self-selected 

walking 
speed 

Nascime
nto 

20
18 

Clinical 
intervent

ions in 
aging 

0 0 Quantiles 

Hypertensiv
e and 

normotensiv
e, 

untrained, 
elderly 

F RT RT Progressive 10 20 2 SBP 
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Nascime
nto 

20
20 

Blood 
Pressure 
Monitori

ng 

0 1 
Varying TE 
methods 

Healthy, 
sedentary or 
active, older 

adults 

F RT RT 
Progresive 

RT 
10 20 2 SBP 

Nunes 
20
20 

Aging 
Clin & 

Exp Res 
0 1 2x SEM 

Healthy, 
inactive, 

older adults 
F RT RT 

Progressive 
RT 

24 48 to 72 2 to 3 
Skeletal 

muscle mass 

Ogasaw
ara 

20
16 

Physiolog
ical 

genomics  
0 0 Quantiles 

Healthy, not 
trained, 
adults 

M RT RT 

70% 1RM, 
3 sets x 10 

reps x 2 
exercises 

12 36 3 
MRI (muscle 

size) 

Orssatto 
20
20 

Sports 
Sciences 

for 
Health 

0 1 SWC/MCID 
Healthy, not 

trained, 
elderly 

M/F RT RT 

Varying 
and 

progressive 
RT protocol 

9 27 3 

Timed up 
and go, stair 
ascent, star 
descent, leg 
press 5-RM, 
CMJ height, 
lower limb 
lean mass,  

Pandey  
20
15 

Diabetes 
Care 

0 1 SWC/MCID 
T2D, 

sedentary, 
adults 

M/F See Johannsen 2013 ATRT 
See 

Johannsen 
2013 

See 
Johannse

n 2013 

See 
Johannse

n 2013 

See 
Johannse

n 2013 
VO2peak 

Park  
20
07 

Am J 
Physiol 
Heart 
Circ 

Physiol 

0 0 Zero based 

Prehyperten
sive and 
stage I 

hypertensiv
e, 

sedentary, 
adults 

M/F MICT AT 
50-70% 

VO2max, 
20-40mins 

24 72 3 
Reactive 

hyperemia  

Patel 
20
20 

J. 
Vascular 
Surgery 

0 N/A   

Lower 
extremity 
peripheral 

artery 
disease, not 
stated, older 

adults 

M/F 
Rehab Exericse 

Program 
OTH
ER 

12-14 RPE, 
15-40min 

24 72 3 
Maximal 
treadmill 

walking time 

Peltone
n 

20
18 

EJAP 0 N/A 
Not enough 
information 

provided 

Healty, 
active, 
adults 

M RT RT Progressive 20 40 2 
Rate of force 
development 

Prestes 
20
15 

Age 0 0 Quantiles 
Healthy, 

sedentary, 
elderly 

F 

RT-Linear 
perioidization 
RT-Undulating 
periodization 

RT Progressive 16 32 2 
Irisn, BDNF, 

IL1-Beta, and 
TLR-4 

Prestes 
20
18 

JSCR 0 0 SWC/MCID 
Postmenopa

usal, 
F RT RT Progressive 16 32 2 

Max leg 
press 
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sedentary, 
elderly 

Prud'ho
mme 

19
84 

MSSE 0 N/A   

Healthy, 
active, 
adults* 

(MZ twins) 

M/F MICT+HIIT AT 

MICT: 60-
85% HRR, 
40-45mins 
HIIT: 80% 

HRR, 
3x10mins 

20 80-100 4 to 5 

VO2max, 
aerobic 

threshold, 
anaerobic 
threshold 

Radnor 
20
17 

JSCR 0 1 SWC/MCID 
Healthy, 
active, 

children 
M 

RT-Traditional 
RT-Plyometric 

RT-
Traditional+Plyomet

ric 

RT 
Variable 

and 
progressive 

6 12 2 

Acceleration 
(first 10m of 
sprint), and 

maximal 
running 
velocity 

during sprint, 
squat jump 

height, 
reactive 
strength 

index  

Raleigh  
20
16 

APNM 0 1 2x TE 
Healthy, 
active, 
adults 

M/F 

HIIT-Lower intensity  
HIIT-Middle 

intensity 
HIIT-Higher 

intensity 

AT 

HIIT-LO: 
80% 

WRpeak 
HIIT-MID: 

