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Abstract

Wearable sensors enable continuous monitoring of human activity and physiological state, with ap-
plications in workplace health monitoring, occupational safety, sports performance analysis, and
rehabilitation. However, effective use of these devices requires specialized data-processing algorithms
and machine-learning (ML) methods. This work proposes a methodology for assessing workers’
physiological load using ML, combining accelerometer and photoplethysmography (PPG) signal
processing. An ensemble Random Forest algorithm is used for activity recognition, while the KID-PPG
deep learning model is applied for heart rate (HR) estimation. A personalized physiological load
assessment framework normalizes effort indices against demographic-group-specific distributions
defined by sex, age, and activity intensity. The methodology was validated on the PPG-DaLiA dataset
comprising 15 participants with diverse demographic profiles across eight daily activities. Experi-
ments demonstrated high accuracy in activity recognition (macro F1-score of 90.73%) and robust HR
estimation even in the presence of motion artifacts (MAE below 10 bpm). The personalized assessment
revealed that participant age substantially influences physiological-load patterns, confirming that
demographic-aware normalization is essential for accurate workload interpretation. The main factors
influencing system performance have been identified, and directions for improving the models across
diverse user groups and limited-signal-quality conditions are discussed.

Keywords: photoplethysmography; human activity recognition; heart rate estimation; wearable
sensors; machine learning; accelerometer signals; motion artifact removal; KID-PPG; physiological
monitoring

1. Introduction
In the rapidly evolving world of modern technologies, Human Activity Recognition (HAR) is

becoming increasingly widespread. It is an important and complex technology that can serve as
the foundation for numerous new applications—in smart homes, industrial environments, office
worker assistance systems, surveillance systems, and interactive games, as well as interfaces for home
healthcare and medical systems. HAR is a multidisciplinary research field closely related to machine
learning (ML), artificial intelligence, machine perception, and human-computer interaction, as well as
psychology and sociology.

With the advent of miniaturized sensors that can be attached to the body, it has become possible to
collect and store data regarding various aspects of human activity during daily life. This technology has
great potential for use in automated systems that monitor daily activities, which continuously record
body movements over extended periods. Such monitoring systems rely on recognition algorithms that
effectively interpret sensor readings and identify different types of activities.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0657.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://orcid.org/0009-0000-5246-4008
https://orcid.org/0000-0001-8723-2514
https://orcid.org/0000-0003-4561-3874
https://doi.org/10.20944/preprints202603.0657.v1
http://creativecommons.org/licenses/by/4.0/


2 of 23

There are three well-known approaches to equipping a recognition system with sensors: (1)
video-based systems, (2) systems using sensors embedded in the environment, and (3) systems based
on body-worn sensors. Although video systems provide detailed observation, they are expensive,
environment-dependent, and raise privacy concerns. Systems with environmental sensors also depend
on external factors. In contrast, body-worn sensors are independent of environmental conditions,
relatively inexpensive, and ensure privacy, making them the most convenient and effective option
for long-term physical activity monitoring. They are well-suited for collecting data on daily physical
activity patterns over extended periods. Such systems can be integrated into clothing, attached to the
body, embedded in jewelry, or exist as other wearable devices that a person can carry.

HAR systems based on wearable sensor data can provide high-precision, real-time monitoring
of motor behavior. The use of a triaxial accelerometer enables reliable differentiation among various
activities by analyzing dynamic changes in acceleration across different planes. The photoplethysmo-
gram (PPG) signal contains information about the pulse wave, allowing indirect estimation of heart
rate (HR) under dynamic conditions [1]. However, the signal is susceptible to motion artifacts (MA),
which significantly complicate the reliable extraction of the pulse component during physical activity.

The main objective of this work is to propose a methodology for automated analysis of worker
physiological load based on accelerometer and PPG data, using modern ML and signal processing
techniques. This includes investigating the most informative features of accelerometers and PPG
signals for HAR, applying modern deep learning models for HR estimation, and integrating these
results to analyze workers’ physiological states in relation to their individual characteristics. The
methodology should enable noninvasive, continuous monitoring and an objective assessment of
workload by analyzing current physiological parameters against typical group-specific values.

In this study, automated classification of worker activities is performed using features derived
from the temporal and frequency characteristics of accelerometer and PPG signals. The main objective
at this stage is to apply established signal preprocessing and feature extraction techniques and to select
an optimal classification algorithm that is robust to noise and MA while achieving high accuracy in
recognizing different types of motor activity. The task of HR estimation involves applying methods
for PPG denoising and MA suppression, particularly via adaptive filtering based on synchronized
accelerometer data, and applying modern peak-detection methods to determine the inter-pulse interval
(IPI). Special attention is paid to implementing deep knowledge-driven models that account for
physiological regularities and measurement uncertainty [2]. An important stage of the research is the
validation of the obtained HR estimates by comparing them with reference ECG data. A comprehensive
analysis of physiological state is performed by interpreting the obtained HR data in the context of the
activities performed and the worker’s individual characteristics, such as age, sex, and fitness level.
The main goal at this stage is to develop an approach to workload interpretation that accounts for both
normative and personalized indicators of cardiac activity and performed activity. The methodology
should ensure segmentation of the physiological workload range into activity-intensity levels and the
identification of overexertion or underload states.

This work makes several contributions to the field of wearable sensor-based physiological moni-
toring:

1. A complete pipeline is developed and validated, integrating discrete wavelet transform (DWT),
amplitude demodulation, and a knowledge-informed deep learning (KID-PPG) model for robust
HR estimation from PPG signals under MA conditions. The framework achieves a mean absolute
error below 10 bpm, even during dynamic activities, and is validated against reference ECG data.

