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ABSTRACT

Background: Considerable attention has been paid to interindividual differences in the cardiorespiratory
fitness (CRF) response to exercise. However, the complex multifactorial nature of CRF response variability
poses a significant challenge to our understanding of this issue. We aimed to explore whether unsu-
pervised clustering can take advantage of large amounts of clinical data and identify latent subgroups
with different CRF exercise responses within a healthy population.
Methods: 252 healthy participants (99 men, 153 women; 36.8 + 13.4 yr) completed moderate endurance
training on 3 days/week for 4 months, with exercise intensity prescribed based on anaerobic threshold
(AT). Detailed clinical measures, including resting vital signs, ECG, cardiorespiratory parameters, echo-
cardiography, heart rate variability, spirometry and laboratory data, were obtained before and after the
exercise intervention. Baseline phenotypic variables that were significantly correlated with CRF exercise
response were identified and subjected to selection steps, leaving 10 minimally redundant variables,
including age, BMI, maximal oxygen uptake (VOymax), maximal heart rate, VO, at AT as a percentage of
VO;max, Minute ventilation at AT, interventricular septal thickness of end-systole, E velocity, root mean
square of heart rate variability, and hematocrit. Agglomerative hierarchical clustering was performed on
these variables to detect latent subgroups that may be associated with different CRF exercise responses.
Results: Unsupervised clustering revealed two mutually exclusive groups with distinct baseline pheno-
types and CRF exercise responses. The two groups differed markedly in baseline characteristics, initial
fitness, echocardiographic measurements, laboratory values, and heart rate variability parameters. A
significant improvement in CRF following the 16-week endurance training, expressed by the absolute
change in VOymax, Was observed only in one of the two groups (3.42 + 0.4 vs 0.58 + 0.65 ml-kg~'emin~,
P = 0.002). Assuming a minimal clinically important difference of 3.5 ml-kg 'emin ' in VOzmax, the
proportion of population response was 56.1% and 13.9% for group 1 and group 2, respectively (P<0.001).
Although group 1 exhibited no significant improvement in CRF at group level, a significant decrease in
diastolic blood pressure (70.4 + 7.8 vs 68.7 + 7.2 mm Hg, P = 0.027) was observed.
Conclusions: Unsupervised learning based on dense phenotypic characteristics identified meaningful
subgroups within a healthy population with different CRF responses following standardized aerobic
training. Our model could serve as a useful tool for clinicians to develop personalized exercise pre-
scriptions and optimize training effects.
© 2023 The Society of Chinese Scholars on Exercise Physiology and Fitness. Published by Elsevier
(Singapore) Pte Ltd. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Cardiorespiratory fitness (CRF) refers to the integrated ability of
the circulatory and respiratory systems to deliver and utilize

1 These authors contributed equally to this work.

https://doi.org/10.1016/j.jesf.2022.12.005
1728-869X/© 2023 The Society of Chinese Scholars on Exercise Physiology and Fitness. Published by Elsevier (Singapore) Pte Ltd. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:103001@tea.xaipe.edu.cn
mailto:zhangjb@mail.xjtu.edu.cn
mailto:zhangjb@mail.xjtu.edu.cn
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jesf.2022.12.005&domain=pdf
www.sciencedirect.com/science/journal/1728869X
http://www.elsevier.com/locate/jesf
https://doi.org/10.1016/j.jesf.2022.12.005
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jesf.2022.12.005
https://doi.org/10.1016/j.jesf.2022.12.005

L. Xie, B. Gou, S. Bai et al.

oxygen during physical activity.! Overwhelming evidence has
demonstrated that CRF is a powerful, independent predictor of
numerous clinical outcomes, and the improvement in CRF sub-
stantially reduces the risk of mortality.' > Physical activity and
exercise, especially endurance training, is the most effective inter-
vention for increasing CRE* Regular endurance exercise could
approximately increase CRF by 3—35%, determined by maximal
oxygen uptake (VOamax), at group level.’ However, in a growing
number of studies, the effects of a given dose of exercise training on
CRF are not uniform at the individual level, with some individuals
gaining large improvements in CRF while others showing small or
even no improvements.® Indeed, studies specifically designed to
assess the individual variation in exercise response demonstrate
substantial variability in CRF response.”® This observation has been
made in both healthy and patient populations® ' raising
compelling challenges to the application of exercise in preventive
and therapeutic medicine, as well as the development of precision
exercise medicine.'?

Unfortunately, the mechanisms underlying individual vari-
ability in CRF response to standardized exercise training programs
are not fully understood. A central challenge in understanding the
heterogeneity of CRF training response is the existence of mea-
surement error, day-to-day variability, and other sources of random
error in the observed changes in CRF, which will always lead to an
overestimation of true CRF response.® Furthermore, methodolog-
ical factors, including the modality, intensity and volume of exer-
cise, as well as the prescription method of the training program, all
influence the individual training response.'>!# Notably, the meth-
odology used to prescribe exercise intensity appears to have a
profound effect on CRF training variability.®!> Traditional pre-
scription methods that determine exercise intensities using
maximal physiological variables, such as maximal heart rate
(HRmax), heart rate reserve and VOymax, often fail to elicit a ho-
mogeneous exercise stimulus among individuals, as they do not
account for individual metabolic differences.'® It has been sug-
gested that the large interindividual variation in training response
following a traditionally prescribed exercise program may be to
some extent attributed to varied metabolic responses among in-
dividuals.”® Alternatively, establishing exercise intensity relative to
physiological thresholds has been reported to create more com-
parable metabolic strains among individuals.">!” In fact, studies
have shown that threshold-based exercise programs significantly
reduce training variability and increase the response rate of
CREZ!7~19 sych results suggest that threshold-based training pro-
grams may be superior to traditional prescribed exercise when
investigating the individual response to interventions."> Other than
methodological factors, previous studies have identified multiple
biological contributors, including genetics, age, sex, blood oxygen-
carrying capacity, baseline fitness and autonomic function.>'>?° A
better understanding of which variable or combination of variables
predisposing some individuals to have a better training response
than others may allow more effective exercise prescriptions, and
thus would be particularly meaningful in clinical practice.?’
Although numerous exercise training studies are available that
support this concept, a number of methodological issues impeded
the synthesis of data to identify such mechanisms.'? For example,
existing studies investigating exercise responsiveness varied
dramatically in the study design, the statistical model used, and
even in the definition of the meaningful training response.”
Therefore, dedicated studies considering multiple phenotypic
characteristics in the prediction of the individual response of CRF
following a threshold-based exercise program are warranted.