115% 
WRpeak  

HIIT-HIGH: 
150% 

Wrpeak 

4 12 3 VO2max 

Raleigh  
20
18 

APNM 0 0 Quantiles 
Healthy, 
active, 
adults 

M SIT AT 
170% 

Wrpeak, 
8x20s 

4 16 4 VO2max 

Ramirez
-Velez 

20
19 

Lipids in 
Health 

and 
Disease 

0 1 2x TE 
Healthy, not 

trained, 
adults 

M/F 
MICT 
HIIT 

AT 

MICT: 60-
75% HRR, 
30-35 min 
HIIT: 85-
85%HRR, 
4x4min 

12 36 3 

FMD, arterial 
stiffness 

(pulse wave 
velocity) 

Ramirez
-Velez 

20
20 

Nutrients 0 1 2x TE 

Overweight 
or obese, 

sedentary, 
adults 

M/F 
HIIT 
RT 

HIIT+RT 
ATRT 

HIIT: 85-
95% 

Hrmax, 
4x4minutes 

RT: 12-15 
reps, 6 

exercises, 
50-70% 

12 36 3 

Body weight, 
arms fat 

mass, trunk 
fat mass, legs 

fat mass, 
android fat 

mass, 
gynecoid fat 
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1RM 
HIIT+RT: 
HIIT+RT  

mass, 
android/gyne

coid fatt 
mass, arms 
lean mass, 
trunk lean 
mass, legs 
lean mass 

Riesco 
20
10 

Menopau
se 

0 0 Zero based 

Postmenopa
usal and 
obese, 

sedentary, 
adults 

F ATRT ATRT 

ATRT: 
Circuit 

program 
with HR 
between 
65-75% 

Hrmax for 
1hr 

24 72 3 Fat free mass 

Ross 
20
15 

Mayo 
Clinic 

Proceedi
ngs 

0 1 1x TE 
See Brennan 

2020 
M/F 

See Bonafiglia 2019 
above 

AT 
See 

Bonafiglia 
2019 above 

See 
Bonafigli
a 2019 
above 

See 
Bonafigli
a 2019 
above 

See 
Bonafigli
a 2019 
above 

mitochondria
l function 

(PCr recovery 
rate - p-MRS) 

Ross 
20
19 

Frontiers 
in 

Physiolog
y 

0 N/A   

dyslipidemia 
& obese or 
overweight, 
sedentary, 

adults 

M/F 

STRRIDE: ATx3: 1) 
14 KKW at 40-55% 

VO2max; 2) 14 KKW 
at 65-80% VO2max; 

3) 23 KKW at 65-
80% VO2max 

STRRIDE-ATRT: 1) 
AT: 14 KKW at 65-

80% VO2max; 2) RT: 
8-12 reps x 3 sets at 

8-12RM; 3) ATRT: 
full AT + RT program 

ATRT Various 24 72-120 3 to 5 Met-S Score 

Sandroff 
20
19 

Acta 
Neurol 
Scand 

0 N/A   
MS, 

sedentary, 
adults 

M/F MICT+RT+Balance ATRT Progressive 24 72 3 

PPO, knee 
flexion peak 

torque, 
timed 

25minute 
fast walk, 
6minute 

walk, symbol 
digit 

modalities 
test, paced 
autidotry 

serial 
addition test 
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Saric 
20
19 

JSCR 0 N/A   
Healthy, 
trained 
adults 

M 
RT3 
RT6 

RT 
Progressive 
RT program 

6 
18 
36 

3 
6 

Upper body 
muscular 

endurance, 
lower body 

musclar 
endurance 

Sawyer 
20
15 

JSCR 0 0 Zero based 
Healthy, 
active, 
adults 

F MICT AT 
70% 

VO2peak, 
30mins 

12 36 3 

Exercise 
energy 

compensatio
n 

Scharha
g-

Rosenbe
rger 

20
12 

Scand J 
Med Sci 
Sports 

0 1 1x CV 
Healthy, not 

trained, 
adults 

M/F MICT AT 
60% HRR, 

45mins 
50 150 3 

VO2max, 
RHR, submax 

HR, 
individual 
anaerobic 
threshold 

Schmid 
20
13 

Eur. J. 
Prev. 

Cardiolog
y 

0 1 SWC/MCID 
CHF, not 
stated, 
adults 

M/F Cardiac Rehab 
OTH
ER 

MICT: 60-
80% 

VO2peak, 
15mins 
RT: 60% 
1RM, 15 

mins 

12 36 3 

VO2max, 
Wrpeak, 
VE/VCO2 

slope 

Schuber
t 

20
17 

PLoS One 0 1 SWC/MCID 
Healthy, 
active, 
adults 

M/F 
SIT  
HIIT 

AT 

SIT: All out, 
3-5 x 20s 
HIIT: 90% 
PPO, 6-8 x 

1min 

4 12 3 

Exercise 
energy 

compensatio
n 

Schulha
user 

20
20 

J. Sport 
Science 

0 2 

Various TE 
+ 

SWC/MCID 
(confidence 

interval) 

