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Introduction: To explore and develop a backpropagation neural network-
based model for predicting and generating exercise prescriptions for improving
cardiorespiratory fitness in older adults.

Methods: The model is based on data from 68 screened studies. In addition,
the model was validated with 64 older adults aged 60-79 years. The root mean
square error (RMSE), mean absolute error (MAE) and coefficient of determination
(R?) were used to evaluate the fitting and prediction effects of the model, and
the hit rate was used to evaluate the prediction accuracy of the model.

Results: The results showed that (1) The mean error ratios for predicting exercise
intensity, time and period were 7% + 12, =5% + 9% and — 7% + 14%, respectively,
indicating that the estimates were in good agreement with the expected results.
(2) Of the 61 subjects who completed the assigned program, cardiorespiratory
fitness improved significantly compared with pre-exercise. Improvements
ranged from 9.2-10% and 8.9-15.8% for female and male subjects. (3) In
addition, 71 and 94% of subjects (43/61) showed cardiorespiratory improvement
within plus or minus one standard deviation and plus or minus 1.96 times
standard deviation.

Discussion: A neural network-based model for exercise prescription for
cardiorespiratory fitness improvement in older adults is feasible and effective.

KEYWORDS

BP neural network, older adults, exercise prescription, cardiorespiratory fitness,
experimental validation

1 Introduction

Cardiorespiratory fitness (CRF), a health-related component of physical fitness, refers to
the ability of the circulatory and respiratory systems to supply oxygen to muscular systems
during physical activity (1). Longitudinal studies have found that the decline of CRF over time
range from 5 to 20% per decade from the age of 30 onwards (2), with older age groups
demonstrating a steeper rate of decline (3, 4). CRF is associated with cardiovascular disease and
all-cause mortality in both men and women (5). Furthermore, among older adults, satisfactory
CRF is necessary for quality of life, functional preservation, and independence (2-6).

Among the methods to boost the CRF of older adults, exercise training based on a given
exercise prescription is a proven strategy. Exercise prescription is a specific plan of fitness-
related activities devised for a particular purpose (such as maintaining CRF), typically
developed by a fitness or a rehabilitation specialist. It mainly includes frequency, intensity,
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type, and time of exercise (FITT), but also includes volume (V), and
progress (P) (7-9).

The World Health Organization (WHO) recommends that
older adults engage in at least 150-300 min of moderate-intensity
aerobic physical exercise or at least 75-150 min of vigorous aerobic
physical exercise per week; or an equivalent combination of
moderate and vigorous exercise, for substantial CRF benefits (10).
However, there is substantial heterogeneity in CRF response to a
certain exercise prescription; some participants got a high
improvement in CRF levels, some had no improvement with
training (11, 12). In these studies, it may be limited by the high
heterogeneity of dose parameters, participant characteristics, or
both (13). The American College of Sports Medicine (ACSM)
standpoint to ensure improved CRF in older adults recommends
at least 30 min of moderate-intensity exercise at least 5 days per
week or at least 20 min of high-intensity exercise at least 3 days per
week. Additionally, previous studies have adopted a variety of
methods to formulate an individualized CRF exercise prescription
for older adults (14). For example, physicians or other healthcare
providers may assess an older adult’s baseline and then formulate
exercise prescriptions based on physician’s clinical experience or
clinical guidelines. However, exercise prescriptions that are
directly based on their work experience may not be applicable to
all older adults, because each person’s age, sex, and physical
condition are different, which may result in failure to achieve
desired improvements (15). Therefore, to improve CRF in older
adults, individualized exercise prescriptions should be formulated
with
physical condition.

consideration of factors such as age, sex, and

To build an accurate and personalized predictive model for exercise
prescription, comprehensive baseline data are essential for capturing
individual variability. Neural Networks (NN), particularly the Back-
Propagation Neural Network (BPNN), have emerged as powerful tools
in health intervention studies due to their ability to approximate
complex nonlinear relationships, resist noise interference, and adapt to
heterogeneous systems (16-19). Recent advances in BPNN applications
span fault detection (20) and medical diagnostics (17), demonstrating
its versatility in handling noisy, high-dimensional data. Building on
these foundations, our study extends BPNN to geriatric exercise
prescription, addressing aging-specific physiological complexities. For
instance, Beltrame et al. utilized NNs to predict exercise energy
expenditure with high precision (21), while Frade et al. conclude that
the CREF can be predicted by wearable technologies associated with NNs
(22). However, existing studies predominantly focus on younger
populations or single-parameter optimization, lacking dynamic
modeling for multidimensional aging-related features. To address this
gap, we hypothesize that a BPNN-based framework can dynamically
integrate geriatric physiological complexity and generate individualized
CRF-enhancing exercise prescriptions.

Our study employed a mixed-methods approach, combining
data from a systematic literature review to develop the model and
experimental data to validate it. This dual-source strategy
leverages historical intervention patterns and real-world
heterogeneity, balancing clinical feasibility with personalized
adaptability. The model aims to optimize exercise prescription for
older adults, promoting their physical health and functional
independence. The research methodology of this study is depicted
in Figure 1.
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2 Methods
2.1 Data collection

We collected and analyzed previous experimental research aimed
at improving the CRF of older adults. Databases including PubMed,
EBSCO, Web of Science and CNKI were searched for research
published from 1989 to 2021 (last search in June 2021). A combination
of keywords related to the three topics of this study—older adults,
exercise intervention, and cardiorespiratory fitness—was used as
search terms, as listed in Table 1.

Additional synonymous search terms were included, guided
by the articles retrieved during the literature search. The inclusion
criteria covered studies written in English or Chinese using a
randomized controlled trial or a self-control trial experimental
design with subjects aged 60 years or older. Studies needed to
focus on exercise interventions for older adults, outcome
indicators all need to measure Maximal Oxygen Uptake (VO,max),
and studies with or without a control group were acceptable.
Conference papers, poor quality papers, and studies of exercise
combined with nutritional supplementation would be excluded.
All steps of the process followed the recommendations of the
PRISMA Flow Diagram (23), as presented in Figure 2. After
screening, a total of 68 articles (involving 1,594 subjects) met the
above inclusion criteria and were subjected to data processing
(24-91). Characteristics of the literature of the included studies
are presented in Supplementary Table S1. The quality of the
included studies was evaluated using the Physiotherapy Evidence
Database (PEDro) (92), with detailed in
Supplementary Table S2.

scale results

2.2 Data processing

2.2.1 Data encoding

Research by Luan et al. (15) identified age and sex as important
factors influencing CRE This evidence strongly supports our
decision to include these variables in the model construction. In
each research, we summarized the basic information include age,
Body Mass Index (BMI), VO,max initial value (VO,max pre),
improvement and sex, and exercise prescription elements of the
research’s subjects, include exercise frequency, intensity, time
and volume.

To prepare the available data as input and output for training the
model, we encoded this basic information and exercise prescription
elements to make them suitable for incorporation into the model
program. Values for certain information are retained to one decimal
place (e.g., age, BMI and VO,max pre). We calculate the VO,max
improvement and keep two decimal places (VO,max final
value = VO,max post).

When utilizing the trained BPNN, both input sets should
be encoded, but also the output data sets should be encoded.
Exercise prescription elements are established as our output sets.
The encoding of the output dataset is the same as the input set. For
the exercise intensity set, we extract the average value of the
exercise intensity range, convert it to a decimal and subtract 0.5
[taking 50% Heart Rate Reserve (HRR) exercise intensity as 0],
such as a study’s exercise intensity is 60% HRR, in our exercise
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FIGURE 1
The research methodology.

TABLE 1 Keywords of exercise intervention on improving cardiopulmonary fitness in the older adults.

Search words

Key words

Older adults Exercise intervention Cardiorespiratory fitness
Older adult Exercise Cardiovascular fitness
Geriatric Training Cardiopulmonary
Aging Physical activity Cardiorespiratory fitness
Aged Aerobic training VO,max
Combined training
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FIGURE 2
PRISMA flow-chart.

intensity set is 0.1. In the case of exercise time and volume set,
we keep two decimal places.

2.2.2 Data augmentation

To increase the sample size reasonably, we chose age, BMI,
VO,max initial value as the parameters for data augmentation
(mean + standard deviation) based on the collected studies as these
parameters showed greater variability in the dataset and were closely
related to the study objectives. Additionally, sex and VO,max
improvement were set as fixed valued because they are relatively stable
and have less impact on model performance (93).

Data augmentation is performed through the Randn function on
MATLAB (R2021a; MathWorks, Natick, MA, United States). These
generated numbers have passed various statistical tests of randomness
and independence, and their calculation can be repeated for testing or
diagnostic purposes (94).

We simulated the basic information of each subject in each study,
with each subject’s information generated in a 1*3 matrix format,
we simulated 1,594 groups of sample data.

2.3 Back-propagation neural network
model

2.3.1 Input and output layer setting

The number of neurons in the input unit has a direct impact on
the prediction outcome. We adopted a multi-input multi-output
(MIMO) architecture:

Input parameters (5 dimensions): Age, Sex, BMI, VO,max initial
value, and improvement.

Frontiers in Public Health

Output parameters (4 dimensions): Exercise frequency (days/
week), intensity (%HRR), time (minutes), and volume (weeks).

Continuous variables (e.g., age, BMI) were standardized according
to data coding method. Categorical variables (sex) were coded using
One-Hot Encoded (0 = female, 1 = male) to avoid numerical bias in
weight updates. To achieve a precise model, prior to training the
BPNN, we need to set the parameters of the neural network, the
selection of neuron transfers functions, and neural network training
algorithm and errors, etc. (93).

2.3.2 Model algorithm selection

The traditional BPNN suffers from slow convergence and local
minima trapping. The Levenberg-Marquardt (LM) algorithm was
implemented to enhance weight updates:

Aw:(JTJ+M)71 JTe (1)

in Equation 1 J is the Jacobian matrix of errors to weights, 4 is the
damping factor, and e is the error vector. LM dynamically adjusts A:

Decrease 4 when errors decline, approximating the Gauss-Newton
method for faster convergence.

Increase A when errors rise, reverting to gradient descent
for stability.