However, as the numbers of input variables and possible asso-
ciations among them increase, inference from a statistical model
becomes less precise.’”> Consequently, undertaking such studies
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using standard statistical methods becomes problematic. On the
other hand, machine learning generally outperforms traditional
statistical methods in the ability to account for complex relation-
ships between multiple inputs and has been increasingly used in
clinical research in the past decade.”>?* One major category of
machine learning approaches, unsupervised learning, explores the
data to learn intrinsic patterns and associations without investi-
gator supervision. This helps derive a robust set of variables for
discovering natural subgroups within a population, such as the
analysis of clinical data to classify a disease or clinical syndrome
into novel subtypes that show different outcomes.>>% In this re-
gard, unsupervised learning may be invaluable in phenotyping
various exercise responses. To the best of our knowledge, no prior
study has applied unsupervised cluster analysis to variables from
multiple clinical domains to investigate the heterogeneity of CRF
response to endurance training. Therefore, the purpose of the
present study was to classify CRF training responsiveness based on
dense phenotypic characteristics using unsupervised cluster anal-
ysis. We hypothesized that applying unbiased cluster algorithms to
variables related to the individual variability of exercise response
would allow the detection of novel subgroups among healthy
populations with different characteristic profiles and CRF exercise
responses.

2. Methods
2.1. Study participants

Between March 2013 and December 2014, 460 study partici-
pants were prospectively enrolled in an aerobic exercise training
trial as part of the National Science & Technology Program, Expert
Exercise Guidance System Development (supported by the Ministry
of Science and Technology of China: 2012BAK23B01). The inclusion
criteria were age 20-59 years old, healthy enough to participate in
exercise training, and not engaging in structured exercise during
the last year. Potential participants underwent a structured inter-
view regarding medical history and lifestyle habits (e.g., smoking,
sleep, physical activity, and sedentary behaviors). Participants with
abnormal resting and exercising electrocardiogram (ECG), blood
pressure >130/90 mm Hg, regular use of medications for metabolic
syndrome (such as hypertension, insulin resistance, and dyslipi-
demia), sleep disorders, and chronic pain, history of cardiovascular
and neurological disorders, or a diagnosis of diabetes were
excluded. All participants provided written informed consent and
the study protocol was approved by the Institutional Review Board
of Xi'an Physical Education University.

2.2. Clinical measures

All clinical variables were obtained at baseline and after 4
months of the exercise intervention. Participants were instructed to
avoid exercise and consumption of caffeine and alcohol for 24 h
before testing. Each test session comprised two clinical visits on
separate days. On test day 1, participants completed a series of
assessments, including anthropometric measurements, resting vi-
tal signs, heart rate variability, standard 12-lead ECG, echocardi-
ography, spirometry, and fasting blood chemistry analysis. All
assessments were conducted by trained personnel, and standard-
ized laboratory techniques were used. On test day 2, CRF was
evaluated by a maximal exercise test using an electronically braked
cycle (Ergoselect 100, Ergoline, Bitz, Germany) and an open-circuit
gas analyzer (MetaMax 3B, Cortex Biophysik, Leipzig, Germany).
The tests were supervised by exercise physiologists according to an
incremental work rate protocol with a 2-min warm-up and a 20/
25 W increase in workload every 2 min for women/men.
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Electrocardiogram was monitored continuously during the test,
while the Borg rating of perceived exertion (RPE) and blood pres-
sure were collected every 2 min. Anaerobic threshold (AT) was
measured using the ventilatory equivalents method. The attain-
ment of maximal effort was considered when a plateau in oxygen
consumption was observed (increase in oxygen consumption with
increasing exercise intensity <2 ml-kg~'emin~!) or a heart rate
(HR) within 10 beats of the age-predicted HRyax, RPE >17/20, and
peak respiratory exchange ratio >1.1. Variables derived from the
cardiopulmonary exercise test in the present study included
VO2max, VO2 at AT (VOpart), VO2ar as a percentage of VOamax (VO2aty
max)» HRmax, HR at AT (HRat), maximal minute ventilation (VEmpax),
VE at AT (VEat), O, pulse at AT, workload achieved at AT, and ex-
ercise time at AT.

