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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=233). CRF was measured
at0, 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 (TEyonopxp and TEg; opg, 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 lin-
ear regressions for the majority of individual responses (N=281/109) and mean CRF data (mean TE\;onorxp: TEsiopE;
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 esti-
mates were highly correlated across all three approaches (all > 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 and classification from regressions and observed pre—post-changes questions the purported
benefit of using repeated measures to characterize CRF responses to training.

Keywords Cardiorespiratory fitness - Repeated measures - Individual response - Individual regressions - Typical error -
Non-responder

Abbreviations CRF Cardiorespiratory fitness
ANOVA Analysis of variance HAHI High amount and high intensity
BMI Body mass index HALI High amount and low intensity
CI Confidence interval LALI Low amount and low intensity
MCID Minimum clinically important difference
MET Metabolic equivalent task
Communicated by Keith Phillip George. RCT Randomized controlled trial
Electron : . rerial The onti ot SEM Standard error of measurement
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supplementary material, which is available to authorized users. TEyionoexp  Error in monoexponential regression
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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” (Sisson et al. 2009;
Scharhag-Rosenberger et al. 2012; Astorino and Schubert
2014; Ross et al. 2015a; Bonafiglia et al. 2016; Gurd et al.
2016; Raleigh et al. 2016; Montero and Lundby 2017).
Although the majority of the CRF non-response literature
has used thresholds based on the typical error of measure-
ment to dichotomously classify individuals as respond-
ers or non-responders (Scharhag-Rosenberger et al. 2012;
Astorino and Schubert 2014; Ross et al. 2015a; Bon-
afiglia et al. 2016; Gurd et al. 2016; Raleigh et al. 2016;
Montero and Lundby 2017), these response classification
approaches have received criticism given their risk in mis-
classifying individual response (Williamson et al. 2017,
Bonafiglia et al. 2018; Hecksteden et al. 2018). 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 (Hecksteden
et al. 2018). In light of these criticisms, recent reports have
proposed alternative statistical approaches for classifying
individual responses (Hecksteden et al. 2015, 2018; Swin-
ton et al. 2018).

Hecksteden et al. (2018) recently described an indi-
vidual response classification method that involves taking
repeated measures over the course of a training interven-
tion. Specifically, an individual’s response was estimated
as the slope of a linear regression of their observed meas-
ures over time (Hecksteden et al. 2018). The certainty in
an individual’s response estimate [i.e., the typical error
(TE) of the slope] was used to calculate individual con-
fidence intervals (Cls), and individuals were classified as
“responders”, “uncertain”, or “non-responders” if their
CI lay above, crossed, or fell below the smallest worth-
while change [herein referred to as the minimum clini-
cally important difference (MCID)], respectively. Unlike
individual response classification approaches that derive
response estimates from pre—post-training changes (Hop-
kins 2000b; Swinton et al. 2018), Hecksteden et al. (2018)
argued that classifying response based on repeated meas-
ures 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 experi-
mental and control condition more than once) can theoreti-
cally provide the most accurate estimate of an individual’s
response to an intervention (Senn et al. 2010), adopting
this study design for an exercise training trial would be
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costly, time consuming, and risks introducing carryover
and/or seasonal effects that may bias response estimates
(Atkinson and Batterham 2015; Hecksteden et al. 2015,
2018). Accordingly, collecting repeated measures over the
course of an intervention represents a practical alternative
for classifying individual responses to training (Heckst-
eden et al. 2015, 2018).