Compared to standard gradient descent (manual learning rate
tuning), LM leverages second-order derivative information for
adaptive step size optimization, particularly effective for medium-
scale networks (<1,000 parameters) (95). Despite higher memory
demands (storing J), matrix optimization in MATLAB Deep
Learning Toolbox.
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2.3.3 Model layers selection

In BPNN model, the parameter setup is crucial, with the number
of nodes in the hidden layer and neurons in the input set unit being
key variables. It has been established that a BPNN with a single hidden
layer and sufficient neurons can realize any nonlinear mapping (90).
However, if the sample number is large, a network with one hidden
layer fails to achieve an accurate function, and the calculation
efficiency decreases significantly (96). To create an accurate model, it
is necessary to determine the optimal number of hidden layers, with
the number of neurons in each hidden layer given by Equation 2.

m=<n+m+a (2)

where n, is the number of hidden neurons, n is the number of
input units, m is the number of output units, a is a constant between
[1,10] (97). According to the empirical formula, the neuron range was
set to 4-14.

Grid search across 1-7 hidden layers revealed: Single hidden layer
(12 neurons): RMSE = 1.62, faster training but prone to underfitting.
Three hidden layers (12-10-8 neurons): RMSE = 1.44 with minimal
validation error fluctuation. Deep layers enabled hierarchical feature
extraction: baseline traits (age/BMI) in the first layer, nonlinear
intensity thresholds in intermediate layers, and exercise prescription
integration in the final layer. The BPNN processing is depicted in
Figure 3.

2.4 Model training and validation

2.4.1 Model tuning and regularization strategies
To enhance model performance, a systematic hyperparameter

tuning process was conducted. Key parameters included: (i) Learning

Rate (17): Governs the step size during gradient descent. Tested values:

10.3389/fpubh.2025.1546712

{0.001,0.01,0.1}. (ii) Momentum Factor (f): Accelerates convergence
by smoothing weight updates. Tested values: {0.5,0.7,0.9}. (iii)
L2-Regularization Coefficient (@): Penalizes large weights to prevent
overfitting. Tested values: {0,0.001,0.01}. The optimal combination was
determined via grid search, minimizing validation Root Mean
Squared Error (RMSE).

To balance model complexity and generalizability, L2
regularization was integrated into the loss function:

w
L=MSE +a w}
Jj=1

3)

where W is the total number of weights. Early stopping monitored
validation loss, terminating training if no improvement occurred for
10 consecutive epochs, effectively preventing overfitting (98).

The LM algorithm implemented dynamic damping factor
adjustment (initial 4 =0.01)
approximation (A = 107°) (95), synergized with the L2-regularized

with finite-difference Jacobian

Mean Squared Error (MSE) loss in Equation (3) the default choice in
MATLAB’s LM implementation (trainlm) for hardware-accelerated
stability. This integrated design, validated by Luttmann et al. (99),
inherently unifies adaptive step control and weight regularization
through shared matrix optimization routines, demonstrating proven
noise resilience in physiological signal regression. Combined with
early stopping (10-epoch validation patience) (98), the framework
establishes a robust defense against overfitting while maintaining
computational efficiency.

2.4.2 Model training

This study needs to determine the appropriate division of the data
set to train the model and test the model. The dataset was partitioned
into: (i) Training set (80%): For weight updates. (ii) Validation set

Il . . . N
| Training The process of BP train !
1

1
! sample !
E input - BP i
! Encoding [ .. i
' - training !
: Training :
i sample . :
' Train over [
) output 4
II \\‘
I 1
1 1
1 1
: . A 4 . :
! Testing . Testing !
i | ; Trained ) i
| sample —  Encoding N — sample :
: s eural network .
: nput output i

1
i i
1 1
\\ ’I
FIGURE 3
BPNN training and testing process.
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(10%): For hyperparameter tuning and early stopping. (iii) Test set
(10%): For final performance evaluation.

Cross-validation, a statistical method, is commonly used in
applied machine learning to compare and select a model for a given
predictive modeling problem and usually produces skill estimates with
lower bias than other methods.

To ensure robust performance estimation, a nested cross-
validation framework was employed: (i) Outer loop: 10 folds for train-
test splits. (ii) Inner Loop: 10folds for hyperparameter optimization
within each training subset. For each outer fold: Model weights were
reinitialized to avoid bias. Training Leveraged LM optimization with
the selected hyperparameters. Predictions on the test fold were
aggregated to compute global metrics. Final metrics were averaged
across all folds. This approach reduced sampling bias and provided a
conservative estimate of generalization error.

2.4.3 Model validation

2.4.3.1 Evaluation indicators

To assess the accuracy of the model, the following evaluation
indicators were selected: (i) Mean Absolute Error (MAE), (ii) RMSE,
(iii) R-squared (R?), (iv) MSE, (v) Correlation Coefficient (R) and (vi)
Error Ratios.

The MAE and RMSE were calculated to provide a measure of the
average magnitude of the errors in the predictions. A value closer to 0
indicates higher accuracy of the model. The R* was evaluated to assess
the proportion of the variance in the dependent variable that is
predictable from the independent variable(s). A value closer to 1
indicates a better fit of the model to the data. The model’s performance
is quantified by the MSE, which measures the average squared
difference between the predicted and actual values—with a lower MSE

10.3389/fpubh.2025.1546712

indicating better performance—and by the R, which assesses the
strength and direction of the linear relationship between the predicted
and actual values, with =1 signifying a perfect positive linear
relationship. The error ratios were calculated relative deviations (%)
for prescription elements.

2.4.3.2 Experimental validation

In total, 64 older adults, aged 60-79, were recruited from a
community center in an urban area of Beijing to validate the practical
application of the model (Figure 4). These subjects often met for social
activities at the center (although they did not engage in physical
exercise), were undergoing regular health check-ups in primary
healthcare, and were invited to participate in the research. The
inclusion criteria were as follows: (i) aged 60-79, for both sexes; (ii)
self-reliant; (iii) having adequate vision and hearing to participate in
the intervention; and (iv) free from major physical and/or cognitive
disease/disability that could affect participation. All subjects
completed health risk screening and fully understood the purpose of
the study, the trial process, and subject rights and responsibilities
before their inclusion in the trial, and voluntarily signed an informed
consent form. Participants engaged in a similar intervention during
the same follow-up period were excluded. The research received
approval from the Ethics Committee of Beijing Sport University
(Ratification number: 2018018H), and all participants signed an
informed consent form.

Supervised aerobic exercises were conducted at the Community
Center’s Activity Plaza, using exercise equipment in the form of
elastic bands, and participants performed aerobic exercise with elastic
bands under the guidance of instructors. Exercise hours are during
regular business hours, excluding legal holidays. Participants carried
out their individualized program at designated times under the

Assessed for eligibility, n=107

Excluded, n=43

Not meeting inclusion criteria, n=22

[ Enrollment ]

Declined to participate, n=9

Enrolled, n=64

Other reasons, n=12

I

l

[ Allocation ] Female, n=32 Male, n=32
Lost to Lost to Discontinued intervention, n=2
[ Follow-Up ] follow-up, follow-up,
— = Other reasons, n=1
0 n=3
[ L ] Analysed, Analysed,
n=32 n=29

FIGURE 4
Flow through study.
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supervision of a staff-to-participant ratio of one to five. The staff
included athletic trainers, as well as graduate and undergraduate
students specializing in exercise science. Participants were also
encouraged to exercise at home to reach their exercise targets. The
degree of improvement in the model was set with reference to data
from the literature used for modeling. Literature findings in the
literature showed that after 12-weeks of exercise intervention, CRF
improved by an average of 10% in older adults’ subjects (25, 26, 32,
41, 53, 84), so the degree of improvement was set to 10% for all
subjects in the model. This approach aimed to enhance the model’s
realism and the accuracy and reliability of its prediction. The
individualized exercise prescription (frequency, intensity, time and
volume) for each subject to improve 10% CRF was obtained from the
model by entering the subject’s basic information. Aerobics was
chosen for the intervention, with exercise intensity gradually
increasing to match the individual intensity as prescribed by the
model. The Polar H10 heart rate monitoring system (ECG single-lead,
sample rate 130 Hz, Polar, Finland) was used to record a person’s
heart rate during exercise, allowing for adjustments to the exercise
intensity. A 6-min walk test (6MWT) was performed before and after
the intervention to evaluate improvements in CRE Ultimately, 61
subjects completed the study, resulting in a dropout rate of 4.7%. The
basic characteristics of the subjects are presented in Table 2. The
subjects’ estimated VO,peak (E-VO,peak) was based on the 6MWT
results (100).

The following statistical methods were employed in this study:
Linear regression analysis was used to evaluate the relationship
between expected-E-VO,peak and post-E-VO,peak. A paired sample
t-test was conducted to compare pre-E-VO,peak and post-E-VO,peak
values. Additionally, the “hit rate” (predictive accuracy) was calculated
to assess the model’s predictive goals and to reveal the direction and
magnitude of model bias through Bland-Altman analysis (101).

3 Results
3.1 Model design

We selected 68 articles and 1,594 datasets as the dataset.
We divided the dataset into 10 segments, using eight of them
(N =1,275) for weight updates, one (N = 159) for hyperparameter
tuning and early stopping and the remaining one (N = 159) for final
performance evaluation. The structure of the model incorporated a
five-dimensions input layer, three hidden layers with dimensions
12-10-8, and a four-dimensions output layer (Figure 5). Table 3 shows

TABLE 2 The basic characteristics of the subjects.

Characteristics ‘ Female (n = 32) ‘ Male (n = 29)

Age (years) 68.5+4.2 69.2 +6.1
Height (cm) 156.5+5.2 166.1 £ 6.0
Weight (kg) 60.4+95 67.8+8.3
BMI (kg/m?) 24.6 +3.4 245+24
6MWT (m) 527.1+70.8 531.5+89.3
Pre-E-VO,peak (ml kg™ min™") 11.9+22 122 +2.6
Improvement (%) 10 10
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the hyperparameter optimization results of the BPNN, and Table 4
shows the results of cross-validation.

