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Precision exercise medicine: predicting
unfavourable status and development
in the 20-m shuttle run test performance
in adolescence with machine learning

Laura Joensuu

,"? llkka Rautiainen,® Sami Ayramo,® Heidi J Syvéoja,?

Jukka-Pekka Kauppi,® Urho M Kujala," Tuija H Tammelin?

ABSTRACT

Objectives To assess the ability to predict individual
unfavourable future status and development in the 20m
shuttle run test (20MSRT) during adolescence with
machine learning (random forest (RF) classifier).
Methods Data from a 2-year observational study
(2013-2015, 12.4+1.3years, n=633, 50% girls), with 48
baseline characteristics (questionnaires (demographics,
physical, psychological, social and lifestyle factors),
objective measurements (anthropometrics, fitness
characteristics, physical activity, body composition

and academic scores)) were used to predict: (Task 1)
unfavourable future 20MSRT status (identification of
individuals in the lowest 20MSRT tertile after 2 years), and
(Task 2) unfavourable 20MSRT development (identification
of individuals with 20MSRT development in the lowest
tertile among adolescents with baseline 20MSRT below
median level).

Results Prediction performance for future 20MSRT
status (Task 1) was (area under the receiver operating
characteristic curve, AUC) 83% and 76%, sensitivity 80%
and 60%, and specificity 78% and 79% in girls and boys,
respectively. Twenty variables showed predictive power in
boys, 14 in girls, including fitness characteristics, physical
activity, academic scores, adiposity, life enjoyment,
parental support, social status in school and perceived
fitness.

Prediction performance for future development (Task 2)
was lower and differed statistically from random level only
in girls (AUC 68% and 40% in girls and boys).
Conclusion RF classifier predicted future unfavourable
status in 20MSRT and identified potential individuals for
interventions based on a holistic profile (14-20 baseline
characteristics). The MATLAB script and functions
employing the RF classifier of this study are available for
future precision exercise medicine research.

INTRODUCTION

Precision medicine is prevention and
treatment strategies of diseases taking the
individual variability into account." Recently,
a similar concept called precision exercise
medicine was brought forward where the role
of physical activity (PA) and cardiorespiratory

Key messages

What is already known

» The 20-m shuttle run test is commonly used in ado-
lescents to estimate unfavourable cardiorespiratory
fitness

» Currently used methods for assigning interventions
based on the 20-m shuttle run test have limitations
in individual level accuracy

What are the new findings

» Machine learning algorithm was able to identify ad-
olescents with unfavourable future 20 m shuttle run
test (20MSRT) status based on 14 baseline charac-
teristics in girls, and 20 in boys.

» This study provides an example with attached
MATLAB script and functions how to use machine
learning in precision exercise medicine.

» Adolescents’ overall physical, psychological and
social status are recommended to be assessed be-
fore deciding on interventions based on the 20MSRT
score.

fitness (CRF) in health enhancement was
acknowledged.” However, currently, the focus
in precision exercise medicine is mainly on
exploring treatment procedures and exercise
response variability in adults.” ® Neverthe-
less, many chronic diseases have origins
already in early childhood.! Prevention strat-
egies warrant more focus on children and
adolescents, especially as health risks have
associations with CRF® and reversibility with
exercise interventions in this age group.6
The 20-m shuttle run test (20MSRT) is
the most commonly used field test to esti-
mate CRE.” Low 20MSRT score has adverse
associations with many aspects of children’s
and adolescents’ daily lives. Previous studies
have reported 20MSRT associated with lower
overall physical performance,® poorer tissue
health (including adiposity,® brain’ and bone
tissue'’), lower cardiometabolic and psycho-
social health, and cognitive performance.®
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However, currently used methods to assign interventions
based on the 20MSRT have limitations by their individual
level accuracy.”"! The ability to predict 20MSRT prospects
during adolescence would enhance the identification of
potential individuals for lifestyle interventions.

