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analysis and permutation tests were performed to avoid 
false-positive findings.
Results To predict gains in VʹO2max, 7 SNPs were identi-
fied. These SNPs accounted for 26.0 % of the variance in 
the increment of VʹO2max, and discriminated the subjects 
into three subgroups, non-responders, medium responders, 
and high responders, with prediction accuracy of 86.1 %. 
For the knee peak torque, 6 SNPs were identified, and 
accounted for 27.5 % of the variance in the increment of 
knee peak torque. The prediction accuracy discriminat-
ing the subjects into the three subgroups was estimated as 
77.2 %.
Conclusions Novel SNPs found in this study could 
explain, and predict inter-individual variability in gains of 
VʹO2max, and knee peak torque. Furthermore, with these 
genetic markers, a methodology suggested in this study 
provides a sound approach for the personalized training 
program.

Keywords Genetic marker · HIT · Knee peak torque · 
Prediction model · SNP · Training response · VʹO2max
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Abstract 
Purpose The study aimed to identify single nucleotide 
polymorphisms (SNPs) that significantly influenced the 
level of improvement of two kinds of training responses, 
including maximal O2 uptake (VʹO2max) and knee peak 
torque of healthy adults participating in the high intensity 
training (HIT) program. The study also aimed to use these 
SNPs to develop prediction models for individual training 
responses.
Methods 79 Healthy volunteers participated in the HIT 
program. A genome-wide association study, based on 
2,391,739 SNPs, was performed to identify SNPs that 
were significantly associated with gains in VʹO2max and 
knee peak torque, following 9 weeks of the HIT program. 
To predict two training responses, two independent SNPs 
sets were determined using linear regression and iterative 
binary logistic regression analysis. False discovery rate 
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HDL  High density lipoprotein
HERITAGE  Health risk factors, exercise training and 

genetics
HIT  High intensity training
HOMA  Homeostatic model assessment
HR  Heart rate
HWE  Hardy–Weinberg equilibrium
LOOCV  Leave-one-out cross-validation
MAF  Minor allele frequency
QTL  Quantitative trait locus
RNA  Ribonucleic acid
SBP  Systolic blood pressure
SD  Standard deviation
SNP  Single nucleotide polymorphism
VʹCO2  Carbon dioxide output
VʹO2  Oxygen uptake
VʹO2max  Maximal O2 uptake

Introduction

Inter-individual variability in cardiorespiratory fitness has 
long been recognized, and previous studies have tried to 
uncover the reason of the variability using genetic mark-
ers. Some researchers performed target-gene based stud-
ies to reveal the association between SNPs and VʹO2max 
(Huuskonen et al. 2009; Zarebska et al. 2014), or per-
formed GWAS (Bouchard et al. 2011a, b; Ghosh et al. 
2013; Ahmetov et al. 2015). Fine mapping of a quantita-
tive trait locus (QTL) for submaximal exercise capacity 
training response was performed at chromosome 13 (Rice 
et al. 2012), and ribonucleic acid (RNA) expression profil-
ing was used to predict gains in maximal aerobic capacity 
(Timmons et al. 2010a).

VʹO2max is considered to be the gold standard measure 
of the cardiorespiratory fitness, and aerobic endurance. 
Some studies reported that about 48.6 % of the variance in 
VʹO2max could be explained by 21 SNPs (Bouchard et al. 
2011a), and 22 % by 11 SNPs (Bouchard et al. 2011b) 
in the Health Risk factors, Exercise Training and Genet-
ics (HERITAGE) Family Study. In another study, it was 
reported that 3 SNPs in combination explained 24.6 and 
48.8 % of the variation in VʹO2max, of male and female 
endurance athletes, respectively (Ahmetov et al. 2015). 
These studies used standardized exercise training pro-
grams, or study-specific training programs, according to 
their research objectives. Meanwhile, several studies have 
reported that the benefits of cardiorespiratory fitness are 
similar to those gained by performing physical exercises 
in several short sessions. A systemic meta-analysis demon-
strated that intense exercise training significantly improved 
cardiorespiratory fitness in heart failure patients (Ismail 
et al. 2013). Moreover, when a HIT program consisting of 

