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ABSTRACT Effective monitoring of training load and timely prediction of injury risk are essential
for optimizing athletic performance and reducing sports-related injuries. This study proposes a Context—
Data—Event (CDE)-driven framework for time-series analysis of football training loads and injury risk
prediction. Multi-source physiological and motion data are collected through wearable sensing devices,
including acceleration, heart rate, speed, displacement, and recovery indicators. Context-aware feature
extraction is combined with long short-term memory networks to model temporal load variations, while
a Bayesian risk assessment module dynamically estimates injury probability by analyzing interactions
between physiological responses and training intensity fluctuations. Experimental evaluation using
longitudinal training data from professional football players demonstrates high prediction accuracy and
stable performance across varying load conditions. The proposed framework provides an effective solution
for intelligent athlete monitoring and offers methodological references for wearable sensing technologies,

physiological signal analysis, and wireless health-monitoring systems.

INDEX TERMS injury risk prediction, training load analysis, wearable sensing, physiological signal

analysis, wireless health monitoring

I. INTRODUCTION

CIENTIFIC monitoring and evaluation of training load,

facilitated by high-performance smart sensors integrated
into athletic gear, has become an essential component of
competitive performance and injury prevention in football
training. These advanced functional materials allow for
the seamless collection of biomechanical and physiological
data, ensuring a more precise and objective assessment
of an athlete’s physical status. Conventional ways of load
assessment usually use individual indicators of physiological
or athletic state, and it is hard to believe that it is really an
accurate picture of the training condition of an athlete and
his or her recovery. As the competitive matches become
more intense, the issues that the training load monitoring
systems have to deal with include lack of sufficient di-
mensions, poor timeliness, and limited predictive accuracy,
which causes delays in detecting the risk of injury and
prevents dynamical changes and personalized control of
training plans.

The study is highly important in enhancing the scientific
aspect of training football players and minimizing cases of
injuries. With the creation of a model of systematic load
monitoring and predicting the risk, a quantitative analysis
and prediction of the trends of training data are obtained,
which will become the basis of sports medicine intervention.
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Meanwhile, this study can be practically guiding in terms
of optimizing the basis of the decision-making process of
the coaching team, training intensity/recovery rhythm, and
sustainable athlete development.

Data ingéar)-driven time-series time modeling approach
oneytowards the idea of multi-source information integra-
tion. It is based on this approach in combination with an
LSTM (Long Short yer Term Memory) network to reflect
the dynamic nature of training load and a Bayesian risk
assessment mechanism to provide a probabilistic outcome
of the risk of injury. This study’s innovativeness is rooted
in the combination of contextual information and behavioral
event features captured by high-performance smart sensors,
effectively bypassing the limitations of traditional models
through an individualized approach to training load moni-
toring. By integrating these advanced sensing technologies
with a rigorous theoretical framework, the research provides
sensor-based intelligent technical support for more precise
and scientific football training management.

Il. RELATED WORK

The classical methods of training load monitoring are
mainly based on the statistical analysis and the linear models
including the average training volume, internal/external load
ratio, and rapid/slow load ratio used to consider the load.
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Although these are straightforward to compute, computa-
tionally intuitive, they miss out on the differences in physi-
ological and training responses in an individual, and there-
fore, it is hard to adequately describe complex nonlinear
interactions. Linear models can not capture the true dynamic
training state when there is a delay or coupling effect
between training stimuli and physiological feedback, which
can cause a large difference between the load prediction and
fatigue measurement.

As the data acquisition technology and smart wearable
devices have become popular, machine learning algorithms
have been slowly implemented in the sports load analysis.
The support vector machine, random forests and neural
network models have been utilized by researchers to derive
features of multidimensional training data to gain a greater
level of accuracy in the classification of load and injury risk.
Nevertheless, these approaches mostly concentrate on out-
come forecasting but do not consider time dependency struc-
tures and are inadequate in discovering risk-accumulation
characteristics throughout the continuous training [1,2].
Moreover, sample size and insufficient interpretability of
features are also a weakness of the existing models because
they act as bottlenecks in large-scale model application.