Machine learning (ML)-based pattern recognition
approaches have emerged as promising alternatives
to traditional statistical methods in precision exercise
medicine.® Random forest (RF) is a commonly used
ML algorithm. Contrary to other high learning capacity
methods, such as neural networks and support vector
machines, major advantages of RF include that the
extensive tuning of hyperparameters is not required
and overfitting the model is usually of lesser concern.
An additional benefit especially suited for our research
goals is extracting the estimates of importance for each
variable in the data.”” " The main aim of this study was
to evaluate the performance of RF on predicting future
individual unfavourable 20MSRT status and develop-
ment during adolescence based on 48 baseline variables,
including physical, psychological and social indicators.
Two prediction tasks were implemented: (Task 1) predic-
tion of unfavourable future 20MSRT status (identification
of individuals in the lowest 20MSRT tertile after 2years),
and (Task 2) prediction of unfavourable 20MSRT devel-
opment in adolescents with limitations in their 20MSRT
performance (identification of individuals with 20MSRT
development in the lowest tertile among adolescents with
baseline 20MSRT below median level). Task 1 focuses on
the normal population, while Task 2 focuses specifically
on children and adolescents who are more likely to expe-
rience the adverse outcomes related to lower 20MSRT
performance.

We hypothesised that the baseline data contain variables
that can predict future 20MSRT status and develop-
ment. A secondary aim was to evaluate with a data-driven
approach the best predictors of unfavourable 20MSRT
prospects out of a wide range of baseline characteristics.
We furthermore provide the predictive modelling algo-
rithms used in this study for future research.

METHODS

Study design and participants

Secondary data analyses were performed for data
collected in a 2-year longitudinal observational study
(2013-2015) related to the Finnish Schools on the Move
programme.14 Data contained information from 971
students (mean 12.5+1.3 years, min 9.2 years, max 15.3
years, 52% girls). The sample of this study was further
reduced to 633 (50% girls) (Task 1) and 300 subjects
(50% girls) (Task 2), described in more detail in the
Predictive modelling section. The data were collected at
baseline during Spring and Fall semesters (1 May 2013
and 8 November 2013) and at follow-up during the
Spring semester (1 May 2015) in nine Finnish public
schools. The baseline and follow-up measurements
during the Spring semester were performed within the
same calendar week in each school.
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Figure 1 Prediction tasks were (A) unfavourable future
20MSRT status (identification of individuals in the lowest
20MSRT tertile after 2 years), and (B) unfavourable 20MSRT
development in adolescents with limitations in their 20MSRT
performance (identification of individuals with 20MSRT
development in the lowest tertile among adolescents with
baseline 20MSRT below median level). Both of these target
tertile groups are highlighted in grey. The exact outcome
variables to be predicted were (A) status of 20MSRT at
follow-up (laps) and (B) absolute change between baseline
and follow-up (in laps). The median level refers to the 50%
performance level that was determined for each age cohort
and both sexes separately to select the study sample in Task
2. The 33%, 66% cut-offs represent the tertiles used in Tasks
1 and 2. In both tasks, the outcome tertiles were determined
for each age cohort and both sexes separately. 20MSRT, 20-
m shuttle run test.

Forty-eight baseline variables (see the full list in online
supplemental information document 1) were used in the
prediction tasks (figure 1). Information regarding partic-
ipants’ demographics, physical, psychological and social
factors was obtained from self-assessment questionnaires
and non-invasive objective measurements.

Self-assessment questionnaires

Participants completed two web-based questionnaires
at baseline. Due to the extensiveness of the question-
naires, the data were collected in two parts: a first round
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during the Spring 2013 and a second during the Fall
2013 semester (see division in online supplemental
information document 1). In addition to basic demo-
graphic information (age and sex), the questionnaires
assessed student’s perceptions of their physical, psycho-
logical, and social status and health-related behaviour,
for example, subjective evaluation of PA," pubertal
status on Tanner scale,16 societal status of the family,17
perceived health,'® and cigarette, alcohol, and unhealthy
food consumption.

Objective measurements

All objective measurements were performed during the
Spring semester of 2013. Body height was measured with
an accuracy of 0.1cm (Charder HM 200P scale). Body
composition and mass were measured in light clothing
using a bioelectrical impedance analysis device (InBody
720, Biospace Co.). Waist circumference was measured
according to WHO guidelines. "

Physical fitness measurements were conducted in
schools during the school day, with measurements
included in the Finnish national Move!l—monitoring
system for physical functional capacity®: 20MSRT, push-
up, curl-up, 5-leaps test, throwing—catching combination
test and flexibility. Procedures for fitness measurements
are described in detail in our previous baseline article.”!
The 20MSRT followed the Eurofit protocol and was
recorded as laps run until voluntary exhaustion.