Confirms the predictive superiority of our model. By comparing
the mean and best values of RMSE and MAE (1.4383 vs. 1.5206) and
(1.2366 vs. 1.5394). The R? values exceeded 0.99, further proves the
model’s predictive accuracy. Comparison with previous studies. Dai
etal. (102) developed a prediction model for student fitness assessment
using BPNN. It collected 332 datasets and reported a MAE of
approximately 2.649 and an RMSE of 3.032. Likewise, in another
study, Lin et al. (103) focused on predicting the brain age of healthy
older adults using an improved BPNN based on the LM algorithm. It
collected data from 112 subjects and achieved an average MAE of 6.14
and RMSE of 6.77 for brain age prediction. The above results imply
that the present model can accurately predict the exercise intensity,
time and volume.

The study results showed that the MSE of the predicted model was
4.5416 in Figure 6A, with R values for the training set, validation set, test
set, and total being 0.99659, 0.99408, 0.99326, and 0.99572, respectively
in Figure 6B. This result is consistent with Xie et al’s study (104), which
proposed a BPNN-based approach for developing postgraduate
students’ mental health status diagnostic model. Their model, trained on
461 datasets, had an MSE of 13.1279 and R values of 0.98448, 0.97373,
0.98128 and 0.98273 for the training, validation, test and total sets,
respectively. This indicated that our BPNN model has higher accuracy
in predicting exercise intensity, time, and volume. Figure 6A illustrates
the training error diagram of the LM-BPNN, with the horizontal axis
representing the training epoch and the vertical axis representing the
MSE on the dataset. Figure 6B shows the regression fitting values R for
the training, validation, testing and overall sets, respectively.

Following the training of the BPNN model was, we tested its
prediction ability Figures 7A-C illustrate the difference between the
target output versus model predictions for the data used for model
testing (N = 159). The average difference is 0.003 + 0.099 for exercise
intensity, —1.127 + 6.094 for exercise time and 0.314 + 1.750 for
exercise volume. The predicted values closely matched the target
output values, demonstrating impressive prediction accuracy.

Further error analysis using error ratios for elements revealed that
Figure 8 systematically quantifies the three elements error ratios for the
159 test samples, with the gray shaded band (—20 to 20%) delineating
the acceptability threshold. Specifically, 86% of the intensity errors
(red), 91% of the time errors (blue), and 84% of the volume errors
(black) fall within this range. Quantitative results showed average error
ratios of 7 + 12, —=5% * 9% and — 7% + 14% respectively, with most
error ratios below 20% tolerance threshold. These results confirm the
operational reliability of the model considering the errors inherent in
the coding/augmenting process of exercise prescriptions.

3.2 Experimental validation results

(Table 5),
recommended twice-weekly sessions at 64% HRR, averaging 48 min
(45-55 min)
improvements in E-VO,peak were measured again using the 6MWTT,

The model-generated exercise prescriptions

over 12 weeks. Post-intervention, significant
with females and males achieving 8.9 and 10.0% gains, respectively
(p < 0.001; Figure 9). During the exercise intervention, all subjects
showed well adaptability and tolerance with no serious side effects or

sports injuries, proving the safety of the exercise intervention program.

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1546712
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Xiao et al. 10.3389/fpubh.2025.1546712
Input Hidden layer Output
layer layer
Age Frequency
Sex
Intensity
BMI
Time
VO,max pre
Improvement 3 S Volume
FIGURE 5
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TABLE 3 Hyperparameter optimization results of the BPNN.

Basic information network Parameter setting

parameter

Learning Rate (n) 0.01
Error Precision 1077
Momentum Factor (f3) 0.9
L2 Regularization Coeficient (ar) 0.001
Display Interval 25
Maximum Number of Training Epochs 1,000

Linear regression confirmed strong correlation between expected-
E-VO,peak and post-E-VO,peak improvements (R* = 0.89 for females,
R?=0.91 for males; p < 0.001), with non-zero slopes indicating robust
predictive validity (Figures 10A,B).

Table 6 shows the “hit rate” of CRF improvement for 61 subjects
within a range of one standard deviation and 1.96 times standard
deviations (105, 106), with 70% (43/61) and 93% (57/61), indicating
satisfactory CRF improvement across the board. To comprehensively
assess model performance, we quantified the bias in predictions using
a Bland-Altman plots (Figures 11A,B). The mean bias between
expected and post-E-VO,peak improvement was —0.128 mL/kg/min
(95% LoA: —1.639 to 1.383) and 0.002 mL/kg/min (95% LoA: —1.614
to 1.618) for females and males, respectively, indicating that there was
no systematic over/underestimation. Notably, 96.9 and 93.1% of the
data points fell within the LoA range, respectively, which is consistent
with hit rates of 91% and 97 in the 1.96-SD range, reinforcing the
model’s precision across heterogeneous populations. The validity of
the model in different populations was demonstrated by hit rate and
Bland-Altman plot analyses.

4 Discussion

The study aims to develop a personalized exercise prescription for
improving CRF in older adults through a scientifically robust

Frontiers in Public Health

TABLE 4 Comparison of error indicators of each round of cross-
validation.

Round RMSE MAE R?
1

1.4190 1.6433 0.9946
2 1.3964 1.4312 0.9947
3 1.4777 1.6964 0.9941
4 1.6234 1.3363 0.9930
5 1.5250 1.4587 0.9938
6 1.3549 1.4226 0.9951
7 1.2620 1.2711 0.9957
8 1.5960 1.8182 0.9932
9 1.2366 1.5394 0.9959
10 1.4918 1.5887 0.9940
Mean 1.4383 1.5206 0.9944
Best 1.2366 1.5394 0.9959

framework. Conventional exercise prescriptions often adopt a one-size-
fits-all approach, failing to account for the physiological heterogeneity
inherent in older adults. To address this limitation, we employed a
mixed-methods approach, integrating a systematic literature review
with experimental validation to inform a BPNN model. This dual-
source strategy leverages historical intervention patterns and real-
world physiological variability, enabling the model to balance clinical
feasibility with personalized adaptability. The proposed framework
aims to optimize exercise prescriptions by dynamically aligning with
individual functional baseline, ultimately enhancing CRF and
supporting functional independence in older adults.

4.1 Accuracy of model predictive
performance

Error metrics are crucial for assessing model performance. Our
model demonstrated a more positive trend in terms of average RMSE
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and MAE (1.4383 vs. 1.5206) and (1.2366 vs. 1.5394) respectively, with
an R? value of more than 0.99. Like Parab et al., who achieved high
accuracy in predicting blood urea via BPNN (RMSE of 0.69 and 2.06),
our model leverages nonlinear mapping for CRF optimization (17).
However, unlike their static health metrics, our framework
incorporates dynamic exercise adaptation. Liu et al’s (107) proposed
a BPNN-based propagation delay prediction model showed the RMSE
and MAE of 6.2457 and 5.0817, respectively, under optimal
parameters. In comparison, our model showed more positive trend in
prediction accuracy. Additionally, when compared to previous studies
(95, 102, 103), it indicates that our BPNN model has better accuracy
in predicting performance.

Frontiers in Public Health

Traditional linear models fail to address the complex relationships
between individual factors (e.g., age, BMI) and exercise prescription
elements due to inherent physiological heterogeneity in older adults.
While prior studies, such as Beltrame et al. (21) demonstrated NN’s
utility in predicting aerobic energy expenditure (R = 0.98) using limited
inputs (e.g., heart rate, speed), their frameworks lacked multidimensional
older adults features. Our BPNN model addresses this gap through three
key innovations: (i) Dynamic parameter integration: Unlike static
models focusing on single parameters, our architecture normalizes age,
sex, BMI and the initial value of VO,max to capture nonlinear
interactions. For example, older adults with higher BMI required lower
exercise intensity—a relationship detectable only through multilayer
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TABLE 5 Model-generated exercise prescriptions for subjects.

Exercise Female (n = 32) Male (n = 29)
Prescriptions
Frequency (d/w) 2 2
Intensity (%HRR) 65.0 + 2.6 (60-68) 64.1 + 4.1 (56-76)
Time (min) 46.9 + 3.3 (39-55) 48.7 + 3.2 (42-56)
Volume (w) 12.2 + 1.0 (10-15) 12.3+0.4 (12-14)
Female Male
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FIGURE 9
Difference in pre-E-VO2peak, post-E-VO,peak and expected-E-
VO,peak.

nonlinear mapping. (ii) LM optimization: The LM algorithm’s adaptive
damping factor (1) balanced convergence speed and stability, achieving
smaller errors and higher predictive performance than other NN
algorithms and traditional multiple linear regression models (108),
enabling efficient handling of medium-scale datasets (N = 1,594) without
sacrificing precision. (iii) Data augmentation: By expanding age, BMI
and VO,max via MATLAB’s Randn function, we mitigated overfitting
while preserving physiological plausibility. These design choices
collectively yielded superior performance (RMSE = 1.44 vs. 3.032 in Dai
etal; 6.77 in Lin et al.), with MSE = 4.5416 and near-perfect correlation
coefficients (R >0.99 across training, validation, and test sets). The
results confirm the model’s ability to generate precise, individualized
prescriptions for intensity, time, and volume—critical for optimizing
CRF in aging populations.
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During the model prediction ability test, we observed minimal
differences between the target output and the model-predicted
exercise intensity, time and volume, with mean difference of
0.003 £ 0.099, —1.127 + 6.094, and 0.314 + 1.750, respectively. These
findings, as well as mean error ratios of these elements that were
mostly below 20%, mean that our BPNN model accurately predicted
the exercise prescription elements within an acceptable margin of
error. Importantly, when combining these metrics with clinical
guidelines, the error ratio for exercise intensity (7% + 12%) remained
within the ACSM-recommended target range for aerobic exercise of
50-85% HRR (14). Similarly, the error ratio in exercise time
(—5% + 9%) was consistent with the guideline of “30-60 min of
moderate-intensity activity per session,” and the error ratio for
exercise volume (—7% + 14%) was consistent with intervention
periods that have been shown to be effective in improving CRF in
older adults (e.g., 12 weeks) (109). These results suggest that even with
prediction error, model-generated exercise prescriptions remain
within the range of clinical safety and effectiveness.