Importantly, Hecksteden et al. (2018) performed linear
regressions on CRF responses to a 1-year training program
despite CRF adaptations to prolonged exercise training
appearing to be non-linear (Scharhag-Rosenberger et al.
2009). Specifically, CRF adaptations to training appear to
follow a monoexponential (non-linear) shape (Hickson et al.
1981; Govindasamy et al. 1992) as the rate of increase in
CRF decreases over the course of prolonged exercise train-
ing (Scharhag-Rosenberger et al. 2009). 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 respond-
ers or non-responders. A secondary purpose of this study
was to test the hypothesis that compared to the commonly
adopted (Vollaard et al. 2009; Sisson et al. 2009; Bouchard
et al. 2012; Scharhag-Rosenberger et al. 2012; Astorino and
Schubert 2014; Ross et al. 2015a; Bonafiglia et al. 2016;
Gurd et al. 2016; Raleigh et al. 2016, 2018; Montero and
Lundby 2017) 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 num-
ber of participants that can be confidently classified. To test
these hypotheses, we utilized CRF data from a rigorously
controlled 24-week randomized controlled trial (Ross et al.
2013, 2015a, b). Given the growing interest in the applica-
tion of personalized exercise-based medicine (Buford et al.
2013), 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.

Methods
Trial design
Details of the trial design and methods (Ross et al. 2013),

and findings from the primary (Ross et al. 2015b) and sec-
ondary analysis (Ross et al. 2015a) have been published
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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 inten-
sity (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 con-
sumption; 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 train-
ing 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
(Ross et al. 2015b). Sample sizes for the present analysis are
presented in Table 1.

Participants in the control group did not complete
repeated CRF testing over the course of the intervention
(Ross et al. 2015a) and are, therefore, excluded from the
repeated measures analysis. However, baseline (pre)- and
24-week (post)-CRF data from the control group were 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 adher-
ence data are reported in the primary analysis (Ross et al.
2015b). CRF was measured at baseline and after 4, 8, 16,
and 24 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 1).

CRF measurement

CRF was measured during a graded exercise test using
standard open-circuit spirometry techniques (SensorMedics)
as previously described (Ross et al. 2015a). Briefly, partici-
pants walked on a treadmill at a self-selected speed at zero
elevation for 3 min, after which the incline was increased by
five percent for 2 min, then by two percent every subsequent
2 min until volitional fatigue.

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 (Hickson et al. 1981; Govindasamy et al.
1992; Morris et al. 2002; Gass et al. 2004; Murias et al.
2010; Astorino et al. 2013), these studies have generally
indicated that CRF adaptations are best described with
exponential or linear fits (Hickson et al. 1981; Govin-
dasamy et al. 1992; Morris et al. 2002; Gass et al. 2004).
Therefore, to test the hypothesis that non-linear modelling
improves the accuracy in individual response classifica-
tion, we compared exponential (non-linear) and linear
regressions. All regressions were performed on Graph-
Pad 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:

Y, =¥y + (Plateau = %) x (1= KX, M)

where Y, is the observed CRF value at a given time, Y, 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 x; 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 numerical values of 0.0, 0.167, 0.333, 0.667,
and 1.0, respectively.

We first performed monoexponential and linear regres-
sions 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 from the individual regression
analysis were subsequently utilized to classify individuals
as “responders”, “uncertain”, or “non-responders” accord-
ing to the methods outlined by Hecksteden et al. (2018)
(described below).

Table 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+54 28.9+5.0 28.0+5.5 29.7+5.9

BMI (kg/m?) 37.6+7.0%" 36.0+5.5" 33.0+6.9 322443

All data mean =+ standard deviation

CRF cardiorespiratory fitness, BMI body mass index
*Significantly different than LALI (p <0.05)
TSignificantly different than control (p <0.05)
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Group-level regressions

We ran both monoexponential and linear regressions
between time (independent variable) and mean observed
CREF values (dependent variable) separately for each exercise
group. The goodness of the monoexponential and linear fits
was compared by assessing the error associated with each
fit (described in more detail below).

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:

Z i _5’[)2
V 3
TEspop = —F—
VE @ =57

where Y (y; — 9,)° represents the sum of squared differ-
ences between the observed (actual) CRF value (y;) and the
predicted CRF value ($;) at each time point (i), Y, (x; — X)?
represents the sum of squared differences between each
numerical time value (x;) and the mean time value (X), and
3 represents the degrees of freedom with five timepoints
(df=n — 2). Each individual’s TEg; opp Was used to calculate
individual 95% Cls using the following equation (Swinton
et al. 2018):

@

Individual 95% CI = Response estimate + (1.96 X Error),
(3)
where the response estimate and error were the slope and
TEg; opg of an individual’s linear regression, respectively
(see Fig. 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 Fig. 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 (Ross et al. 2016).
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:
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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 physi-
ologically impossible predicted peak CRF values for several
participants (Supplemental Fig. 1).