‘all-out’ cycling sprints of 30 s duration were performed 
every 4 min, a sharp improvement in cardiorespiratory fit-
ness was achieved; this improvement in cardiorespiratory 
fitness was comparable to that achieved with traditional 
training program (Burgomaster et al. 2008; Gibala et al. 
2006; Trilk et al. 2011). As such, we can conclude that this 
HIT program serves as a time-efficient strategy for peo-
ple who do not have enough time to exercise regularly for 
longer periods of time. Aside from cardiorespiratory fitness 
studied, inter-individual variability of heart rate (HR), knee 
extensor strength, muscle size, and muscle strength, have 
been investigated (Rankinen et al. 2010, 2012; Chmelo 
et al. 2015; Thompson et al. 2004; Thomaes et al. 2013). 
Muscle strength can be quantified using knee peak torque, 
defined as peak torque values of the knee flexor muscles. 
These inter-individual variabilities in VʹO2max, and knee 
peak torque, might be attributed to specific genes or deoxy-
ribonucleic acid (DNA) sequence variants.

The objectives of this study are as follows: (1) to identify 
SNPs that significantly influence the level of improvement 
in two kinds of training responses, specifically the VʹO2max 
and knee peak torque of healthy adults participating in the 
HIT program and (2) to use these SNPs to develop predic-
tion models for different types of training responses.

Methods

The protocol of this study was approved by the Institutional 
Review Board of Kyung Hee University Hospital, Seoul, 
Republic of Korea. The methods and procedures of this 
study complied with the Good Clinical Practice Guidelines 
and the Declaration of Helsinki.

Study participants and the HIT program

A total of 123 Korean men and women, all 30–60 years 
old, were recruited to participate in this study. All partici-
pants had no experience of regular exercise in the preced-
ing 3 months, and had a body mass index (BMI) in the 
range of 16–32 kg/m2. All participants signed the informed 
consent letter immediately prior to participating in this 
study. Before enrolling these participants, we had to con-
firm that they were healthy subjects, as evaluated by physi-
cal examination. We also recorded their medical history, 
vital sign measurements (systolic and diastolic blood pres-
sures, and pulse rate), 12-lead electrocardiogram (ECG), 
and performed routine laboratory tests (hematology, clini-
cal chemistry, and urinalysis).

An ergometer bike (Aerobike 75XL-II, COMBI, Japan) 
was used for conducting the 9 week HIT program. The 
intensity of the training was customized for each subject, 
based on the HR and VʹO2max measured in their baseline 
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test. Subjects exercised at the HR associated with 60–84 % 
of their baseline VʹO2max for 3 min and 40 s/session for 
9 weeks. One training session consisted of 40 s of warm-
up, 20 s of HIT, 40 s of rest period, 20 s of HIT, 40 s of 
rest period, 20 s of HIT, and 40 s of final cool-down. All 
participants had to perform this training procedure 3 times 
per week (only 1 session/day, 3 sessions/week), and they 
recorded their performance in an exercise diary immedi-
ately after the completion of the training. Subjects could 
voluntarily withdraw from the study at any time. The par-
ticipants who conducted less than 21 sessions were dropped 
out from this study. At the baseline test, 6 week test, and 
final 9 week test, subjects visited the national fitness center 
(NFC, Korea) and their training responses were measured: 
VʹO2max, anaerobic threshold, tidal volume, oxygen uptake 
(VʹO2), carbon dioxide output (VʹCO2), as well as their 
respiratory exchange ratio. The flexor and extensor peak 
torque, and the agonist/antagonist ratio were additionally 
measured at the knees, as part of a muscle strength test. The 
flexor and extensor peak torque of each subjects’ knee were 
measured at 60°/s, using the Biodex System 3 (Biodex 
Medical Systems, USA); measurements were taken from 
the left and right sides of knee, and averaged. The main 
evaluation variables for the training response were selected 
as VʹO2max (unit: ml/min/kg) and knee flexor peak torque 
(unit: N M/kg). The participants received instructions from 
professional trainers before conducting HIT program.

Defining actual subgroups for training responses

Quantification of training response was defined as the 
percentage of volume gained in VʹO2max (% change of 
VʹO2max), and the percentage gain of knee flexor peak 
torque (% change of knee peak torque) from baseline, to 
9 weeks of the HIT program. Clustering analysis was used 
to define 3 subgroups that represented 3 different training 
responses: non-responder, medium responder, and high 
responder. The non-responder subgroup included subjects 
whose % change of training responses (VʹO2max or knee 
peak torque) was ≤0 %. The remaining subjects were sub-
grouped as medium responder or high responder using 
a 2-means clustering algorithm: the initial centers for the 
2 subgroups were minimum (S1) and maximum (S2) of 
the % change in training responses. As such, the subjects 
were clustered around S1 and S2, and so were defined as 
medium responders and high responders, respectively.