Our BPNN model is accurate and precise in predicting various
elements of exercise prescription for older adults, with error results for
each element falling within the acceptable range. This provides an
important reference and support for the development and experimental
validation of exercise prescription tailored to older adults.

4.2 Validation of model in experimental
validation

After the experimental validation intervention, the female group
showed an 8.9% CRF improvement rate, and the male group showed
a10.0% CRF improvement rate, with both groups showing positive
changes consistent with the model’s predictions. Interestingly, the
wider improvement range in males (8.9-15.8% vs. 9.2-10% in females)
may reflect higher baseline muscle mass and testosterone levels, which
enhance CRF adaptation (110). However, females exhibited more
consistent gains, possibly due to better adherence to low-intensity
prescriptions—a pattern also observed in the FIT-Aging trail (111).
This outcome lends support to the validity of our prediction model.
The unique feature of our prediction model is its individualized
consideration. We know that every individual’s health is distinct, as it
is influenced by variables such as age, sex, BMI, and CRF level. These
elements impact a person’s ability to exercise effectively and safely.
Therefore, we personalize each subject’s exercise prescription based on
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TABLE 6 "Hit rate” of improvement at one standard deviation and 1.96
times standard deviation range.

Statistical Female Male

range Range Hit rate Range Hit rate
M +sd 3-17% 66%(21/32) 5-19% 76%(22/29)
M + 1.96sd —3-23% 919%(29/32) —2-28% 97%(28/29)

this information. Meanwhile, combining our model with wearable
devices (e.g., Polar H10) enables real-time intensity adjustment. For
example, during a workout, if the heart rate deviates outside the
margin of error, the system automatically suggests decreasing/
increasing elastic band resistance. This helps not only to ensure the
safety of the subject, but also to improve the effectiveness of the
exercise, which in turn improves the subject’s health.

We further validated the quantitative relationship between the
expected-E-VO,peak predicted by the model and the measured post-
E-VO;peak by linear regression analysis. The regression results for
the female group showed that the model predictions explained 89%
of the variance in CRF improvement (R” = 0.89, 95 CI: 0.84-0.93,
P <0.001), and the explanatory power was even higher in the male
group at 91% (R? = 0.91, 95% CI: 0.87-0.95, p < 0.001; Figures 10A,B).
Despite the BPNN’s inherent ability to model nonlinearly, verification
of the linear consistency of its outputs with actual values through
linear regression doubly confirms the biological plausibility of the
model. Compared with traditional multiple linear regression models
(based on static parameters such as heart rate, weight and height,
R?=0.702) (112), the prediction of dynamic indicators of CRF in this
model is more challenging, but by incorporating the dynamic
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parameters of exercise prescription (intensity, time) and the
multilayer nonlinear fitting capability of the BPNN still achieves a
high degree of accuracy, which significantly enhances the explanatory
power of prediction (AR” ~ 0.2) and is more relevant to the the actual
needs of chronic disease management.

With respect to the “hit rate” of CRF improvement, 70% of the
subjects (43/61) achieved improvement within one standard deviation,
while 93% (57/61) saw improvement within 1.96 times the standard
deviation, suggesting that the model is satisfactory for overall
CRF improvement.

To rigorously validate the consistency of the predictions, we used
a Brand-Altman analysis (Figures 11A,B). In general, it is considered
that the points in the graph should be located within the Lo A
(mean + 1.96 times standard deviation) range for 95% of all points, and
itis also important to consider that the Lo A is not outside the range of
professionally acceptable thresholds, and these requirements are
generally considered to be a better consistency between the two
methods (101). The results showed that the mean difference between
predicted and observed improvements in VO,max was —0.128 mL/kg/
min (95% LoA: —1.2 to +1.5) and 0.002 mL/kg/min (95% LoA: —1.614
to 1.618) for females and males, respectively, with 96.9 and 93.1% of
data points within the range of agreement. This is consistent with a 93%
hit rate in the 1.96-SD range, demonstrating that the model avoids
systematic bias while capturing interindividual variability. In contrast,
the noninvasive blood pressure prediction model reported a wider LoA
(—6.349 to 6.361 mmHg) (113), reflecting the increased complexity of
the CRF dynamic metrics relative to static weight metrics.

Compared with models predicting static metrics such as weight
change (114), the performance of the models in this study was
superior. For example, the weight prediction model had a wider range
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of consistency bounds (—2.5kg to 3.1 kg) and a Mean Absolute
Percentage Error (MAPE) was 3.5%. Whereas CRE, as a dynamic
physiological indicator in this study, has a higher prediction
complexity, the present model demonstrated its robustness in the
prediction of complex physiological adaptations through tighter error
control (94% of data points were locate within the consistency
boundaries) and higher explanatory power (R* > 0.9).

4.3 Strengths and limitations

It is important to note that our BPNN model may be accurate and
precise for predicting various elements of the exercise prescription for
older adults with characteristics like those participants examined in
this study. It is unclear if similar findings would be observed for
individuals who may have different characteristics such as the
presence of additional chronic health conditions or those with
mobility limitations.

This study boasts several advantages. First, it generated a
personalized exercise prescription model using BPNN to enhance
CRF in older adults. The model’s predictions suggest that the method
is feasible. Furthermore, the validity of the method is supported by the
anticipated improvement in CRF following intervention based on
model-generated exercise prescriptions for older adults.

The long-term goal of this model is to improve the physical
fitness of older adults, especially their CRF and endurance levels.
Through sustained personalized exercise interventions, we aim to
bolster the CRF of older adults, thereby improving the efficiency of
their cardiorespiratory system, reducing the risk of cardiovascular
diseases, and decelerating age-related decline in muscle mass and
bone density. The study confirmed that CRF levels were significantly
associated with VO,max < 15 mL/kg/min, those who achieved 15-22
and > 22 mL/kg/min decreased their overall mortality risk ratio to
0.66 and 0.45, respectively (115). Further analyses suggest that CRF
improvement not only reduces health risks but also translates into
significant economic benefits. Assuming every 3.5 mL/kg/min
increase in VO,max levels, normal-weight individuals save
approximately $3,272 in healthcare costs annually (116). If extended
to Chinas 267 million aging population, the potential socio-
economic impact would be extremely far-reaching—not only
reducing the burden on the public health system, but also indirectly
releasing the pressure on family care by enhancing the ability of the
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aged to live independently, creating a multi-dimensional
social benefit.

We acknowledge certain limitations in our study. A primary factor
contributing to the inaccurate prediction of exercise intensity is that
the included studies were all designed with different exercise
intensities for older adults, such as HRR%, VO,max%, and HRmax%.
Unavoidably, this introduces some random errors during the
harmonization process. As a result, the accuracy of exercise intensity
predictions cannot match the overall accuracy of forecasting for
exercise duration and volume.

In actual exercise interventions for senior adults, exercise
intensity is not fixed but varies within a range. Likewise, while coding
the exercise intensity set, we utilized the median value of exercise
intensities used across studies. Therefore, the expected exercise
intensities should be regarded as indicative median values, and a 5 to
10% hike or reduction can be used as anticipated exercise intensity
range. In addition, the 6MWTT can only estimate, rather than directly
measure VO,max, and thus we could not accurately determine the
subjects’ VO,max. Although we used the standard 6MWT to estimate
VO,peak in our study, this method still has some error and
uncertainty. Therefore, our results may be limited by this estimation
method. When choosing the type of exercise, considering the safety
and motivation of older adults, our experiment focused solely on
elastic band training and excluded resistance exercise and high
intensity interval training (HIIT), two exercise types that may
improve CRF to some extent (117, 118). This specificity introduces
two limitations: First, by not testing multiple modalities (e.g., cycling
or swimming), our model’s generalizability is constrained. However,
this reflects a deliberate trade-off given elastic bands’ advantage in
accessibility, safety, and cost-effectiveness-critical for scalability in
resource-limited communities. Second the absence of resistance
exercise and HIIT prevents comprehensive assessment of different
exercise types’ effects on CRFE. Additionally, the lack of a comparison
group using non-BPNN exercise prescriptions limits our ability to
determine the model’s superiority over other methods. Future
iterations could address these limitations by incorporating exercise
type as an input variable.

Despite our model’ high level of simulation, we cannot yet
generate completely individualized prescriptions for each person. For
instance, the model would produce an identical prescription of
exercise if two senior citizens have the same parameters. Hence, actual
enhancements need to be verified in practice.
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Going forward, we plan to increase the model’s sample size and
implement a two-stage enhancement: (i) integrating Kalman filtering
layers (99) between network modules to enable dynamic noise
adaptation during real-time inference; specifically tackling motion-
induced signal artifacts in heart rate monitoring during physical
exercise; (ii) developing a hybrid preprocessing pipeline that combines
the existing BPNN architecture with adaptive signal conditioning
algorithms. These technical advancements will form the foundation
for aged-targeted applications requiring robust handling of
non-stationary physiological signals.

5 Conclusion

In this research, we suggest utilizing a model based on BPNN to
develop individualized CRF exercise prescriptions for the older adults.
This five-layer model, with a structure of 5-12-10-8-4, can generate
tailored exercise prescription by processing the older adult’s basic
information post-exercise evaluation and the targeted improvement
degree of CRE After augmenting the collected data, we develop an
evaluation system to access cardiorespiratory health (VO,max) through
machine learning and modeling, offering a convenient approach to
health exercises for future older adult populations. Experimental
results indicate a strong correlation between the predicted exercise
prescriptions from our model and actual exercise prescriptions. To
assess the model’s real-world improvement, we recruited subjects to
participate in intervention based on the model-generated exercise
prescriptions. The post-intervention VO,max closely matched the
expected improved VO,max, confirming the high validity and
reliability of our BPNN-based model for prescribing exercises to
older adults.

This study provides initial evidence of the BPNN model in
creating personalized exercise prescription for older adults, but
more work is needed before this can be applied clinically broadly
to older adults.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by the
Institutional Review Board of Beijing Sport University
(Ratification number: 228 2018018H). The studies were conducted
in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study.