Similar to the approach using linear regressions, individ-
ual response estimates (A ¥)were calculated as the predicted
CRF at 24 weeks minus the predicted CRF at baseline. Spe-
cifically, the y-intercept (Y,) of the monoexponential regres-
sion was used as the predicted CRF value at baseline and
the predicted CRF value at 24 weeks was calculated using
Eq. 1 with x = 1.0 (i.e., the numerical value for 24 weeks,
see above). Similar to TEg; opg, the TE of each individual’s
monoexponential regression (TEy;onopxp) Was calculated
using Eq. 2. Individual 95% CIs were then calculated using
Eq. 3 with AY and TEyonopxp inputted as the response
estimate and error, respectively. These individual 95% ClIs
were then used to classify response relative to the MCID
following the same procedures outlined above (see Fig. 2
for example).

Observed pre-post-changes

Following recent recommendations (Williamson et al. 2017),
the typical error of measurement was calculated using the
pre—post-CRF data in the control group with the following
equation (Hopkins 2000a):

SDyigr
2

Typical error of measurement =

“

where SD; is the standard deviation of the difference scores
(i.e., post/24-week CRF minus pre/baseline CRF) for con-
trol 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 follow-
ing the same procedures described above but with observed
changes and the typical error of measurement inputted as the
response estimate and error in Eq. 3, respectively. Because
this approach does not produce an individualized error esti-
mate, 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.

Additional statistical analysis

The goodness of fit for the monoexponential and linear mod-
els of mean CRF data was compared using the TE of each
fit (Eq. 2; described above). The average of the individual
TEmonoexps and TEg; opps Was calculated for each group
and these values were compared within each group (i.e.,



European Journal of Applied Physiology (2019) 119:889-900

893

average TEyonoexp VS- average TEg; opg) using paired ¢ tests
(separate ¢ test for each group). Paired ¢ 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 monoexponen-
tial 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 per-
formed 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 2 X 2 Chi-square tests (inde-
pendent variable: linear or monoexponential regression;
dependent variable: uncertain or not uncertain) were con-
ducted for total (pooling all participants together), HAHI,
HALIL and LALI (four Chi-square tests in total). Lastly,
one-way analysis of variance (ANOVA) and Bonferroni post
hoc analyses were used to compare baseline characteristics
across groups. All data presented in the text of “Results” are
reported as mean + standard deviation.

Results
Baseline characteristics and mean regressions

With the exception of body mass index (BMI), which signifi-
cantly (p < 0.05) differed between control vs. HAHI, control
vs. HALI and LALI vs. HALI (Table 1), there were no other
significant differences in baseline characteristics between
groups (Table 1). Figure 1 presents the mean monoexponen-
tial and linear regressions for HAHI, HALI, and LALI. For
each exercise group, the TEg; opp exceeded the TEyonopxps
suggesting that the group mean CRF data were best fit with
a monoexponential regression (Fig. 1).

Individual monoexponential regressions vs.
individual linear regressions

Similar to the group-level regressions, TEg; opg €xceeded
the TEy;onoexp for most individuals in HAHI (21 of 28),
HALI (38 of 48), and LALI (22 of 33). Paired ¢ tests revealed
that the mean TEg; opg (average of all individual TEg; pgg)
was significantly higher than the mean TEyonorxp (aver-
age of all individual TEy;onoExps) for HAHI (TEg op =
2.58 +£0.97; TEpyonoexp = 2.00+0.79; p<0.01), HALI
(TEg opg = 2.46+0.95; TEyonoexp = 1.91 +£0.81;
p<0.01), and LALI (TEg; opg = 2.18 £0.84; TEy;on0ExP =
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+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 classi-
fied as responders when using monoexponential rather than
linear regressions (Table 2). Chi-square analyses revealed a
significant (p < 0.01) difference in the number of participants
classified as uncertain between monoexponential and lin-
ear regressions for HALI and total (pooling all participants
together) but not HAHI (p =0.10) or LALI (p=0.12).

