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ABSTRACT This study aims to reveal the scientific associations between the motor competence related
physical fitness and the medical health status of college students from south China. Two hundred and
fourteen college students, including 112 males and 102 females, from 17 provinces were administrated with
the Shantou University fitness test battery twice. All the subjects were asked for a medical examination,
including a questionnaire and a physical examination. The records were assessed and concluded by three
expertise medical practitioners. A machine learning model equipped with a new loss was designed to deal
with the soft label issue. Armed with the trained model, we mine and highlight the relationship between the
motor competence related physical fitness and the medical health status of the college students. The physical
educators, the educational authorities, the universities, and the individuals may potentially benefit from this
study.

INDEX TERMS Physical fitness, medical examination, data mining, machine learning, sport science.

I. INTRODUCTION
The medical health status (MHS) of college students attracts
widespread attention from the authorities, educators, and
researchers. Although the annual routine medical examina-
tion is generalized for college students in China, it is expen-
sive yet difficult for healthcare professionals to provide an
overall personal health report for every student according
to the medical check-up with a large number of parameters
immediately. Furthermore, the correlations among the exam-
ination results and the examination results to the physical
fitness are still not fully explored. In fact, such explorations
are difficult, if not impossible, since the growing number of
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complex examination results, the longitudinal records, and
the correlations from the personal and interpersonal partic-
ipants are hardly manually analyzed [1].

Motor competence related physical fitness (MCPF) is of
critical importance for individual physical fitness [2], which
involves a series of factors, such as cardiorespiratory fitness,
musculoskeletal fitness, body mass index, and flexibility. The
level of MCPF is demonstrated by the vigor for physical
activities and fatigue resistance [3]. Specifically, themuscular
strength and cardiorespiratory function are the leading mark-
ers for health [4], [5]. Recent studies consistently reported
the development of motor competence related physical fit-
ness is associated with the improvement of personal health
status [6]–[8]. Based on this evidence, the physical fitness
for college students is relevant from a public health point
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of view [9]. In this regard, a deep understanding of the
motor attributes and the underlying causative mechanisms are
required for the positive trajectories of MCPF [10].

Although the physical fitness test for the college students
is administrated annually, the relationship between the MHS
and the MCPF of the college students remains thoroughly
unexamined [11]. Thus, the present study aims to reveal
the relationship between motor competence related phys-
ical fitness to the later medical health condition using a
machine learning based data mining technique. In this study,
we designed a fitness test battery, and tested it on 214 college
students from south China. Then, the subjects were asked
to take medical examinations. The examination results were
assessed by three expertise medical practitioners from the
Centre for Smart Health and the Second Affiliate Hospital
of Shantou University Medical College. Third, we formu-
late such a data mining task as a classification problem.
To achieve this, we design a feature extraction scheme to
extract features from the STUFIT battery. Amachine learning
based model is employed to learn the relationship between
the MCPF and the HMS. To deal with the soft label issue,
we integrate a new loss function in our learning based model.
Armed with the learned model, we mine and highlight the
correlations between the items of MCPF and the records of
the medical examination.

Our belief is that the learned model can be used to support
the decision of physical educators rather than to replace them.
So the primary goal of this study is to draw the attention from
physical educators to adjust the physical teaching program
according to the individual medical health status. Moreover,
the following parties can also be benefited from this study.

• The educational authorities can make or revise public
health policies based on the records of the physical
fitness of the college students.

• The universities can better understand the physical fit-
ness and health status of their students.

• The individuals can be motivated to improve their health
status by the suggestion to a certain physical exercise.

The rest of the paper is organized as follows. Section II
describes the materials and methods for this study. Section III
details the outcomes resulted from the machine learning
based methods, and discusses correlations of the results.
Section IV concludes the work and the findings in this study.

II. MATERIALS AND METHODS
A. THE STUFIT BATTERY
We designed a fitness test battery, termed the Shantou Uni-
versity fitness test (STUFIT) battery. A total of 214 students,
including 112 boys and 102 girls aged 18 to 20, were recruited
from 17 provinces of south China. Informed consents were
waived, since there is no in vivo human experimentation.
The study protocol was designed following the guidelines
outlined in the Declaration of Helsinki and approved by
the Ethics Committee of the Faculty of Physical Education,
Shantou University. Personal identifiers of the data are

kept strictly confidential. The battery was conducted from
September 2016 to November 2016.