2. The optimal subset of 164 features was identified through a systematic analysis of 341 time-,
frequency-, and wavelet-domain features extracted from accelerometer and PPG signals, which
enables activity classification with a 90% F1-score using Random Forest (RF). We demonstrate
that while accelerometer features dominate for activity recognition, specific PPG spectral features
provide complementary discriminative information.
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3. A statistical approach to workload evaluation was introduced that accounts for individual
characteristics (age, sex, fitness level) and activity intensity by comparing effort indices against
demographic-specific distributions. This enables objective identification of normal load, fatigue,
and overload states without requiring individualized baseline calibration.

4. The proposed modular system combines activity classification, adaptive PPG filtering, probabilis-
tic HR estimation, and physiological state assessment in a unified framework. The architecture
supports continuous, noninvasive monitoring using only wrist-worn accelerometers and PPG
sensors.

5. All system components were validated on the PPG-DaLiA dataset containing data of 15 par-
ticipants with varying age (21–55 years), sex, body mass index (BMI) (20.2–27.6), and fitness
levels (1–6), across eight daily activities. The leave-subject-out evaluation demonstrates strong
generalization capability across demographic groups.

The proposed approach can be applied to workplace health monitoring systems, occupational
safety platforms, sports performance analysis, and rehabilitation programs requiring continuous
physiological state assessment from wearable sensors. It will enable timely detection of potential signs
of overload or insufficient activity—essential for ensuring safety, productivity, and fatigue prevention
of personnel.

2. Related Works
HAR relies on effective transformation of raw sensor data into activity labels [3]. The ML

approaches here are categorized into traditional and deep learning-based [4]. The traditional approach
comprises feature engineering (e.g., statistical and spectral characteristics: mean, standard deviation
(SD), correlation) and classification using algorithms such as Support Vector Machines (SVM), k-
Nearest Neighbors (KNN), Decision Trees, RF, and XGBoost [5–8]. These methods perform well for
basic activities but require expert feature engineering and are less effective for complex cases [9].
Deep learning approaches automatically learn features from minimally processed data [10]. Common
architectures include CNNs—effective for local patterns [2], recurrent networks (LSTM, GRU) [11],
hybrid models (CNN–LSTM, CNN–GRU) [4,12,13], autoencoders [14], and transformers [15]. Deep
models achieve higher accuracy, especially for complex or hierarchical activities, but require substantial
computational resources and large datasets. Modern ML methods are also applied in HAR, including
ensemble learning (combining RF, XGBoost, and stacking for complex activities) [16], transfer learning
(fine-tuning CNN or DenseNet121 models on specialized datasets such as KU-HAR) [17,18], and
federated learning (training on decentralized data without data transfer, preserving privacy and
system architecture constraints) [19]. The choice of an optimal solution depends on the type of sensors,
activities, data volume and quality, and requirements for accuracy and computational resources [3].

Triaxial accelerometer data are a key source of information for wearable-sensor-based HAR sys-
tems. The accelerometer measures linear acceleration along the X, Y, and Z axes, enabling determination
of motion, body posture, and device orientation. In addition to activity recognition, accelerometer
data are essential for MA compensation in biosignals, particularly PPG. In [2], acceleration data are
utilized in an adaptive filtering model to remove motion components from PPG and improve HR
estimation accuracy. In [20], accelerometer and PPG spectra are fed into a deep neural network for
HR estimation, with recognized activity used as an additional feature to improve performance. Raw
accelerometer signals often contain noise and MA; thus, preprocessing is performed as an initial
step, including noise filtering, smoothing (moving average, exponential smoothing, Savitzky–Golay
filter) [21], normalization, and data calibration.

Processing the PPG signal is a fundamental step in obtaining clinically meaningful information,
particularly for monitoring cardiac activity and assessing physiological state. PPG signals acquired
from wearable devices are affected by noise and, most notably, MA, which significantly complicate
the estimation of HR and IPI [22]. The quality and morphology of the PPG signal are influenced by
age, health condition, sex, and skin tone: arterial stiffness increases with age, changing the pulse
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wave shape [23]; in oncology patients and males, signal quality tends to be lower [24]; and darker
skin tones reduce signal acquisition quality due to higher melanin content [25]. To reduce noise,
preprocessing techniques are employed, with digital filtering as the primary method [26]. A common
approach is to apply band-pass filtering to extract the useful frequency range of the PPG signal,
typically the cardiac activity band, for example, 0.67–8 Hz [22] or 0.8–2.5 Hz [1]. To mitigate the effects
of MA, digital filtering—particularly band-pass filtering—is used, with the Butterworth filter standing
out for its smooth response [27]. DWT with inverse reconstruction allows efficient removal of both
low- and high-frequency interferences [28,29]; for example, the Coiflet-1 (coif1) wavelet with four
decomposition levels fits well with the morphology of PPG signals [1]. Amplitude demodulation,
including Hilbert transform-based approaches, reduces the impact of amplitude artifacts and is helpful
for the determination of IPI [1,30]. Different algorithms are used to detect heartbeats in PPG signals:
simple thresholding, the AMPD method for noisy signals [31], and the sum-of-slopes function (SSF)
for detecting the onset of systole [32]. Particular attention is given to removing MA—the KID-PPG
approach [2] employs an adaptive linear filter based on a two-layer convolutional neural network
(CNN) that utilizes accelerometer data to subtract motion components from the PPG signal. The choice
of an optimal algorithm depends on the trade-off among accuracy, complexity, and noise robustness.
The quality of PPG-based HR estimation is validated by comparison with reference ECG signals [32,33].
This validation approach is used in studies that employ the PPG-DaLiA dataset [34,35], where ECG
provides the ground-truth HR values for evaluating PPG- and accelerometer-based models [2,20].