2.3. Exercise intervention

Considering the untrained nature of the study sample partici-
pants, moderate intensity continuous training was prescribed
instead of high intensity interval training in this study. After the
assessment of baseline CRF, participants started the prescribed
exercise program, which included moderate aerobic training 3
sessions per week for 4 months. The frequency of the training
program was determined according to the definition of sport
population provided by the Chinese Sports Ministry, which is the
proportion of population that participate in physical training more
than 30 min on at least 3 days every week. Exercise intensity was
prescribed based on HRar. During the 16-week exercise program,
the training intensity and duration progressively increased. In the
first month, the training lasted 30 min at an intensity eliciting 85%
of the HRaT. From the second month, the duration of the exercise
increased to 40 min, and the intensity increased by 10% every
month. The intensity and duration of the aerobic training program
for each month are listed in Table 1. The aerobic exercise modalities
included cycling and running. In the original trial, participants were
randomized to either a cycling or running exercise modality (there
were no differences in participant characteristics and exercise ef-
fects between the two aerobic exercise modalities, see
Supplementary Table 1). Participants were instructed to maintain
their regular lifestyle during the 4-month intervention period. Ex-
ercise specialists supervised each training session to ensure
adherence to the prescribed exercise intensity (monitored using
Polar RS800cx, Polar Electro, Kempele, Finland) and duration.
Compliance with the target exercise intensity within 95%—105%
and duration of 100% were accepted as actual attendance. Partici-
pants were excluded for downstream analysis if they had less than
90% attendance (N = 181) to the supervised protocol or incomplete
data of baseline measurements (N = 7 for heart rate variability
analysis, N = 20 for laboratory test), yielding a study sample of 252
participants for the intervention group. Furthermore, participants
who deviated from the exercise protocol were strongly encouraged
to participate in the follow-up assessment. In those participants,
follow-up tests were available for 82 participants, which served as a
control group in the current study for the purpose of estimating
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technical error (TE) and the true individual response variability
(SDRR) that elicited by exercise training. TE was estimated by
calculating the square root of the sum of squared differences be-
tween baseline and follow-up CRF values of the control group
divided by the total number of measurements and multiplied by

2.! SDig was obtained by \/SDiznteruention - SD?ontrol' The proportion

of responders in the population of interest was estimated using an
approach developed by Swinton.?”?® Briefly, the differences in CRF
responses to exercise across individuals could be fit into a normal
distribution with a mean of the observed change score and an SD of
SDr. With an established minimal clinically important difference
(MCID) threshold, the proportion of response could be estimated by
calculating the area of the normal distribution that lies beyond the
given threshold. An increase of 3.5 ml-kg”.minfl in VO2max wWas
adopted as the MCID in this study based on its significant correla-
tion with the decrease of all-cause mortality.?’

2.4. Agglomerative hierarchical clustering

The phenotypic domains in the present study included physical
characteristics, heart rate variability parameters, laboratory data,
echocardiographic measurements, cardiorespiratory variables ob-
tained by cardiopulmonary exercise test, and pulmonary function
parameters. Pearson's correlation was performed between baseline
phenotypic characteristics and absolute changes in VOymax. Vari-
ables that significantly correlated with the absolute change in
VOymax Or are known to contribute to the individual variability of
exercise response (e.g., age, sex, BMI, baseline fitness) served as
candidate inputs for unsupervised clustering. Next, a correlation
matrix of variables based on Pearson's coefficient was generated to
select the pivotal variables and reduce the dimensions. Variables
that were substantially correlated (correlation coefficient >0.6)
were filtered (keeping the variable that is more widely used in
clinical practice for prognostics or risk predictions), leaving 10
variables for the final clustering. Table 2 summarizes the pheno-
typic domains and the 10 variables used for the phenomapping
analysis. The 10 remaining variables were standardized to a mean
of 0 and a standard deviation (SD) of 1. Agglomerative hierarchical
clustering, a widely used unsupervised learning method, was per-
formed to group participants with similar baseline characteristics.
Briefly, this algorithm considers each sample as an individual
cluster initially, and merges the two clusters that are the most
similar into a larger cluster at each step, until all samples are in a
single large cluster. The current study used Euclidean distance to
compute similarity and Ward's method to combine the clusters. A
dendrogram diagram was generated to show the progressive
grouping of the datasets and gain an idea of a suitable number of
clusters (Fig. 1). The number of clusters was chosen based on 30
clustering criteria, using the NbClust package in R (Supplementary
Fig. 1). In our implementation, 2 was the optimal number in the
range 1-10.

Table 1
A summary of the exercise prescription.
Week Warm-up, min Target HR, %HRat Training time, min Cool-down, min
1 5-10 75—-85 20-30 5-10
2—4 5-10 85 30 5-10
5-8 5-10 85 40 5-10
9-12 5-10 95 40 5-10
13-16 5-10 100 40 5-10

HR, heart rate; HRat, HR at the anaerobic threshold.
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Table 2
Phenotype domains and variables.
Domains Variables
Demographics Age*®
Physical Height, weight, body mass index?, heart rate, systolic blood pressure, diastolic blood pressure, vital capacity

characteristics
Cardiorespiratory

fitness
Laboratory data

Echocardiography
data

Heart rate variability
Pulmonary function

Maximal VO,?, VO, at AT, VO, at AT as a percentage of maximal VO, maximal heart rate®, heart rate at AT, maximal minute ventilation, minute
ventilation at AT?, O, pulse at AT, the work load achieved at AT, exercise time at AT

White blood cell count, red blood cell count, hemoglobin, hematocrit®, platelet count, thrombocytocrit, mean corpuscular volume, blood glucose,
triglycerides, LDL-cholesterol, HDL-cholesterol, total cholesterol

IV septal thickness of end-diastole, IV septal thickness of end-systole®, LV end diastolic dimension, LV end-systolic dimension, LV posterior wall
thickness of end-diastolic, LV posterior wall thickness of end-systole, LV end-diastolic volume, LV end-systolic volume, ejection fraction, stroke
volume, fractional shortening, E velocity?, A velocity

RMSSD?, pNN50, maximal RR interval, minimal RR interval, low frequency, high frequency and total power of the RR interval data

Forced vital capacity, forced expiratory volume in 1 s, the ratio of forced expiratory volume in 1 s to forced vital capacity, peak expiratory flow, forced
expiratory flow between 25 and 75% of vital capacity, forced expiratory flow at 25%, 50%, and 75%

AT, anaerobic threshold; LDL, low density lipoprotein; HDL, high density lipoprotein; IV, interventricular; LV, left ventricle; RMSSD, root mean square of successive differences
of RR intervals; pNN50, percentage of RR intervals differing >50 ms from the preceding one.

