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Investigating physical activity (PA) patterns as a detailed intensity spectrum
instead of crude intensity categories have improved the ability to analyze the
relationship between measured PA and health variables. The aim of this meth-
odological study was to introduce and investigate the utility of using detailed PA
intensity spectrum compared to crude PA intensity categories for comparison of
PA between groups and between repeated measures. The study sample consisted
of two groups of children, where one group was scheduled for extended physical
education (PE) by daily classes while the other group followed usual PE schedule.
Accelerometer data was processed into traditional crude PA intensity categories
and into detailed PA intensity spectrum. Multivariate partial least squares regres-
sion for discriminant analysis (PLS-DA) was applied for PA intensity spectrum
group comparison and compared to traditional univariate statistical analysis.
Repeated measures were investigated using independent PLS-DA as well as mul-
tilevel PLS-DA for paired analysis. While traditional analysis of crude PA inten-
sity categories was unable to find any group differences, multivariate analysis
of the PA intensity spectrum identified statistically significant differences. By
the extension of multilevel PLS-DA for paired comparison, a clear difference
in the PA intensity spectrum was demonstrated between repeated measures. In
conclusion, analysis of detailed PA intensity spectrum demonstrates utility for
comparing detailed PA data between groups and between repeated measures in
interventional and observational research.
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1 | INTRODUCTION
Measurement of physical activity (PA) by accelerome-
try most often yields continuous PA intensity as output.'
However, common practice is to reduce the information of
this output into crude intensity categories by applying one
to five intensity cut points.2 The time spent in one or more
of these categories is then used as variables in further sta-
tistical analyses, e.g. the average number of minutes spent
at moderate-to-vigorous PA.! Although, it is possible to
divide the continuous PA intensity into a more detailed
spectrum of categories with more than 20 cut points. The
main problem with this approach is that the categories are
highly collinear.’ In general, the purpose of measuring PA
is further to analyze the relationship to other variables,
such as risk factors for disease, or comparing PA between
groups. Traditional statistics such as multiple linear re-
gression and group comparison by analysis of variance
cannot handle variables that are highly collinear.

Multivariate statistical analysis by partial least squares
(PLS) regression has recently been introduced in PA re-
search to analyze the relationship between the PA intensity
spectrum and health variables.*” The method is used as a
multivariate substitute to traditional regression analysis.
PLS analysis has been extensively applied in chemometrics
after it was introduced in the 1980s because of its ability to
deal with collinear variables.® PLS decomposes the informa-
tion in the predictor variables (independent) into a number
of latent variables in a way that maximizes the covariation
with the response variable (dependent). In the analysis of
a PA spectrum, the latent variables represent different PA
patterns that are related to the response variable, e.g. cardio-
metabolic health. By successively identifying PA patterns
that are orthogonal to each other, collinearity is removed.

In addition to regression, PLS can also be used for ana-
lyzing group differences by PLS for discriminant analysis
(PLS-DA).” By using a dummy variable to represent group
belonging as a response variable in the PLS analysis, the
pattern in the predictor variables that best discriminates
the groups can be identified. By this way, PLS-DA can be
used as a multivariate substitute for independent samples
t-test for group comparison. PLS-DA can also be extended
to multivariate PLS-DA to discriminate paired predictor
variables.® By removing the between subject variation in
the predictor variables, only the within subject variation is
used as a predictor variable in order to find a pattern that
discriminates each data pair. In this case, PLS-DA enables
investigation of multivariate data in longitudinal studies
with repeated measures. Consequently, PLS-DA would
further advance the utility of the more detailed PA inten-
sity spectrum in PA research.

The aim was to introduce and investigate the utility of
using detailed PA intensity spectrum compared to crude

PA intensity categories for comparison of PA between
groups and between repeated measures.

2 | MATERIALS AND METHODS

2.1 | Study design

This is a methodological study investigating the applica-
tion of a PA intensity spectrum together with PLS-DA.
Previously collected data material with accelerometer
measured PA in children was reanalyzed.”'® The original
project investigated the health effect by implementing
daily physical education (PE) compared to the ordinary
schedule in primary school. Accelerometer data collection
was first implemented into the project 2 years after the
start of the added PE. Consequently, the repeated accel-
erometer data collection reflects a longitudinal follow-up
rather than a strict intervention study with baseline. The
first PA measurements were carried out during the fall in
2001 and in 2002 and were followed up by second meas-
urements of the same individuals during the fall 2 years
after the initial measurement.