The next step is feature extraction for ML models. Statistical time-domain features include mean,
SD, variance, maximum, skewness, kurtosis, and correlation coefficients. Specific metrics include
ENMO [36], MAD [37], MIMS [38], and activity intensity [39]. Frequency-domain analysis employs
the Fast Fourier Transform (FFT) to extract spectral features such as the dominant frequency, subband
energy, and spectral entropy; in [20], a time–frequency spectrum (0–4 Hz) is used for HR estimation.
Wavelet-based methods are applied to obtain scalograms from accelerometer signals, thereby enabling
time-series classification using CNNs (e.g., DenseNet121) [17,40]. FFT-based spectral representations
are also used as inputs to CNNs. While [2] primarily focuses on spectral and temporal representations
for deep learning, [20] also considers traditional feature extraction from 8-second windows for simpler
models such as XGBoost.

In [41], a system for non-invasive blood pressure estimation based on pulse wave analysis from a
flexible piezoelectric sensor is proposed. The authors extract 32 time-, frequency-, and wavelet-domain
features, consider physiological parameters (BMI, body temperature, sex, age), and employ an RF
regression model to estimate systolic and diastolic pressure. Although the sensor type (piezoelectric)
and main goal (blood pressure estimation) differ from this study, the ML-based approach leveraging
multi-domain features and individual characteristics is relevant. The work [42] focuses on classifying
physical load (fatigue) levels from ECG signals during exercise. The authors develop a robust R-peak
detection method using a hybrid BiLSTM–CNN model with adaptive post-processing, which is crucial
for accurate IPI extraction. An SVM classifier trained on a combination of IPI and other features
(wavelets, local binary patterns, higher-order statistics, CWT-based features) is used to identify five
fatigue states. This study is significant in the context of cardiac signal analysis under motion and
noise, and although it employs ECG rather than PPG, both share the goal of robust HR estimation
and ML-based state classification. In [43], HAR based on a hip-placed accelerometer is combined
with PPG-derived HR monitoring to compute physical workload in real time using Frimat’s scoring
criteria. The system links recognized activities to qualitative workload categories and demonstrates
body adaptation tracking over time. However, the workload assessment relies on fixed universal
thresholds (Frimat’s coefficients) and the generic Fox–Haskell formula (2), without accounting for
sex-specific HR models, fitness level, or demographic-group normalization.

Article [44] systematizes modern approaches to non-contact physiological monitoring using
remote PPG extracted from video data and deep learning. Various architectures—CNNs, RNNs, GANs,
and transformers—are used for remote extraction of PPG signals and estimation of HR, respiration
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rate, blood oxygen saturation, IPI, and blood pressure. Although this paper focuses on camera-based
methods, whereas the current work utilizes wearable sensors, it highlights key challenges in PPG-like
signal processing (MA, lighting variation, skin tone) and the role of deep learning, providing a valuable
theoretical background. In [20], HR estimation is improved by integrating predicted user activity
(obtained from a HAR model based on PPG and accelerometer data) into a deep CNN architecture,
reducing HR estimation error. In [2], a KID-PPG approach is proposed, where accelerometer data are
explicitly used to model and remove MA from PPG via CNN-based adaptive filtering, alongside a
probabilistic HR estimation mechanism accounting for uncertainty. Both studies, though focused on
HR estimation, emphasize the importance of accelerometer data and activity context for PPG analysis,
which is directly relevant to this work.

Analysis of the reviewed works reveals active use of ML for physiological signal processing
and human state classification. The use of multi-domain features, the consideration of individual
parameters, and the enhancement of robustness are key research directions. While some works have
combined activity recognition with HR-based workload estimation [43], such approaches typically
rely on fixed, universally applied workload categories that do not differentiate between demographic
subgroups. Other studies incorporate individual parameters (age, BMI, sex) as input features to ML
models [41] but do not use them for group-level normalization of physiological responses. In contrast,
this study proposes an integrated two-stage approach that combines PPG and accelerometer data
from wearable sensors for personalized physiological load assessment: estimated HR is contextual-
ized against demographic-specific statistical distributions defined by sex, age, and activity intensity,
enabling automated identification of normal load, fatigue risk, and overload states without prior
individual calibration or fixed universal thresholds.

3. Materials and Methods
3.1. Employed datasets

This study utilizes the publicly available PPG-DaLiA dataset [34,35], designed to support research
in PPG-based HR estimation, HAR, and physiological-state analysis under realistic daily-life conditions.
The dataset’s main advantage lies in its multimodal, synchronized recordings, including triaxial
accelerometer, PPG, and ECG data, as well as activity labels and participant physiological parameters.
This makes it highly suitable for the comprehensive analysis and testing of modern ML algorithms.

Fifteen volunteers (seven males and eight females, mean age 30.6 years) participated in data
collection. For each participant, height, weight, Fitzpatrick skin type, and fitness level were recorded.
The data collection protocol included eight daily-life activities: sitting at rest, stair ascent and descent,
table soccer, cycling, driving, lunch break, walking, and desk work. The total recording duration per
participant was approximately 2.5 hours.

Two synchronized devices were used for data acquisition: the chest-worn RespiBAN Professional
(recording ECG, accelerometer, respiration; sampling rate 700 Hz) and the wrist-worn Empatica E4
(triaxial accelerometer 32 Hz, PPG 64 Hz, electrodermal activity and skin temperature 4 Hz). In this
work, we use accelerometer and PPG data from Empatica E4 as the primary input, while reference HR
values derived from ECG serve to validate performance.