Device-based PA was evaluated using a hip-worn accel-
erometer (ActiGraph GT3X+, wGT3X+, Pensacola,
Florida, USA) during a 7-day measurement period
with raw 30 Hz acceleration, standard filtering and 15s
epoch conversion. Evenson criteria were used to define
sedentary (<100 counts/min (cpm)), light (101-2295
cpm), moderate-to-vigorous (2296-20000 cpm) phys-
ical activity (MVPA).* The valid amount of data was set
for at least 500 min/day (between 07:00 and 23:00),%
including at least 2 weekdays and 1 weekend day.
Activity intensities were converted into weighted mean
values per day (eg, MVPA=((average MVPA min/day of
weekdaysxb+average MVPA min/day of weekend daysx
2)/7)).

Academic scores (teacherrated grade points) included
grade point average (GPA) and grade point in physical
education. Regional education services provided the
data.

Predictive modelling
The predictive modelling algorithms are provided in a
data file (online supplemental information document
2) and available for future studies. All analyses were
performed using MATLAB R2018a with the Statistics and
Machine Learning Toolbox and conducted separately for
both sexes.

The flow chart of predictive modelling is presented in
figure 2. Please see the full details of the analyses in the
online supplemental information document 3.
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Figure 2 The flow chart of predictive modelling.

Initial data preprocessing

Target variable formatting

The target variables to be predicted were (1) status of
20MSRT at follow-up and (2) absolute change in 20MSRT
test result (laps) between the baseline and the follow-up
(figure 1). The tertile groups were determined for both
sexes and each age cohort separately. From a total of
971 observations, the 20MSRT baseline level could be
determined for 871 students. A total of 633 participants
were included in the Task 1 analysis. Exclusion criteria
included participants with no result from the 20MSRT
follow-up test. Here the missing mechanism was assumed
to be missing completely at random. Altogether 300
adolescents were included in the Task 2 analyses. These
participants had a recorded result for both 20MSRT tests,
and their baseline 20MSRT result was below the age-
specific and sex-specific median level. Here participants
with no results from either of the two 20MSRT tests were
excluded from the analysis.

Variables heavily dependent on age (see online
supplemental information document 3 for a list) were
age-adjusted using linear regression. The age-adjustment
was first performed for the training data, and the residual
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information was thereafter used to age adjust the corre-
sponding variables in the testing data.

Data division

The 10-fold cross-validation (CV) was used for model
assessment where the data set (eg, in Task 2: n=150
boys, n=150 girls) was divided into 10 subsamples (n=15
participants per subsample) called folds. Nine folds were
then used as the training data (90% of the whole data
set, to fit the tree model and estimate the variable impor-
tance values) and one fold as the testing data (10% of
the whole data set, to evaluate the prediction accuracy
on an independent sample). The procedures of training
and prediction were then performed for these folds in a
rotating manner, where eventually, all the folds had been
used for training and testing. These procedures provided
in total a set of 10 data-driven prediction models. The
average performance of these 10 prediction models is
shown in the Results section.

Training and prediction

RF is an ML method that grows a forest of multiple
de-correlated decision trees.'” This forest of trees is
thereafter employed as a voting ensemble, where each
tree votes for the group of a single student (ie, does the
individual belong to the lowest, middle or highest tertile
group). The final predicted group for the student has
the most votes in the whole forest.'” '* For each of the
10 folds, the trained model was employed to predict
the testing portion of data. The area under the receiver
operating characteristic curve (AUC), sensitivity and
specificity metrics were recorded. A t-test in MATLAB was
performed for AUC results to determine if the mean was
significantly (p<0.05) above the random level of 0.5.

The prediction strength of each feature is estimated
using the out-of-bag (OOB) samples of each tree, that
is, training data samples that have not been used when
forming the tree. The OOB samples are shown to the tree,
and the Fl-score measure (online supplemental informa-
tion document 3) of the predictions are recorded. Then
the values of each feature are permuted one-by-one
randomly, and after each permutation, the classifica-
tion error is calculated again. This procedure is applied
to all the trees in the forest. The final estimate of indi-
vidual feature importance is the difference between the
original classification error and the randomly permuted
feature classification error, averaged for all the trees.'?
The final list of statistically significant (p<0.05) predic-
tors (online supplemental information document 5) was
then formed, using MATLAB’s t-test function. T-test was
again performed for each predictor to determine which
feature importance estimates were significantly above the
mean of zero, indicating that they had predictive power.