In the present study, the PA intensity spectrum at the
first measure (M1) was compared between two groups
(between group analysis). Further, the PA intensity spec-
trum in one of the groups was compared between two re-
peated measures (M1 and M2) separated by 2 years in time
(within group analysis). Traditional and multivariate anal-
yses were applied and compared. In order to isolate the
novel components of the statistical method and facilitate
interpretation, the analyses in this study were set up as
basic scenarios not considering school clustering or other
more advanced multilevel approaches as well as other
control variables. A future step would be to explore more
complex models for expanded utilities.

2.2 | Studysample

Children from four schools in Malmo, Sweden, attending
third or fourth grade at the time of the first measurement,
were invited to participate in the original project. In one
of the schools, children were scheduled for 40 min of PE
daily during school hours, in total 200 min per week."
Children in the other three schools were scheduled for
60 min of PE per week, divided in 1-2 sessions, which is
in line with the Swedish curriculum. The activities dur-
ing the PE sessions followed the Swedish curriculum for
PE and included a variety of ball games, running, jumping
and climbing. The children from the school with daily PE
will be referred to as the intervention group and the other
children will be referred to as the control group. More
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TABLE 1 Group characteristics

N (% female)
Age (SD)

Wi LEYJ—3

Between group analysis Within group analysis

Intervention Control Intervention Intervention
M1 M1 M2

128 (42%) 100 (46%) 93 (44%) 93 (44%)

9.7 (0.6) 9.9 (0.6) 9.7 (0.6) 11.7 (0.6)

Note: The between group analysis included the intervention group and the control group, while the
within group analysis only included the intervention group.

Abbreviations: M1, first measurement; M2, second measurement; N, number of participants with valid

measurement; SD, standard deviation.

detailed descriptions of the recruitment of participants
and the intervention content have been published previ-
ously.”'® Sample characteristics are shown in Table 1.
The between school distribution of children in the control
group was 25, 32 and 43.

The study was approved by the institutional ethics
committee of Lund University (LU 243-01). Written in-
formed consent was obtained by all participants’ parents.

2.3 | PA measurement

Participants were instructed to wear a uniaxial accelerom-
eter (MTI model 7164; Manufacturing Technology, Inc.,
also known as ActiGraph model 7164) for 4 days and re-
moving it only when sleeping or during water activities.
The accelerometer was worn on the right hip attached to
an elastic band around the waist. Wear instructions were
accompanied by written information, including a picture
of correct sensor positioning. Vertical acceleration was
recorded and output as ActiGraph counts with an epoch
length of 10 s was generated."'! Although a 10 s epoch
length was used, intensity is referred to as counts per min-
ute (CPM) in order to facilitate comparison to other stud-
ies. Non-wear time was defined as 60 min of consecutive
zero output with allowance of up to 2 min of output equiv-
alent to 100 CPM.'* Accelerometer files where manually
inspected to identify individuals who wore the acceler-
ometer during sleep. In individuals where the accelerom-
eter was worn during sleep, the output between 23 and
06 o’clock was set to zero. A valid day was defined as at
least 8 h of wear time, and a valid measurement as at least
three valid days. Two separate measurements of PA were
performed with 2 years between, M1 and M2, both during
the time of the intervention. The number of participants
with valid PA measurement are shown in Table 1.

2.4 | Traditional statistical analyses

Traditional analysis of the PA intensity output was per-
formed to be used as reference for the novel multivariate

100%
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60%

40%

20%

Proportion of individuals with samples

0% ' '
0 10000 20000 30000+

Physical activity intensity (counts/min)

FIGURE 1 Proportion of individuals with at least one epoch at
increasing physical activity (PA) intensity. Cut points for traditional
PA intensity categories are presented (dotted vertical lines) as well
as the PA intensity where only 50% of the participant provided
accelerometer data (horizontal dashed line)

methods. Time spent at different crude intensity levels
(sedentary [SED], light [LPA], moderate [MPA], vigorous
[VPA] intensity) was identified by applying cut points de-
veloped by Evenson et al."* These cut points are the most
frequently used in children.? In addition to the four inten-
sity levels above, MPA and VPA were also jointed into a
single variable representing the amount of PA commonly
thought to be associated with health, usually referred to
as moderate-to-vigorous intensity.! Independent samples
t-tests were performed to examine the hypothesis that dif-
ferences in time spent at the different PA intensities be-
tween the intervention and control groups were apparent.