2 The 10 variables used in the final clustering after the feature selection steps.

2.5. Statistical analyses

Data are summarized as mean + SD for continuous variables and
as proportions with percentages for categorical variables. For the
sample size calculation, we hypothesized that a 3.5 ml-kg~'emin~!
difference in CRF response following the exercise intervention be-
tween the two phenogroups was likely and would be clinically
meaningful. Based on a previous study, a threshold-based exercise
program (30 min/day, 5 days/week, 12-week duration) elicited a
3.93 ml-kg’%min’l increase in VOZmaX.18 Assuming an SD of
5 ml-min~'ekg ™!, 90% test power, and a 2-sided o value of 0.05, a
minimal sample size of 44 participants per group would be
required.*° The normality of the data distribution was confirmed by
the Shapiro—Wilk test and, where appropriate, natural log trans-
formation was carried out prior to the analysis to reduce the
skewness of the distribution. Group differences in baseline

characteristics were analyzed using the independent t-test for
parametric data and the chi-squared test for non-parametric data.
The effects of exercise training on measured variables within each
group were examined using the paired t-test with Bonferroni
correction. The CRF training responsiveness was quantified by the
absolute and percentage changes in VOyyax before and after the 4-
month exercise intervention. ANCOVA was performed with the
absolute and percentage changes in VO,max as dependent variables
and age, sex, BMI, and baseline VOynax (for absolute change in
VO2max) as covariates. The between-group difference in the inci-
dence of population response was examined by the chi-squared
test. Levene's test was used to evaluate the between-group differ-
ence in the interindividual variability of exercise response of CRF.>!
All statistical analyses were performed using SPSS Statistics
(Version 26, IBM Corp., NY, USA), and the significance level was set
at 0.05.

|

| I||||I| “ | ‘ ||

|H||| ? |

)

Sex Sex
Group 4 IMaIe
o Female
Group
| I| | BMI 0 Low responders
High responders
Vo, 2
| | | HRm‘ -4

VO,

oAt

IVSTs
| E velocity
Hematocrit

RMSSD

Fig. 1. Heat map of study participants by hierarchical clustering. Columns represent individual participants, and rows represent the selected 10 variables used in the unsupervised
clustering. BMI, body mass index; VO;max, maximal oxygen uptake; HRpmax, maximal heart rate; VO,ar/max, VO2 at anaerobic threshold as a percentage of maximal VO,; VEar, minute
ventilation at anaerobic threshold; IVSTs, interventricular septal thickness of end-systole; RMSSD, root mean square of successive differences of RR intervals.
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3. Results

The characteristics of the study participants are summarized in
Table 3. The exercise group (N = 252) had a mean age of
36.8 + 13.4 yr and a mean BMI of 23.3 + 2.8 kg-m~2 Most of the
study participants were non-smokers, and 60% were women.
Similar clinical characteristics were observed for participants in the
control group.

3.1. Hierarchical clustering

Among the 252 healthy participants, hierarchical clustering
based on 10 phenotypic variables (As stated in the methods, vari-
ables that were correlated at r > 0.6 were filtered, leaving 10
minimally redundant variables) yielded 2 phenogroups. Fig. 1
shows a heat map created using agglomerative hierarchical clus-
tering. Within the heat map, the values of the 10 features were
presented in varying patterns, and individuals with shared char-
acteristic patterns were clustered together. For example, most of
the individuals in group 1 were younger and had a lower inter-
ventricular septal thickness of end-systole (IVSTs) and higher CRF,
but most individuals in group 2 were older, with higher IVSTs and
lower CRF. Additionally, low CRF seemed to occur in some in-
dividuals with higher resting vagal activity in group 1, but lower
vagal function in group 2.

3.2. Comparisons of clinical characteristics and baseline laboratory,
echocardiographic, and cardiorespiratory variables between
phenogroups

The baseline characteristics were significantly different between
the two phenogroups. As shown in Table 4, group 1 was signifi-
cantly younger and had a lower BMI (221 + 2.7 vs

Table 3
Baseline participant characteristics.
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23.9 + 2.7 kgem 2, P < 0.001). Sedentary time was slightly higher in
group 2, but group 1 slept longer than group 2 (7.9 + 1.0 vs
74 + 09 h, P = 0.001). Leisure time physical activity level was
similar between the two groups. With respect to vital signs, the two
groups presented with similar resting HR and systolic blood pres-
sure (SBP), but diastolic blood pressure (DBP) was higher in group 2
(70.4 + 7.8 vs 73.2 + 8.4 mm Hg, P = 0.014). Furthermore, group 1
had a significantly greater vital capacity than group 2. In the heart
rate variability analysis, group 1 had a higher root mean square of
successive differences of RR intervals (RMSSD) than group 2
(53.4 + 27.6 vs 26.9 + 14.4 ms, P < 0.001). Furthermore, laboratory
data also exhibited significance between the two groups. For
example, the level of low density lipoprotein cholesterol (LDL-
cholesterol) and total cholesterol were significantly higher in group
2.