The direction of the associations

The directions for the significant variables (significance
set at p<0.05, presented in figures 3 and 4) were esti-
mated using a separate receiver operating characteristic

1 15
Variable importance estimate

Figure 3 Best predictors for Task 1 in girls 20MSRT
performance in the lowest tertile at 2-year follow-up).
Statistically significant predictors are marked with * (p<0.05).
Descending arrow (\): low values are associated with
20MSRT in the lowest tertile. Ascending arrow (7): high
values are associated with 20MSRT in the lowest tertile.

The solid line represents the 95% CI. Variable importance
estimate indicates the significance of the predictor. 20MSRT,
20-m shuttle run test.

(ROC) analysis.** The analysis was performed for the two
prediction tasks, separately for girls and boys. Here, the
whole data were employed without separation to training
and testing data sets. Each variable in the data was then
used one by one. The idea was to see how well a single
variable can separate the data into two groups: the first
group contained the lowest tertile and the second group
contained the two upper tertiles. The separation threshold
in the analysis is then changed step-by-step. At each step,
two metrics needed for the ROC curve, sensitivity and
specificity, are recorded. For each variable, we recorded
the AUC value. The AUC value was then compared with

WMMLJMMHL

Figure 4 Best predictors for Task 1 in boys (20MSRT
performance in the lowest tertile at 2-year follow-up).
Statistically significant predictors are marked with * (p<0.05).
Descending arrow (\): low values are associated with
20MSRT in the lowest tertile. Ascending arrow (/): high
values are associated with 20MSRT in the lowest tertile.

The solid line represents the 95% CI. Variable importance
estimate indicates the significance of the predictor. 20MSRT,
20-m shuttle run test.

4 Joensuu L, et al. BMJ Open Sp Ex Med 2021;7:¢6001053. doi:10.1136/bmjsem-2021-001053


https://dx.doi.org/10.1136/bmjsem-2021-001053
https://dx.doi.org/10.1136/bmjsem-2021-001053
https://dx.doi.org/10.1136/bmjsem-2021-001053

Table 1 Descriptives of the study sample at baseline
Boys (n=319) Girls (n=314)
Age (years) 12.5+1.3 12.3+1.3
Height (cm) 156.1+11.7 154.1+£9.6
Weight (kg) 46.1+12.9 44.8+10.5
BMI (kg/m?) 18.6+3.3 18.7+3.1
20MSRT (laps) 45.3+19.0 36.4+15.2
20MSRT centile* 60th 70th
MVPA (min/day) 58.0+22.4 48.3+17.9
Pubertal status’ 2.6+1.0 2.5+0.9

Units are means and SD unless other mentioned.
*International normative values by Tomkinson et al, 2016.
TClassification is based on self-assessment questionnaire and
Tanner’s scale.

BMI, body mass index; 20MSRT, 20-m shuttle run test; MVPA,
accelerometry-based moderate-to-vigorous physical activity.

the random level (0.5). If the value was higher than the
random level, we assumed that the variable information
is applied correctly. The associated direction was that the
higher the variable value, the higher the probability of
the student belonging to the lowest tertile. Additionally,
if the AUC value was lower than 0.5, a simple transfor-
mation of multiplying all the variable values with the
number -1 was made, and the AUC was then calculated
again. In this case, the associated direction was inverted:
the lower the variable value, the higher the probability
of belonging to the lowest tertile. The results of the ROC
analysis are presented in online supplemental informa-
tion document 4.

Patient and public involvement
Patients or the public were not involved in designing,
analysing or interpreting this study.

RESULTS

The characteristics of the study sample are described
in table 1. Participants’ average performance in the
20MSRT was 45.3 and 36.4 laps at baseline in boys and
girls, representing the 60th and 70th centile in the inter-
national normative values for 20MSRT.