SNP genotyping and data preprocessing for GWAS

Template DNA from whole blood samples was prepared, 
using the High Pure PCR Template Preparation kit (Roche 
Diagnostics, Mannheim, Germany) following the manu-
facturer’s instructions. Whole blood cells were lysed using 

a binding buffer and protease K, and genomic DNA was 
extracted using isopropanol and inhibitor removal buffer. 
Total DNA was eluted with 40 μL of elution buffer, and 
then stored at 70 °C until SNP genotyping. GWAS SNPs 
were genotyped using HumanOmni 2.5–8 BeadChips (Illu-
mina, Inc., USA). Genotype calling was conducted using 
GenomeStudio software (Illumina, Inc., USA), and geno-
types whose call rate was >0.99 were selected, after check-
ing their logR ratio, and waviness. Monomorphic SNPs 
that made up 41.8 % of the total 2,391,739 SNPs were fil-
tered out. The 7270 (0.3 %) SNPs had missing genotypes 
of ≥10 % and these were filtered out, along with 225,440 
SNPs whose minor allele frequency (MAF) was <5 % 
(9.4 %). A Hardy–Weinberg equilibrium (HWE) test was 
performed on the remaining SNPs, and we filtered out 
26,588 SNPs with a p value of <0.001 (1.1 %). After car-
rying out data pre-processing, 1,131,703 SNPs (47.3 %) 
remained, and these were used to conduct a GWAS. Anno-
tation information about these SNPs, such as their chro-
mosomal position and gene information, were taken from 
human genome version 19, and the database for annotation, 
visualization and integrated discovery (DAVID) was used 
for functional annotation of the associated genes (Huang 
et al. 2009a, b).

Coding of SNP genotype to quantitative score

Association analysis between allele and training response 
was conducted; homozygous genotypes consisting of 
alleles beneficial to training response were coded as 2, and 
homozygous genotypes consisting of alleles harmful to 
training response were coded as 0. Heterozygous genotypes 
were coded as 1. Using these coded values, we analyzed the 
additive genetic effects of SNPs on the training responses.

Statistical analysis

Baseline characteristics of measurements were expressed 
in terms of mean ± standard deviation (SD), and N (%), 
which represents continuous and categorical variables, 
respectively. Two sample t tests, or Wilcoxon signed rank 
tests were performed to test the differences between the 
initial baseline measurements and measurements taken 
after the 9-week HIT program. Figure 1 displays the whole 
analysis procedure, ranging from data pre-processing, to 
the selection of genetic markers used in constructing the 
prediction models of training responses. We applied lin-
ear regression and logistic regression analysis consecu-
tively to GWAS SNPs to identify the SNPs that were sig-
nificantly associated with both continuous and categorical 
training responses. The % change of VʹO2max, and the % 
change of knee peak torque were used as continuous train-
ing responses, and 3 subgroups, non-responder, medium 
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responder, and high responder, were used as categorical 
training responses. All the analyses were adjusted by sex, 
age, and baseline quantities of VʹO2max and knee peak 
torque. We used linear regression analysis to evaluate the 
effect of SNP genotypes on the quantitative gain in train-
ing responses. Furthermore, we used logistic regression 
analysis to evaluate the power of SNP genotypes in dis-
criminating subjects into subgroups with different training 
responses. Binary logistic regression analysis was applied 
twice: once for responder versus non-responder and sec-
ond for high responder versus medium responder. The sig-
nificance level of p value was taken as 0.01 for both linear 
regression and logistic regression analysis. The q value cut-
off for the FDR analysis and p value cutoff for the permuta-
tion test (n = 2000) was set as 0.1 and 0.01, respectively, 
to minimize false positives. To identify the SNPs that best 
fit the regression models among the candidate markers, a 
backward and forward stepwise procedure was applied in 

series, based on the Akaike Information Criterion (AIC). 
Accordingly, we selected these SNPs as final genetic mark-
ers for classifying the subjects into 3 subgroups of different 
training responses.

