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Abstract

Background: Currently, there are two methods for testing maximal oxygen uptake: the direct and indirect methods, but both have certain
requirements for testing equipment, site, and personnel. There is a lack of a convenient and effective method for testing maximum oxygen
uptake (VO2max). With the development of artificial neural network (ANN), a solution to this gap is provided. Objective: The goal
of this study was to design a method to evaluate the cardiopulmonary function of young people and verify its feasibility and reliability.
Methods: The incremental squat test (IST) and Young Men’s Christian Association (YMCA) test were designed with 196 subjects
(97 males and 99 females). The back propagation (BP) neural network was used to construct the model of VOzamax by recording and
analyzing squatting times, height, weight, gender, age, leg length, Manou Riers Skelic index (MRSI), and VOzmax. Results: Three
hidden layers and 65 nodes were employed in the BP neural network. Each hidden layer contained 19 nodes. Other parameters of this
network were 0.01, 0.9, and 2000 for the learning rate, momentum, and iterations, respectively. The difference between the measurements
and predictions was not significant (p > 0.05), and the correlation between them was extremely strong (r=0.98, p < 0.01). Conclusions:
We conclude that the model constructed using the BP neural network is accurate, and the IST is feasible for predicting VOamax. This
method can be used as a substitute for other cardiopulmonary fitness test protocols in cases of insufficient venues and equipment. thereby
preventing health complications. In subsequent studies, the sample size should be expanded, and separate prediction models should be
developed for different genders.
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1. Introduction

The recent increase in the incidence of cardiovascular
diseases due to physical inactivity has led to close attention
to physical activity and cardiorespiratory endurance and the
critical role of cardiorespiratory endurance in human health
status, which has become one of the most active research
areas in public health and exercise science [1,2]. Accurate
cardiorespiratory endurance assessment has an important
role and significance in assessing the general public’s fit-
ness level and the prevention and rehabilitation of related
chronic diseases.

Maximal oxygen uptake (VOgmax) is an important in-
dex to evaluate cardiopulmonary endurance [3]. It reflects
cardiovascular function skeletal muscle oxidative function,
and pulmonary ventilation diffusion capacity and indicates
the combined ability to transport oxygen from the atmo-
sphere to the mitochondria for work. Currently, studies
of cardiopulmonary endurance in physical fitness, public
health and epidemiology, and clinical practice mostly use
VOsmax as a measurable physiological index [4—6].

VO2max is measured both directly and indirectly. The
direct measurement of VO,max is an extreme exercise test
using a running table or a power bike [7-9]. The test starts
with a warm-up with a small load, i.e., the subject performs
a slow exercise on a power bike or running platform, fol-

lowed by increasing exercise load in levels, each level be-
ing approximately 3 min. The subject must wear a respi-
ratory detection device during the exercise to perform gas
analysis; this allows for detecting the subject’s oxygen up-
take plateau at the end of the test, which is the subject’s
VOymax. Because this test requires the subject to perform
an extreme amount of exercise, it requires a certain level of
physical fitness and, if necessary, medical supervision.

Since the direct measurement of VO;max requires in-
dividuals to undergo extreme exercise loads, it is inappro-
priate for certain populations suffering from cardiovascu-
lar and pulmonary diseases. In addition, due to physical
and site conditions, the direct measurement cannot be guar-
anteed to be performed successfully, so the indirect mea-
surement of VOymax is used. Commonly used indirect
measurement methods consist of 6-minute walk, 6-minute
stairs, 12-minute run, step test, 20-m shuttle run, etc [10—
14].

Existing indirect measurement of VOsmax avoid ex-
treme amounts of motion, and special motion equipment,
but also have the following problems: (1) requires the co-
operation of a test team [10,11]; (2) requires physiological
testing apparatus or laboratory equipment [13,14]; (3) re-
quires a certain size test site [13]. Therefore, there is a need
for a more straightforward method of cardiorespiratory en-
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durance testing that can be performed anywhere and any-
time by individuals without the need for other professionals
and various physiological index testing instruments.

With regard to modeling methods, most field tests
use a linear regression model to predict VOsmax [15-19]
whereas this method can be affected by the number of the
sample size and fail to find the non-linear relationship of
data, it also requires assumptions about the data in advance
and is susceptible to interference from the observation win-
dow and the number of samples collected.