healthy, 
active, 
adults 

M/F 
SIT-30 
SIT-15 
SIT-5 

AT 

SIT-30: All 
out, 4-6 x 

30s 
SIT-15: All 
out, 8-12 x 

15s 
SIT-5: All 

out, 24-36 
x 5s 

4 12 3 

VO2max, 
5km time 
trial, peak 

sprint speed, 
time to peak 
sprint speed, 

average 
Wingate 
speed, 

minimum 
wingate 
speed 

Simone
au 

19
86 

Int J 
Sports 
Med 

0 N/A   
Healthy, not 

stated, 
adults, twins 

M/F MICT+HIIT AT 

MICT: 70% 
HRmax, 
30mins 

HIIT: 
Variable 

15 60 to 75 4 to 5 
Creatine 

kinase 
activity 
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Sisson 
20
09 

MSSE 0 0 Zero based 

Overweight 
or obese, 

elevated BP, 
sedentary, 

adults 

F 

MICT - Low amount 
(LA) 

MICT - Moderate 
amount (MA) 

MICT - High Amount 
(HA) 

AT 

MICT-LA: 
50% 

VO2max, 
4kcal/kg/w

k 
MICT-MA: 

50% 
VO2max, 

8kcal/kg/w
k 

MICT-HA: 
50% 

VO2max, 
12kcal/kg/

wk 

24 72 to 96 3 to 4 VO2max 

Stec 
20
16 

Am J 
Physiol 
Endo 

Metab 

0 0 
Means 

clustering 
(quantiles) 

Healthy, not 
trained, 
elderly 

M/F RT RT 

60-75% 
1RM, 8-12 

reps x 2 
sets x 10 
exercises 

4 12 3 T2 Fibre CSA  

Stec 
20
17 

Exp Ger 0 0 
Means 

clustering 
(quantiles) 

Healthy, not 
trained, 
elderly 

M/F 

RT - High intensity 
high frequency 

(HILF) 
RT - High intensity 

high frequency 
(HIHF) 

RT - Low intensity 
low frequency (LILF) 

RT - low intensity 
high frequency 

(LIHF) 

RT 

RT-HILF 
and HIHF: 
To failure, 

concentric-
eccentric 

12-15 reps 
x 3 sets x 

11 
exercises 

RT-LILF and 
LIHF: 1 day 

same as 
above, the 
other day 
(s) doing 
same as 

above but 
concentric 
only and 
2/3 the 

load 

30 

RT-HILF: 
60 

RT-HIHF: 
90 

RT-LILF: 
60 

RT-LIHF: 
90 

RT-HILF: 
2 

RT-HIHF: 
3 

RT-LILF: 2 
RT-LIHF: 

3 

Thigh muscle 
mass (DXA) 

Steele 
20
17 

Healthcar
e 

1 1 SWC/MCID 

Low back 
pain, not 
stated, 
adults 

M/F 
RT - Isolated lumbar 

extension  
RT 

Variable - 
amalgamati
on of three 

studies 

12 12 to 24 1 to 2 

Isolated 
lumbar 

extension 
across angles 

(strength), 
peak ILEX 
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strength 
(strength), 

ILEX strength 
index 

(strength), 
VAS (pain) 

and 
Oswestry 
Disability 

Index (ODI) 
(pain) 

Stephen
s 

20
15 

Metaboli
sm 

0 0 Zero based 
T2D, 

sedentary, 
adults 

M/F 
AT 
RT 

ATRT 
ATRT 

HART-D 
(see 

Johannsen 
2013) 

HART-D 
(see 

Johannse
n 2013) 

HART-D 
(see 

Johannse
n 2013) 

HART-D 
(see 

Johannse
n 2013) 

HBA1c, 
muscle 
mtDNA 
content, 

%BF, BMI 

Stephen
s 

20
18 

Diabetes 
Care 

0 0 

Principal 
component 

analysis 
(quantiles) 

T2D, 
sedentary, 

adults 
M/F MICT AT 

50-75% 
VO2peak, 
20-45 min 

10 40 4 

Mitochondri
al function 

(PCr recovery 
rate - p-MRS) 