In response to the need for dynamic prediction of injury
risk, the CDE (Context-Data-Event) framework and time
series analysis methods have gradually attracted attention.
CDE can realize the correlation of multisource data by in-
tegrating environment, individual status and training events.
Combined with time series networks such as LSTM and
GRU, it can effectively identify the trend and potential risks
of training load changes. Compared with traditional static
analysis, this type of model can reflect the fluctuation of
athletes’ status in real time, improve the timeliness and
accuracy of injury warning, and is an important direction
for promoting the intelligent development of sports science
[3.4].

lll. METHODS

A. DATA ACQUISITION AND PREPROCESSING

This paper developed a multi-source data collection system
on football training situations. The GPS motion units and
triaxial accelerometers were utilized to record the changes
in player speed, displacement tracks, and body load varia-
tions during the training and high-frequency sampling were
applied to record the motion acceleration properties. Data
in the form of a proprioceptive state were collected using a
synchronous heart rate monitor that recorded the distribution
of the heart rate interval and levels of variability, a sleep
recovery tracker that recorded the rate of nighttime recovery
and fatigue levels. In addition, to comprehensively assess
the baseline risk of athletes, we systematically collected
each athlete’s age, detailed history of past injuries (including
location, severity and recovery status) before the start of
the experiment, and recorded their mental fatigue status
using a standardized mental fatigue scale before each day’s
training. Timestamps were recorded at milliseconds and
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all the devices were synchronized to facilitate the wireless
transfer of data to edge nodes where they could be fused
[5,6]. To minimize processing latency while ensuring data
quality, a layered preprocessing strategy is employed. First,
the raw signal undergoes low-latency sliding window mean
filtering with a window size of 0.1 seconds (i.e., 10 sampling
points) to eliminate high-frequency transient noise while
maintaining sensitivity to fast-moving events. Subsequently,
outlier detection based on dynamic thresholds is used to
remove signal drift and outlier peaks. To address the issue
of inconsistent sampling frequencies among multiple sensors
(10 Hz GPS/accelerometer and 1 Hz heart rate monitor),
we employ a Gaussian process regression method based
on cubic spline interpolation for time series alignment and
reconstruction. This method first establishes an independent
time series model for each data source, and then performs
interpolation on a unified high-frequency time grid (10 Hz).
Gaussian process regression quantifies the uncertainty in
the interpolation process through its covariance function
(Matern 5/2 kernel), thus providing a smoother and physio-
logically more physiologically plausible continuous estimate
when reconstructing low-frequency heart rate signals. The
data of the calibrated motion trajectory was corrected to
coordinate differences to account spatial offset and the
data of heart rate was integrated with exercise intensity
to obtain reliable segments to guarantee continuity and
comparability of the training load characteristics. Using
the above method, we effectively fused data from different
frequencies into a multivariate time series that is consistent
in time dimension and has clear physical meaning, providing
a reliable data foundation for the subsequent construction of
the CDE framework and LSTM time feature mapping, and
minimizing the alignment error that may be introduced by
simple interpolation.

B. CDE FRAMEWORK CONSTRUCTION

The CDE is designed with the context description of a
training process, modeling of data flow, and an event trig-
gering logic in order to obtain the dynamic association of
multi-source information. At the Context level, the training
environment features, such as weather, location type, and
type of training task are measured with the help of the site
boundary determination and the choice of the stable posi-
tioning signal fragments. The system provides an analysis
of the deployment information of the coach in real-time,
plots the training form, load target, and location distribution
to be mapped to a contextual scene variable and only
constrain the extent of data to be interpreted. The Data
layer comprises multimodal data streams of exercise, heart
rate and recovery measurements and employs timestamp
indexing and semantic labeling fusion to convert individual
loading intensity, movement and pattern and physiological
responses to continuous temporal objects. At the same time,
this layer also integrates structured data from athlete profiles
(age, history of injuries) and daily questionnaires (mental
fatigue status), using them as constant or time-varying
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background features. The multidimensionalally normalized
data is then given to the feature buffer layer and the internal
consistency and temporal integrity of the data is upheld
by a sliding queue mechanism [7,8]. The Event layer is
responsible for identifying key events in the training process,
such as sprints, sudden stops, adversarial situations, rapid
acceleration, and sudden changes in fatigue response. The
system uses sequence density clustering and probability
threshold judgment to detect sudden events and generates
event labels based on contextual conditions to achieve
semantic expression of the training process. Through the
ternary mapping relationship of CDE, load changes and
physiological responses can be precisely aligned on the time
axis, thereby establishing a traceable temporal correlation
logic and providing a structured data foundation for under-
standing the dynamic relationship between training load and
physiological responses.