Artificial neural network (ANN) is a new modeling
concept [20-23], which does not require advanced assump-
tions about the relationship between data. This concept is
borrowed from bionic ideas, using computers and mathe-
matical models to mimic the human brain. In contrast to lin-
ear models, he can find nonlinear relationships between in-
put and output variables. Back propagation neural network
(BPNN), also known as multilayer feedforward networks,
are an important class of neural networks. This network has
three components: an input layer (perceptual unit), a com-
putational layer (hidden layer), and an output layer. The
input signal is propagated forward through the network on
a layer-by-layer recursive basis. The BPNN uses a super-
vised learning approach, called the error back-propagation
algorithm, which has been successfully applied to different
complex and challenging problems [24-27].

Compared to the linear regression model, BPNN can
be much more reliable. In previous studies, artificial neural
networks have been used to perform studies on the estima-
tion of VOgmax, with a significant improvement in accu-
racy compared to linear regression models [28—-31].

In this study, we designed a method to evaluate
VO,max in young people using an incremental squat test
(IST). Our study broadens the method of evaluating car-
diopulmonary endurance in young people and validates the
feasibility of this method. The addition of BPNN makes
the relationship between the subjects’ parameters and their
VO,;max more specific, laying a methodological founda-
tion for further studies.

2. Basic Principles of BPNN

Multilayer feedforward networks are an important
type of neural networks. As shown in Fig. 1, the network
consists of three parts: the input, hidden, and output layers.
The input signals propagate forward through the network
on a progressive basis. This type of network is essentially
input-to-output mapping. It can learn a large number of
mapping relationships between the input and output with-
out any precise mathematical expressions between the input
and output.

The network used in this study is known as the BP al-
gorithm. When an input mode is provided, the transmission
of the input signal from the input layer to the output layer is
a forward propagation process. If the output signal is differ-
ent from the expected signal, that is, there is an error, then

Hyden layer

Fig. 1. BP neural network.

it turns into the process of error back propagation, and the
weight value of each layer is adjusted according to the error
of each layer.

Each node of the hidden layer in the network has a
nonlinear function. The nonlinear function used in this test
is a sigmoid function, as follows:

S(x) = —— (1)

where n’;’ denotes the input of p node in the layer k.

The specific steps of BP algorithm are as follows:

Step 1: Perform random assignment on each weight
term W; o and intercept term b’; o

where Wlf; o denotes the weight from the p node in
layer £-1 to the q node in layer £.

Step 2: Normalization;

To remove the unit limit of the data, the data are
normalized, and the input and output data are uniformly
mapped between [0, 1]. The conversion formula is as fol-
lows:

(X - Xmin)

Y =
(Xmax - Xmin)

2)

where X represents the original value, X,,;,, the minimum
value in the original data, and X,,,, the maximal value in
the original data.

Step 3: Input the input and output indexes into the
model;

Step 4: Calculate each node in the training set;

Calculate the input and output of each node in the first
layer as follows:

= WX o
6
O, = sigmoid (n}) = ! 4)
4 4 14 e (e Wi Xptbl)
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Calculate the input and output of each node in the sec-
ond layer as follows:

n2 = Z W2 0+ b2 (5)
!

1
1+ o (S0 W2 0b+2)

07 = sigmoid (n?}) =

(6)

Calculate the input and output of each node in the third
layer as follows:

3 3 2 3
ng = Z w3 ,0z + b} )

1
1+ o (5, W2 ,03+08)

03 = sigmoid (n}) =

g = @®)
Calculate input and output of the output layer as fol-
lows:

ni=V=3 W05 +b ©)
m

From the presented equations, p and q denote the or-
ders of nodes, whereas O denotes the output of nodes. For
instance, O;f denotes the output of the p node in layer £.

Step 5: Calculate the error between expected output
and network output;

For the output layer of the network, the error between
the output O’; of its p node and expected output d’; is ex-
pressed as follows:

B, =5 (05 ~d})’ (10)

DN | =

Then, the total error of the network is obtained as fol-
lows:

J

E=) E :%Z(O’[ffd’;)Q (1)
J

where j denotes the number of nodes in the output layer.

Because there is one node in the output layer of this
network, the total error of the network is obtained as fol-
lows:

E= %(V—d)Q (12)

Step 6: Reverse calculate and correct the network
weight value;
The purpose of learning and training the BP network is
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to minimize F by adjusting the model parameters. The gra-
dient descent method was used to reduce the weight value
along the negative gradient of the error when adjusting the
weight value. The adjustment formula is as follows:

AW}, = —ns0; " (13)

where 7 denotes the learning coefficient, and Wz]f, q the
weight value from the p node in layer k-1 to the q node
in layer k. Term AWZ’Z o denotes the adjustment quantity of
the weight value.