The coded genotype scores of all marker SNPs were 
added up to compute the total genotype score which was 
then used to predict a subject’s training response subgroup. 
The cutoffs of the total genotype score to discriminate 
between the 3 different subgroups were determined dur-
ing the iteration process, minimizing classification error in 
the 3 by 3 contingency table, consisting of actual response 
subgroups and predicted response subgroups. The reliabil-
ity of the prediction result was estimated by the leave-one-
out cross-validation (LOOCV) procedure, bootstrapping 
(n = 1000), and randomization testing (n = 1000). All the 
statistical analyses were performed using the R language 
ver. 3.1.1 (R Foundation for Statistical Computing, Vienna, 
Austria).

Fig. 1  Analysis procedure used that ranges from data pre-processing 
to the selection of marker SNPs used for predicting subjects’ train-
ing response subgroups. The % change in VʹO2max and % change 
in knee peak torque were used as continuous training responses for 
linear regression analysis. For binary logistic regression, 3 different 
subgroups were defined by applying a clustering algorithm on the 

continuous training responses. Q-values were computed from false 
discovery rate (FDR) analysis, using p-values computed from the 
logistic regression. Independent variables are genotypes of each SNP 
coded as 0, 1, or 2 for linear regression, and logistic regression analy-
sis. N = 2000 random sampling were performed and analyzed with 
permutation test



951Eur J Appl Physiol (2016) 116:947–957 

1 3

Results

Baseline characteristics of the HIT program 
measurements

The final analysis data set included subjects who completed 
the clinical trials with more than 21 sessions; this criterion 

was met by 79 (51 men and 28 women) from a total of 123 
subjects. Table 1 summarizes the baseline characteristics of 
these 79 subjects. Several measurements, such as VʹO2max, 
knee peak torque, systolic blood pressure (SBP), diastolic 
blood pressure (DBP), and homeostatic model assessment 
(HOMA) of beta cell function, were significantly differ-
ent from baseline after 9 weeks of the HIT program (p 
value < 0.05, Supplemental Table S1).

Single SNP analysis

Figure 2 shows the sample distributions of the % change 
of VʹO2max, and % change of knee peak torque, after com-
pleting 9 weeks of the HIT program. Approximately 24 % 
(n = 19) and 15 % (n = 12) of the subjects showed zero or 
negative change in VʹO2max and knee peak torque, respec-
tively. On the other hand, approximately 29 % (n = 23) 
subjects gained over 18 and 24 % change in VʹO2max and 
knee peak torque, respectively. The average % changes 
of VʹO2max and knee peak torque were 9.5 and 15.2 %, 
respectively (data not shown).

Linear regression analyses were applied to each GWAS 
SNP, by adjusting age, sex, and the baseline measurement 
of VʹO2max, or knee peak torque. From a total of 1,131,703 
SNPs that remained following the data pre-processing pro-
cedure, we found 11,773 SNPs, and 11,258 SNPs were 
significantly associated with the % change of VʹO2max and 

Table 1  Baseline characteristics of variables

BMI body mass index, HDL high density lipoprotein, SD standard 
deviation

Variables Mean ± SD or N (%)

Age (year) 43.9 ± 7.6

Sex, men 51 (64.6)

Weight (kg) 69.5 ± 11.8

BMI (kg/m2) 24.6 ± 2.9

Fat (kg) 26.5 ± 4.2

Muscle (kg) 47.0 ± 8.1

Fasting Glucose (mg/dL) 93.5 ± 9.4

Fasting Insulin (ng/mL) 6.3 ± 4.0

HDL Cholesterol (mg/dL) 56.8 ± 13.6

Triglyceride (mg/dL) 127.9 ± 92.5

VʹO2max (mL/min/kg) 32.4 ± 5.7

Knee peak torque, flexion (N M/kg) 102.0 ± 25.8

Smoking, current 18 (22.8)

Alcohol use, current 51 (64.6)