Signal synchronization between devices was achieved via double-tap markers at the start and
end of each session, ensuring precise time alignment and drift correction. The data were segmented
into 8-second windows with a 2-second step size. Reference HR values were computed as the mean
instantaneous HR within each window. The dataset structure for each participant includes: activity
labels (4 Hz), reference HR values (from ECG), physiological parameters, R-peak indices, accelerometer
and PPG signals from multiple locations, and a unique participant ID. For this research, the key
components are segmented PPG and accelerometer signals from the Empatica E4, along with the
corresponding reference HR. An additional advantage of this dataset is its representation of activities
across different load intensities, which is essential for accurately assessing algorithm performance. In
total, 64,697 eight-second signal windows are stored in this dataset, of which 47,182 correspond to
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the eight labeled activities; the remaining windows represent transition periods between activities. A
circular diagram (Figure 1) visualizes the distribution of activity windows across all subjects.

Figure 1. Circular diagram showing activity-window distribution in the PPG-DaLiA dataset.

Thanks to its multimodality and high annotation quality, the PPG-DaLiA dataset enables valida-
tion of various HAR, HR-estimation, and physiological-analysis approaches under conditions that are
close to real-world wearable-sensor use.

3.2. Signal preprocessing

The investigated HAR methods involve joint processing of triaxial accelerometer and PPG signals
to improve input data quality and ensure reliable classification. The relevance of including PPG
features in HAR tasks is confirmed by recent studies [20], which demonstrate that PPG-derived
characteristics also carry discriminative information for activity recognition. Therefore, in this study,
both accelerometer and PPG parameters are incorporated into the feature vector.

At the preprocessing stage, raw accelerometer and PPG signals undergo noise reduction. For
accelerometer data, sequential median filtering is applied to suppress impulsive noise, followed
by a third-order Butterworth filter with a cutoff frequency of 15 Hz to attenuate high-frequency
components while preserving motion-related content. A low-pass filter with a 0.3 Hz cutoff then
separates gravitational and body-motion components, enabling independent analysis of posture and
movement.

PPG signals undergo four-level discrete wavelet decomposition to remove baseline drift and noise
while retaining cardiovascular-relevant frequency components. Amplitude demodulation is subse-
quently performed using the Hilbert transform [45], improving feature stability and HR-estimation
accuracy.

3.3. Physical Activity Classification

Figure 2 presents the block diagram of the feature engineering process for automated classification
of physical activity types from accelerometer and PPG signals. The algorithm involves sequential data
processing, feature formation and selection, and evaluation of different ML models.
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Figure 2. Block diagram of the feature engineering process for physical activity classification.

The initial stage consists of acquiring accelerometer signals sampled at 32 Hz and PPG signals
sampled at 64 Hz. After preprocessing, the accelerometer and PPG signals are segmented into
overlapping 8-second time windows to standardize analysis and facilitate feature formation. The next
stage includes computing an initial feature set.

For activity classification, a feature vector is constructed for each time window. This vector must
include quantitative characteristics that best describe the activity within that window. Each window
yields an extended set of 341 features covering time, frequency, and wavelet domains. Key features
include statistical characteristics (mean, SD, median, skewness, kurtosis), signal energy and entropy,
peak and trough characteristics, autocorrelation, cross-correlation, FFT-based spectral parameters, and
wavelet-packet energy features reflecting non-stationary motion and cardiac patterns. Additional
features include body acceleration statistics, inter-axis correlations, and directly computed PPG spectral
features.

Time-domain features

These are calculated directly from time series data. According to [46,47], the most common and
informative are mean value, SD, variance, median, median absolute deviation, skewness, kurtosis, root
mean square, energy: E = ∑N

i=1 x2
i ; area under the absolute signal: A = ∑N

i=1 |xi|; as well as extremes
and range, interquartile range, signal entropy, correlation coefficients between axes, and quantiles.

Frequency-domain features

These are derived from the signal spectrum obtained using FFT. They describe how signal energy
is distributed across frequencies:

• Frequency of the component with maximum amplitude.
• Mean weighted frequency.
• Spectral energy within predefined frequency bands.
• Skewness and kurtosis of the spectral distribution.

Wavelet-domain features

As an alternative or complement to FFT, the wavelet transform is effective for analyzing non-
stationary HAR signals. Wavelet packet decomposition provides a more detailed time–frequency
representation [47]. For each terminal node j of the decomposition, the normalized energy is computed
as (1):

Ej =
∑k |Wj,k|2

∑m ∑k |Wm,k|2
(1)

In HAR tasks, the main signal energy is often concentrated in low-frequency wavelet components, and
the Haar wavelet has demonstrated high effectiveness for constructing energy-based features [47].

In total, the 341 features are distributed as follows: 197 accelerometer time-domain features (14
statistical measures computed for 12 base signals, inter-axis correlation coefficients for three axial
pairs, two angle calculations, and four autoregressive coefficients for six axis vectors), 80 accelerometer

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0657.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0657.v1
http://creativecommons.org/licenses/by/4.0/


8 of 23

frequency-domain features (10 FFT-based metrics for eight frequency-domain signals), 48 accelerometer
wavelet-domain features (16 wavelet packet energy bands for each of three axes), and 16 PPG features
(10 time-domain statistical measures, two single-frequency metrics, and four band energy metrics).

To avoid redundancy, reduce feature-space dimensionality, and prevent overfitting, feature
selection is applied using recursive feature elimination, RF importance, ANOVA F-score, Lasso
coefficients, and mutual information. Low-variance and highly correlated (|r| > 0.85) features are
removed. Feature selection was performed exclusively on the training data (13 subjects) to prevent
information leakage; the two held-out test subjects were not involved in any feature selection or model
training step.