Stuart 
20
17 

JSCR 0 0 Quantiles 

Obese and 
metablic 

syndrome, 
sedentary, 

adults 

M/F 
RT 

MICT 
ATRT 

Variable - 
amalgamati
on of three 

studies 

8 40 

Variable - 
amalgam
ation of 

three 
studies 

Fiber 
number, 

fibre CSA, 
WB: IR, IRS-
1, GLUT4, 

pAMPK, PGC-
1a, ATP 

synthase, 
pAKT, 

pmTOR, 
p70S6K1, 

insulin 
response 

during clamp 

Seward 
20
19 

Int J 
Environ 

Res 
Public 
health 

0 1 1x TE 
Healthy, not 

trained, 
adults 

M/F ATRT ATRT 
See Byrd 

2019 
12 See Byrd See Byrd 

VO2max and 
MET-S Score 

Taafe 
20
19 

JNCCN 0 0 Zero based 

Prostate 
cancer, not 

stated, 
adults 

M 
Variable - 

amalgamation of 
four studies 

ATRT 

Variable - 
amalgamati
on of four 

studies 

12-24 
weeks 

24-48 2 to 3 

Lean mass, 
fat mass, 
trunk fat 

mass, 
appendicular 
sk. Muscle, 
chest press, 
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leg press, 
chair rise, 

stair climb, 
6meter usual 
walk, 6meter 

fast walk, 
6meter 

backwards 
walk, 

400meter 
walk 

Thomae
s 

20
13 

MSSE 0 0 Quantiles 
CAD, not 
stated, 
adults 

M/F Cardiac Rehab 
OTH
ER 

80% 
Hrpeak, 
90mins 

12 ~27 2.26 
Knee 

extension 

Thomas 
20
20 

MSSE 0 0 Zero based 
See Marsh 

2020 
M/F See Marsh 2020 ATRT 

See Marsh 
2020 

See 
Marsh 
2020 

See 
Marsh 
2020 

See 
Marsh 
2020 

Total lean 
mass, total 
fat mass, 
visceral 
adipose 
tissue 

Timmon
s 

20
05 

BMC 
Biology 

0 0 Quantiles 
Not stated, 
sedentary, 

adults 
M MICT AT 

75% 
VO2peak, 
45 mins 

6 24 4 

Peak aerobic 
capacity, 

submaximal 
HR, kcal 

during 15 
minute test 

Valenzu
ela 

20
18 

Frontiers 
in 

Physiolog
y 

0 1 2x TE 

End-stage-
renal 

disease 
patients, 
unstated, 

adults 

M/F ATRT ATRT 
AT: 12-14 

RPE, 30min 
RT: 30min 

14 42 3 

Handgrip, sit 
to stand 10 
repetition 
test (going 

for speed), 6 
min walking 

test 

Valenzu
ela 

20
20 

Journal 
of Clinical 
Medicine 

0 1 SWC/MCID 

Hospitalized 
patients, 

sedentary, 
elderly 

M/F 
Functional 

movements 
OTH
ER 

10 
repetitions, 

1-3 sets 

Variable: 
depends 
on when 
patient 

was 
discharge

d 

Variable: 
depends 
on when 
patient 

was 
discharge

d 

5 to 15 

Eating, bed 
to char, 
walking, 

toilet use, 
bathing, and 

dressing  

Vellers 
20
20 

MSSE 0 0 Quantiles 
See 

Bouchard 
1999 above 

M/F 
See Bouchard 1999 

above 
AT 

See 
Bouchard 

1999 above 

See 
Bouchard 

1999 
above 

See 
Bouchard 

1999 
above 

See 
Bouchard 

1999 
above 

VO2max 
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Vincent  
20
14 

PM & R 0 1 SWC/MCID 

Chronic 
lumbar pain 
and obese, 
not stated, 

elderly  

M/F 
RT-Total body 

RT-Lumbar only 
RT 

RT-Total: 
60% 1RM, 
15 reps x 1 

set x 11 
exercises 

RT-Lumbar: 
16-18 RPE, 
15 reps x 2 

sets x 1 
exercise  

12 36 3 
Lumbar 
strength 

(1RM) 

Vollaard 
20
09 

JAP 0 0 Quantiles 
Healthy, 

sedentary, 
adults 

M MICT AT 
70% 

VO2max, 
45min 

6 24 4 VO2max 

Wadell 
20
05 

Advances 
in 

Physioth
erapy 

0 1 SWC/MCID 
COPD, not 

stated, 
adults 

M/F 
ATRT-Land 

ATRT-Water 
ATRT 

Complex 
concurrent 

training 
protocols  

12 36 3 

1RM knee 
extension 
and knee 

flexion 
(strength) 

Walsh 
20
20 

APNM 1 2 

TE + 
SWC/MCID 
(confidence 

interval) 

Obese, 
active, 

adolescents 
M/F 

AT 
RT 

ATRT 
ATRT 

AT: 20-45 
mins at 65-

85% 
HRmax 
RT: 8-15 

RM 15 reps 
x 2 sets for 
20-45 mins 
ATRT: AT + 
RT, 90 mins 

24 96 4 

Body fat 
mass, lean 
body mass, 

WC, SBP, 
glucose, 

HDL-C, TGs 

Wang 
20
20 

MSSE 0 N/A   
Non-obese, 

inactive, 
older adults 

F 
MICT-Low dose 
MICT-High dose 

AT 

MICT-Low: 
50-55% 

HRR 33.6 
kJ/kg body 

weight 
MICT-Mod: 

50-55% 
HRR 58.8 

kJ/kg body 
weight 

16 48 to 64 3 to 4 

Sedentary 
time, 

Moderate-
vigorous 
physical 

activity time, 
light physical 
activity time, 

moderate-
physical 

activity time 
outside of 
exercise 
program 

Weathe
rwax  

20
18 

Int. J. 
Enviro. 