Table 4 also shows the differences in cardiac structure and
function between the two groups. As expected, group 2 had higher
interventricular septal thickness and posterior wall thickness
compared to group 1. Furthermore, the left ventricular (LV) relax-
ation was worse in group 2, as indicated by lower E velocity and A
velocity. On the other hand, group 1 had lower systolic function
than group 2 (i.e., lower ejection fraction, stroke volume, and
fractional shortening, but higher LV dimension and volume at
systolic, P < 0.001). Despite these differences, the LV end-diastolic
dimensions and volumes were similar between the groups.

At baseline, there was a significant difference in CRF between
the two phenogroups (Table 4). Both maximal and submaximal
aerobic capacities were higher in group 1 than in group 2. For
example, the mean VOymax and VOt for group 1 were significantly
higher than group 2 (36.0 + 7.4 vs 25.9 + 4.3 mlekg 'emin~,
25.4 + 5.6 vs 18.5 + 3.7 mlekg 'emin~', P < 0.001). Nevertheless,
the two groups achieved similar percentages of maximal VO, at AT
(71.6 + 11.3 vs 71.8 + 10.9 %, P = 0.865).

Clinical characteristic All participants (N = 460)

Control group (N = 82) Exercise group (N = 252)

Age,y 36.1 £ 13.2
Female, n (%) 266 (57)
Height, cm 165.2 + 8.1
Weight, kg 63.5 +10.8
BMI, kgem 2 232 +3.1
Sleep, h 76 +1.0
Leisure time physical activity, h/week 24.7 + 61.5
Sedentary time, h 6.2 +2.7
Current smoking, n (%) 79 (17)
Former smoking, n (%) 27 (5)
Treadmill running exercise, n (%) 245 (53)
Vital signs

HR, bpm 674 +£9.3
SBP, mm Hg 110.6 + 10.9
DBP, mm Hg 727 + 84
VC, ml 3377.1 £ 933.5

Laboratory data

WBC count, x 10° L™! 58+ 1.3
RBC count, x 102 ! 46+ 04
Hemoglobin, geL ™! 138.9 + 135
Hematocrit, % 422 +4.0
Platelet count, x 10" L' 191.5 + 43.2
Glucose, mmoleL ™" 42 +05
Triglycerides, mmoleL™! 1.3+08
LDL-cholesterol, mmoleL~! 2.8 +0.7
HDL-cholesterol, mmoleL~! 14+03
Total cholesterol, mmoleL ! 44 +08
Cardiorespiratory fitness

VOomax, mlekg ™~ temin~"! 304 +78
HRmax, bpm 168.1 + 15.2

372+ 11.1 36.8 + 134
46 (56) 153 (60)
165.3 + 8.2 1647 + 7.9
65.0 + 103 63.4 + 10.1
237 +33 233+28
7.5+ 09 76+ 1.0
25.0 + 66.6 22.0 +55.0
6.6+24 6.2 +28

17 (20) 44 (17)
6(7) 13 (5)

35 (42) 120 (47)
68.5+9.7 66.6 + 9.2
1106 + 11.8 110.6 + 10.9
734 +92 723 + 83

3314.1 + 847.6 33344 +918.9

63+15 6.0+13
4.6 + 0.5 45+04
141.6 + 15.2 139.8 + 14.4
428 +4.5 422 +4.2
191.5 + 425 199.0 + 46.0
42 +04 4.2 + 0.6
1.3+09 12+06

26 +0.6 2.7+08
14+03 14+03

43 +0.7 44 +09
296 + 6.5 293+73
169.1 + 14.3 167.2 £ 15.1

Data are expressed as mean + SD for continuous variables and n (%) for categorical variables. BMI, body mass index; HR, heart rate; SBP, systolic blood pressure; DBP, diastolic
blood pressure; VC, vital capacity; WBC, white blood cell; RBC, red blood cell; LDL, low density lipoprotein; HDL, high density lipoprotein.
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Table 4
Baseline characteristics and changes in cardiorespiratory fitness and cardiometabolic parameters stratified by phenogroup.