The next step is to compare the accuracy and F1-score for various feature subsets across all models.
Each segmented 8-second window is represented by a feature vector and assigned one of eight activity
labels. For multiclass classification, several ML models are trained in parallel and tested: RF, SVM,
Gradient Boosting, KNN, Multilayer Perceptron (MLP), and modern LightGBM and CatBoost. Training
and testing follow a Group K-Fold cross-validation scheme (grouped by subject ID, ensuring that data
from the same participant never appear in both training and validation folds), and performance is
evaluated using F1-score, precision, recall, and accuracy.

The final stage is the selection of the optimal model and identification of the most informative
features for the activity classification task. As a result, a subset of 164 informative features is formed.
The analysis revealed that time- and frequency-domain body-acceleration features are most informative
for activity recognition, whereas frequency and certain wavelet-domain PPG features significantly
improve the accuracy of physiological-state and HR estimation.

Thus, the combination of robust signal preprocessing, extended feature engineering from ac-
celerometer and PPG signals, and effective feature selection provides the foundation for a reliable,
automated HAR system that accounts for individual physiological differences.

3.4. HR Estimation

The PPG signal, especially under dynamic conditions, often contains substantial noise and MA,
which complicate accurate HR estimation. To improve quality, a multi-stage preprocessing pipeline
is required. Figure 3 presents the block diagram of the algorithm for HR estimation based on PPG
and accelerometer signal processing. The algorithm performs stepwise data processing with quality
control at each stage, ensuring the reliability of the obtained results.

Figure 3. Block diagram of the feature engineering process for HR estimation.

The algorithm starts by receiving segments of PPG and accelerometer signals. In the first step, a
validation is performed: if invalid or malformed signal values are detected, processing for that window
is terminated, and the system proceeds to the next segment. For valid input data, preprocessing is
applied, including normalization and format conversion to unify data representation. Then, adaptive
filtering is performed to remove MA and reduce noise in the PPG signal. Following [1], this stage
applies DWT with subsequent signal reconstruction to suppress low-frequency baseline drift and
high-frequency noise. In this study, the Coiflet-1 wavelet with four decomposition levels is used,
as its morphology aligns well with the PPG pulse waveform. Only components carrying cardiac-
rhythm content are retained, while noise-dominant components are attenuated. The next step performs
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amplitude demodulation via the Hilbert transform to obtain the signal envelope [45]. Normalization
at this stage mitigates amplitude artifacts and stabilizes subsequent peak detection.

Next, a signal-quality check is performed: if the signal remains unreliable (anomalies or invalid
values persist), processing of that window is stopped. Otherwise, a pair of the current and previous
cleaned signal windows is formed. This enables more robust HR estimation via inter-window analysis.

For HR estimation, several systolic-peak detectors are considered, including classical thresholding,
the AMPD method, and SSF. Each approach has advantages depending on the signal-to-noise ratio and
waveform complexity. The accuracy of HR estimation is assessed by comparison with reference values
obtained from the synchronously recorded ECG signal. However, even with careful preprocessing,
classical algorithms do not always provide reliable HR estimates in the presence of substantial MA.
To overcome these limitations, this work adopts the KID-PPG model [2]. KID-PPG is a knowledge-
informed deep learning model that processes data in 8-second windows with a 2-second overlap. The
inputs consist of a PPG signal (N × 1) and a triaxial accelerometer signal (N × 3), where N = 8 × fs

and fs is the sensor sampling frequency. The model comprises two stages. The first stage is a linear
adaptive filter—a two-layer convolutional network that processes the three-channel accelerometer
signal alongside the PPG signal, applying spatio-temporal filtering to estimate and subtract MA and
produce a cleaned blood volume pulse signal. This filter is adapted using stochastic gradient descent
(SGD) for 1000 epochs, with the loss computed as the mean squared error of the FFT of the inputs.
The second stage is a temporal attention model—a deep network consisting of three convolutional
blocks (32, 48, and 64 filters), an average pooling layer, a multi-head temporal attention layer with a
residual connection, layer normalization, and fully connected layers. The output layer parameterizes a
normal distribution by its mean and SD, enabling probabilistic HR estimation with built-in uncertainty
quantification. This model is trained using the Adam optimizer (learning rate = 0.0005, β1 = 0.9,
β2 = 0.999, ϵ = 10−8). In this study, the pre-trained model weights provided by the original authors
were used directly, while only the adaptive filtering stage was fine-tuned per window. Owing to these
properties, KID-PPG is selected as the primary approach in this study, offering superior robustness to
MA and high HR-estimation accuracy on real multimodal data compared with classical methods.

After processing one window, the system proceeds to the next signal segment. The process repeats
for all available windows, enabling continuous analysis and data processing.

3.5. Personalized Load Assessment

Assessment of workers’ physiological state from biometric data is central to health-monitoring
systems. The main indicators are HR, activity level, BMI, age, sex, and fitness level. Figure 4 illustrates
the block diagram of the proposed algorithm for the comprehensive analysis of a worker’s physiological
state, incorporating HR estimation, effort index (EI) calculation, demographic group, and activity-
intensity classification.

Figure 4. Block diagram of the algorithm for analyzing the worker’s physiological state.