Res. Pub. 
Health 

0 1 1x TE 
Healthy, 

sedentary, 
adults 

M/F 
MICT-HRR 
MICT-VT 

AT 

MICT-HRR: 
40-65% 
HRR, 15-

35min 

12 36 3 

Score 
generated 

from 
equation 
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MICT-VT: 
HR VT1-
VT2, 15-
35min 

using HDL, 
TG, FG, WC, 

and MAP 

Weathe
rwax  

20
18 

OA J 
Sports 
Med 

0 1 1x TE 
Healthy, 

sedentary, 
adults 

M/F 
MICT-HRR 
MICT-VT 

AT 

MICT-HRR: 
40-65% 
HRR, 20-

60min 
MICT-VT: 
HR VT1-
VT2, 20-
60min 

12 36 3 VO2max 

Weathe
rwax  

20
19 

MSSE 0 1 1x TE 
Healthy, 

sedentary, 
adults 

M/F 
MICT-HRR 
MICT-VT 

AT 

MICT-HRR: 
40-65% 
HRR, 20-

60min 
MICT-VT: 
HR VT1-
VT2, 20-
60min 

12 36 3 VO2max 

Williams 
20
19 

Frontiers 
in 

Physiolog
y 

0 2 

TE + 
SWC/MCID 
(confidence 

interval) 

Mixed 
analysis - 

too variable  
M/F 

SIT + LV-HIIT 
HV-HIIT 

MICT 
AT 

Mixed 
analysis - 

many 
doses 

included 

Mixed 
analysis - 

too 
variable 

Mixed 
analysis - 

too 
variable 

Mixed 
analysis - 

too 
variable 

VO2max 

Williams
on 

20
17 

Sports 
Medicine 

1 N/A   
Healthy, not 

trained, 
adults 

M/F MICT + HIIT AT 

MICT: 60-
85% HRR, 
40-45min 
HIIT: 80% 
HRR 3, x 
10min 

20 
MICT: 40-

100 
HIIT: 8 

MICT: 4-5 
HIIT: 0.4 

VO2max 

Williams
on 

20
18 

Obesity 
Reviews 

1 N/A   
Systematic 

review - too 
variable 

M/F 
Systematic review - 

many doses 
included 

ATRT 

Systematic 
review -  

many 
doses 

included 

Systemat
ic review 

- too 
variable 

Systemat
ic review 

- too 
variable 

Systemat
ic review 

- too 
variable 

Body weight 

Wilson 
19
96 

Circulatio
n 

0 1 SWC/MCID 
CHF, not 
stated, 
adults 

M/F Rehab 
OTH
ER 

60-70% 
HRmax, 
45mins 

12 36 3 VO2max, LT 

Witvrou
wen 

20
19 

Eur. J. 
Prev. 

Cardiolog
y 

0 1 SWC/MCID 
CAD, not 
stated, 
adults 

M/F 
HIIT 

MICT 
AT 

HIIT: 85-
90% 

VO2peak, 3 
x 4-min 

intervals 
MICT: 60-

70% 

12 36 3 VO2max 
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VO2peak, 
37 minutes 

Wolper
n 

20
15 

BMC 
SSMR 

0 1 1x CV 
Healthy, 

sedentary, 
adults 

M/F 
MICT-HRR 
MICT-VT 

AT 

MICT-HRR: 
40-65% 
HRR, 20-

30min 
MICT-VT: 
HR VT1-
VT2, 20-
30min 

12 56 3 to 5 VO2max 

Wormg
oor 

20
18 

Frontiers 
in 

Endocrin
ology 

0 N/A   

T2D and 
obese, not 

trained, 
adults 

M 
ATRT 

HIIT + RT 
ATRT 

ATRT: 
Progressive 
AT + 1RM 
12-15 reps 
x 2 sets x 5 
exercises 

 
HIIT + RT: 