Group 1 Low responders (N = 85) Group 2 High responders (N = 167) P Value
Age,y 226 +4.7 44.0 + 10.2 <0.001
Female, n (%) 47 (55) 106(63) 0.209
Height, cm 166.8 + 8.5 163.7 £+ 7.3 0.003
Weight, kg 61.8 +10.7 642 +9.8 0.076
BMI, kgem 2 221 +27 239 +27 <0.001
Sleep, h 79+ 1.0 74 +09 0.001
Leisure time physical activity, h/jweek 21.5+44.9 22.3 +59.6 0911
Sedentary time, h 57+29 6.5 + 2.7 0.047
Current smoking, n (%) 14(16) 30(17) 0.322
Former smoking, n (%) 2(2) 11(6) 0.322
Treadmill running exercise, n (%) 42(49) 79(47) 0.752
Vital signs
HR, bpm 65.8 + 94 67.0 £ 9.1 0.337
SBP, mm Hg 1100 + 11.3 110.8 + 10.7 0.557
DBP, mm Hg 704 +7.8 732 + 84 0.014
VC, ml 3722.3 +1072.9 3130.6 + 7539 <0.001
Heart rate variability
RMSSD, ms 534 + 276 269 + 144 <0.001
nLF, nu 0.45 + 0.17 0.56 + 0.18 <0.001
nHF, nu 0.54 + 0.17 043 £ 0.18 <0.001
Laboratory data
WBC count, x 10° L™! 65+ 1.4 58+ 1.3 <0.001
RBC count, x 102 ! 46+ 04 45+ 04 0.116
Hemoglobin, geL™! 1424 + 146 1385 + 14.2 0.046
Hematocrit, % 429 +43 419 + 4.1 0.065
Platelet count, x 10" L' 213.6 + 42.6 191.6 + 46.1 <0.001
Glucose, mmoleL™! 40+04 43 +07 <0.001
Triglycerides, mmoleL~! 09+ 04 13+06 <0.001
LDL-cholesterol, mmoleL~! 23+07 29+08 <0.001
HDL-cholesterol, mmoleL ! 13+02 14+03 0.129
Total cholesterol, mmoleL ! 39+07 46+ 09 <0.001
Echocardiography
IVSTd, mm 7111 83+15 <0.001
IVSTs, mm 88 +29 133 +2.1 <0.001
LVDd, mm 459 + 46 459 + 4.8 0.981
LVDs, mm 324 +36 303 +42 <0.001
LVPWTd, mm 70+ 15 8.0+ 1.6 <0.001
LVPWTs, mm 9.5+ 3.1 125 +2.2 <0.001
LVEDV, ml 98.1 +22.2 98.7 + 245 0.851
LVESV, ml 433 +11.2 372 +128 <0.001
Ejection fraction, % 555+ 78 62.2 +7.7 <0.001
Stroke volume, mlemin~! 54.7 + 15.9 614 + 158 0.002
Fractional shortening, % 289 +54 339+54 <0.001
E velocity, cmes™! 84.0 + 10.3 75.5 +11.0 <0.001
A velocity, cmes™" 439 + 144 40.1 + 124 0.033
Cardiorespiratory fitness
VOomax, mlekg~Temin~" 36.0 + 7.4 259 + 43 <0.001
HRpmax, bpm 176.9 + 13.2 1623 + 13.6 <0.001
VEmax, Lemin~! 74.0 + 24.2 62.5 + 16.7 <0.001
VO,at, mlekg ™ lemin~! 254 + 56 185+ 3.7 <0.001
VO241/max % 716 +11.3 71.8 + 10.9 0.865
HRat, bpm 1425 + 15.8 1269 + 13.0 <0.001
VEar, Lemin ' 447 +12.6 35.0 +10.2 <0.001
Changes in cardiorespiratory fitness
AVO2max, ml-kg"-min’1 0.58 + 0.65 342 + 040 0.002
% A in VOamax, % 1.45 + 2.38 14.9 + 1.46 <0.001
Proportion of population response, % 56.1% 13.9% <0.001
Changes in metabolic parameters
ASBP, mm Hg — —
ADBP, mm Hg -1.7+72 -
ALDL-cholesterol, mmoleL ' - -
AHDL-cholesterol, mmoleL ™! 0.07 = 0.21 0.12 + 0.26 0.099
ATotal cholesterol, mmoleL ™! 0.10 + 0.50 0.22 + 0.64 0.141

Data are expressed as mean + SD for continuous variables and n (%) for categorical variables. AVO,n.x values were adjusted for age, sex, BMI, and baseline VO2max. %A in VO2max
values were adjusted for age, sex, and BMI. BMI, body mass index; HR, heart rate; SBP, systolic blood pressure; DBP, diastolic blood pressure; VC, vital capacity; RMSSD, root
mean square of successive differences of RR intervals; nLF, normalized low frequency power of the RR interval data; nHF, normalized high frequency power of the RR interval
data; WBC, white blood cell; RBC, red blood cell; LDL, low density lipoprotein; HDL, high density lipoprotein; IVSTd, interventricular septal thickness of end-diastole; IVSTs,
interventricular septal thickness of end-systole; LVDd, Left ventricular end-diastolic dimension; LVDs, left ventricular end-systolic dimension; LVPWTd, left ventricular
posterior wall thickness of end-diastolic; LVPWTs, left ventricular posterior wall thickness of end-systole; LVEDV, left ventricle end-diastolic volume; LVESV, left ventricle end-
systolic volume; VO2max, maximal oxygen uptake; HRyax, maximal heart rate; VEnmax, maximal minute ventilation; VO2ar, 0Xygen uptake at anaerobic threshold; VO2at/max
VO, at anaerobic threshold as a percentage of maximal VO,; HRar, heart rate at anaerobic threshold; VEar, minute ventilation at anaerobic threshold.
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3.3. Changes in CRF

After the 16-week intervention, group 2 showed significant
improvement in CRF at group level. VO,mayx significantly increased
from 25.9 + 4.3 t029.6 + 5.7 mlekg~'emin~! (N = 167, P< 0.001) for
group 2. However, the change in VOymax (360 + 74 vs
35.9 + 7.0 mlekg lemin~!, N = 85, P = 0.875) was not statistically
significant in group 1. There were significant between-group dif-
ferences in absolute and percent changes in VOynax after adjusting
for age, sex, BMI and baseline VOyy.x (Table 4). The absolute
(0.58 + 0.65 vs 3.42 + 0.40 mlekg~'emin~!, P = 0.002) and percent
changes in VOymax (1.45 + 2.38 vs 14.9 + 1.46 %, P < 0.001) after the
exercise intervention was significantly larger in group 2 compared
with group 1. The individual changes in CRF following the 4-month
exercise training for group 1 and group 2 are illustrated in Fig. 2.
Levene's test revealed a significantly reduced response variability
in VOzmax in group 2 compared to group 1 (P < 0.001). Furthermore,
the proportion of population response for group 2 was significantly
higher than for group 1 (56.1% vs 13.9%, P < 0.001).