2.5 | Multivariate statistical analyses

The PA intensity output was divided into a spectrum of
small intervals (bins) up to the intensity where only 50%
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of participants had at least one epoch (Figure 1). The ra-
tionale for the 50% threshold was that a previous study has
shown that the relationship with health weakened with
this proportion of individuals with data, likely caused by
zero inflation.” At approximately 20 000 CPM 50% of par-
ticipants had data. Intensity bins were created by setting
cut points at 100, 250, 500, 1000, 1500, 2000..., 6000, 7000...,
19 000, 20 000, >20 000 CPM. This generated a PA inten-
sity spectrum with 30 variables.

Comparison of PA intensity pattern between the inter-
vention group and control group at M1 was undertaken
by PLS-DA (between group analysis).” The 30 variables
representing the PA intensity spectrum were standard-
ized and used as predictor variables in the PLS analysis.
The group belonging (intervention or control) was used
as the response variable and was coded as a dummy vari-
able, 1 representing the intervention group and —1 repre-
senting the control group. In this way, if the intervention
group spent more time at a specific part of the PA inten-
sity spectrum compared to the control group, there would
be a positive association between the predictor variables
corresponding to the specific intensity and the response
variable. Consequently, the association would be negative
if the control group was more physically active. PLS-DA
decomposes the PA spectrum into several latent variables,
referred to as PLS components, representing PA intensity
patterns that best discriminate the two groups.

In addition, the PA intensity pattern was compared
between M1 and M2 within the intervention group only
(within group analysis), including individuals with valid
measurements at both M1 and M2. Initially, PLS-DA was
applied as above, considering the measurements as inde-
pendent. The PA intensity spectrum variables were used
as predictor variables and measurement occasion (M1 or
M2) as response variable coded as —1 and 1 representing
M1 and M2 respectively. PLS-DA finds the PA intensity
patterns that best discriminate M1 and M2, treating the
measurements as two independent groups, neglecting the
underlying paired structure. An intensity specific increase
of PA between M1 and M2 would result in a positive asso-
ciation between predictor and response variables, whereas
a decrease result would result in a negative association.

In a second within group analysis of the difference in
PA intensity patterns between M1 and M2, PLS-DA was
used with a multilevel extension to consider the paired
structure of the measurements. Similar to above, the re-
sponse variable was coded as —1 and 1 representing M1
and M2 respectively. Between-subject variation was re-
moved by considering the individual differences in the PA
spectrum variables between M1 and M2 (M2 — M1). These
differences were used as predictor variables to the re-
sponse variable 1 representing M2 and the reversed differ-
ence (multiplied by —1) was used as predictor variables to

the response variable —1 representing M1.® By including
the difference twice in the same model, once by regress-
ing it on to 1 and once by regressing it reversed on to —1,
discrimination between the measurement occasions by
PLS-DA is possible. PLS-DA finds the patterns of individ-
ual PA difference (from M1 to M2) that is associated with
the discrimination of measurement occasion (from —1 to
1 representing M1 to M2). In this way, if the time spent at
a specific part of the PA intensity spectrum increased from
M1 to M2, there would be a positive association between
the predictor variables corresponding to the specific inten-
sity and the response variable. If it decreased, the associa-
tion would be negative.

In PLS analysis, it is possible to generate as many PLS
components (latent variables representing patterns) as
there are predictor variables. However, this would overfit
the model. Instead, the model requires cross-validation in
order to find the optimal number of components.® Cross-
validation was performed by Monte Carlo resampling with
1000 repetitions, randomly keeping 25% of the samples as
validation samples. With an increasing number of compo-
nents, the performance of the resampled PLS-DA models
was evaluated by the proportion of correctly classified in-
dividuals.™ Since the predictions of the PLS model are not
limited to —1 and 1 but could take any continuous number,
positive values were treated as 1 and negative as —1. The
optimal number of components was selected by a back-
ward selection procedure.'® Initially, the number of com-
ponents with the highest median proportion of correctly
classified individuals was found. Thereafter, the propor-
tion of resampled models with lower performance than
the median performance of a model with one less compo-
nent was calculated. This procedure was repeated with a
decreasing number of components until this proportion
was <0.401, corresponding to approximately 0.25 stan-
dard deviations, or only one component remaining.'> By
this, the number of components was selected to make sure
that the performance of the model was substantially better
than a model with fewer components.