Fig. 2  The sample distributions of training responses after 9 weeks of the HIT program (a, b for % change in VʹO2max and c, d for % change in 
knee peak torque). Subranges of training responses in b and d were determined by clustering algorithm (see “Methods” section)
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the % change of knee peak torque, respectively (p value 
<0.01). The distributions of analyses results are shown as 
Manhattan plots in Fig. 3. Using these SNPs, binary logis-
tic regression analyses were performed, incorporating FDR 
analyses. From the 11,773 SNPs that were linearly asso-
ciated with the % change in VʹO2max, 568 SNPs and 687 
SNPs were significantly associated with binary responses 
when the dependent variable was responder versus non-
responder, and high responder versus medium responder, 
respectively. Meanwhile, from the 11,258 SNPs that were 
linearly associated with the % change of knee peak torque, 
295 SNPs and 650 SNPs were significantly associated 
with binary responses when the dependent variable was 
responder versus non-responder, and high responder ver-
sus medium responder, respectively (p value < 0.01, and q 
value < 0.1). We have provided complete information about 
the selected SNPs in the supplemental material (Supple-
mental Tables S2 and S3).

Multiple SNP analysis and genetic markers  
for the training response prediction model

Permutation tests were performed on SNPs that were 
selected in the single SNP analysis to additionally reduce 
false positives (n = 2000, and p value <0.01), and the fil-
tered SNPs were used for multivariable logistic regres-
sion analyses. After applying a forward and backward 
stepwise procedure in series, 7 SNPs were finally selected 
as prediction marker sets to determine the % change in 
VʹO2max. In this case, 3 SNPs were selected for discrimi-
nating responder versus non-responder, while the other 4 

SNPs were selected for discriminating high responder ver-
sus medium responder. To determine the % change in knee 
peak torque, 6 SNPs were finally selected as prediction 
markers. In this case, 3 SNPs were selected for discrimi-
nating responder versus non-responder, while the other 
3 SNPs were selected for discriminating high responder 
versus medium responder. Table 2 provides detailed infor-
mation about these SNPs. The 7 SNPs selected for predict-
ing % change in VʹO2max accounted for 26 % of the total 
variance observed: the contribution of each single SNP 
varied from 2.1 to 6.9 %. Supplemental Fig. S1 and Table 
S4 display the mean values of the % change in VʹO2max 
and 95 % confidence intervals for each genotype; the % 
changes in VʹO2max were significantly different accord-
ing to genotypes, for all SNPs (α = 0.05). A SNP that was 
most strongly associated with the % change of VʹO2max 
was rs11051548. This SNP was located in the intron of 
the gene, antagonist of mitotic exit network 1 homolog 
(AMN1); rs2542729 was located in the intergenic region 
of 2 genes: cadherin 2 (CDH2) and desmocollin 3 (DSC3); 
rs1451462 was located in the intergenic region of 2 genes: 
LOC730100 and ankyrin repeat and SOCS box containing 
3 (ASB3); rs13060995 was located in the intergenic region 
of 2 genes: SLIT-ROBO Rho GTPase activating protein 3 
(SRGAP3) and LOC100288831; rs6570913 was located 
in the intron of the gene, uronyl-2-sulfotransferase (UST); 
rs11096663 was located in the intergenic region of 2 genes: 
pumilio RNA-binding family member 2 (PUM2) and ras 
homolog family member B (RHOB); rs12613181 was 
located in the intron of the gene, potassium voltage-gated 
channel subfamily H member 7 (KCNH7).

Fig. 3  Manhattan plots of the significant SNPs (p value < 0.01) 
across 22 autosomes. Chromosomes are on the X axis, and p values 
transformed by -log 10 are on the Y axis. SNPs in a were significant 

in the linear regression analysis for the % change in VʹO2max. SNPs 
in b were significant in the linear regression for the % change in knee 
peak torque
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As shown in Table 2, the 6 SNPs selected for predict-
ing the % change in knee peak torque, accounted for 
27.5 % of the total variance observed. The contribution 
of each single SNP varied from 1.1 to 11.4 %. The mean 
values and 95 % confidence intervals of the % change in 
knee peak torque for each genotype are shown in Sup-
plemental Fig. S2 and Table S5, and all 6 SNPs showed 
significant difference in the % change in knee peak 
torque according to genotype (α = 0.05). Rs10072841 
was most strongly associated with the % change in knee 
peak torque; this SNP was located in the intergenic 
region of 2 genes, FAT atypical cadherin 2 (FAT2) and 
secreted protein acidic and cysteine rich (SPARC). Other 
strongly associated SNPs included, rs6564267, located 
in the intron of gene, GABA(A) receptor-associated 
protein like 2 (GABARAPL2); rs17044554, located in 
the intergenic region of 2 genes, LOC100129278 and 
kelch like family member 29 (KLHL29); rs1341439, 
located in the intergenic region of 2 genes, solute carrier 