Figure 2 presents a representative monoexponential
regression, linear regression, and individual CI for one par-
ticipant to demonstrate the impact of TEg; opg exceeding
TEponoExp O response classification. As seen in Fig. 2,
despite this participant being classified as a responder
with a monoexponential regression, they were classified
as uncertain with a linear regression because their com-
paratively larger TEg; opg resulted in a larger individual CI
that crossed the MCID. Similar to the representative par-
ticipant presented in Fig. 2, several of the participants that
were classified as a responder using a monoexponential
regression were classified as uncertain with a linear regres-
sion (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 par-
ticipants were consistently classified as non-responders with
both regression approaches (Table 2).

Individual monoexponential regressions

To illustrate our proposed extension of Hecksteden et al.’s
(2018) approach, Fig. 3 presents individual monoexponential
regressions, individual CIs, and response classification for
six representative participants. These participants were not
included in Fig. 3 to represent the observed mean change in
CRF following exercise training or based on any baseline
characteristic (e.g., age, sex, baseline CREF, etc.). Instead,
these six participants are highlighted because they repre-
sent the six possible combinations of response estimates/
TEvionoexp and response classification that generally char-
acterized 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. 3a) or if they
had a response estimate that barely exceeded the MCID but
also had a low TEy;onorxp (Fig. 3b). Participants were clas-
sified as uncertain if they had a large TEy;onopxp (Fig. 3¢) or
a response estimate that approximated the MCID (Fig. 3d).
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Fig. 1 Monoexponential and linear regressions of mean cardiorespi-

ratory fitness (CRF) data for HAHI (high amount and high

intensity),

HALI (high amount and low intensity), and LALI (low amount and
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low intensity). TEy;onoexp and TEg; opp values were calculated using
Eq. 2 and are expressed in CRF units (mL/kg/min). Data are plotted

as mean + SEM

Table 2 Number and percentage

i . HAHI (N=28) HALI (N=48) LALI (N=33) Total (N=109)
of individuals classified as
responders, uncertain, or non- Responders
responders using individual Linear 12 (43%) 12 (25%) 5 (15%) 29 (27%)
linear or monoexponential .
regressions 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%)

Significantly greater than monoexponential (p <0.01)
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Fig. 2 Individual monoex-
ponential (upper left panel)

and linear (bottom left panel)
regressions, and the correspond-
ing 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 informa-
tion regarding the calculation
of response estimates and their
error (TEyonoexe/ TEsLopr)-
and for the rationale of illustrat-
ing this participant’s data

Monoexponential

CRF
(mL/kg/min)

Linear

CRF
(mL/kg/min)

Finally, participants were classified as non-responders if they
had a response estimate that fell below (Fig. 3e) or approxi-
mated zero (Fig. 3f).

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 regres-
sions 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 partici-
pants; Table 2) but not linear regressions (69%, 76/109 of
total participants; Table 2). Individual response estimates
derived from monoexponential regressions, linear regres-
sions, and observed pre—post-changes were highly corre-
lated for all groups and for the pooled data across groups
(all bivariate correlations had r values > 0.92). Figure 4 pre-
sents individual response estimates and corresponding Cls
derived from all three of these approaches (contains HAHI
participant responses as representative data). Data in Fig. 4
are participant-matched and are presented in ascending order
based on response estimates derived from monoexponential
regressions (i.e., participant 1 had the smallest response esti-
mate). The strong correlations and the individual data pre-
sented in Fig. 4 demonstrate that despite using three distinct
approaches, a given individual’s response estimates appear

895
40+ 20+
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TEnonosxe= 1.09
354 = 121
W E
o %, 81 §
() [ ] O L
30 4 A
E o
25+ -4
401 204
Response Estimate = 6.67 16
TEg ope= 2.19
354 = 124
) w'E
© %, 84
. og
30+ . 4T A
£
- 04—
251 -4
T T T T T T -8-
00 02 04 06 08 1.0
Time

(24 weeks = 1.0)

to be quite similar regardless of the approach used. The simi-
larity in individual response estimates can also be seen in
the trend that response estimates generally increased from
participant 1-28 in each panel of Fig. 4 suggesting that all
three approaches produced similar individual response esti-
mates. Although Fig. 4 only contains data from HAHI, we
found similar results with HALI and LALI (data not shown).