Even with a high proportion of correctly classified indi-
viduals, the good performance may be attained by chance.
To assess the uncertainty of the model, a permutation test
was used.'® Permutation tests compare the performance
of the model to a null distribution of models generated by
randomly permuting the order of the response variables
values with regard to the predictor variables. The propor-
tion of models generated from the permutated data with
better performance than the original model represents a
p-value indicating the statistical significance, that is the
risk of making a type I error. In order to be able to attain a
p-value of <0.01, 10* permutations were performed.'’

The PA intensity pattern that the cross-validated model
represents can be visualized using selectivity ratio plots,
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which identifies the PA intensity that is most influential for
discriminating the groups.'® The predictive performance
of the PLS components was combined to a single compo-
nent by target projection. The target-projected component
was then used to calculate a selectivity ratio, which is the
explained variance relative to the total variance of each
predictor variable on the target-projected component.'®'
Consequently, the explained variance of the selectivity
ratio is standardized to the predictor variables’ discrimi-
native performance rather than the variation of the vari-
ables. Additionally, unstandardized PLS coefficients were
visualized across the PA intensity spectrum to indicate
absolute associations.'® Furthermore, to show similarities
between multivariate and univariate analysis, differences
between group means of each variable on the PA inten-
sity spectrum were also presented. This difference was
presented both as standardized to each variable’s standard
deviation and as absolute difference in number of minutes
per day. Confidence intervals of the selectivity ratio, PLS
coefficients and univariate differences were calculated by
bootstrapping with 10* repetitions.

Altogether, the outcome of the PLS-DA analyses is
thus evaluated by the following measures: the strength
of the PLS-DA models (discrimination performance) is
determined by the proportion of correctly classified in-
dividuals; the statistical significance of the PLS-DA mod-
els is achieved from the permutation tests; finally, the PA
intensity patterns that discriminate the groups or mea-
surement occasions were combined by target projection
and visualized by selectivity ratio plots. All data process-
ing and statistical analyses were performed in MATLAB
R2020a (MathWorks). PLS analysis was performed using
the MATLAB function plsregress.

3 | RESULTS

We found no statistically significant differences in PA
between the intervention and control groups using tra-
ditional crude intensity category cut points (Figure 2).
When considering the entire PA intensity spectrum of the
two groups using PLS-DA, the permutation test suggests
a statistically significant group difference with p < 0.01.
The intensity pattern was able to discriminate 72% of the
individuals correctly. The multivariate pattern explain-
ing the difference between groups is shown in Figure 3.
Both the standardized and unstandardized patterns sug-
gest that the intervention group performed less PA around
the moderate-to-vigorous cut-point (3500-5000 CPM). In
the standardized analysis (Figure 3A) it is apparent that
the intervention group performed more very vigorous
PA (above 10 000 CPM). This difference is not apparent
in the unstandardized pattern (Figure 3B). On the other

Traditional univariate analysis

©
~
|
1
|
1

o
(V)

Difference, SD (intervention - control)
o

sleep SED LPA MPA VPA MVPA
FIGURE 2 Group difference and 95% confidence interval in
physical activity (PA) between intervention and control groups
using traditional cut points. A positive difference indicates that the
intervention group spent more time at this intensity level. SED,
sedentary (0-103 counts per minute [CPM]); LPA, light PA (104—
2295 CPM); MPA, moderate PA (2296-4011 CPM); VPA, vigorous
PA (24012 CPM); MVPA, moderate-to-vigorous PA (MPA + VPA)

hand, the unstandardized pattern suggests the interven-
tion group performed more LPA (750 CPM), which is not
apparent in the standardized pattern. These multivari-
ate patterns are similar to the univariate differences in
group means across the PA intensity spectrum as shown
in Figure 4. The collinearity between the crude intensity
categories ranged from 16.6% to 67.7% whereas the col-
linearity between the intensity spectrum variables ranged
from 2.5% to 94.2%.