Author contributions

YX: Data curation, Validation, Writing - original draft, Formal
analysis, Investigation, Methodology, Software. CX: Funding

Frontiers in Public Health

14

10.3389/fpubh.2025.1546712

acquisition, Project administration, Resources, Supervision,
Writing - review & editing, Conceptualization, Methodology. LZ:
Data curation, Investigation, Validation, Writing - original draft,
XD: Validation,

Visualization, Writing - original draft.

Formal analysis, Software. Investigation,

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. The research proposal was
supported by the National Key R&D Program of China
(2018YFC2000604) and the Fundamental Research Funds for the
Central Universities (20155YS06).

Acknowledgments

We extend our heartfelt thanks to all contributors for their
invaluable support in this research endeavor. Gratitude is expressed
to the National Key R&D Program of China (grant 2018YFC2000604)
and the Fundamental Research Funds for the Central Universities
(grant 2015SYS06) for their financial backing. We also acknowledge
the Institutional Review Board of Beijing Sport University for their
approval (No. 2018018H) and the participants for their informed
consent. Our appreciation goes to the administrative and technical
staff for their essential support.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation of
this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpubh.2025.1546712/
full#supplementary-material

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1546712
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1546712/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1546712/full#supplementary-material

Xiao et al.

References

1. Raghuveer G, Hartz J, Lubans DR, Takken T, Wiltz JL, Mietus-Snyder M, et al.
Cardiorespiratory fitness in youth: an important marker of health: a scientific statement
from the American Heart Association. Circulation. (2020) 142:e101-18. doi:
10.1161/CIR.0000000000000866

2. Kohler R, Rorato P, Braga ALF, Velho RB, Krause MP. Effects of aging and exercise
on the cardiorespiratory fitness of older women. Revista Brasileira De Geriatria E
Gerontologia. (2016) 19:603-12. doi: 10.1590/1809-98232016019.150092

3. Raguso CA, Kyle U, Kossovsky MP, Roynette C, Paoloni-Giacobino A, Hans D, et al.
A 3-year longitudinal study on body composition changes in the elderly: role of physical
exercise. Clin Nutr. (2006) 25:573-80. doi: 10.1016/j.cInu.2005.10.013

4. Fleg JL, Morrell CH, Bos AG, Brant LJ, Talbot LA, Wright JG, et al. Accelerated
longitudinal decline of aerobic capacity in healthy older adults. Circulation. (2005)
112:674-82. doi: 10.1161/CIRCULATIONAHA.105.545459

5. Kodama S, Saito K, Tanaka S, Maki M, Yachi Y, Asumi M, et al. Cardiorespiratory fitness
as a quantitative predictor of all-cause mortality and cardiovascular events in healthy men
and women: a meta-analysis. JAMA. (2009) 301:2024-35. doi: 10.1001/jama.2009.681

6. Pollock M, Gaesser G, Butcher J, Després J, Dishman R. ACSM Position Stand: The
Recommended Quantity and Quality of Exercise for Developing and Maintaining
Cardiorespiratory and Muscular Fitness, and Flexibility in Healthy Adults. Medicine ¢
Science in Sports & Exercise. (1998) 30:975-91. doi: 10.1249/00005768-199806000-00032

7. Garrahy E, Davison K, Hardcastle S, O’Brien J, Pedersen S, Williams A, et al.
Exercise as cardiovascular medicine. Aust J Gen Pract. (2020) 49:483-7. doi:
10.31128/AJGP-03-20-5294

8. Izquierdo M, Merchant RA, Morley JE, Anker SD, Aprahamian I, Arai H, et al.
International exercise recommendations in older adults (ICFSR): expert consensus
guidelines. ] Nutr Health Aging. (2021) 25:824-53. doi: 10.1007/s12603-021-1665-8

9. Pescatello LS, Franklin BA, Fagard R, Farquhar WB, Kelley GA, Ray CA, et al.
American College of Sports Medicine position stand. Exercise and hypertension. Med
Sci Sports Exerc. (2004) 36:533-53. doi: 10.1249/01.mss.0000115224.88514.3a

10. Lambert EV, Kolbe-Alexander T, Adlakha D, Oyeyemi A, Anokye NK, Goenka S,
et al. Making the case for “physical activity security”: the 2020 WHO guidelines on
physical activity and sedentary behaviour from a global south perspective. Br J Sports
Med. (2020) 54:1447-8. doi: 10.1136/bjsports-2020-103524

11. Bouchard C. Individual differences in the response to regular exercise.
International journal of Obesity & Related Metabolic Disorders Journal of the
International Association for the Study of. Obesity. (1995) 19:S5.

12. Ross R, Goodpaster BH, Koch LG, Sarzynski MA, Kohrt WM, Johannsen NM,
et al. Precision exercise medicine: understanding exercise response variability. Br J Sports
Med. (2019) 53:1141-53. doi: 10.1136/bjsports-2018-100328

13. Galloway M, Marsden DL, Callister R, Erickson KI, Nilsson M, English C. What
is the dose-response relationship between exercise and cardiorespiratory fitness after
stroke? A Systematic Review. Phys Ther. (2019) 99:821-32. doi: 10.1093/ptj/pzz038

14. Nelson ME, Rejeski W], Blair SN, Duncan PW, Judge JO, King AC, et al. Physical
activity and public health in older adults: recommendation from the American College
of Sports Medicine and the American Heart Association. Med Sci Sports Exerc. (2007)
39:1435-45. doi: 10.1249/mss.0b013e3180616aa2

15. Luan X, Tian X, Zhang H, Huang R, Li N, Chen P, et al. Exercise as a prescription
for patients with various diseases. J Sport Health Sci. (2019) 8:422-41. doi:
10.1016/j.jshs.2019.04.002

16. Xie L. The heat load prediction model based on BP neural network-markov model.
Procedia Computer Sci. (2017) 107:296-300. doi: 10.1016/j.procs.2017.03.108

17. Parab J, Sequeira M, Lanjewar M, Pinto C, Naik G. Backpropagation neural network-
based machine learning model for prediction of blood urea and glucose in CKD patients.
IEEE ] Transl Eng Health Med. (2021) 9:1-8. doi: 10.1109/JTEHM.2021.3079714

18.Luo E An improved BP neural network algorithm and its application in
competitive advantage evaluation of logistics enterprises. Adv Mater Res. (2013)
850-851:788-91. doi: 10.4028/www.scientific.net/ AMR.850-851.788

19. Zhang J, Zhao X, Wu Y, Cao P, Wang X, Shi F, et al. Analysis and modeling of
football Team’s collaboration mode and performance evaluation using network science
and BP neural network. Math Probl Eng. (2020) 2020:1-13. doi: 10.1155/2020/7397169

20. Mercorelli P. Recent advances in intelligent algorithms for fault detection and
diagnosis. Sensors (Basel). (2024) 24:2656. doi: 10.3390/524082656

21. Beltrame T, Amelard R, Villar R, Shafiee MJ, Wong A, Hughson RL. Estimating
oxygen uptake and energy expenditure during treadmill walking by neural network
analysis of easy-to-obtain inputs. J Appl Physiol (1985). (2016) 121:1226-33. doi:
10.1152/japplphysiol.00600.2016

22.Frade MCM, Beltrame T, Pinto A. Toward characterizing cardiovascular fitness
using machine learning based on unobtrusive data. PLoS One. (2023) 18:€0282398. doi:
10.1371/journal.pone.0282398

23. Liberati A, Altman DG, Tetzlaff ], Mulrow C, Getzsche PC, Ioannidis JPA, et al.
The PRISMA statement for reporting systematic reviews and meta-analyses of studies
that evaluate healthcare interventions: explanation and elaboration. BMJ. (2009)
339:b2700. doi: 10.1136/bmj.b2700

Frontiers in Public Health

15

10.3389/fpubh.2025.1546712

24. Faramarzi M, Bagheri L, Banitalebi E. Effect of sequence order of combined
strength and endurance training on new adiposity indices in overweight elderly women.
Isokinet Exerc Sci. (2018) 26:1-9. doi: 10.3233/1ES-172195

25. Alcazar J, Losa-Reyna ], Rodriguez-Lopez C, Navarro-Cruz R, Acha A, Ara [, et al.
Effects of concurrent exercise training on muscle dysfunction and systemic oxidative
stress in older people with COPD. Scand ] Med Sci Sports. (2019) 29:1591-603. doi:
10.1111/sms.13494

26. Christopher H, Weston KL, Matthew W. The effect of 12 weeks of combined upper-
and lower-body high-intensity interval training on muscular and cardiorespiratory
fitness in older adults. Aging Clin Exp Res. (2018) 31:661-71. doi:
10.1007/s40520-018-1015-9

27. Pospieszna B, Rychlewski T, Michalak E. The influence of an 8-week ergometer
training on postmenopausal women in view of their biological age. Stud Physical Culture
& Tourism. (2010) 7:302-8.