3.4. Changes in other parameters

After the 16 weeks of exercise training, changes in SBP, glucose,
triglycerides, and LDL-cholesterol were not significantly different
within or between the groups. However, in both groups, high
density lipoprotein cholesterol (HDL-cholesterol) significantly
increased after exercise intervention. The increments in HDL-
cholesterol were similar between the two groups (0.07 + 0.21 vs
0.12 + 0.26 mmoleL™!, P = 0.099). Interestingly, for group 1, there
was a significant decrease in DBP from 70.4 + 7.8 to 68.7 + 7.2 mm
Hg (P = 0.027) while no similar findings were noted for group 2.

Exercise intervention also elicited significant improvements in
cardiac function in both groups. For example, parameters reflecting
systolic (ejection fraction, stroke volume, and fractional shortening)
and diastolic functions (LV end-diastolic dimension and LV end-
diastolic volume) were significantly increased in both groups
(Supplementary Fig. 2). However, only group 2 exhibited im-
provements in LV relaxation parameters, such as E velocity and A
velocity, following exercise training.

4. Discussion

The present study investigated the variability of CRF responses
to a moderate 16-week training protocol in 252 healthy individuals

(ml-kg'1 -min'1)
(ml-kg'1 -min'1)

2max
2max

Changes in VO,
Changes in VO,

Individual participants (N=82)
Control group

Individual participants (N=85)
Group 1 Low responders
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using unsupervised cluster analysis. We report three novel findings.
First, within a healthy population, unsupervised clustering suc-
cessfully identified 2 groups with distinct baseline characteristics
and exercise responses of CRF. Second, one of the two clusters
(group 2) exhibited a marked improvement in CRF following the
given dose of aerobic training, which was associated with not only a
larger mean change but also reduced interindividual variation.
Third, although group 1 exhibited no improvement in CRF after 4
months of endurance training, other exercise benefits, including a
decrease in DBP and increase in cardiac function, were observed. To
our knowledge, this is the first study to apply unsupervised
learning techniques to resolve the heterogeneity in CRF response to
exercise using multidimensional clinical measures. Our innovative
findings provide novel insights into the growing body of literature
on exercise response variability and are of particular interest for
personalized exercise medicine.

Variability in CRF responsiveness following a standardized
training intervention has been linked to many phenotypic vari-
ables.”® In line with this, our study identified multiple pre-training
phenotypes that were significantly correlated with the exercise
response of CRF, and 10 variables were used in the unsupervised
learning analysis, including markers of fitness, cardiac function,
autonomic function and blood oxygen transport capacity. Investi-
gating which phenotypes or combinations of a number of pheno-
types could be wused to predict an individual's training
responsiveness will be practically meaningful for clinicians to
identify and design personalized training regimens, given the
considerable interindividual variation in exercise responsiveness.>’
However, the presence of a surge of input factors and their potential
interactions not only makes it difficult to develop an accurate sta-
tistical model but also brings the multiple testing problem.®
Consequently, inferences from traditional statistical methods
become less precise. On the other hand, machine learning tech-
niques, including supervised and unsupervised methods, make
predictions by finding patterns within large volumes of data and
can be effective even when complicated nonlinear associations
exist. It is important to note that unsupervised learning may be
more appropriate than supervised learning when considering the
heterogeneity of CRF response following exercise training owing to
the issue of random error. The observed variance of CRF between
baseline and after exercise training will always be contaminated by
random variation, which contains the measurement error from the
experimental tool/protocol and the within-subject variation from
biological and environmental sources.>*> Especially, the random

1 Al
omax (ml-kg™ -min™")

Changes in VO,

Individual participants (N=167)
Group 2 High responders

15

Fig. 2. Change in VOymayx following the 16-week exercise training for each participant in control and exercise groups. The technical error for CRF measurement is illustrated by the

shaded area.
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within-subject biological variation is particularly large when the
time period between baseline and follow-up measurements is
relatively long, which is often the case in exercise training studies.>?
It is plausible that supervised approaches using the observed dif-
ference of CRF measured before and after exercise training as the
learning target are grouping individuals entirely based on random
error.>? By contrast, unsupervised learning does not require a target
output, and learns to find intrinsic patterns within the data on its
own. Such methods could discover homogeneous subgroups within
a given population according to the baseline attributes they have.>*
Using unsupervised learning, we were able to take advantage of the
dense phenotypic data to discover natural subgroups of study
participants that were associated with different CRF training
responses.