The algorithm begins by obtaining personal data, including sex, age, recognized activity class,
and estimated HR for each signal window. The first step verifies the completeness and correctness of
the input (sex, age, HR, activity ID). If missing or invalid data are found, the corresponding segment is
skipped.
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Next, the individual’s maximum HR is determined. The algorithmic approach involves normaliz-
ing the worker’s HR relative to their individual maximum HR, computed using validated formulas,
such as the widely used Fox–Haskell formula [48] (2):

HRmax = 220 − age. (2)

However, this formula tends to overestimate HR for older individuals. For men, the Tanaka equation
[49] provides a more accurate estimate (3):

HRmax = 208 − 0.7 × age. (3)

For women, the Gulati formula [50] is recommended (4):

HRmax = 206 − 0.88 × age. (4)

Age is the primary factor influencing HRmax. Sex also plays a role, as the HR decline curve with
age differs between men and women. BMI and fitness level mainly affect resting HR but have little
influence on HRmax. Athletes generally exhibit a lower resting HR and faster recovery after exertion,
although HRmax differs only slightly from that of untrained individuals of the same age [51]. Hence,
in the proposed approach, the individual’s maximum HR is determined by sex: the formula (3) is used
for males and (4) for females.

After determining HRmax for each worker, the current HR is normalized using the EI as the ratio
of the estimated HR to the individual HRmax, expressed as a percentage (5):

EI =
HRcurrent

HRmax
× 100%. (5)

This approach ensures that age and sex are directly incorporated into workload estimation, providing
a personalized and physiologically justified assessment.

Then, according to the activity identifier, each window is assigned to an intensity class: low
(1-sitting, 6-lunch break, 8-desk work), medium (7-walking, 5-driving a car, 3-table soccer), or high
(2-stairs, 4-cycling). Segments with undefined activity IDs are skipped. The activity labeled "break"
was excluded from further analysis because the PPG-DaLiA dataset lacks a clear description of
the participants’ actions during this activity. This prevents unambiguous classification in terms of
physiological load level and therefore excludes it from grouping.

Approaches to state analysis can be categorized into algorithmic (traditional) and statistical. For
algorithmic analysis of physiological workload, the EI is usually divided into standard intensity zones
based on the percentage of HRmax, as recommended by established exercise prescription guidelines [52].
These zones typically range from very light (< 57% HRmax) through moderate (64–76% HRmax) to
near-maximal (≥ 96% HRmax) intensity. Each zone allows relating the worker’s current physiological
load to the nature of the performed activity. If the effort index is below the zone threshold, it may
indicate underactivation; matching the zone corresponds to the optimal load; exceeding it signals
tension or overload. The main drawback of this traditional approach lies in its reliance on unified
ranges that neglect individual variability and may lead to inaccurate assessments. A related approach
is the Karvonen method [53], which defines target intensity as a percentage of heart rate reserve
(HRmax − HRrest) rather than HRmax alone, offering improved precision for individuals whose resting
HR deviates substantially from population norms. However, it requires a reliable measurement of each
individual’s resting HR, introducing an additional per-person calibration step that limits applicability
in continuous monitoring scenarios; moreover, publicly available wearable-sensor datasets rarely
include standardized resting HR measurements.

The statistical approach proposed in this work provides a personalized evaluation: for each
group, the EI distribution is analyzed by sex, age, and activity, and the mean and SD are reported.
The worker’s current index is compared to this distribution—typical values indicate a normal state,
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significant excess indicates a risk of fatigue, and lower values suggest insufficient activity. Thus, the
system accounts for both individual and group-level variability. To form the reference group, each
worker is categorized by sex and age (in 5-year intervals). Next, the algorithm checks whether sufficient
reference data are available within the same demographic group and intensity class. If insufficient
reference data exist, analysis of the current segment is not possible. When sufficient reference data are
available, EI values of other workers in the same demographic and intensity group are collected. The
group mean and SD of EI are then computed. For each window, the worker’s effort index is compared
to the group mean and SD: below (mean − SD), within one SD, between one and two SDs, or above
two SDs. Interpretation of these categories follows established criteria (Table 1).

Table 1. Evaluation and interpretation of physiological load.

Deviation from
Expected HR

Physiological
Interpretation Fatigue Level Health/Load

Impact Description

Within 1σ
Normal

cardiovascular
response

Normal /
Balanced Normal load

Expected effort
maintained over

several hours.

1σ–2σ

Moderate
increase in

sympathetic
activity

Growing fatigue
Mild fatigue.

Short-term load
is acceptable,

A break may be
required after

prolonged
activity.

≥ 2σ
High

cardiovascular
load

Near exhaustion
Risk of overload,
dehydration, or

overheating

Rest
recommended;

signs of
physiological
stress present.

Below expected
Insufficient

activation or high
training level

Recovery /
Underload Low workload

Worker
under-engaged

or not sufficiently
active.

Table 1 summarizes the interpretation criteria used to classify each signal window into one of four
physiological states based on the worker’s deviation from the demographic-group mean EI. Windows
falling within one SD represent a normal cardiovascular response appropriate for the given activity
and demographic profile. Deviations of one to two SDs indicate growing sympathetic activation and
suggest that a break may be needed if the elevated load persists. Values exceeding two SDs signal a
risk of physiological overload, warranting rest or workload reduction. Conversely, EI values below
the expected range may reflect insufficient activation or, alternatively, a high level of cardiovascular
fitness. This statistical framework avoids the limitations of fixed HR-zone thresholds [52] by anchoring
the assessment to group-specific distributions, thereby accommodating inter-individual variability
arising from differences in age, sex, and activity type.

3.6. Validation and Experimental Setup

Evaluation of the proposed methodology was conducted in two main directions: evaluation of
the quality of physical activity classification and verification of HR estimation accuracy. To objectively
assess the models’ generalization capability, data from two randomly selected subjects of opposite
sexes were used. Their recordings were not included in the model training phase.