When £ is the output layer,

§=(V —d)- sigmoid’ (n}) (14)
When £ is not the output layer,

OE . .
0= (Z W . W£j1> - sigmoid’ (n’;) (15)
t

where t denotes the order of the node in layer £+1.

When the learning coefficient 7 is larger, the learning
speed is higher, but the convergence is poor, and oscillation
may occur. However, if the learning coefficient 7 is exces-
sively small, the learning speed will be affected. Therefore,
the value of 7 is typically determined experimentally. In
addition, in practical use, the momentum term « is usually
added to the equation as follows:

AW(t+ 1) = —ndOL ™" + aAW(1) (16)

where AW (t) denotes the adjustment quantity of the
weight value during the last learning. This is conducive
to accelerating the learning process, such that the training
efficiency of the model has a significant relationship with
the learning coefficient and momentum term.

Step 7: Transfer to step 4 and repeat.

The convergence of the back-propagation algorithm
cannot be generally proved. Moreover, there is no clearly
defined stopping criterion. Evidently, the weight value
must be made the error surface for the weight gradient vec-
tor, which is zero. Therefore, we propose the following
stopping criterion:

Stop criterion 1: When the norm of the gradient vec-
tor reaches a sufficiently small value, the back-propagation
algorithm is considered to have converged.

Stop criterion 2: When the change rate of the mean
square error reaches a sufficiently small value, the back-
propagation algorithm is considered to have converged, and
the desired error goal of the network is 0.0001.
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Table 1. Subjects’ characteristics.

Males (97) Females (99) Total (196)
Age (years) 20.14 4+ 0.68* 19.89 + 0.5 20.02 + 0.61
Height (cm) 174.63 £ 5.79*%* 164.05 £ 5.24 169.76 £ 7.65
Weight (kg) 69.01 + 11.98**  56.46 + 7.56 63.23 +11.94
Leg length (cm)  80.44 + 3.73** 74.16 + 3.85 77.55 £4.91
MRSI 85.43 + 3.57** 82.54 +4.35 84.1 +4.19

*Significant differences exist between males and females (p < 0.05).

**Significant differences exist between males and females (p < 0.01).

3. Methods
3.1 Participants

A total of 196 undergraduates (97 men and 99 women)
were classified as “low risk” according to American Col-
lege of Sports Medicine risk stratification. Before exercise
testing, all participants received a detailed explanation of
the goal and clinical implications of this experiment. All
participants read and signed an informed consent form ap-
proved by the Shandong Normal University Institutional
Review Board. The physical characteristics of the subjects
are summarized in Table 1, where MRSI denotes the Manou
Riers Skelic index.

3.2 Experiment

The experiment process is shown in Fig. 2.
The interval between the two tests is 7 days. The order
in which the subjects took part in the two tests was random.

32.11IST

(1) Measurement index: time for movement.

(2) Standard of movement.

Start position: keep upright (Fig. 3)

As shown in Fig. 4, when people squat, their arm
should rise in front and stop when the thigh is parallel to
the ground. Thereafter, they should stand back up (Fig. 3).

Breathe in when squatting, and breathe out when
standing back up.

(3) Control of movement range.

To control the range of movement, two marking lines
were set. As shown in Fig. 5, the following marking line
should be the height of the tibial trochanter of the subjects,
and the upper marking line should be maintained at the same
height as the upper edge of the patella of the subjects.

As shown in Fig. 6, if the participant’s buttocks inter-
sect with the marking area between the two marking lines
when they squat down, the movement is effective.

As shown in Figs. 7,8, if the participant’s buttocks
were above or below the marking area, the movement is
ineffective.

(4) Method of squatting test execution.

We used signal sound software to play the signal
sound. The squatting movement was synchronized with the
signal sound, that is, the signal sound is played once, and

Subjects Recruitment

Questionnaire Screening

Form indexes
measurement

Randomly

YMCA test

Fig. 2. All subjects need to take part in two tests (IST and
YMCA test).

the subjects perform the movement once. The number of
signal sounds increased by grade. The squatting times that
participants should perform in each grade of this test are
listed in Table 2.