Prediction performance

The ability of the RF method to predict unfavourable
future 20MSRT status (Task 1) is presented in table 2.
The AUC values were higher in girls (0.83) than in boys
(0.76), both statistically higher than the random level of
0.5 (p<0.001). Sensitivity (individuals correctly predicted
to belong to the lowest performance tertile) was higher
in girls (0.80) than in boys (0.60). Specificity (individuals
correctly predicted not to belong to the lowest perfor-
mance tertile) was 0.78 in girls and 0.79 in boys.

The ability of the RF method to predict unfavour-
able 20MSRT development in a group of adolescents
with baseline 20MSRT below the median level (Task 2)
is presented in table 2. The prediction performance of
ML was lower in these analyses. The AUC values were
higher in girls (0.68) than boys (0.40), but only girls’
predictions statistically differed from the random level
(p=0.001). Sensitivity (individuals correctly predicted to
belong to the lowest development group) was higher in
girls (0.59) than in boys (0.13). Specificity (individuals
correctly predicted not to belong to the lowest develop-
ment group) was 0.70 in girls and 0.79 in boys.

Best predictors of 20MSRT prospects

The statistically significant predictors for Tasks 1 and
2 are represented in figures 3 and 4. The x-axis in the
figures gives the estimate for variable importance, calcu-
lated using the increase or decrease in classification
error when the predictor values are randomly permuted
separately for each predictor. The higher the estimate,
the higher is the significance of the predictor. Please see
detailed information related to the direction and statis-
tical significance of the variables in online supplemental
information document 4. The top predictor for Task 1
was 20MSRT performance at baseline, both in boys and
girls (p<0.001, figures 3 and 4), indicating that low initial
20MSRT performance predicts low performance also
after 2years.

Girls had 13 additional predictors (figure 3): low
performance in other physical fitness tests (5-leaps
test (p<0.001), push-ups (p<0.001) and flexibility
score (p=0.049)), high markers of adiposity (body fat
percentage (p<0.001) and visceral fat (p<0.001)), low

Table 2 The overall prediction performance of the unfavourable future 20MSRT status and development

AUC 95% CI P value Sensitivity 95% CI Specificity 95% CI
Task 1 Unfavourable future 20MSRT status (identification of individuals in the lowest 20MSRT tertile after 2 years)
Girls 0.83 0.76 to 0.90 <0.001 0.80 0.69 to 0.91 0.78 0.74 t0 0.82
Boys 0.76 0.71 to 0.81 <0.001 0.60 0.52 t0 0.68 0.79 0.74 t0 0.84
Task 2 Unfavourable 20MSRT development (identification of individuals with 20MSRT development in the lowest tertile
among adolescents with baseline 20MSRT below median level)
Girls 0.68 0.60 to 0.76 0.001 0.59 0.50 to 0.68 0.70 0.59 to 0.81
Boys 0.40 0.29 to 0.51 0.108 0.13 0.04 t0 0.22 0.79 0.70t0 0.88

P value: statistical difference of the AUC value from the random level of 0.5; Sensitivity: individuals correctly predicted to belong to the
explored group; Specificity: individuals correctly predicted not to belong to the explored group.
AUC, area under the receiver operating characteristic curve; ;20MSRT, 20-m shuttle run test.
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markers of PA (accelerometry-based counts (p<0.001),
MVPA (p=0.003), participation to sport club practices
(p=0.025) or competitions (p<0.001) and high percentage
of accelerometry-based sedentary time (p=0.009)), low
academic scores (GPA and grade point in physical educa-
tion (both p<0.001)) and low perceived social status in
school (p=0.015), all predicting placement in the lowest
20MSRT tertile after 2years.

In addition to the baseline 20MSRT performance,
boys had 19 additional predictors (figure 4): low perfor-
mance in other physical fitness tests (push-ups (p<0.001),
5-leaps test (p<0.001), throwing—catching combination
test (p<0.001) and curlup (p=0.001)), high markers
of adiposity (body fat percentage (p<0.001), visceral
fat (p<0.001), waist circumference (p<0.001), weight
(p<0.001) and BMI (p=0.005)), low academic scores
(grade point in physical education (p<0.001), and GPA
(p=0.015)), low markers of PA (participation to sport
club practices (p<0.001) or competitions (p=0.001), self-
reported PA status (two questions: p<0.001 and p=0.006)
and accelerometry-based MVPA (p=0.020)), low parents’
willingness to help with schoolwork (p=0.045), low
perceived fitness (p=0.007) and low life enjoyment
(p=0.042), all predicting future placement in the lowest
20MSRT performance tertile after 2years.