Progressive 
HIIT +  67-
75% 1RM 

12-15 reps 
x 2 sets x 5 
exercises 

12 36 3 

HBA1C, DBP, 
Skinfolds, 
HRV, Peak 

Torque, 
Urine 

albumin to 
creatine ratio 

Yalaman
chi 

20
16 

Diabetes 
research 

and 
clinical 

practice 

0 N/A   
T2D, not 
trained, 
adults 

M/F ATRT ATRT 

RT: 50% 
1RM 12-15 

reps x 2 
sets x 7 

exercises 
AT: 60-90% 

HRmax 
45minute 

24 72 3 

Total lean 
mass, leg 

lean mass, 
arm lean 

mass, trunk 
mass, body 

fat, total lean 
mass, total 

fat mass 
Strength 

(1RM) 

Yan 
20
17 

BMC 0 N/A   
Healthy, 
active, 
adults 

M HIIT AT 
Progressive 

HIIT 
program 

4 12 3 

VO2max, LT, 
20km TT, CS 

activity 
(assay), mito 

resp 
(respiromete

r) 

Yoo 
20
16 

EJAP 0 0 
Means 

clustering 
(quantiles) 

Healthy, not 
trained, 
adults 

M/F HIIT AT 
60-84% 
HRmax 
3x20s 

9 27 3 
Strength 

(knee peak 
torque) 



 

 

 

251 

Yu 
20
20 

J. Sport. 
Health 

Sci 
1 N/A   

Mild-
moderate 

Alzheimer's 
Dementia, 
not stated, 
older adults 

M/F MICT AT 
50-75% 
HRR, 20-

50min 
24 72 3 

Alzheimer's 
disease 

assessment 
scale-

cognition, 
shuttle walk 
test, 6-min 
walk test, 
VO2max 



 

 

 

252 

Supplementary material “S4” 

 

First Author  Year Journal 

Selection bias - 
random sequence 

generation 

Selection bias - 
allocation 

concealment 
Performance bias - 

blinding 

Detection bias – 
outcome assessor 

blinding 
Attrition bias - 
outcome data 

Reporting bias - 
registration Other bias 

Ahtiainen 2016 Age Unclear Unclear High Unclear Unclear High   

Ahtiainen 2020 
Scand J Med 

Sci Sports Unclear Unclear High Unclear Unclear High   

Álvarez 2017 Front Physiol Unclear Unclear High Unclear Low High   

Álvarez 2017 Front Physiol Unclear Unclear High Unclear Low High   

Álvarez 2017 J Appl Physiol Unclear Unclear High Unclear Low High   

Álvarez 2018 
Pediatric 
Obesity Unclear Unclear High Unclear Low High   

Álvarez 2018 Int J Obesity Unclear Unclear High Unclear Low High   

Álvarez 2018 
Scand J Med 

Sci Sports Unclear Unclear High Unclear Low High   

Álvarez 2018 Front Physiol Unclear Unclear High Unclear Low High   

Álvarez 2019 
Scand J Med 

Sci Sports Unclear Unclear High Unclear Low High   

Astorino 2014 PLoS One N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Astorino 2018 
Eur J Appl 

Physiol High High High Unclear Low High   

Bakker 2018 
Med Sci Sport 

Ex N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Barbalho 2017 
Exp 

Gerontology Unclear Unclear High Unclear Unclear High   

Barbeau 2003 
Cdn J Appl 

Physiol Unclear Unclear High Unclear Unclear High   

Bonafiglia 2016 PLoS One Unclear Unclear High Unclear Low High   

Bonafiglia 2018 Phys Rep Unclear Unclear High Unclear Low High   

Bonafiglia 2019 Phys Rep Low Low High Unclear Low Low   

Bonafiglia 2019 
Eur J Appl 

Physiol Low Low High Unclear Low Low   

Bouchard 1990 Int J Obesity N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Bouchard 1994 Obesity N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Bouchard 1999 J Appl Physiol N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear Low   
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Bouchard 2012 PLoS One 
N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies   

Boulé 2005 Diab Care N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear Low   

Brennan 2020 
Med Sci Sport 

Ex Low Low High Unclear Low Low   

Byrd 2019 
Int J Env Res 

Pub Hlth Unclear Unclear High Unclear Low High   

Cadore 2018 J Nutrition Unclear Low High Unclear Low High   

Castro 2019 PloS One Unclear Unclear High Unclear Low Low   

Caudwell 2009 Pub Hlth Nutr N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear High   

Chen 2017 
Biomed Gen 

Genom N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear High   

Chmelo 2015 J Am Ger Soc Unclear Unclear High Unclear Low High   

Churchward-
Venne 2015 

J Am Med Dir 
Assoc 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies   

Croymans 2013 J Appl Physiol N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Dalleck 2015 DMSO 
N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies   