C. TEMPORAL FEATURE MAPPING MODEL

The temporal feature mapping model takes the dynamic
changes of training load as its construction target and
transforms the multi-source temporal signals output by the
CDE framework into a learnable sequence feature structure.
The model fragments the motion and physiological data
through a sliding time window, and each fragment retains
the continuously changing motion acceleration, heart rate
curve and displacement velocity sequence, and maintains
a consistent mapping between behavior and physiological
response in the time dimension. At this stage, the model
input feature vector not only includes these dynamic motion
and physiological indicators, but also concatenates static
age and past injury history codes, as well as psychological
fatigue scores that change over time, enabling the LSTM
network to learn how these individual baseline features
regulate the relationship between dynamic load and phys-
iological response. The input features are normalized and
differentially enhanced before entering the Long Short-
Term Memory (LSTM) network, which uses its gating
mechanism to jointly represent the short-term fluctuations
and long-term trends of the training process. This study
employs a three-layer LSTM network structure, a depth
chosen to balance model complexity and performance. A
single-layer LSTM struggles to fully capture the multi-
level nonlinear mappings between kinematics, physiology,
and injury risk; while deeper networks (e.g., four or more
layers) significantly increase the number of parameters,
potentially leading to overfitting with limited training data.
The three-layer structure has proven sufficient to extract
adequate abstract features from multi-source time-series
data while maintaining good generalization ability. The
network superimposes multi-scale feature channels inside
the hidden layer, and the model can capture the nonlinear
correlation patterns of load increase, recovery fluctuations
and abnormal fatigue through adaptive weight adjustment.
The output layer uses a time-aligned probability distribution
to describe the continuity of training state changes and
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feeds the prediction results back to the feature extraction
module to achieve iterative optimization [9,10]. To avoid
information decay and address the vanishing gradient prob-
lem that may arise from 12 weeks of continuous training
data, the model introduces residual channels in its temporal
connection structure and employs a gradient clipping strat-
egy during training. Residual channels allow gradients to
propagate directly across layers, effectively mitigating the
vanishing gradient phenomenon in deep networks. Gradient
clipping, by limiting the gradient norm, prevents gradient
explosion that may occur due to excessively long time steps,
thus ensuring stable training of the model on long-term
sequences and enhancing its sensitivity to key segments.
The entire mapping process maintains its responsiveness
to individual training rhythm and environmental conditions,
achieving a unified expression of high-frequency signals and
low-frequency physiological data.

D. BAYESIAN RISK ASSESSMENT MODULE

The Bayesian risk assessment module dynamically quanti-
fies the relationship between training load fluctuations and
physiological responses through a probabilistic inference
mechanism. The system receives a continuous data stream
from the time-series feature mapping output, integrates
exercise intensity, speed changes, heart rate fluctuations, and
recovery rate into a set of state features, and constructs a
prior distribution structure based on historical data. Unlike
traditional Bayesian models, the prior distribution in this
module is not a universal distribution, but rather a person-
alized distribution calibrated by incorporating the athlete’s
age, history of injury, and current state of mental fatigue. For
example, athletes with a history of injury will be assigned
a higher prior probability of risk under specific loads.
Upon data input, the module updates the individual training
state probabilistically, generating a posterior distribution in
real time to reflect the potential injury risk under load
changes. To facilitate the transition from high-frequency
input to stable risk assessment and to construct a statistically
meaningful window, this module employs a dynamic sliding
calculation method with a 10-minute risk analysis cycle.
It’s important to note that this 10-minute interval is not
an inherent delay in the system’s response. Internally, the
system continuously updates the feature vector at a rate
down to the second, with each new data point triggering
a real-time update of the state features. The explicit output
of the Bayesian posterior probability and the reassessment
of the risk level are performed at the end of each 10-
minute cycle to ensure sufficient statistical stability of the
accumulated physiological and exercise load data, avoiding
misjudgments due to single abnormal fluctuations. When
the load growth rate exceeds a set threshold or the stability
of the heart rate interval weakens, the system re-estimates
the current risk distribution and records the trend. Risk
updates are achieved through weighted smoothing, ensuring
that short-term abnormal fluctuations do not interfere with
overall judgment and maintaining the ability to capture
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fatigue accumulation trends. The risk index output by the
module evolves continuously over time and is input into the
subsequent early warning and control system in the form of
a numerical matrix, achieving a quantitative mapping from
training load to injury probability. This process ensures the
traceability of load monitoring and the dynamic consistency
of assessment results. The output data from the Bayesian
risk assessment module is shown in Table 1:

IV. RESULTS AND DISCUSSION
A. EXPERIMENTAL DATA AND SETUP
The results of the experiment were based on the 12 weeks of
training monitoring observations of a professional football
club, in which 100 adult male players were involved.
This study was approved by the Ethics Committee of
Zhengzhou Vocational College of Finance and Taxation,
and was performed in accordance with the principles of
the Declaration of Helsinki. All eligible participants signed
an informed consent form. They composed the two data
acquisition systems of a GPS positioning module, three
axis accelerator, heart rate monitoring belt, and recovery
assessment equipment with multi-source synchronous timed
to milliseconds. Before the experiment began, we collected
data on the age and injury history of all players. Throughout
the 12-week monitoring period, the players’ mental fatigue
was assessed using the RESTQ-Sport scale before each
daily training session. Exercise load, displacement, speed,
heart rate variability, and nighttime recovery status were
monitored in every training session. The sampling rate of
the GPS was 10 Hz and the frequency of the heart rate
signal was 1 Hz. The training material discussed endurance
running, sprinting, ball control training. The data was after
cleaning and normalization was keyed into the CDE-driven
framework of feature extraction and time modeling. The
LSTM network was set in the form of three layers of a
hidden unit structure, grid search was used to find the most
optimum learning rate, and early stop mechanism was added
to avoid overtraining. The Bayesian risk assessment module
generates a unique prior distribution for each player based
on their training history, age, injury history, and mental
fatigue status. For players lacking an injury history, the
model employs a group prior strategy. This involves first
constructing an initial prior distribution based on load risk
statistics of players in the same position and age group,
and then making personalized adjustments by incorporating
basic physical fitness test and low-intensity acclimatization
training data from the player’s first three weeks with the
team. This effectively avoids risk assessment bias during
the “cold start” phase. The module updates the posterior
distribution every 10 minutes. This was implemented on
a full platform based on an NVIDIA RTX 3090 and the
results of the model were shown as a dynamic risk curve.
Table 2 shows the experimental data settings and acquisition
parameters.

The table shows the main data sources and corresponding
sampling settings. Exercise load indicators (speed, acceler-
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ation) are sampled at high frequency to ensure accuracy,
physiological and recovery data are updated at low fre-
quency to support long-term trend modeling, and environ-
mental data is used to correct the training context to ensure
the model’s adaptability to scene changes.

B. EXPERIMENTAL RESULTS
This paper was a systematic model of the dynamic inter-
action between the individual training load and the risk of
injury in terms of a context-driven (CDE) time-series anal-
ysis model. The model was shown to have good nonlinear
mapping capacity in learning the interactive properties of
multidimensional physiological indicators using 12 weeks
of continuous training monitoring data, and was capable of
revealing possible injury risks under different load trends. In
particular, by incorporating age, history of injury, and state
of mental fatigue, the model is able to distinguish different
risk probabilities for athletes with different baseline risks
under the same load. For example, an athlete with a history
of injury may be identified by the model as having a risk
level comparable to that of a healthy athlete under a high
load under a moderate load. The model evaluation part took
five athletes as regular individuals, and compared the mean
load of training, the values of risk as predicted, and the
actual rates of injuries. The results are shown in Figure 1.
The deviation between the model’s predicted injury risk
and the actual injury incidence was controlled within +3%,
indicating that the model can maintain stable predictive
performance under different load levels. Overall, the injury
risk and actual incidence of players with higher training
loads (such as P04 and P02) were significantly higher
than those of the low-load group (such as P03), reflecting
the model’s good sensitivity to the coupling relationship
between load and risk.