The PA intensity pattern was different between M1
and M2 in the intervention group with p-values < 0.01 in
both the independent group model and the paired model.
However, the pattern of the independent model correctly
discriminated 67% of the individuals whereas the pattern
of the paired model correctly discriminated 87% of the
individuals. The discriminating PA intensity patterns are
shown as selectivity ratio plots in Figure 5. Both models
show a decrease in LPA from M1 to M2. In addition, the
paired model more clearly shows increased SED and de-
creased VPA between the measurements.

4 | DISCUSSION

The main result of this methodological study is that a
difference in PA intensity pattern between the groups
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Multivariate spectrum analysis
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FIGURE 3 Multivariate pattern from partial lest squares regression for discriminant analysis (PLS-DA) to discriminate physical
activity (PA) intensity spectrum between groups. (A) Standardized pattern represented by explained variance (selectivity ratio) and (B)
unstandardized pattern represented by multivariate coefficients, both accompanied by 95% confidence interval. A positive value indicates
that the intervention group spent more time at this intensity level. LPA, light PA; MPA, moderate PA; SED, sedentary; VPA, vigorous PA

Univariate spectrum analysis
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FIGURE 4 Group difference and 95% confidence interval across the physical activity (PA) intensity spectrum using univariate analysis
to discriminate the PA intensity pattern. (A) z-Score standardized difference and (B) unstandardized difference in minutes per day. A
positive difference indicates that the intervention group spent more time at this intensity level. LPA, light PA; MPA, moderate PA; SED,

sedentary; VPA, vigorous PA

investigated was revealed with the detailed PA intensity
spectrum only and not with the crude PA intensity cat-
egories. The intervention group performed less activity at
the MPA to VPA transition while more activity at higher
PA intensities. The PLS-DA provided a statistical measure
of this difference, considering collinearity within the PA
intensity spectrum. Further, the multilevel extension of
PLS-DA generated a more robust model that clearly dem-
onstrated the difference in PA intensity pattern between
the repeated measures.

The group differences in PA intensity pattern iden-
tified by the analysis of the PA intensity spectrum could

most likely have been found by traditional analysis if
the group differences would have matched the crude cut
points. In the present study, there was only a difference
in the high part of the MPA range and not in the lower
part. Furthermore, the control group performed more
activity in the lower part of the VPA range whereas the
intervention group performed more activity in the higher
part of the VPA range. Therefore, this crude, and some-
what arbitrary, division of cut points is not able to identify
the differences apparent. A previous study on the same
sample has already shown a statistically significant group
difference above 10 000 CPM.? They used different cut
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Multivariate spectrum analysis
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FIGURE 5 Explained variance (selectivity ratio) and 95% confidence interval in the physical activity (PA) intensity spectrum

to discriminate the PA intensity pattern between the first and the second measurement of the intervention group. (A) Treating the
measurements as independent. (B) Treating the measurements as paired. A positive value indicates that participants spent more time at this
intensity level during the second measurement. LPA, light PA; MPA, moderate PA; SED, sedentary; VPA, vigorous PA

points for crude PA intensity categories. There are numer-
ous different cut points available, all with different values
although they propose to represent the same intensities
from a physiological point of view.” The choice of cut
points highly affects the outcome and make results diffi-
cult to compare between studies.”! The detailed intensity
spectrum used in our study is more transparent and does
not depend on specific cut points. Because of the high de-
tail, adjacent bins often represent the same physical be-
havior. Therefore, using different bin specifications would
likely not influence the results.

The main advantage of PLS-DA compared to univari-
ate statistical methods is that it provides measures of over-
all statistical uncertainty and strength of the pattern that
discriminates the groups. The importance of specific vari-
ables (standardized and unstandardized) can be investi-
gated with univariate statistics as well. Aadland et al. have
previously shown that using simple bivariate correlation
is able to show the association between a specific part of
the PA intensity spectrum and cardio-metabolic health
reasonably well without the use of multivariate statistics.*
Similarly, simply displaying the group means and confi-
dence intervals gives a good estimation of the pattern dis-
criminating the groups. However, these methods do not
provide accurate measures of variation and covariation
and consequently do not describe uncertainty. Further, it
is sounder to present the uncertainty of the entire model,
instead of multiple p-values. Traditional group compar-
ison requires one hypothesis test for each intensity vari-
able, which would increase the risk of type I error. Another
option for multivariate group comparison is multivariate
analysis of variance (MANOVA). MANOVA is able to

handle collinearity to some extent, but should not be used
if the collinearity is larger than 90%.%* Since the collinear-
ity between the variables representing the PA intensity
spectrum often is above 90%, this method is not suitable
for these group comparisons. Other potential methods
that are able to deal with the apparent collinearity is, for
example ridge regression or lasso regression. Future stud-
ies should compare the performance of different methods
of multivariate analysis.