Dalleck 2016 J Fit Res Low Low Unclear Low Low High   

Damas 2019 J Appl Physiol N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear High   

Damas 2019 JSCR Unclear Unclear Unclear Unclear Low High   

Davidsen 2011 J Appl Physiol Unclear Unclear High Unclear Low High   

de Lannoy 2017 PloS One Low Low High Unclear Low Low   

Del Giudice  2020 JSAMS N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Delgado-
Floody 2019 

Nutrition, 
Metabolism & 
Cardiovascular 

Diseases Unclear Unclear High Unclear Low Low   

Denham 2019 Biomed J N/A - single-arm N/A - single-arm N/A - single-arm Unclear Unclear High   

Diaz-Vegas 2018 Sci & Sports N/A - single-arm N/A - single-arm N/A - single-arm Low Unclear High   

Dionne 1993 
Med Sci Sport 

Ex N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Edgett 2018 
Clin Phys Func 

Img Unclear Unclear High Unclear Low High   

Erskine 2010 
Eur J Appl 
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Koufaki 2002 
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Ex N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   

Krusnauskas 2020 Medicina N/A - single-arm N/A - single-arm N/A - single-arm Unclear Low High   
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256 

Patel 2020 
J. Vascular 

Surgery 
N/A - analysis of 
multiple studies 

N/A - analysis of 
multiple studies 
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Supplementary material “S5” 

 

Reference(s) Brief Approach Description 

Atkinson and Batterham 2015; 
Hopkins 2015 

SDIR: estimates interindividual differences in trainability by 
subtracting observed variability in control from observed variability 

in exercise 

Hecksteden et al. 2018 

Repeated measures: uses repeated measures to obtain ‘true 
response’ estimates, which are calculated as slopes of 

individualized linear regressions (dependent variable: observed 
measure; independent variable: time).  Interindividual differences 

in trainability are then estimated by appraising the variability in 
individual slopes against a SWC or MCID.  

Dankel and Loenneke 2020 

Levene's test: compares variability in observed responses to 
control and exercise groups using a Levene’s test.  Interindividual 

differences in trainability are considered present if Levene’s test is 
significant with the exercise group having larger variability in 

observed responses.  
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Supplementary material for chapter 5 

Trial 1: DREW 

 The Dose-Response to Exercise in postmenopausal Women (DREW) trial 181 involved three 

exercise training groups: low-amount moderate-intensity (LAMI: 4 kcals per kg body weight per week 

[KKW] at 50% of maximal CRF), moderate-amount moderate-intensity (MAMI: 8 KKW at 50% of 

maximal CRF), and high-amount moderate-intensity (HAMI: 12 KKW at 50% of maximal CRF).  All 

training was performed on cycle ergometers or treadmills, and each group was prescribed 3-4 exercise 

sessions per week for six months.  Participants were inactive and postmenopausal females.   

Trial 2: E-MECHANIC  

 The Examination of Mechanisms (E-MECHANIC) of Exercise-Induced Weight Compensation 

trial 183,241 involved two aerobic exercise training groups: moderate-amount vigorous-intensity (MAVI: 8 

KKW at 65-85% maximal CRF) and high-amount vigorous-intensity (HAVI: 20 KKW at 65-85% 

maximal CRF).  All training was performed on a treadmill, and each group was prescribed 3-5 sessions 

per week for 24 weeks.  Participants were sedentary and overweight or obese males and females.  

Trial 3: HART-D  

 The Health Benefits of Aerobic and Resistance Training in individuals with type 2 Diabetes 

(HART-D) study 111,192 involved three exercise training groups: RT (three sessions per week of four upper 

body, three lower body, and two core exercises [10-12 repetitions over 2, 3, and 2 sets, respectively, at an 

intensity that could be tolerated for 10-12 repetitions]), AT (12 KKW at 50-80% maximal CRF over 3-5 

days per week), and AT/RT (AT component: 10 KKW at 50-80% maximal CRF over three to four days 

per week; RT component: same as RT group but only one set per exercise).  All aerobic training was 

completed on treadmills, and all groups completed nine months of exercise training.  Participants were 

sedentary males and females with type 2 diabetes.  

Trial 4: HEARTY Study 
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 The Healthy Eating Aerobic Resistance Training in Youth (HEARTY) trial 189,242 involved three 

exercise training groups: resistance training (RT: seven upper and lower body exercises, 2 x 15 – 3 x 8 

[sets x repetitions] per session), aerobic training (AT: 20-45 minutes at 65-85% of maximum heart rate), 

and combined resistance/aerobic training (AT/RT: completed the full RT and AT program each session).  

Aerobic training was completed on treadmills, ellipticals, or cycle ergometers, and each training group 

was prescribed four sessions per week for 22 weeks after completing a four-week run-in period.  