In the first testing stage, an RF activity classification model was trained using 164 selected features.
Model hyperparameters were tuned via randomized search with Group K-Fold cross-validation
(grouped by subject ID) to maximize classification accuracy. After training was completed, the model’s
performance was evaluated on the two designated test subjects.

The second direction of the test involved applying the KID-PPG model to HR estimation. The main
focus was on tuning the adaptive filtering parameters, since the model—which employs knowledge-
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informed, physics-driven training—was used in a pre-trained form, as recommended by the authors,
and did not require additional retraining on the dataset. This approach was chosen because the model
had already undergone multi-stage training and testing across various datasets, including PPG-DaLiA,
demonstrating strong generalization. Adaptive filtering parameters were varied by changing the
optimizer, learning rate, and number of epochs.

Within the comprehensive system evaluation, a full procedure was performed for each signal
window of the test subjects: activity classification, PPG filtering using accelerometer data, HR estima-
tion via KID-PPG, and statistical analysis of the physical-load intensity distribution for each subject,
accounting for demographic group affiliation. Detailed testing results, including illustrative model
visualizations, are presented in the following sections.

4. Results and Discussion
4.1. Feature Selection

Figure A1 displays the aggregated feature ranking across multiple selection methods (Recursive
Feature Elimination, RF importance, ANOVA F-score, Lasso, and Mutual Information). The histogram
reveals that body acceleration features (BodyAcc) dominate the top rankings, with statistical measures
(mean, standard deviation, correlation coefficients) and wavelet energy features appearing most
frequently among high-priority features. Notably, accelerometer-derived features across the X, Y,
and Z axes constitute the majority of the top 164 selected features. PPG-related features, particularly
those from frequency-domain analysis (wavelet energy bands) and spectral characteristics, fall within
the mid-to-low priority range but remain essential for comprehensive activity characterization. The
gradient from dark purple (highest rank) to yellow (lowest rank) illustrates a progressive decrease
in discriminative power, with the majority of high-impact features concentrated in the temporal and
wavelet domains of body acceleration signals.

The analysis of feature ranking reveals that body acceleration features dominate the top-ranked
positions, particularly time-domain statistical measures (mean, standard deviation, root mean square)
computed across the three accelerometer axes. These features effectively capture the distinctive
motion patterns associated with different activities. Notably, frequency-domain features from both
accelerometer and PPG signals also demonstrate substantial discriminative power, especially wavelet
packet energy coefficients that capture non-stationary patterns inherent in human movement and
cardiac activity. Among PPG-derived features, spectral characteristics in the 0.67–8 Hz band show
significant importance for activity classification, complementing the motion-based features. This
finding supports recent research demonstrating that cardiovascular responses vary systematically
across activity types, making PPG features valuable for HAR tasks beyond their primary role in HR
estimation.

Highly correlated features (|r| > 0.85) were systematically removed to minimize redundancy.
The resulting feature subset balances discriminative power with practical considerations for real-time
implementation on resource-constrained wearable devices.

Figure 5 presents the Kendall correlation matrix, revealing strong positive correlations (0.73-0.94)
across all activity pairs, indicating substantial overlap in feature distributions between different ac-
tivities. The highest correlations occur between Stairs-Walking (0.94), Stairs-Break (0.90), and Desk
Work-Sitting (0.91), suggesting these activity pairs share similar accelerometer and PPG characteristics.
Activities involving sedentary behavior (Sitting, Desk Work, Lunch) show moderate-to-high intercor-
relations (0.87-0.91), whereas dynamic activities (Cycling, Table Soccer, Driving) exhibit correlation
coefficients ranging from 0.72 to 0.83. This high baseline correlation across all activities underscores the
challenge of discriminative classification and motivates comprehensive feature engineering to capture
subtle distinguishing characteristics.
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Figure 5. Kendall correlation matrix between activity types.

Figure 6 demonstrates the relationship between the number of selected features and classification
performance across eight ML models. Both F1-score and accuracy improve rapidly within the initial
feature range (5-30 features), reaching near-optimal performance at approximately 164 features. Beyond
this threshold, performance gains become marginal across all models, indicating feature saturation.

(a) (b)

Figure 6. Models’ F1-score (a) and accuracy (b) depending on the number of features.

The ensemble methods (RF, Gradient Boosting, SVM_RBF) converge to F1-scores of 0.88-0.91 and
accuracies of 0.87-0.89 with the optimal 164-feature subset. KNN and Logistic Regression show more
gradual improvement curves and lower asymptotic performance (F1-score ≈ 0.78-0.85), suggesting
sensitivity to feature dimensionality. MLP demonstrates intermediate performance but exhibits greater
variability. The behavior of the plateau beyond 164 features supports the decision to retain this
subset, balancing classification accuracy with computational efficiency while avoiding redundancy
and potential overfitting from the entire 341-feature set.

The feature selection process identified 164 optimal features from an initial set of 341 characteristics
extracted from accelerometer and PPG signals. The resulting dimensionality was reduced by 52% while
maintaining classification performance, thereby improving computational efficiency and reducing the
risk of overfitting.
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4.2. Activity Classification

The RF classifier trained on 164 selected features achieved strong overall performance on the test
set, as shown in Table 2. The model demonstrated robust generalization, with a macro F1-score of
90.73%, indicating balanced performance across activity classes despite dataset imbalance.

Table 2. Overall classification performance of the RF model.

Accuracy F1-macro F1-weighted

0.8936 0.9073 0.8940

To evaluate the generalization capability of the model across diverse demographic profiles, two
independent test subjects with contrasting characteristics were selected:

1. S7: Female, age 21, BMI 20.5, fitness level 2.
2. S12: Male, age 43, BMI 27.6, fitness level 5.

These subjects represent the opposite ends of the demographic spectrum in the dataset, enabling
assessment of model robustness across variations in age, sex, body composition, and fitness level.