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 abil-
ity 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 regres-
sions 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.
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Fig.3 Individual monoexponential regressions (A-F), and individ-
ual CIs and response classification (right panels) for six representa-
tive 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 informa-

As we move toward the application of personalized exer-
cise-based medicine (Buford et al. 2013), an individual’s
response classification may be used to guide exercise pre-
scription decision-making. For example, a recent study by
Montero and Lundby (2017) increased the prescribed train-
ing frequency for participants classified as maximal power
output “non-responders” in an attempt to increase these
participants’ observed responses. Because the use of mono-
exponential regressions decreased the number of individuals
who could not be classified with confidence (i.e., “uncer-
tain”), 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
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tion regarding the calculation of response estimates and their error
(TEpionoexp)- These participants are highlighted because they repre-
sent the six possible combinations of response estimates/TEy;onorxp
and response classification that generally characterized most partici-
pants in our analysis. The participant in a completed HAHI, b and ¢
completed HALI, and d—f completed LALI

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 were similar (Fig. 4) and highly correlated across
approaches suggesting that using pre—post-changes results
in similar response estimates as regressions of repeated
measures. These data contradict the suggestion that using
repeated measures will provide more accurate estimates
of individual CRF responses (Hecksteden et al. 2018) and
questions the benefit of using repeated measures when clas-
sifying CRF response to exercise training compared to the
observed pre—post-change approach. Importantly, this sug-
gests 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., 2—6 weeks) are limited
in the number of repeated measures that can be collected
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throughout the intervention, it may be more suitable to clas-
sify CRF responses to short-term exercise training using
the observed pre—post-change approach. However, future
work is needed to examine the appropriateness of collect-
ing 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 monoex-
ponential 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 (Ross et al. 2013) 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 inten-
sity 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 find-
ings 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 regres-
sions resulted in better fits than the linear regressions for all
three exercise groups. Interestingly, this finding may suggest
that the time course of CRF adaptations to exercise train-
ing 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 (Sopko et al. 1985; Keim et al. 1990), fat mass (Kirk
et al. 2003), and markers of cardiac function (Arbab-Zadeh
et al. 2014) appear to adapt linearly or remain unchanged
in the first several months of exercise training, which sug-
gests that monoexponential regressions are not the best fit
for these outcomes. Additionally, previous studies have indi-
cated that linear models best describe CRF adaptations to
short-term (i.e., 10 weeks) training interventions (Morris
et al. 2002; Gass et al. 2004). Therefore, future work using
different outcomes and/or intervention durations should
determine the model that best fits their data prior to clas-
sifying 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 modeling/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. 1). For

@ Springer

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 dif-
ferences resulted in different mean CRF response estimates
whereby LALI had the smallest and HAHI had the largest
estimated mean CRF response (Fig. 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 con-
sistent across all three groups.

It is important to note that our approach for deriving indi-
vidual response estimates assumed that the time course of
CRF adaptation followed the same monoexponential curve
(i.e., contained the same K value; supplemental Fig. 1)
across all participants within a given group. Despite com-
pleting 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). 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 to determine the most appropriate approach
to derive individual response estimates.

Although the current study involved a single CRF meas-
ure at each time point, the error in response estimates can
be reduced by performing repeated measures at each time
point (Hopkins 2004; Hecksteden et al. 2015). Therefore, in
an attempt to improve the accuracy in individual response
classification, future studies would benefit from including
repeated measures at each time point.

Conclusion

Our findings demonstrate that individual monoexponential
regressions were a superior fit compared to linear regres-
sions 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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