C. MODEL PERFORMANCE ANALYSIS

The model can capture the risk response caused by short-
term load fluctuations and issue risk signals in advance
when the load suddenly increases or recovery is insufficient,
demonstrating a certain early warning capability. The trend
of the predicted results is significantly positively correlated
with the athlete’s actual injury record (r = 0.89, p < 0.01),
indicating that the model output can effectively reflect the
individual’s true physiological response state. The CDE-
driven time series analysis model shows significant advan-
tages in training load monitoring and injury risk prediction.
Compared with traditional prediction models based on uni-
variate factors (such as heart rate or exercise speed), the
CDE model improves the matching accuracy in nonlinear
load feature identification by approximately 12.6%, with an
overall prediction accuracy of 91.3%. To more comprehen-
sively evaluate the model’s performance in the high-risk
scenario of injury prediction, its sensitivity (true positive
rate, measuring the model’s ability to correctly identify
players who have actually suffered injuries) and specificity
(true negative rate, measuring the model’s ability to cor-
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TABLE 1. Schematic diagram of output data from the Bayesian risk assessment module

Time series fragments Training load index (AU)

Heart rate fluctuation amplitude

Recovery score Dynamic risk value Updated risk confidence level

(ms) (%) (%)
TO1 376 432 0.86 17.4 92.1
T02 402 39.8 0.79 25.6 90.4
TO03 428 375 0.75 312 91.3
T04 451 359 0.70 33.5 93.0
TO5 389 415 0.83 224 94.6
T06 367 44.1 0.88 159 95.2
TABLE 2. Experimental Data Setup and Acquisition Parameters
Data types Sampling frequency Data acquisition equipment Number of data
indicators
GPS displacement and velocity 10 Hz Catapult Vector S7 6
Acceleration data 100 Hz Axivity AX6 3
Heart rate and variability 1 Hz Polar H10 4
Recovery and fatigue state Once a day WHOOP Band 4.0 2
Environmental and tactical context recording Real-time training CDE context module 5
Baseline characteristics of athletes (age, history of injuries) Before the experiment Medical records/questionnaires 2
1

Mental fatigue Before daily training

RESTQ-Sport Scale

Average Training Load (AU)

Predicted Injury Risk (%)
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FIGURE 1. Experimental results data

rectly exclude uninjured players) were further calculated.
Experimental results showed that the model’s sensitivity
was 88.2%, specificity was 91.5%, positive predictive value
was 85.4%, and negative predictive value was 93.1%. The
high negative predictive value indicates that when the model
predicts a player is not at risk, the probability of them
actually not suffering an injury is extremely high, which
is of great value for developing safe training plans. The
model demonstrates strong capabilities in short-term fatigue
assessment and high-risk identification during periods of
high workload, issuing risk warnings 1-2 days in advance,
providing a basis for optimizing athlete training plans and
preventing injuries.
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V. CONCLUSION

The CDE-based training load time-series analysis technique,
enhanced by high-precision data from integrated smart sen-
sors, is highly adaptable and reliable in uncovering the
nonlinear connection between training load development
and injury risk. This synergy between advanced sensing and
algorithmic sensor-based modeling allows for the seamless
capture of biomechanical variables, ensuring the stability
and accuracy of risk predictions in complex athletic envi-
ronments. The model can detect individual load variation
to cause changes in the physiological responses through
context-awareness and event association mechanisms, with
the goal of producing dynamic mapping and the early
detection of the risk states, gates the scientific support of
the training plans optimization and of fatigue control. This
model framework provides a connection between training
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data and physiological monitoring and risk assessment that
increases the individuality and intelligence of prediction
of injury risk. Nevertheless, the sample size and feature
dimensionality still remains a limitation of the model. Fur-
ther studies can explore the migration of cross-season data
and adaptive feature selection to enhance the generalization
performance of the model, specifically by integrating the
durability and signal stability of advanced smart textile
sensors into real-time feedback optimization. This technical
synergy will ensure the long-term reliability of training load
monitoring as the physical properties of the integrated textile
fibers evolve through rigorous athletic use.
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