Participants were inactive, postpubertal male and female adolescents (aged 14-18 years) with overweight 

or obesity.  

Trial 5: Queen’s 

 The Queen’s University Study (Queen’s) 170,171 involved three aerobic exercise training groups: 

low-amount moderate-intensity (LAMI: 180 kcals for females and 300 kcals for males at 50% of maximal 

CRF per session), high-amount moderate-intensity (HAMI: 360 kcals for females and 600 kcals for males 

at 50% of maximal CRF per session), and high-amount vigorous-intensity (HAVI: 360 kcals for females 

and 600 kcals for males at 75% of maximal CRF per session).  All training was performed on treadmills, 

and each group was prescribed five exercise sessions per week for six months.  Participants were 

abdominally obese and sedentary males and females.  

Trial 6: STRRIDE  

 The Studies of a Targeted Risk Reduction Intervention through Defined Exercise (STRRIDE) 

trial 182,243,367 is the first of three complementary studies (see “Trial 7” and “Trial 8” below).  The 

STRRIDE trial involved three exercise training groups: low-amount moderate-intensity (LAMI: 14 KKW 

at 40-55% of maximal CRF), low-amount vigorous-intensity (LAVI: 14 KKW at 65-80% of maximal 

CRF), and high-amount vigorous-intensity (HAVI: 23 KKW at 65-80% of maximal CRF).  All training 

was performed on treadmills, ellipticals, stair climbers, or cycle ergometers for seven to nine months, and 

training frequency (number of sessions per week) was up to the participant.  Participants were sedentary 

and overweight or obese class I males and females with mild-moderate dyslipidemia.   
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Trial 7: STRRIDE-AT/RT 

 The STRRIDE-AT/RT (aerobic/resistance training) trial 190 involved three exercise training 

groups: RT (three sessions per week of upper and lower body exercises, 3 sets per session, 8-12 

repetitions per set at an intensity that could be tolerated for 8-12 repetitions), AT (14 KKW at 65-80% of 

maximal CRF), and AT/RT (completed the weekly requirements for both the RT and AT programs).  

Aerobic exercise training was performed on treadmills, ellipticals, or cycle ergometers and training 

frequency (number of sessions per week) was up to the participant.  All training groups completed eight 

months of the prescribed training.  Participants were sedentary, and overweight or moderately obese 

males and females with mild-moderate dyslipidemia.   

Trial 8: STRRIDE-PD 

 The STRRIDE-PD (prediabetes) trial 191 involved three exercise training groups: low-amount 

moderate-intensity (LAMI: 42 kJ per kg body weight per week (KJKW) at 50% of VO2 reserve), high-

amount moderate-intensity (HAMI: 67 KJKW at 50% of VO2 reserve), and high-amount vigorous-

intensity (HAVI: 67KJKW at 75% of VO2 reserve).  All training was performed on treadmills, ellipticals, 

or rowing or cycling ergometers for six months, and training frequency (number of sessions per week) 

was up to the participant.  Participants were prediabetic males and females.  

Supplementary Results 

We repeated our primary (Figure 5.3-1) and secondary (Supplemental Figure 2) analysis on 

absolute CRF values (L/min).  Because absolute CRF is not anchored to a clinically relevant threshold, 

we classified responses using 50% confidence intervals and a response threshold of 0.2 times baseline 

values from control groups 7.  Our results with absolute CRF support our main findings using relative 

CRF (mL/kg/min).  Most comparisons (17/22) resulted in the identical explanation when we used 

absolute CRF values.  For example, regardless of whether we used relative or absolute CRF, the higher 

dose of exercise training in the E-MECHANIC trial had a higher CRF response rate owing to a larger 

mean change and similar interindividual variability (Explanation 2; Figure 5.3-1).  Five comparisons 
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resulted in a different explanation when absolute CRF values were used: LAMI vs. HAMI in DREW and 

LAMI vs. HAVI in Queen’s were consistent with “explanation 2”; RT vs. ATRT in HART-D and HAMI 

vs. HAVI in STRRIDE-PD were consistent with “secondary explanation 1”; and LAMI vs. HAMI in 

Queen’s was consistent with “secondary explanation 2”.  

When compared with relative CRF results, absolute CRF values resulted in two more 

comparisons (nine total) that were consistent with “explanation 2”: when higher doses of exercise training 

increase CRF response rates, larger CRF response rates are due to similar interindividual variability and a 

larger mean change.  No absolute CRF comparison suggested that interindividual variability determines 

CRF response rates.  Our results using absolute CRF support our conclusion that mean changes, and not 

interindividual variability, determine CRF response rates to exercise training.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 