Both the standardized and unstandardized pattern from
the PLS-DA analysis suggest that the intervention group
were less active in the MPA-VPA transition. However, the
intervention group’s higher volume of high end VPA was
only shown in the standardized pattern. This is explained
by this difference being small in absolute terms, but large
in relation to the within groups variation at this intensity.
Although the unstandardized pattern is similar between
the multivariate and univariate analysis, the univariate
pattern provides an absolute difference in minutes instead
of multivariate coefficients and is therefore easier to inter-
pret. The difference in the highest part of VPA consists of
<1 min per day difference between groups for each vari-
able. This difference might seem too small to be relevant.
However, since the variables are highly collinear at this
intensity, the pattern should be interpreted by aggregating
the difference from 10 000 and above. This would subse-
quently represent a difference of a few minutes per day be-
tween groups, which could be considered more relevant.
The multivariate analysis considers the entire PA intensity
spectrum simultaneously, and therefore the difference in a
single intensity variable cannot be isolated.'® Furthermore,
the small absolute group difference in the highest part of
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VPA also explains why the traditional cut-point analysis
suggests that there is a tendency toward the control group
performing more VPA overall. The MPA to VPA transition
is equivalent to brisk walking, whereas above 10 000 CPM
is equivalent to high-intensity running.** According to the
intervention protocol, the intervention group would have
performed more PE classes consisting of ball games, run-
ning and jumping.’ Therefore, the apparent difference PA
intensity pattern identified in our study may reflect the in-
tention of the intervention.

The group difference in LPA intensity is apparent in
the unstandardized pattern from the PLS-DA analysis as
well as in the standardized and unstandardized pattern
from the univariate analysis, but not in the standardized
pattern from PLS-DA. This discrepancy is likely a result
of the target projection procedure involved in calculating
the proportion of explained variance that represents the
standardized pattern, since this is an additional procedure
involved in standardizing the PLS-DA coefficients. This
suggests that although there seems to be a difference in
average LPA volume, this difference might be less influen-
tial in discriminating the groups. The explained variance
of the pattern, also referred to as selectivity ratio, is stan-
dardized with regard to its predictive performance rather
than its variation.'® Therefore, the explained variance vi-
sualized in the figures should not be compared between
PLS-DA models without taking the overall strength of the
model into consideration. A specific variable on the PA in-
tensity spectrum could be highly influential in relation to
the other variables, but the overall discrimination strength
of the model could still be small.

Physical activity data must be interpreted with regard
to its compositional nature. Since all days are limited to
24 h, an increase in time spent at one intensity level must
be accompanied by a decrease in time spent at another
intensity level.* Therefore the discrimination patterns
not only include at what PA intensities the intervention
group spent more time, but also include from what in-
tensities time was reduced. Consequently, the sum of the
PLS-DA coefficients multiplied by the mean PA pattern
of all study participants is zero. Similarly, the sum of the
selectivity ratio multiplied by the mean standardized PA
pattern this is also zero. The same applies to the univariate
group differences. This implies that a single level of the
intensity spectrum cannot be isolated but must be inter-
preted together with the entire discriminative PA pattern
simultaneously.”

Partial least squares analysis is a well-established sta-
tistical method that is able to handle completely collinear
variables.*?> In PA research it has been shown to cor-
rectly handle the multicollinearity apparent in variables
representing PA intensity spectrum.’ Although PLS was
not originally developed for group comparison, PLS-DA

has been shown to be a highly useful tool for discrimina-
tion purposes with multiple collinear variables both from
a practical and theoretical point of view.” When under-
standing the basic utility of PLS-DA, the next step would
be to expand to more complex models, investigating lon-
gitudinal change of the PA pattern in multiple groups by
applying more components in multilevel designs (e.g.
clustering, random effects etc.).