28. Lovell DI, Cuneo R, Gass GC. Can aerobic training improve muscle strength and
power in older men? J Aging Phys Act. (2010) 18:14-26. doi: 10.1123/japa.18.1.14

29.Yu P, Ji P, Hu S, Wang P, Tang Y, Wei L. Effects of individualized aerobic training
combined with resistance training on blood glucose, lipid and exercise performance in
patients with coronary artery disease and type 2 diabetes mellitus. South China ]
Cardiovasc Dis. (2017) 23:525-9. doi: 10.3969/j.issn.1007-9688.2017.05.06

30. Zhang H, Wu Y, Yi R. Effects of walking on cardiorespiratory endurance and lipid-
related indexes in elderly women. Chin ] Gerontol. (2016) 36:3514-6. doi: 10.3969/j.
issn.1005-9202.2016.14.076

31. Brubaker PH, Moore JB, Stewart KP, Wesley DJ, Kitzman DW. Endurance exercise
training in older patients with heart failure: results from a randomized, controlled,
single-blind ~ trial. ] Am  Geriatr  Soc.  (2009)  57:1982-9.  doi:
10.1111/§.1532-5415.2009.02499.x

32. Park J, Nakamura Y, Kwon Y, Park H, Kim E, Park S. The effect of combined
exercise training on carotid artery structure and function, and vascular endothelial
growth factor (VEGF) in obese older women. Jpn ] Phys Fitness Sports Med. (2010)
59:495-504. doi: 1047600/jspfsm.59.495

33. Wang D, Zhao C, Wang L. Research on the VO2max changing trend of 60~69 years
old people after 12 weeks indoor bicycle training. Liaoning Sport Sci Technol. (2018)
40:68-70. doi: 10.13940/j.cnki.Intykj.2018.03.018

34. Kwon Y, Park S, Kim E, Park J. The effects of multi-component exercise training
on VO2max, muscle mass, whole bone mineral density and fall risk in community-
dwelling elderly women. Tairyoku Kagaku Japanese ] Physical Fitness & Sports Med.
(2008) 57:339-48. doi: 10.7600/JSPFSM.57.339

35. Zafra MM, Garcia-Cant6 E, Garcia PLR, Pérez-Soto JJ, Lopez MLT. Influence of a
physical exercise program on VO2max in adults with cardiovascular risk factors. Clinica
e Investigacion en Arteriosclerosis. (2018) 30:95-101. doi: 10.1016/j.artere.2018.04.001

36. Vianna M, Cader SA, Gomes A. Aerobic conditioning, blood pressure (BP) and
body mass index (BMI) of older participants of the Brazilian family health program
(FHP) after 16 weeks of guided physical activity. Arch Gerontol Geriatr. (2012) 54:210-3.
doi: 10.1016/j.archger.2011.02.013

37.Ryan AS, Li G, Blumenthal JB, Ortmeyer HK. Aerobic exercise + weight loss
decreases skeletal muscle myostatin expression and improves insulin sensitivity in older
adults. Obesity. (2013) 21:1350-6. doi: 10.1002/0by.20216

38. Paillard T, Sablayrolles M, Costes-Salon MC, Lafont C, Dupui P, Riviére D.
Influence d’'un programme de marche sur la consommation maximale doxygene (max)
et les aptitudes psychomotrices de sujets gés sains et actifs. Sci Sports. (2001) 16:32-5.
doi: 10.1016/S0765-1597(00)00035-6

39. Bichay A, Ramirez JM, Ntez VM, Lancho C, Poblador MS, Lancho JL. Efficacy of
treadmill exercises on arterial blood oxygenation, oxygen consumption and walking
distance in healthy elderly people: a controlled trial. BMC Geriatr. (2016) 16:1-10. doi:
10.1186/s12877-016-0283-5

40. Bruseghini P, Calabria E, Tam E, Milanese C, Oliboni E, Pezzato A, et al. Effects of
eight weeks of aerobic interval training and of isoinertial resistance training on risk
factors of cardiometabolic diseases and exercise capacity in healthy elderly subjects.
Oncotarget. (2015) 6:16998-7015. doi: 10.18632/oncotarget.4031

41. Knowles AM, Herbert P, Easton C, Sculthorpe N, Grace FM. Impact of low-
volume, high-intensity interval training on maximal aerobic capacity, health-related
quality of life and motivation to exercise in ageing men. Age. (2015) 37:25. doi:
10.1007/s11357-015-9763-3

42. Chen CH, Chen YJ, Tu HP, Huang MH, Jhong JH, Lin KL. Benefits of exercise
training and the correlation between aerobic capacity and functional outcomes and
quality of life in elderly patients with coronary artery disease. Kaohsiung | Med Sci.
(2014) 30:521-30. doi: 10.1016/j.kjms.2014.08.004

43. Vilela E, Ladeiras Lopes R, Torres S, Jodo A, Ribeiro ], Primo J, et al. Differential
impact of a cardiac rehabilitation program on functional parameters in elderly versus
non-elderly myocardial infarction survivors. Cardiology. (2019) 145:1-8.

44. Coker R, Hays N, Williams R, Brown A, Freeling S, Kortebein P, et al. Exercise-
induced changes in insulin action and glycogen metabolism in elderly adults. Med Sci
Sports Exerc. (2006) 38:433-8. doi: 10.1249/01.mss.0000191417.48710.11

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1546712
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1161/CIR.0000000000000866
https://doi.org/10.1590/1809-98232016019.150092
https://doi.org/10.1016/j.clnu.2005.10.013
https://doi.org/10.1161/CIRCULATIONAHA.105.545459
https://doi.org/10.1001/jama.2009.681
https://doi.org/10.1249/00005768-199806000-00032
https://doi.org/10.31128/AJGP-03-20-5294
https://doi.org/10.1007/s12603-021-1665-8
https://doi.org/10.1249/01.mss.0000115224.88514.3a
https://doi.org/10.1136/bjsports-2020-103524
https://doi.org/10.1136/bjsports-2018-100328
https://doi.org/10.1093/ptj/pzz038
https://doi.org/10.1249/mss.0b013e3180616aa2
https://doi.org/10.1016/j.jshs.2019.04.002
https://doi.org/10.1016/j.procs.2017.03.108
https://doi.org/10.1109/JTEHM.2021.3079714
https://doi.org/10.4028/www.scientific.net/AMR.850-851.788
https://doi.org/10.1155/2020/7397169
https://doi.org/10.3390/s24082656
https://doi.org/10.1152/japplphysiol.00600.2016
https://doi.org/10.1371/journal.pone.0282398
https://doi.org/10.1136/bmj.b2700
https://doi.org/10.3233/IES-172195
https://doi.org/10.1111/sms.13494
https://doi.org/10.1007/s40520-018-1015-9
https://doi.org/10.1123/japa.18.1.14
https://doi.org/10.3969/j.issn.1007-9688.2017.05.06
https://doi.org/10.3969/j.issn.1005-9202.2016.14.076
https://doi.org/10.3969/j.issn.1005-9202.2016.14.076
https://doi.org/10.1111/j.1532-5415.2009.02499.x
https://doi.org/10.7600/jspfsm.59.495
https://doi.org/10.13940/j.cnki.lntykj.2018.03.018
https://doi.org/10.7600/JSPFSM.57.339
https://doi.org/10.1016/j.artere.2018.04.001
https://doi.org/10.1016/j.archger.2011.02.013
https://doi.org/10.1002/oby.20216
https://doi.org/10.1016/S0765-1597(00)00035-6
https://doi.org/10.1186/s12877-016-0283-5
https://doi.org/10.18632/oncotarget.4031
https://doi.org/10.1007/s11357-015-9763-3
https://doi.org/10.1016/j.kjms.2014.08.004
https://doi.org/10.1249/01.mss.0000191417.48710.11

Xiao et al.

45. Deiseroth A, Streese L, Kochli S, Wiist R, Infanger D, Schmidt-Truckséss A, et al.
Exercise and arterial stiffness in the elderly: a combined cross-sectional and randomized
controlled trial (EXAMIN AGE). Front Physiol. (2019) 10:1119. doi:
10.3389/fphys.2019.01119

46. Lange E, Kucharski D, Svedlund S, Svensson K, Bertholds G, Gjertsson I, et al.
Effects of aerobic and resistance exercise in older adults with rheumatoid arthritis: a
randomized controlled trial. Arthritis Care Res. (2019) 71:61-70. doi: 10.1002/acr.23589

47. Michael S, Fisher N, Yaniv A, Rudoy J. Effect of running versus isometric training
programs on healthy elderly at rest. Gerontology. (1989) 35:72-7. doi: 10.1159/000213002

48. Bouaziz W, Schmitt E, Vogel T, Lefebvre F, Remetter R, Lonsdorfer-Wolf E, et al.
Effects of interval aerobic training program with recovery bouts on cardiorespiratory
and endurance fitness in seniors. Scand ] Med Sci Sports. (2018) 28:2284-92. doi:
10.1111/sms.13257

49. Gildenhuys G, Fourie M, Shaw I, Shaw B, Toriola A, Witthuhn J. Evaluation of
Pilates training on agility, functional mobility and cardiorespiratory fitness in elderly
women. AJPHERD. (2013) 19:505-12.

50. Cadore E, Pinto R, Teodoro J. Cardiorespiratory adaptations in elderly men
following different concurrent training regimes. J Nutrition Health and Aging. (2017)
22:483-90. doi: 10.1007/s12603-017-0958-4

51. Burich R, Teljigovi¢ S, Boyle E, Sjogaard G. Aerobic training alone or combined
with strength training affects fitness in elderly: randomized trial. Eur J Sport Sci. (2015)
15:773-83. doi: 10.1080/17461391.2015.1060262

52.Bagheri R, Hooshmand-Moghadam B, Church D, Tinsley G, Eskandari M,
Moghadam B, et al. The effects of concurrent training order on body composition and
serum concentrations of follistatin, myostatin and GDF11 in sarcopenic elderly men.
Exp Gerontol. (2020) 133:110869. doi: 10.1016/j.exger.2020.110869

53.Cao L, Jiang Y, Li Q, Wang J, Tan S. Exercise training at maximal fat oxidation
intensity for overweight or obese older women: a randomized study. J Sports Sci Med.
(2019) 18:413-8.

54. Audette ], Jin Y, Appaneal R, Stein L, Duncan G, Frontera W. Tai Chi versus brisk
walking in elderly women. Age Ageing. (2006) 35:388-93. doi: 10.1093/ageing/afl006

55. @steras H, Hoff ], Helgerud J. Effects of high-intensity endurance training on
maximal oxygen consumption in healthy elderly people. J Appl Gerontol. (2005)
24:377-87. doi: 10.1177/0733464804273185

56. Albinet C, Abou-Dest A, André N, Audiffren M. Executive functions improvement
following a 5-month aquaerobics program in older adults: role of cardiac vagal control in
inhibition performance. Biol Psychol. (2016) 115:69-77. doi: 10.1016/j.biopsycho.2016.01.010

57. Takeshima N, Tanaka K, Kobayashi F, Watanabe T, Kato T. Effects of aerobic
exercise conditioning at intensities corresponding to lactate threshold in the elderly. Eur
J Appl Physiol Occup Physiol. (1993) 67:138-43.