family 10 member 2 (SLC10A2) and D-amino acid oxi-
dase activator (DAOA); rs4522375 located in the inter-
genic region of 2 genes, necdin, MAGE family mem-
ber (NDN) and Prader–Willi region non-protein coding 
RNA 2 (PWRN2); and rs7154161 located in the inter-
genic region of 2 genes: thioredoxin related transmem-
brane protein 1 (TMX1) and FERM domain containing 
6 (FRMD6).

Construction of the SNP genotype scoring system 
to predict training response subgroup

2 Types of SNP genotype scoring systems were constructed 
for the % change in VʹO2max and the % change in knee 
peak torque, respectively. As shown in Table 2, selected 
SNPs were used as prediction markers that classified the 
subjects into trichotomous subgroups. To reflect the quanti-
tative contribution of the genotype to the training response, 
the individual genotype of each SNP was coded as 0, 1, or 

Table 2  Prediction markers selected for two kinds of training responses using multivariable logistic regression analysis

All the statistics were computed using multivariable logistic regression analyses adjusted by age, sex, and baseline VʹO2max or knee peak torque; 
Chr. No chromosome number, Position chromosomal position of the SNP, Gene gene symbol; Gene Location functional location of the SNP on 
the relevant gene, partial R2 square of semi partial correlation coefficient, cum. R2 cumulative sum of the square of the semi partial correlation 
coefficient, p value p value of regression coefficient for each SNP

Training response type SNP_ID Chr. no Position Gene Gene location Partial R2 Cum. R2 p value

% Change in VʹO2max

High responder versus 
medium responder

rs11051548 12 31,877,289 AMN1 INTRON 0.069 0.069 1.31E−4

High responder versus 
medium responder

rs2542729 18 28,148,384 CDH2 | DSC3 INTERGENIC 0.041 0.11 2.56E−3

Responder versus non-
responder

rs1451462 2 53,123,412 LOC730100 | ASB3 INTERGENIC 0.038 0.148 2.84E−3

High responder versus 
medium responder

rs13060995 3 9,224,103 SRGAP3 | LOC100288831 INTERGENIC 0.036 0.184 4.62E−3

Responder versus non-
responder

rs6570913 6 149,266,798 UST INTRON 0.029 0.213 1.12E−2

Responder versus non-
responder

rs11096663 2 20,620,093 PUM2 | RHOB INTERGENIC 0.026 0.239 1.54E−2

High responder versus 
medium responder

rs12613181 2 163,513,014 KCNH7 INTRON 0.021 0.26 2.82E−2

% Change in knee peak torque

High responder versus 
medium responder

rs10072841 5 150,952,884 FAT2 | SPARC INTERGENIC 0.114 0.114 1.25E−06

Responder versus non-
responder

rs6564267 16 75,603,925 GABARAPL2 INTRON 0.053 0.167 4.95E−04

High responder versus 
medium responder

rs17044554 2 23,218,255 LOC100129278 | KLHL29 INTERGENIC 0.036 0.203 3.32E−03

High responder versus 
medium responder

rs1341439 13 104,358,672 SLC10A2 | DAOA INTERGENIC 0.031 0.234 6.66E−03

Responder versus non-
responder

rs4522375 15 24,202,687 NDN | PWRN2 INTERGENIC 0.03 0.264 7.77E−03

Responder versus non-
responder

rs7154161 14 51,854,268 TMX1 | FRMD6 INTERGENIC 0.011 0.275 9.30E−02
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2, according to the procedure described in the Methods sec-
tion. Thereafter, the sum of the genotype scores (i.e. the 
total genotype score) was used to predict a subject’s train-
ing response subgroup. The genotype scoring system, used 
for determining the % change in VʹO2max or the % change 
in knee peak torque, classified the training response sub-
groups of subjects as non-responders, medium respond-
ers, or high responders. The cutoffs of the total genotype 
score to discriminate trichotomous subgroups were deter-
mined as explained in the Methods section. 6 and 8 for the 
% change in VʹO2max, and 6 and 9 for the % change in 
knee peak torque. The distributions of the % changes in 
training responses of subjects are shown in Fig. 4, where 
mean values of the % change of VʹO2max were −2.8, 7.3, 
and 27.7 % for each sub-range of the total genotype scores, 
respectively. The mean values of the % changes in knee 
peak torque were −4.1, 13.9, and 38.9 % for each sub-
range of the total genotype scores, respectively.