(5) Criteria for stopping.

-Appearance of angina pectoris symptoms;

-Dyspnea, lower limb spasm;

-Mild headache, unconsciousness, ataxia, paleness,
cyanosis, nausea, or moist cold skin;

-The subjects ask to stop;

&% IMR Press
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Fig. 3. Start position.

Fig. 4. Action standard of squatting down.

Table 2. Squatting times of each grade.

Grade Time (s) Squatting times

1 30 10
2 30 15
3 30 20
4 30 25
n 30 10+5(n-1)

&% IMR Press

Fig. 6. Effective movement.

-The subjects exhibit extreme fatigue orally or physi-
cally;

-Failure in the test equipment;

-More than three consecutive movements fail to keep
up with the rhythm of the signal sound;

-More than 3 consecutive movements fail to achieve
the standard.

3.2.2 Cardiopulmonary Exercise Test

Measurement index: VOomax.
YMCA test is used to indirectly measure the VOsmax
of the subjects.

3.2.3 Measurement of Form Indexes

Measurement indexes: height, sitting height, leg
length, and MRSI.

The leg length is calculated using the method of
“height-sitting height”. The calculation formula of MRSI
is [(height — sitting height)/sitting height] x 100, which can
reflect the leg-to-body ratio of the subjects.
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Fig. 7. Above the marking area.

Fig. 8. Below the marking area.

3.3 Mathematical Method

3.3.1 Squatting Time Calculation

The time was calculated based on the time of the signal
tone, as described by the following formula:

INT(X) = INT (% + %) (17)

As observed from the formula, “INT” denotes integer-
valued function, and “t” the time of the squat test (s).

3.3.2 BP Neural Network Model

The model used to estimate VOymax from the IST is a
BP neural network. The inputs of this network were gender,
age, height, leg length, MRSI, squatting times, and body
weight. The output was VO;max.

In the process of machine learning modeling, the usual
method is to divide the data into training and test sets. The
test set was independent of the training data and did not
participate in the training. This was used to evaluate the
model. To improve the accuracy of the evaluation results
and avoid the problem of overfitting in the training process,
we used the 10-fold cross-validation method to model, that
is, to separate a part of the training data as a validation set.

3.3.3 Correlation Analysis between Predicted and
Measured VOomax

To observe the effectiveness of this model, 30 sam-
ples were used as the test sets in this model. After training,
we performed a paired-samples ¢-test for VOamax and pre-
dicted VOomax. Thereafter, we analyzed the correlation
between them.

4. Result
4.1 BP Neural Network Model

Fig. 9 shows the model of this study.

As shown in Fig. 9, three hidden layers and 65 nodes
are proposed in the network used in this study. Each hid-
den layer contained 19 nodes. The other parameters of this
model are 0.01, 0.9, and 2000 for the learning rate, momen-
tum, and iterations, respectively.

4.2 Training Results

When the network was iterated 200 times, the loss de-
creased to 0.9. The change in the loss with the number of
iterations is shown in Fig. 10.

When the network iterated 2000 times, the loss de-
creased to 1 x 10719, the network training curve was stable,
and there was no significant turbulence. The change in the
loss with the number of iterations is shown in Fig. 11.

At this moment, the model had achieved the aforemen-
tioned “Stop criterion 2”, and the back-propagation algo-
rithm had converged.

4.3 Performance Testing

We used a test set to analyze the performance of the
model. The measured and predicted VO;max of VOsmax
in the test set are as follows (Table 3). There was no
statistical difference between the predicted and measured
VOgmax (p > 0.05).

The correlation analysis was performed between the
measured and predicted VOomax. From Fig. 12 and Ta-
ble 4, there was an extremely strong correlation between
the measurements and predictions (r = 0.98 and p < 0.01).

&% IMR Press
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Hidden layer

Input layer

O0000O0

000000

000000

000000

O0000O0

Output layer

000000

Fig. 9. Structure of the network, X , X, X, X;, X:n, X, and X, denote the input variables, which are gender, age, height,
leg length, MRSI, squatting times, and body weight, respectively. The output variable V' is VOymax. Terms ni, n?, and nf are
respectively the first node in the first, second, and third layer, Wllyl denotes the weight value from the first node in layer O to the first

node in layer 2.

—— ANN
1000 -

800+

600 -

Loss

400

200

0 25 50 75 100 125 150 175
Iteration

200

Fig. 10. When the network iterates 200 times.