The STUFIT battery consists the following tests, e.g.
the weight and height of anthropometry, lung capacity test,
long-distance running for the cardiorespiratory fitness, body
flexion test for the flexibility, 50-meters running for the
speed-agility, standing long jump test, and pull-up (sit-up
for girls) for muscular strength and endurance. Each student
was assessed individually for all tests by three professional
evaluators using standardized equipment. The time spent was
measured in each test. The test was terminated when the
subject felt uncomfortable. To assess the test-retest reliabil-
ity, we administered the STUFIT battery twice under the
same physical conditions by the same evaluators. The two
assessments were conducted two months apart. The students
were required to wear sports clothing and footwear during
testing. Before the tests were applied, the students were
asked for a five-minute warm-up to activate their full-bodies
to achieve their best performance. The tests were divided
into two groups, boys and girls, as the physical batteries
are different. The boys have good muscle strength, while
the girls have great body flexibility. The evaluators were
continually encouraging the students to achieve their best
performances. The whole test lasts one hour with each battery
interval of eight minutes. Test data were strictly recorded by
the evaluators.

The anthropometry includes height (cm) and weight (kg),
which were measured without shoes and with light clothing.
Then, the body mass index (BMI) was calculated. BMI is a
commonly used index for obesity, which requires our further
attention for whose BMI is higher than the standard.

The cardiopulmonary function was assessed by spirom-
etry tests and long-distance running. The lung capacity
test was measured by an electronic spirometric tester
(HADTZCS-3, Hengaode Beijing Inc.). We installed a new
sterilized blowing mouth on the spirometric tester for every
student. The lung capacity level was measured by inhaling
deeply and trying best to blow the air into the blowing mouth.
The spirometric tester automatically takes the largest value
of the first and second run as the final result. The results
were automatically uploaded to aworkstation equippedwith a
stock software suite. These results were recorded inmilliliters
(ml). The long-distance running is employed to indirectly
evaluate the lung capacity, since a large amount of oxygen
is needed during the running. Larger lung capacity needs a
lower breathing frequency. The boys were required to partici-
pate in a 1 km run test, while the girls did 0.8 km test. The time
spent for the long-distance running was recorded. Therefore,
cardiorespiratory fitness could be more accurately evaluated.

The flexibility was assessed by a body flexion test. Each
student sat on the mat, and kept the legs close together and
the knees joint straight. A 50 cmwide, 30 cm high three-sided
box framed above the legs. The hands were required to keep
straight to touch the edge of the box as far as possible. The
results were recorded in centimeters (cm). The purpose of
this test is to measure the range of the activity that the torso,

VOLUME 8, 2020 67467



J. Wang et al.: Relationship Between Health Status and Physical Fitness of College Students From South China

the waist, and the hip can reach, which reflects the level of
development of the stretching and elasticity of the joints,
ligaments andmuscles in these areas, and the level of physical
flexibility.

The speed-agility was measured by the duration of
50-meters running. When hearing the instructions, the stu-
dents began to run as fast as possible between two parallel
lines drawn on the athletics track. The time spent was be
recorded by two professional evaluators. This test measures
the students’ speed and reaction.

The muscular strength and endurance were assessed by the
standing long jump test and the pull-up (sit-up for girls). The
student stood behind a linemarked on the groundwith the feet
slightly apart. The student took off and landed using both feet,
swinging the arms and bending the knees to provide forward
drive. The students performed three jumps and the best one
was recorded in centimeters (cm). The pull-up test refers to
the hanging exercise, relying on one’s self-strength to over-
come his weight, which aims to test the development level
of upper body muscular strength. The maximum attempts of
pull-up were recorded.

The second run was the same as the previous one after two
months. We averaged the measurements of these two tests as
the final result. We used Person’s relevance to analyze the
correlation between the STUFIT battery physical tests. The
level of significance is set to P < 0.05 for all analysis. All
the statistical procedures were conducted using SPSS v.19.0.

B. MEDICAL EXAMINATION
The medical examination involves three parts, a question-
naire, a physical examination, and a result assessment by
three expertise medical practitioners.