The predictive strength of the models in the current
study was assessed by the proportion of correctly classi-
fied individuals. Most often, the proportion of explained
variance to total variance (R?) is used to describe the
strength of PLS models or regression models in general.
However, for R? to be a meaningful metric, the output
must be continuous. In the current case, with a discrim-
ination problem analysis, the performance should be
assessed by a metric that takes the dichotomous nature
of the response variable into consideration.'* Although
there are other metrics that could be used for this pur-
pose, proportion of correctly classified individuals was
chosen since it is easily understandable from a group
comparison perspective.

There is no consensus on how to determine the opti-
mal number of components.'® Many different approaches
have been suggested including Monte Carlo resampling,
cross-validation and bootstrapping, sometimes nested in
multiple loops."*!> The main part of the predictive per-
formance usually comes from the first few components.
This is explained by the PLS algorithm finding the compo-
nents that best explains variation in the predictor variable
successively. With increasing number of components, the
additional benefit decreases. In the current study, Monte
Carlo resampling was applied together with a backwards
selection procedure.’® This implies that the number of
components were selected not to find the strongest model,
but to ensure a substantially stronger model compared
to one with fewer components, based on a probability
threshold. If a PLS model representing PA is overfitted, the
direction of the selectivity ratio, that comes from the orig-
inal PLS coefficients, typically changes rapidly between
positive and negative multiple times.* If this is apparent
with a validated PLS model, the probability threshold can
be lowered from 0.401 (0.25 standard deviations) to 0.308
(0.5 standard deviations)."” This validation technique al-
lows the researcher to balance the risk of over- and un-
derfitting the model and is consistent with other studies
applying PLS in PA research.*’

In the repeated measures analyses, the improvement
of the group discrimination by the multilevel extension
compared to the independent model is expected since
between subjects variation is excluded and should be rel-
evant when comparing the PA pattern between M1 and
M2.8 Similar to the results of the current study, children
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have previously been shown to spend more time seden-
tary and less time physically active with increased age.*
To investigate the outcome of the intervention specifically,
a baseline measurement of PA would have been desirable.
With a baseline measurement available, a paired analysis
comparing the groups with regard to individual difference
in PA patterns between the repeated measures could be
performed. In this case, the individual PA spectrum dif-
ference would be used as predictor variables and group
belonging as response variables when applying PLS-DA.
However, since the aim of the current study was to com-
pare statistical methods rather than investigating the out-
come of the added PE, the longitudinal follow-up design
was suitable for the study aim and school clustering of
children would not influence the results.

Because of technical limitations at the time of data col-
lection, only vertical acceleration was collected in the cur-
rent study. Although vertical acceleration seems to be the
most important axis to capture PA, combining the three
axes to a vector magnitude is stronger associated to energy
expenditure and cardio-metabolic health outcomes.?”*
Furthermore, adding all three axes separately in the PLS
model yields a stronger relationship to cardio-metabolic
health outcomes than the vector magnitude alone.? still,
only considering time in intensity categories does not
cover all aspects of PA. Since PLS analysis is developed
for using a high number of predictor variables, even more
variables than axes specific intensity and volume could
be included. Such variables that could be of importance
is for example frequency, bouts and activity type.! A fur-
ther limitation of the present study is that the ActiGraph
method used for PA measurement tends to overestimate
high-intensity PA.?’ At high intensity, 90% of the time can
be misclassified. This misclassification is caused by the
narrow frequency filter involved in the raw data process-
ing, which removes information in the accelerometer sig-
nal related to high-intensity PA and makes it difficult to
distinguish this intensity.

5 | PERSPECTIVE

This study applies detailed analysis of PA intensity spec-
trum in group comparison for the first time. The analy-
sis method enables investigation of PA intensity patterns
with very high resolution in various study designs and rep-
resents a necessary methodological progression for more
complete use of accelerometer data. The independent
group analysis could be used in clinical and epidemiologi-
cal studies to compare subgroups, or in intervention stud-
ies to compare baseline data of an intervention group to a
control group. In addition, the multilevel extension could
be applied in longitudinal studies, either intervention or
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epidemiological, to investigate change over time, as well
as in studies with a crossover design.
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