58. Villanueva M, He ], Schroeder E. Periodized resistance training with and without
supplementation improve body composition and performance in older men. Eur ] Appl
Physiol. (2014) 114:891-905. doi: 10.1007/s00421-014-2821-1

59. Imai A, Sengoku N, Koizumi D, Kitabayashi Y, Naruse A, Rogers ME, et al. Effect
of a concurrent well-rounded exercise training using a floor-based Exercise Station in
older women. International journal of sport and health. Science. (2017) 15:168-78. doi:
10.5432/ijshs.201706

60. Aldred S, Rohalu M. A moderate intensity exercise program did not increase the
oxidative stress in older adults. Arch Gerontol Geriatr. (2011) 53:350-3. doi:
10.1016/j.archger.2010.12.002

61. Lovell D, Cuneo R, Wallace J, McLellan C. The hormonal response of older men
to sub-maximum aerobic exercise: the effect of training and detraining. Steroids. (2012)
77:413-8. doi: 10.1016/j.steroids.2011.12.022

62. Boukabous I, Marcotte-Chénard A, Amamou T, Boulay P, Brochu M, Tessier D,
et al. Low-volume high-intensity interval training (HIIT) versus moderate-intensity
continuous training on body composition, Cardiometabolic profile and physical capacity
in older women. ] Aging Phys Act. (2019) 27:1-34. doi: 10.1123/japa.2018-0309

63. Latosik E, Zubrzycki I, Ossowski Z, Bojke O, Clarke A, Wiacek M, et al.
Physiological responses associated with Nordic-walking training in systolic hypertensive
postmenopausal women. ] Hum Kinet. (2014) 43:185-90. doi: 10.2478/hukin-2014-0104

64. Watson E, Gould D, Wilkinson T, Xenophontos S, Clarke A, Vogt B, et al. 12-weeks
combined resistance and aerobic training confers greater benefits than aerobic alone in
non-dialysis CKD. American ] Physiology-Renal Physiol. (2018) 314:F1188-96. doi:
10.1152/ajprenal.00012.2018

65. Wilhelm E, Rech A, Minozzo F, Botton C, Radaelli R, Teixeira B, et al. Concurrent
strength and endurance training exercise sequence does not affect neuromuscular
adaptations in older men. Exp Gerontol. (2014) 60:207-14. doi:
10.1016/j.exger.2014.11.007

66. Strasser B, Keinrad M, Haber P, Schobersberger W. Efficacy of systematic
endurance and resistance training on muscle strength and endurance performance in
elderly adults - a randomized controlled trial. Wien Klin Wochenschr. (2009) 121:757-64.
doi: 10.1007/s00508-009-1273-9

67. Cadore E, Pinto R, Lhullier , Correa C, Alberton C, Pinto S, et al. Physiological
effects of concurrent training in elderly men. Int J Sports Med. (2010), 31, 689-697. doi:
10.1055/5-0030-1261895

Frontiers in Public Health

10.3389/fpubh.2025.1546712

68. Santana M, Lira C, Passos G, Santos C, Silva A, Yoshida C, et al. Is the six-minute
walk test appropriate for detecting changes in cardiorespiratory fitness in healthy elderly
men? ] Sci Med Sport/Sports Med Australia. (2011) 15:259-65. doi:
10.1016/j.jsams.2011.11.249

69. Babcock M, Paterson D, Cunningham D. Effects of aerobic endurance training on
gas exchange kinetics of older men. Med Sci Sports Exerc. (1994) 26:447-52.

70. Belman M, Gaesser G. Exercise training below and above the lactate threshold in
the  elderly ~ Med  Sci  Sports  Exerc.  (1991)  23:562-8.  doi:
10.1249/00005768-199105000-00008

71. Blumenthal J, Emery C, Madden D, Coleman RE, Riddle M, Schniebolk S, et al.
Effects of exercise training on cardiorespiratory function in men and women >60 years
of age. Am J Cardiol. (1991) 67:633-9. doi: 10.1016/0002-9149(91)90904-Y

72. Braith R, Pollock M, Lowenthal D, Graves J, Limacher M. Moderate and high-
intensity exercise lowers blood pressure in normotensive subjects 60 to 79 years of age.
Am J Cardiol. (1994) 73:1124-8. doi: 10.1016/0002-9149(94)90294-1

73. Carroll J, Convertino V, Pollock M, Graves ], Lowenthal D. Effect of 6 months of
exercise training on cardiovascular responses to head-up tilt in the elderly. Clin Physiol
(Oxford, England). (1995) 15:13-25. doi: 10.1111/j.1475-097X.1995.tb00426.x

74. Carroll ], Pollock M, Graves ], Leggett S, Spitler D, Lowenthal D. Incidence of
injury during moderate-and high-intensity walking training in the elderly. ] Gerontol.
(1992) 47:M61-6. doi: 10.1093/geronj/47.3.M61

75. Engels H, Drouin J, Zhu W, Kazmierski J. Effects of low-impact, moderate-
intensity exercise training with and without wrist weights on functional capacities and
mood states in older adults. Gerontology. (1998) 44:239-44. doi: 10.1159/000022018

76. Fahlman M, Boardley D, Flynn M, Braun WA, Lambert CP, Bouillon L. Effects of
endurance training on selected parameters of immune function in elderly women.
Gerontology. (2000) 46:97-104.

77. Gillett P, White A, Caserta M. Effect of exercise and/or fitness education on fitness
in older, sedentary, obese women. J Aging Phys Act. (1996) 4:42-55.

78. Jessup J, Lowenthal D, Pollock M, Turner T. The effects of endurance exercise
training on ambulatory blood pressure in normotensive older adults. Geriatr Nephrol
Urol. (1998) 8:103-9. doi: 10.1023/A:1008287320868

79. Panton L, Guillen G, Williams L, Graves J, Vivas C, Cediel M, et al. The lack of
effect of aerobic exercise training on propranolol pharmacokinetics in young and elderly
adults. J Clin Pharmacol. (1995) 35:885-94. doi: 10.1002/j.1552-4604.1995.tb04133.x

80. Schwartz R, Shuman W, Larson V, Cain K, Fellingham G, Beard J, et al. The effect
of intensive endurance exercise training on body fat distribution in young and older
men. Metab Clin Exp. (1991) 40:545-51. doi: 10.1016/0026-0495(91)90239-S

81. Sunami Y, Motoyama M, Kinoshita F, Mizooka Y, Sueta K, Matsunaga A, et al.
Effects of low-intensity aerobic training on the high-density lipoprotein cholesterol
concentration in healthy elderly subjects. Metab Clin Exp. (1999) 48:984-8.

82. Fabre CB, Massé-Biron ], Ahmaidi S, Adam B, Préfaut C. Effectiveness of
individualized aerobic training at the Ventilatory threshold in the elderly. ] Gerontol A
Biol Sci Med Sci. (1997) 52:B260-6. doi: 10.1093/gerona/52A.5.B260

83. Pichot V, Roche E, Denis C, Garet M, Duverney D, Costes F, et al. Interval training
in elderly men increases both heart rate variability and baroreflex activity. Clinical
Autonomic Res: Official ] Clin Autonomic Res Society. (2005) 15:107-15. doi:
10.1007/s10286-005-0251-1

84. Nieman D, Warren B, O’Donnell K, Dotson R, Butterworth D, Henson D. Physical
activity and serum lipids and lipoproteins in elderly women. ] Am Geriatr Soc. (1994)
41:1339-44.

85. De Vito G, Hernandez R, Gonzalez V, Felici F, Figura F. Low intensity physical
training in older subjects. J Sports Med Phys Fitness. (1997) 37:72-7.

86. Posner J, Gorman M, Landsberg L. Low to moderate intensity endurance training
in healthy older adults: physiological responses after four months. J Am Geriatr Soc.
(1992) 40:1-7.

87.Wu H, Song Q, Hu J, Zhao X. Effects of long-term outdoor hiking activities on
cardiorespiratory endurance and limb motor function in elderly people. Chin ] Gerontol.
(2019) 39:95-7. doi: 10.3969/j.issn.1005-9202.2019.01.035

88. Murias J, Kowalchuk J, Paterson D. Time course and mechanisms of adaptations
in cardiorespiratory fitness with endurance training in older and young men. ] App
Physiol (Bethesda, Md). (1985) 108:621-7. doi: 10.1152/japplphysiol.01152.2009

89. Kanitz A, Delevatti R, Reichert T, Liedtke G, Ferrari R, Almada B, et al. Effects of
two deep water training programs on cardiorespiratory and muscular strength responses
in older adults. Exp Gerontol. (2015) 64:55-61. doi: 10.1016/j.exger.2015.02.013

90. Stewart K, Ouyang P, Bacher A, Lima S, Shapiro E. Exercise effects on cardiac
size and left ventricular diastolic function: relationships to changes in fitness, fatness,
blood pressure and insulin resistance. Heart. (2006) 92:893-8. doi:
10.1136/hrt.2005.079962

91.Liu X, Li X, Bi H, Yue S. Influence of combined endurance-resistance training on
cardiopulmonary function in patients with coronary heart disease. Chinese. ] Rehabil
Med. (2018) 33:915-27. doi: 10.3969/j.issn.1001-1242.2018.08.007

92. Cashin AG, McAuley JH. Clinimetrics: physiotherapy evidence database (PEDro)
scale. Aust J Phys. (2020) 66:59. doi: 10.1016/j.jphys.2019.08.005

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1546712
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2019.01119
https://doi.org/10.1002/acr.23589
https://doi.org/10.1159/000213002
https://doi.org/10.1111/sms.13257
https://doi.org/10.1007/s12603-017-0958-4
https://doi.org/10.1080/17461391.2015.1060262
https://doi.org/10.1016/j.exger.2020.110869
https://doi.org/10.1093/ageing/afl006
https://doi.org/10.1177/0733464804273185
https://doi.org/10.1016/j.biopsycho.2016.01.010
https://doi.org/10.1007/s00421-014-2821-1
https://doi.org/10.5432/ijshs.201706
https://doi.org/10.1016/j.archger.2010.12.002
https://doi.org/10.1016/j.steroids.2011.12.022
https://doi.org/10.1123/japa.2018-0309
https://doi.org/10.2478/hukin-2014-0104
https://doi.org/10.1152/ajprenal.00012.2018
https://doi.org/10.1016/j.exger.2014.11.007
https://doi.org/10.1007/s00508-009-1273-9
https://doi.org/10.1055/s-0030-1261895
https://doi.org/10.1016/j.jsams.2011.11.249
https://doi.org/10.1249/00005768-199105000-00008
https://doi.org/10.1016/0002-9149(91)90904-Y
https://doi.org/10.1016/0002-9149(94)90294-1
https://doi.org/10.1111/j.1475-097X.1995.tb00426.x
https://doi.org/10.1093/geronj/47.3.M61
https://doi.org/10.1159/000022018
https://doi.org/10.1023/A:1008287320868
https://doi.org/10.1002/j.1552-4604.1995.tb04133.x
https://doi.org/10.1016/0026-0495(91)90239-S
https://doi.org/10.1093/gerona/52A.5.B260
https://doi.org/10.1007/s10286-005-0251-1
https://doi.org/10.3969/j.issn.1005-9202.2019.01.035
https://doi.org/10.1152/japplphysiol.01152.2009
https://doi.org/10.1016/j.exger.2015.02.013
https://doi.org/10.1136/hrt.2005.079962
https://doi.org/10.3969/j.issn.1001-1242.2018.08.007
https://doi.org/10.1016/j.jphys.2019.08.005

Xiao et al.