First, we design a questionnaire for the students as shown
in Table 1, which helps us to learn the subjects’ medical
history, and to exclude who does not meet the criteria of our
study.

TABLE 1. Illustration of the first section in our questionnaire.

Second, the students were assigned for a physical exam-
ination in the university hospital. The physical examination
comprises the following check-ups including body func-
tion, internal medicine, surgery, ear, nose and throat (ENT),
and blood tests, e.g. blood lipid test, blood sugar test,

and kidney function test. The vital signs include blood pres-
sure and pulse, which are measured by a blood pressure
detector (KT35-ABPM50, Zhongxiyuanda Beijing Inc.). The
heart examination by an electrocardiogram (EEG) recorded
the rhythm, rate and electrical activity for internal medicine.
Other examinations were also carried out strictly under hos-
pital standards if further required.

Finally, these test results were sent to three expert medical
practitioners from the Centre for Smart Health, the Kong
Hong Polytechnic University and the Second Affiliate Hos-
pital of Shantou University Medical College. Two medical
practitioners analyzed the test results, independently. They
concluded which level of medical health status a subject
belongs to, e.g. good condition, fair condition, or serious
condition. The levels are revised from the suggestion of the
American Hospital Association [12]. The good condition
means the vital signs of a subject are stable in the normal
range, and the indicators are excellent. The fair condition is
defined as a state with some disturbances in psychological
behaviors or physical characteristics, without typical patho-
logic features. The serious condition is the vital signs of a
subject are continually unstable in the abnormal range, and
the indicators are questionable. Once the two conclusions
are different, the third medical practitioners participate in the
final decision. However, the health status in this study is a soft
label, which means the label is fuzzy to a certain degree, and
not exclude from each other.

C. MACHINE LEARNING BASED DATA MINING
FRAMEWORK
In order to reveal the underlying correlations of the HMS
and the MCPF, we employ a machine learning based data
mining technique. We formulate the association of the HMS
and the MCPF as a classification problem. To achieve this,
we develop an enhanced learning framework based on the
XGBoost algorithm. The XGBoost is an end-to-end tree
boosting system, which provides a faster and more accurate
way to handle classification and regression tasks. The key
idea of XGBoost is to weight the predictors and keep the
new decision trees away from the misclassification by the
previous decision trees, which is the same with most boosting
algorithms, but greatly improved by the gradient boosting
machine [13].

We denote xi as the result of the STUFIT battery for the ith
student. As suggested in literature [12], the health status is
classified into three soft levels, that is in good condition, fair
condition, or serious condition. We denote yi ∈ {1, 2, 3} as
the level of the health status for the ith student, where yi = 1
means the health status of the ith student is in good condition,
yi = 2 means the health status of the ith student is in fair
condition, and yi = 3means the health status of the ith student
is in serious condition. Thus, the results of the STUFIT
battery and the health status for the ith student is denoted as
(xi, yi). Our task is to investigate whether can a model learn
to establish the correlations between the results of the STU-
FIT battery and the health status for every subject student.
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To achieve this, we construct a dataset as D = {(xi, yi)},
where xi ∈ Rm, yi ∈ R, n is the number of the students, and
m is the number of items in STUFIT battery. Then, we add K
functions of the results of the STUFIT battery to predict the
health status.

ŷi = ϕ(xi) =
K∑
k=1

fk (xi), (1)

where each additive function fk corresponds to an inde-
pendent tree structure α and leaf weights ω, expressed as
fk (x) = ωα(x), α ∈ RT , α : Rd

→ {1, 2, . . . ,T }.
To learn the set of functions used in Eq. 1, we minimize a

regularized cost function in Eq. 2.

L(ϕ) =
∑
i

l(ŷi, yi)+
∑
k

8(fk ), (2)

where8(f ) = aT + 1
2b‖ω‖

2. l is a differentiable convex loss
function that measure the difference between the prediction
ŷi and the target yi. The l(ŷi, yi) in the first term represents
how well the model fits the ith sample. The second term8 is
a regular term, which eliminates the complexity of the model
to avoid over-fitting. More details about the XGBoost can be
found in Chen and Guestrin [13].