Accuracy estimation and internal validation  
for the prediction models

Table 3 shows the overall results of the estimated predic-
tion accuracies, and internal validations. The prediction 

accuracies were estimated as 86.1 and 77.2 % for the % 
change in VʹO2max, and % change in knee peak torque, 
respectively (refer to Supplemental Tables S6 and S7 
for detailed classification tables). The same results were 
obtained using LOOCV analysis. Bootstrapping analysis 
(n = 1000) showed that the average prediction accuracy 
was 86.3 % for the % change in VʹO2max (95 % confidence 
intervals were 78.8–93.8 %), and the average prediction 
accuracy was 78.2 % for the % change in knee peak torque 
(95 % confidence intervals were 69.9–86.5 %). Meanwhile, 
randomization tests using n = 1000 sets of randomly per-
mutated subjects showed close to 50 % prediction accuracy.

Discussion

Defining actual training response subgroups 
by clustering analysis

A previous study categorized subjects into low responders 
and high responders; muscle size and strength were used as 
response phenotypes, and class prediction was performed 
based on genetic predisposition score (GPS) (Thomaes 
et al. 2013). Meanwhile, a hierarchical model, based on 

Fig. 4  Mean values and upper 
95 % confidence intervals of the 
% change in training responses 
(Y axis). The X axis represents 
three different ranges, deter-
mined by cutoffs of the total 
genotype score. The numbers of 
subjects within each score range 
is indicated above, or within 
each bar

Table 3  Estimated prediction accuracy and results of internal validation

LOOCV leave-one-out cross-validation, 95 % CIs 95 % confidence intervals

Training response type Estimated accuracy (%) LOOCV (%) Bootstrapping (95 % CIs, 
n = 1000)

Randomization test (95 % CIs, 
n = 1000)

% Change in VʹO2max 86.1 86.1 86.3 % (78.8–93.8) 47.5 % (42.3–52.8)

% Change in knee peak torque 77.2 77.2 78.2 % (69.9–86.5) 55.4 % (51.7–59.1)
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Bayesian methods, was suggested for inference regarding 
the categorization of subjects into 2 subgroups (responder 
and non-responder) using hepcidin levels as response, 
when the true status of the subject is unknown (Barker and 
Schofield 2008). Timmons et al. (2010b) used VʹO2max as 
a measure of training response, and discriminated subjects 
into the following 4 subgroups: low responders, less than 
average, greater than average, and high responders taking 
into consideration the predictive score of SNPs. Neverthe-
less, many other studies have focused on the quantitative 
effects of genetic markers on training responses or pheno-
types, without defining or inferring true or actual response 
subgroups.

In this study, the quantitatively measured training 
responses (gains in VʹO2max or knee peak torque) were 
categorized into 3 subgroups that represented 3 different 
training responses, and then these subgroups were used for 
class prediction. The non-responder subgroup consisted of 
subjects whose % change of training response was ≤0 %. 
Subsequently, a 2-means clustering algorithm was used to 
cluster the remaining subjects into medium responders or 
high responders.

A methodology for selecting genetic markers and the 
construction of class prediction models

The current study shows that a certain amount of training 
responsiveness of human beings could be explained, and 
predicted, by genetic markers, which are known as SNPs. 2 
types of approaches were adopted in series to identify SNPs 
that were significantly associated with training responses. 
Linear regression analysis was the first approach, through 
which we evaluated the quantitative effect of SNP geno-
types on the training responses. Second, iterative binary 
logistic regression analysis was used to estimate the abil-
ity of SNP genotypes to discriminate subjects into the tri-
chotomous training response subgroups. The binary logis-
tic regression analysis was applied twice, after defining 2 
sets of dichotomous subgroups in series (one for responder 
vs. non-responder, and the other for high responder vs. 
medium responder).