93. Lei Z. An upper limb movement estimation from electromyography by using BP
neural network. Biomedical Signal Processing and Control. (2019) 49:434-9. doi:
10.1016/j.bspc.2018.12.020

94. Huang X, Liao W, Lei X, Jia Y, Wang Y, Wang X, et al. Parameter optimization of
distributed hydrological model with a modified dynamically dimensioned search
algorithm. Environ Model Softw. (2014) 52:98-110. doi: 10.1016/j.envsoft.2013.09.028

95. Hagan MT, Menhaj MB. Training feedforward networks with the Marquardt
algorithm. IEEE Trans Neural Netw. (1994) 5:989-93.

96. Bahadir E. Prediction of prospective mathematics teachers’ academic success in
entering graduate education by using Back-propagation neural network. ] Educ Train
Stud. (2016) 4:113-22. doi: 10.11114/jets.v4i5.1321

97.Ding H, Lu Q, Gao H, Peng Z. Non-invasive prediction of hemoglobin levels by
principal component and back propagation artificial neural network. Biomed Opt
Express, BOE. (2014) 5:1145-52. doi: 10.1364/BOE.5.001145

98. Vilares Ferro M, Doval Mosquera Y, Ribadas Pena FJ, Darriba Bilbao VM. Early
stopping by correlating online indicators in neural networks. Neural Netw. (2023)
159:109-24. doi: 10.1016/j.neunet.2022.11.035

99. Luttmann L, Mercorelli P. “Comparison of backpropagation and Kalman filter-
based training for neural networks” In: 2021 25th international conference on system
theory, control and computing (ICSTCC). (2021). p. 234-241.

100. Cahalin LP, Mathier MA, Semigran MJ, Dec GW, DiSalvo TG. The six-minute
walk test predicts peak oxygen uptake and survival in patients with advanced heart
failure. Chest. (1996) 110:325-32. doi: 10.1378/chest.110.2.325

101. Giavarina D. Understanding bland Altman analysis. Biochem Med (Zagreb).
(2015) 25:141-51. doi: 10.11613/BM.2015.015

102. Dai Y, Guo J, Yang L, You W. A new approach of intelligent physical health
evaluation based on GRNN and BPNN by using a wearable smart bracelet system.
Procedia Computer Sci. (2019) 147:519-27. doi: 10.1016/j.procs.2019.01.235

103. Lan L, Cong J, Zhenrong F, Baiwen Z. Predicting healthy older adults brain age
based on structural connectivity networks using artificial neural networks. Comput
Methods Prog Biomed. (2016) 22:125. doi: 10.1016/j.cmpb.2015.11.012

104. Xie J. Research on diagnosis and Management of Postgraduates Mental Health
Status Based on BP neural network. Front Public Health. (2022) 10:897565. doi: 10.3389/
fpubh.2022.897565

105. Poldrack RA, Huckins G, Varoquaux G. Establishment of best practices for
evidence for prediction: a review. JAMA Psychiatry. (2020) 77:534-40. doi:
10.1001/jamapsychiatry.2019.3671

106. Koo E, Kim H. Empirical strategy for stretching probability distribution in neural-
network-based regression. Neural Netw. (2021) 140:113-20. doi: 10.1016/j.neunet.2021.02.030

Frontiers in Public Health

17

10.3389/fpubh.2025.1546712

107. Liu S, Guo W, Hua Y, Kou W. ELoran propagation delay prediction model based
on a BP neural network for a complex meteorological environment. Sensors (Basel).
(2023) 23:5176. doi: 10.3390/s23115176

108. Gulati S, Bansal A, Pal A, Mittal N, Sharma A, Gared F. Estimating PM2.5
utilizing multiple linear regression and ANN techniques. Sci Rep. (2023) 13:22578. doi:
10.1038/s41598-023-49717-7

109. Mueller S, Winzer EB, Duvinage A, Gevaert AB, Edelmann E Haller B, et al. Effect
of high-intensity interval training, moderate continuous training, or guideline-based
physical activity advice on peak oxygen consumption in patients with heart failure with
preserved ejection fraction. JAMA. (2021) 325:542-51. doi: 10.1001/jama.2020.26812

110. Zouhal H, Jayavel A, Parasuraman K, Hayes LD, Tourny C, Rhibi F, et al. Effects
of exercise training on anabolic and catabolic hormones with advanced age: a systematic
review. Sports Med. (2022) 52:1353-68. doi: 10.1007/s40279-021-01612-9

111. Carrick-Ranson G, Howden EJ, Brazile TL, Levine BD, Reading SA. Effects of
aging and endurance exercise training on cardiorespiratory fitness and cardiac structure
and function in healthy midlife and older women. J Appl Physiol (1985). (2023)
135:1215-35. doi: 10.1152/japplphysiol.00798.2022

112. Weisstaub G, Gonzélez J, Orizola I, Borquez J, Monsalves-Alvarez M, Lera L, et al.
Validity and reliability of the step test to estimate maximal oxygen consumption in
pediatric population. Sci Rep. (2025) 15:592. doi: 10.1038/s41598-024-84336-w

113. Attivissimo E D’Alessandro VI, De Palma L, Lanzolla AML, Di Nisio A. Non-
invasive blood pressure sensing via machine learning. Sensors (Basel). (2023) 23:8342.
doi: 10.3390/s23198342

114. Kim HH, Kim Y, Park YR. Interpretable conditional recurrent neural network
for weight change prediction: algorithm development and validation study. JMIR
Mbhealth Uhealth. (2021) 9:e22183. doi: 10.2196/22183

115. Kavanagh T, Mertens DJ, Hamm LF, Beyene J, Kennedy J, Corey P, et al.
Prediction of long-term prognosis in 12 169 men referred for cardiac rehabilitation.
Circulation. (2002) 106:666-71. doi: 10.1161/01.CIR.0000024413.15949.ED

116. De Souza Silva CG, Kokkinos P, Doom R, Loganathan D. Association between
cardiorespiratory fitness, obesity, and health care costs: the veterans exercise testing
study. Int ] Obes. (2019) 43:2225-32. doi: 10.1038/s41366-018-0257-0

117. Takeshima N, Rogers ME, Islam MM, Yamauchi T, Watanabe E, Okada A. Effect
of concurrent aerobic and resistance circuit exercise training on fitness in older adults.
Eur J Appl Physiol. (2004) 93:173-82. doi: 10.1007/s00421-004-1193-3

118. Miiller DC, Boeno FP, Izquierdo M, Aagaard P, Teodoro JL, Grazioli R, et al.
Effects of high-intensity interval training combined with traditional strength or
power training on functionality and physical fitness in healthy older men: a
randomized controlled trial. Exp Gerontol. (2021) 149:111321. doi:
10.1016/j.exger.2021.111321

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1546712
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org
https://doi.org/10.1016/j.bspc.2018.12.020
https://doi.org/10.1016/j.envsoft.2013.09.028
https://doi.org/10.11114/jets.v4i5.1321
https://doi.org/10.1364/BOE.5.001145
https://doi.org/10.1016/j.neunet.2022.11.035
https://doi.org/10.1378/chest.110.2.325
https://doi.org/10.11613/BM.2015.015
https://doi.org/10.1016/j.procs.2019.01.235
https://doi.org/10.1016/j.cmpb.2015.11.012
https://doi.org/10.3389/fpubh.2022.897565
https://doi.org/10.3389/fpubh.2022.897565
https://doi.org/10.1001/jamapsychiatry.2019.3671
https://doi.org/10.1016/j.neunet.2021.02.030
https://doi.org/10.3390/s23115176
https://doi.org/10.1038/s41598-023-49717-7
https://doi.org/10.1001/jama.2020.26812
https://doi.org/10.1007/s40279-021-01612-9
https://doi.org/10.1152/japplphysiol.00798.2022
https://doi.org/10.1038/s41598-024-84336-w
https://doi.org/10.3390/s23198342
https://doi.org/10.2196/22183
https://doi.org/10.1161/01.CIR.0000024413.15949.ED
https://doi.org/10.1038/s41366-018-0257-0
https://doi.org/10.1007/s00421-004-1193-3
https://doi.org/10.1016/j.exger.2021.111321

	Individual cardiorespiratory fitness exercise prescription for older adults based on a back-propagation neural network
	1 Introduction
	2 Methods
	2.1 Data collection
	2.2 Data processing
	2.2.1 Data encoding
	2.2.2 Data augmentation
	2.3 Back-propagation neural network model
	2.3.1 Input and output layer setting
	2.3.2 Model algorithm selection
	2.3.3 Model layers selection
	2.4 Model training and validation
	2.4.1 Model tuning and regularization strategies
	2.4.2 Model training
	2.4.3 Model validation
	2.4.3.1 Evaluation indicators
	2.4.3.2 Experimental validation

	3 Results
	3.1 Model design
	3.2 Experimental validation results

	4 Discussion
	4.1 Accuracy of model predictive performance
	4.2 Validation of model in experimental validation
	4.3 Strengths and limitations

	5 Conclusion

	 References