The two groups in our study exhibited a significant difference in
VO2max response following 4 months of standardized aerobic
training. Specifically, the proportion of population response for
group 2 (high responders) was 56.1% with MCID set at
3.5 mlekg~lemin~!, whereas group 1 (low responders) only had a
13.9% incidence of population response. Additionally, group 1
demonstrated no improvements in VO, 2« at the group level, while
a significant increase in group mean was found in group 2. The ratio
of the number of participants in groups 1 and 2 is approximately
1:2, which is consistent with previous estimations that 20-30% of
individuals may fail to benefit from an exercise training interven-
tion in terms of CRE>'"> Several biological factors have been
studied that may affect the response rate of CRF, but no conclusive
results have been achieved."® For example, while the effects of sex
and initial fitness on CRF trainability have been suggested in some
studies,”*>® others reported no associations between sex, initial
fitness, and CRF response.'>’ Likewise, an association between age
and the response rate of CRF following endurance training was
reported in postmenopausal women (45-75 yr),>> whereas no sig-
nificant effect of age on CRF exercise response was found in an
elderly cohort (60-85 yr).>® The HERITAGE study,’’” which incor-
porated a relatively large age range (17-65 yr), suggests a lower CRF
response for subjects aged 50—65 yr (4.5 + 2.3 mlekg 'emin~')
compared to the other two younger groups (17-29 yr:
5.3 + 2.6 mlekg lemin~, 30-49 yr: 5.7 + 3.1 mlekg 'emin~!).*” By
pooling data of the current study into the same age ranges of the
HERITAGE study, similar results were observed after adjusting for
baseline fitness with the older group showing slightly lower CRF
response (50-59 yr: 1.9 + 0.6 mlekg 'emin~!) than the two
younger groups (20-29 yr: 2.1 + 0.5 mlekg lemin~', 30-49 yr:
3.3 + 0.4 mlekg lemin~!), but the difference did not the reach
statistical significance (P = 0.069). In this study, the two groups
identified by unsupervised cluster analysis exhibited a significant
difference in training response of VO,nax after adjusting for age,
sex, BMI, and baseline fitness. However, age seemed to play a
prominent role in phenotyping participants into the two groups in
the current study. One possible explanation for this observation
may be that age was significantly correlated with several other
input variables. Although highly correlated variables were excluded
using a correlation coefficient threshold of 0.6 in accordance with
previous studies,>>?% the redundancy across age and other vari-
ables may still exist. Selection of the optimal set of variables for
unsupervised learning may be less straightforward than for su-
pervised learning when the importance of input variables could be
evaluated by their contributions in predicting the output variable.>*
Future studies assessing whether incorporating data-driven
dimension reduction techniques, such as principal component
analysis and singular value decomposition, could mitigate collin-
earity and promote CRF response phenotyping are of great interest.

Due to the “black-box” nature of machine learning techniques,
we cannot make a comprehensive interpretation of how
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modulators used in the current study interact with each other and
contribute to CRF response variability. Nevertheless, our model
could be used to predict whether a participant is a relatively high or
low responder in terms of CRF, following moderate endurance
training. In this case, our analysis could serve as a powerful tool in
clinical settings for health professionals to develop effective and
personalized training strategies. For example, if phenomapping
classifies a certain participant that may have a low training
response for CRF following moderate aerobic training, strategies
demonstrated to decrease or even eliminate the CRF “non-
response”, such as increasing exercise intensity/volume or chang-
ing training modality, could be considered to create an individually
optimal training prescription.'*>>4? This is of great interest for
promoting population health, considering the large dropout caused
by modest returns on training investment, as well as the concerns
arising from increasing exercise intensities for all individuals.*' =
Notably, although our study and a number of previous studies
considered CRF as the key training adaptation to determine a
higher or lower training response, exercise clearly exerts other
health benefits.**~“® The HART-D study demonstrated that exercise
elicited a significant improvement in glycemic control in diabetic
individuals that exhibited no improvement in CRF following 9-
month exercise training.!" In our study, although group 1 exhibi-
ted no significant improvement in VO3« following the 16-week
endurance training program, a significant reduction in DBP
(1.7 + 7.2 mm Hg) was observed. Even small reductions in blood
pressure could significantly decrease the risk of cardiovascular
events and mortality.*’ For instance, a reduction of 2 mm Hg in SBP
was associated with approximately 10% and 7% lower mortality
from stroke and ischemic heart disease, respectively.*’ Although
the predictive power of DBP for mortality is slightly less than SBP
(e.g. informativeness of SBP and DBP for the prediction of stroke
was 89% and 83%, respectively), it is plausible that a comparable
reduction in DBP as observed in the current study as well as other
lifestyle interventions (e.g. reducing dietary sodium) may have
important clinical significance in the prevention of cardiovascular
mortality.**® Collectively, evaluating exercise response in CRF is
clearly important, as improvements in CRF appear to have more
health benefits than other parameters.'**° Nevertheless, it may be
important to pay attention to other favorable effects of exercise
when evaluating the success of a training intervention, especially
for the patient population, in which parameters most relevant to
certain diseases should be considered, such as fasting glucose in
type 2 diabetes or blood pressure in hypertension.'* As such, future
studies targeting effective exercise interventions for other param-
eters with different patient populations are warranted.

4.1. Limitations

The present study had several limitations. First, all participants
were enrolled from a single center, and our study lacked validation
in an external cohort. Future studies that replicate our pheno-
mapping techniques using datasets from other institutions are
warranted. Second, some information was gathered based on par-
ticipant's self-report (e.g., smoking status, leisure time physical
activity, sedentary time, etc.). Although these variables were not
included in the clustering analysis, the comparisons of these factors
between the two phenotypic groups may be confounded. Third,
other biological factors (such as genetics and circulating hemo-
globin mass) and lifestyle factors (such as changes in physical ac-
tivity level, food intake, and sleep time during the exercise
intervention), which could also influence CRF trainability, were not
considered in this study. Further studies are needed to quantify the
contributions of these factors to CRF training response. Finally, the
current model requires a certain amount of clinical measures for
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efficient analysis, this may limit its widespread clinical application
as many facilities may not have accesses to all the measures per-
formed in this study.

5. Conclusions

In conclusion, this is the first study to conduct unsupervised
learning on dense clinical data to investigate the heterogeneity of
CRF response to endurance training. We have shown that unsu-
pervised clustering of multiple phenotypic variables related to the
CRF exercise response can result in meaningful, clinically relevant
subgroups in a healthy population with significant differences in
CRF response to a 16-week aerobic training program. Given the
considerable individual differences in CRF training response,
incorporation of phenomapping into clinical practice could help
physicians design more efficacious and individualized exercise
prescriptions and may lead to the development of precision exer-
cise medicine. Furthermore, individuals who experienced no sig-
nificant improvements in CRF following aerobic training could also
benefit from exercise in other clinical measures, such as blood
pressure and cardiac function.
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