In this work, the health status of a student is a soft label,
which means the level of health status is fuzzy rather than
mutually exclusive. The conventional loss function, e.g. soft-
max, equipped in XGBoost is not appropriate, since the expo-
nential function leads too fast saturation. Thus, we integrate a
new loss function based on Bernoulli distribution, which can
be used for multi-label classification when the labels are not
mutually exclusive. The new loss function is denoted in Eq. 3.

l(yi, ŷi) = yi ln(1+ e−ŷi )+ (1− yi) ln(1+ eŷi ) (3)

Then, we rewrite Eq. 2 as

L(t) =
n∑
i=1

[yi ln(1+ e−(ŷ
(t−1)
i +ft (xi)))

+(1− yi) ln(1+ e(ŷ
(t−1)
i +ft (xi)))]+8(ft ). (4)

To optimize the model equipped with the new loss,
we deduce the first-order partial derivative and the
second-order partial derivative for the gradient descent algo-
rithm. The first-order partial derivative for the new loss can
be deduced as

∂l(yi, ŷ
(t−1)
i )

∂ ŷ(t−1)i

= −yi(1−
1

1+ e−ŷ
(t−1)
i

)+ (1− yi)
1

1+ e−ŷ
(t−1)
i

=
1

1+ e−ŷ
(t−1)
i

− yi. (5)

The second-order partial derivative for the new loss can be
deduced as

∂2l(yi, ŷ
(t−1)
i )

(∂ ŷ(t−1)i )2
=

e−ŷ
(t−1)
i

(1+ e−ŷ
(t−1)
i )

2 (6)

In this way, we can easily obtain an optimal tree structure
to achieve high accuracy and speed up the training process.

III. RESULTS & DISCUSSION
The medical examination results are reviewed by two exper-
tise medical practitioners, independently. The review is
double-blind. The third medical practitioner intervenes in the
review, once the health status is contradictorily concluded by
the first two practitioners. The students’ health status assessed
by the medical practitioners is shown in Table 2. Ninety-three
male college students and eighty female college students were
in good health condition. Nineteen male college students
and twenty-two female college students were in fair health
conditions. No male or female students were in serious health
conditions.

TABLE 2. The level of health status for the college students from South
China.

A. DESIGN DECISION
We aim to mine the correlations between the test results
of the STUFIT battery and the health status of the college
students from south China. We process the physical fitness
tests separately for boys and girls. We normalize the physical
fitness test results, and transform the normalized results into
a vector of features. The data is divided into two parts, e.g.
70% for training, and the rest for evaluation.

We use two commonly-used criteria to quantitatively eval-
uate howwell the proposed framework learns the correlations
between the test results of the STUFIT battery and the med-
ical health status of the college students. The first one is the
accuracy criteria.

accuracy =
TP+ TN

TP+ TN + FP+ FN
(7)

where TP, TN , FP and FN are true positives, true negatives,
false positives, and false negatives, respectively. Since the
accuracy is a description of systematic errors, we employ
the second criteria call Fα-score to obtain a more balanced
evaluation by considering the recall and the precision.

Fα =
(1+ α2)TP

(1+ α2)TP+ α2FN + FP
, (8)

where α balances the importance between the recall and the
precision.We consider the recall and the precision are equally
important, so we let α = 1 in this study. Note that the best
Fα-score is 1, while the worst is 0.

B. MODEL TRAINING
We compare the proposed framework with other frequently-
used classifiers, e.g. naive Bayes (NB), artificial neural
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TABLE 3. The accuracy and F1 − score of our framework comparing with
other classifiers.

network (ANN), support vector machine (SVM), k-nearest
neighbors (KNN), decision tree (DT), and XGBoost. The
evaluation criteria of accuracy and Fα-score of the proposed
framework and the control methods are listed in Table 3. The
naive Bayes classifiers are a family of simple probabilistic
based on applying Bayes theorem with naive independence
assumptions between the features, which is often used as
a baseline for the data mining tasks. The artificial neural
network is a kind of mathematical model for information pro-
cessing or intelligent operation using the structure of synaptic
connections similar to the brain, which stimulates the activity
of neurons with a mathematical model. The support vector
machines avoid the complexity of high-dimensional space
and are not vulnerable to be affected. Compared with the
KNN and DT models, the SVM achieves relatively higher
accuracy. The decision tree needs a large dataset to make
reliable estimations for classification, and it is difficult to
process multi-category classification with limited samples,