As prediction performance for 20MSRT development
was below 0.7 for both sexes, the best predictors are
recommended to be interpreted with caution. These
results are described in online supplemental information
document 5.

DISCUSSION

Main findings

ML approach was able to predict, based on baseline
characteristics, unfavourable future 20MSRT status with
0.76-0.83 (AUC) accuracy. Prediction performance was
better in girls than in boys (eg, sensitivity values 0.80
in girls and 0.60 in boys). The prediction performance
declined when predicting unfavourable 20MSRT devel-
opment in a group of adolescents with an initial 20MSRT
below the median level. These findings indicate that ML
was able to identify potential individuals for interven-
tions. Additionally, future fitness status might be easier to
predict than development, at least in a group of adoles-
cents with more homogeneous 20MSRT performance

capacity.

Best predictors of individual fitness development

Our findings showed that baseline 20MSRT performance
was the best predictor of future performance in a large
group of adolescents. However, this study highlighted
13-19 variables (out of 48 variables) with predictive
power. These variables included a low performance in
other field-based physical fitness tests, low perceived
fitness, high markers of adiposity, low markers of PA,
low academic achievement in school, low grade in phys-
ical education, low life enjoyment, low parental support
and low perceived social status at school. These findings

indicate that multiple factors, that is, adolescents’ overall
physical, psychological and social well-being, contribute
to the trajectory of the 20MSRT during adolescence. This
information adds to the previous body of research where
performance development is typically examined through
growth and maturation ignited morphological changes.*”

Precision exercise medicine prospects

These promising findings also provide new prospects
for precision exercise medicine in adolescents. Findings
suggest that preventive measures linked to the 20MSRT
score benefit from the ML-enabled holistic approach. In
ML, patterns are explored from the data. This has benefits
as data-driven characteristic profiles can be recognised if
such exist in the data. Furthermore, the CV technique
helps overcome a phenomenon where models or thresh-
olds created with traditional statistics tend to fit poorly
with other data sets or future individual observations.*
An ML approach is recommended to be considered in
future precision exercise medicine studies aiming to
identify potential individuals for interventions.

Our findings indicated that information from adoles-
cents’ overall physical, psychological and social status
provides additional value over evaluating only an individ-
ual’s 20MSRT score. Potential use-cases are, for example,
the national or regional fitness monitoring systems where
alarge number of children and adolescents are tested (up
to >90% of age-cohort). Resources for interventions are
typically limited and necessary to be directed for correct
individuals. The next steps to use this method in practice
would be to train the final model with selected feasible
variables and to collect independent test data that the
model could be evaluated against. To reduce the number
of variables, for example, to indicate PA, it is possible to
employ a stepwise variable elimination method to RF to
select only the best variable.?’

Itis, however, important to use ML methods and compu-
tational power robustly. The availability of ML libraries
and computational power lead easily to data fishing.
This means that a fair application of CV techniques
must assess the generalisation ability of the models, and
the risk of chance findings should be eliminated using
permutation testing or other relevant techniques. In the
present framework, these aspects of ML application have
been considered carefully.

Strengths and limitations

The strengths of this study were the novel application
for RF and the approach to predict individual fitness
development in apparently healthy adolescents, the
extensiveness of the variables in the data sample, robust
analyses and measurements performed by educated
professionals. Limitations include the 2-year duration of
the study—more prominent changes could have poten-
tially emerged with a longer follow-up period. The data
sample was limited by its size (eg, n=50 in the lowest
tertile in Task 2), possibly influencing prediction perfor-
mance. There is also room for improvement in handling
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the importance of variables. For example, it is possible to
employ a stepwise variable elimination method to RF to
reduce the effect of multicollinearity in data. The study
used a sample from an observational study. Despite the
efforts, sampling bias might exist and affect the generalis-
ability of the findings to the adolescent population.

Conclusion

With the ML approach, we could predict unfavourable
future 20MSRT status based on 14-20 baseline character-
istics and identify potential individuals for interventions.
These promising findings support adopting a more
holistic approach, taking physical and psychological and
social factors into account in large-scale fitness moni-
toring systems. The ML algorithms used in this study are
provided for future research.
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