Table 3. Measured and predicted values.

VO2;max Mean SD Maximum Minimum
Predicted value 32.979 5.44215 40.999 23.394
Measured value 32.765 6.09471 44.09 23.15

There was no significant difference between measure-
ments and predictions, and the correlation between them

&% IMR Press
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Fig. 11. When the network iterates 2000 times.

was extremely strong. Therefore, it is feasible to use IST
to evaluate cardiopulmonary endurance in cases of insuffi-
cient venues and equipment.

5. Discussion

In this study, an IST was performed. This study used
the data of 196 subjects (including 97 men and 99 women)
to establish a predicted model of VOymax based on the BP
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Table 4. Correlation analysis.

Predictions
Pearson Correlation 0.980%**
Measurements Sig. (2-tailed) 0
N 30
** Correlation is significant at the 0.01 level (2-
tailed).
45.00
o
o
o
40.00-] o°©
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o o &
Eas.oo— 0°%
> 0©
=
2 ® o
=]
g e oo
EB0.00- o
o
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20.001
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Fig. 12. Relationship between measurements and predictions.

neural network. All variables in this test can be easily mea-
sured without any special instruments. To obtain a high-
quality prediction model, all the technical and environmen-
tal factors were strictly controlled during the experiment.
After 200 training cycles, the loss of the network decreased
to 0.9, and the network did not converge.

In previous squat tests, no uniform squat range was
achieved and no uniform control method for the squatting
range was formed [32—-34]. In this case, even if the standard
for evaluating individual cardiopulmonary function by IST
was established, the results would be meaningless owing to
different squat ranges. In addition, previous studies have
mostly used quantitative load squatting (QST). In compar-
ison with QST, the initial intensity of the incremental load
is small and gradually increases with time, which meets the
requirement of overcoming the physiological inertia of the
human body. To address the aforementioned problems, an
IST was adopted in this study.

There are similar field tests such as the 20-m multi-
stage shuttle run fitness test [35-37] and increasing load
shuttle walk test ISWT) [38—41]. In terms of implementa-
tion, these three sports do not require expensive equipment,
but the area required for squatting is small and the imple-
mentation conditions are more convenient than those of the
other two field tests.

After analysis, we found that age, height, weight,
leg length, and MRSI were significantly different between
males and females (p < 0.05). However, there was no sig-

nificant difference in squatting and VOymax between the
two genders (p > 0.05). This is different from the results of
previous studies [42—44]. We concluded the following two
possible reasons: first, the number of subjects in this test
was small and covered a smaller range of oxygen uptake;
second, the heart rate was not observed during squatting
exercise, so it could not be determined whether the subjects
reached exhaustion. The sample size should be expanded
in subsequent studies, and heart rate bands should be worn
during squatting exercises to maximize the likelihood that
subjects will reach a state of exhaustion.

Due to hardware limitations, we were unable to assess
the VOymax of the subjects using direct assays at the time of
this study and therefore used the YMCA assessment proto-
col. This is the limitation of our study. However, even with
the YMCA method, we obtained good results, which pro-
vided a sound basis for our later study and demonstrated the
feasibility of using IST in combination with BPNN to assess
individual maximal oxygen uptake. In our later study, we
will use the direct assay method to detect the VOymax and
update the BPNN formula to improve the model’s perfor-
mance.

6. Conclusions

We used the BP neural network to establish a model
to predict VOomax. The input indexes of the model were
gender, age, height, leg length, MRSI, squatting times, and
body weight, whereas the output index was VOomax. Other
parameters of this network were 0.01, 0.9, and 2000 for
the learning rate, momentum, and iterations, respectively.
The results demonstrated that the difference between the
predicted and measured VOsmax was not significant (p
> 0.05), and the correlation between them was extremely
strong (r = 0.98, p < 0.01). Thus, the IST is a feasible
method for estimating VO;max. This method can be used
as a substitute for other cardiopulmonary fitness test proto-
cols in cases of insufficient venues and equipment.

In this study, the age, height, weight, leg length, and
MRSI were significantly different between males and fe-
males (p < 0.05). However, there was no significant dif-
ference in squatting and VOsmax between the two genders
(p > 0.05). We believe this is the reason for the small sam-
ple size. In subsequent studies, the sample size should be
expanded, and separate prediction models should be devel-
oped for different genders.
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