so it yields the lowest accuracy of 85.29% for boys and
83.97% for girls. In addition, the redundances between fea-
tures also degrade the performance of KNN. For both boys
and girls, the results of the accuracy obtained by ANN,
XGBoost, and the proposed framework range from 80% to
97%, whereas our enhanced learning framework achieves the
highest accuracy, respectively. It is because the Bernoulli loss
function equipped in our framework can accurately and effec-
tively maximize the differences of the predictions and the
groundtruth. We notice that the F1-score has the same trend
as the accuracy. Obviously, our method achieves the best
accuracy and the highest F1-score, because our framework
captures the distinguished features and effectively eliminates
the influence of skewed data.

C. RESULTS & DISCUSSIONS
Armed with the well-trained machine learning framework,
we establish the relationship between the medical exami-
nation results and the physical fitness of the college stu-
dents. The test results of the STUFIT battery are described
in Table 4. The correlation coefficient of the STUFIT battery
for boys is listed in Table 5, and the correlation coefficient
of the STUFIT battery for girls is listed in Table 6. From
Table 4, Table 5 and Table 6, we can see that the STUFIT
battery is feasible, without any major problem when it was
administrated.

We find that excess weight has become a health problem
in college students from south China. The medical examina-
tion reports reveal a positive correlation between the excess

TABLE 4. The test results of the STUFIT battery. The first run is denoted as Test #1, and the second run is denoted as Test #2.

TABLE 5. The correlation coefficient (P) of the STUFIT battery for boys.
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TABLE 6. The correlation coefficient (P) of the STUFIT battery for girls.

weight to the incidence of cardiovascular diseases, which is
consistent with previous studies [14]–[16]. An inverse corre-
lation was detected among the weight and the speed-related
motor. This can be explained by the increased fat mass that
may slow the acceleration of entire body mass [17]. In this
regard, the BMI is a critical important index, which should
be paid more attention to college students.

The lung capacity is a functional index in the standardmed-
ical examination. As shown in Table 5 and Table 6, the weight
and height have a close relationship to the lung capacity.
A student with heavier weight and taller height often has a
larger lung capacity, since more oxygen is needed. However,
the students with larger lung capacity did not always perform
well in long-distance running tests.

From Table 4, the students do not perform very well for
standing long jump and pull-up of the STUFIT battery. For
the boys, the pull-up shows a positive relationship with the
weight, whereas the weight of the girls does not demonstrate a
positive relationship with the sit-up. Another positive associ-
ation between cardiorespiratory function inmedical examina-
tion and the times of pull-up or sit-up. A few studies have also
investigated the relationship between the cardiorespiratory
fitness and muscle strength and endurance by walk/run test,
and confirm the positive relationships [18]–[22].

D. LIMITATIONS
We did not reveal the relationship between every kind of
medical examination results and the physical fitness test
battery. This study does not analyze the association of the
physical fitness, such as cardiorespiratory fitness, motor
agility, or muscular fitness on cognitive performance, since
a lot of works [23]–[26] have done. We do not explore the
association between physical fitness and academic achieve-
ments among college students, which would be interesting.
Our model is general, and can be extended other applications,
such as traffic flow modeling [27]–[35], biomedical comput-
ing [36]–[38], intelligent computing [39]–[41] and algebraic
immunity [42]–[45].

IV. CONCLUSION
In this study, we explore the relationship between physical
fitness and the reports of the medical examination of college
students from south China. To achieve this, we first design

a physical fitness test battery, termed STUFIT battery. The
STUFIT battery was administrated on 214 students from
17 provinces of south China double times. Then, all subjects
were required to have a medical examination. The examina-
tion results were evaluated by three expertise medical prac-
titioners. We established a machine learning model for data
mining, and we also evaluated our framework with common
state-of-the-art models. The empirical study demonstrate that
our model can learn to identify the health status from the test
results of the STUFIT battery. Armed with the learned model,
pairs of positive correlations between the test results of the
STUFIT battery and the health status are finally revealed.
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