Different prediction models for 2 kinds of training 
response

The common SNPs were not found among the 2 different 
marker SNP sets in the current study. As such, it would 
be reasonable to assume that the genetic effects on cardi-
orespiratory fitness, measured by VʹO2max, are somewhat 
different from the genetic effects on the muscle strength, 
measured by knee peak torque. Thus, the “capability to 
supply oxygen to skeletal muscles during physical activ-
ity” is not related with the “strength of skeletal muscle”. 

The genetic effect on the prognosis of aerobic and anaero-
bic performance in athletes has been analyzed in a previous 
study (Akhmetov et al. 2008); however, genetic markers 
were already known in that study, and no novel markers for 
aerobic or anaerobic performance were identified.

Physiological effects and comparisons with previous 
studies

Previous studies reported that improvements of VʹO2max 
were associated with some genetic markers, which were 
not detected in our study. This discordance may be caused 
by several factors, such as usage of different SNP genotyp-
ing platforms, effect sizes, analysis methodologies, training 
programs, and/or different ethnicity. As such, it must not 
be ignored that the genetic markers detected in our study 
could be novel findings that elucidate inter-individual vari-
ability in the context of improving VʹO2max after the HIT 
program. In addition, our study reported that some other 
genetic markers are related to inter-individual variability of 
flexor peak torque, measured from the knee.

We have not been able to establish a direct relationship 
between the newly found genetic markers, and the physiol-
ogy of cardiorespiratory fitness, as measured by VʹO2max. 
Previous studies reported, however, that several genes (e.g., 
TTN, CAMTA1, CDH13, NALCN, PARK2, MACROD2, 
and PRKG1) were significantly associated with a VʹO2max 
response (Bouchard et al. 2011a; Ghosh et al. 2013; Ahme-
tov et al. 2015; Timmons et al. 2010a, b). These genes were 
found in our candidate genetic markers that were linearly 
associated with % change in VʹO2max (Supplemental Table 
S2). Among these candidate markers, a total of 12 SNPs 
were located in the gene titin (TTN); 3 SNPs (rs16866538, 
rs2562839, and rs2562838) were located in the coding 
region, which accounted for 10.1–17.5 % of the total vari-
ance in the % change in VʹO2max, independently; 8 SNPs 
were located in the intron, and 1 SNP was in the intergenic 
region of genes TTN and CCDC141. All the other SNPs 
in the genes CAMTA1, CDH13, NALCN, PARK2, MAC-
ROD2, and PRKG1 were located in the intron of their rel-
evant genes.

Meanwhile, it has been reported that the increased secre-
tion of the gene SPARC is observed following resistance 
exercise, myotube hypertrophy, injury, or during muscle 
regeneration (Hamrick 2012; Norheim et al. 2011; Jør-
gensen et al. 2009). In a mouse model, SPARC was sig-
nificantly correlated with maximal running speed (Kelly 
et al. 2014). In our study, a SNP (rs10072841) was found 
in the intergenic region of the genes SPARC and FAT2, 
which accounted for 14.3 % of the total variance in 
the % change in knee peak torque: the knee peak torque 
increased by 11.9, 13.2, and 41.6 % in the genotypes T/T, 
T/C, and C/C, respectively. These increments were found 



956 Eur J Appl Physiol (2016) 116:947–957

1 3

to be significantly different (p-value < 0.001, Supplemental 
Table S5 and Fig. S2). The functional annotation, such as 
gene ontology (GO) and pathway, has been provided in the 
Supplemental Material (Supplemental Table S8).

Limitations of the study

This is the first study in Korea to elicit the genetic effects 
on training responses, such as VʹO2max and knee peak 
torque, using GWAS SNPs. However, there are some limi-
tations of this study. The sample size is relatively small 
compared to other similar studies, which implies that the 
newly identified SNPs could be false–positive. It may also 
imply that some other SNPs are in fact significantly asso-
ciated with training response, but were not detected in 
this study because of false-negative possibilities. To mini-
mize false-positives, FDR and permutation test were per-
formed, as well as internal validation procedures, which 
were adopted to estimate the stability or reliability of 
our findings. Nevertheless, to confirm the findings of this 
study, we must conduct another study with a larger sam-
ple size and a validation data set. Furthermore, we did not 
measure the changes in muscle mass using magnetic reso-
nance imaging scans of the thigh. Therefore, we could not 
objectively explain the improvement in peak torque of the 
knee.
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