Figure 7 shows the precision–recall (PR) curve of the RF model for each activity, enabling the
assessment of the precision and recall relationships for different activity classes for the first (F1-
score 90.2%) and second (F1-score 86%) users.

(a) (b)

Figure 7. PR curve for the RF activity classification model for the first (a) and second (b) test users.

As can be observed, the PR curves indicate a strong ability to correctly classify most activity types.
Particularly high precision and recall are observed for the classes "Table soccer", "Sitting", "Stairs", and
"Lunch break", where precision values approach 1 even at high recall. The model best distinguished
the "Table soccer" and "Lunch break" classes due to their characteristic features. At the same time,
for the "Desk Work" and "Cycling" classes, a notable drop in precision is observed as recall increases,
indicating a considerable number of false positives for these activities. This may be related to both
contextual similarity between activities and class imbalance in the training set.

Figure 8 presents the confusion matrix, which illustrates the probability of assigning signals to
each activity class in the test data and serves as an additional indicator of the model’s generalization
quality for the first and second test users.
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(a) (b)

Figure 8. Confusion matrix for the classification results of the first (a) and second (b) test users.

The most frequent confusions occur between "Desk Work" and "Lunch break" and between
"Sitting" and "Desk Work". Conversely, for activities associated with active movement—namely,
"Table soccer", "Cycling", and "Walking"—the model generally maintains high accuracy and minimizes
misclassifications, which is important for physical-activity monitoring systems.

The impact of class imbalance is also evident: activities with more samples exhibit more stable met-
rics, whereas less frequent classes show lower performance and greater error variability, highlighting
the need for further dataset balancing or class-weight optimization during training. To address these
issues, forming intensity groups proved useful: grouping activities with similar features or outcomes
simplifies error interpretation and improves the system’s practical relevance.

4.3. HR Estimation

Various HR estimation methods were analyzed in detail, including classical peak detection
algorithms (derivative- and threshold-based), AMPD, and modern wavelet filters employing adaptive
algorithms. The comparative analysis confirmed that classical methods are sufficiently accurate only
for high-quality signals; under more complex conditions (with noise and MA), the deep learning
KID-PPG model achieves the best accuracy and robustness in the final estimation.

To evaluate the performance of the KID-PPG model, a series of experiments was conducted with
varying adaptive filtering parameters (different optimizers and learning rates). Figure 9 presents
histograms of MAE and MAPE for each activity type and user, allowing for the evaluation of model
quality by activity category.

The MAE and MAPE evaluations for each activity and user (Figure 9) indicate variability in
prediction accuracy across scenarios. MAE ranges from 4 to 10 bpm across activity types, while MAPE
ranges from 5% to 13%, depending on the user. Typically, better accuracy is observed for static activities
(e.g., desk work or sitting), whereas dynamic and complex movements (e.g., table soccer and driving)
exhibit higher errors. It is worth noting that the KID-PPG model not only provides a quantitative HR
estimate but also outputs a numerical measure of result reliability—the SD of the estimate—which
depends on the input signal quality. Based on this parameter, the adaptive filtering parameters for
PPG recordings are adjusted using accelerometer data: for noisier signals, a larger number of epochs
can be selected.
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(a)

(b)

Figure 9. MAE and MAPE of the KID-PPG model for each activity type (a) and test users (b).

4.4. Physiological State Assessment

The personalized load assessment methodology described in Section 3.5 was applied to all 15
participants. For each subject, the effort index was computed for every eight-second window, assigned
to an intensity class (low, medium, or high), and compared against the corresponding demographic-
group distribution. Table A1 presents the resulting physiological load distributions, broken down by
intensity class and subject.

Across the full cohort, the largest share of signal windows falls within one SD of the group mean
(median across subjects: 40.2% for low, 43.5% for medium, and 48.1% for high intensity), corresponding
to a normal cardiovascular response. Overload states (≥ 2σ) occur most frequently in the low-intensity
group (median 12.5%), followed by medium intensity (median 11.3%), while high-intensity activities
exhibit the lowest overload rate (median 6.7%). This pattern reflects the system’s design: because the
effort index is evaluated relative to activity-appropriate reference ranges, elevated HR during vigorous
exercise is expected and therefore does not trigger overload classification, whereas unexpectedly high
HR during sedentary or moderate tasks indicates a genuinely atypical physiological response.

Analysis of physiological-load distributions for individual users (Table A1) reveals several pat-
terns linked to demographic and fitness characteristics. The youngest participants with low BMI (S7,
S11, and S13; ages 21–24, BMI 20.5–22.0) exhibit the most homogeneous load profiles: their average
within-1σ rates exceed 48%, and overload (≥ 2σ) rates are near zero (0.0% for S7 and S13, 2.0% for S11),
indicating highly predictable cardiovascular responses regardless of fitness level (which ranges from 2
to 6 in this subgroup).

A distinct age-related pattern emerges among the three oldest participants (S8, S10, and S12; ages
43–55). While their high-intensity overload rates remain moderate (5.8–7.5%), the medium-intensity
group reveals pronounced overload: 37.5% for S8, 51.0% for S10, and 28.7% for S12. This suggests
that moderate activities—which are expected to produce only modest cardiovascular responses—elicit
disproportionately elevated HR in older participants, potentially reflecting age-related reductions in
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cardiovascular efficiency. Notably, S12 (BMI 27.6, the highest in the cohort) shows consistently lower
within-1σ rates (average 36.3%), suggesting that elevated BMI compounds the age effect.

User S6 (fitness level 1, the lowest in the dataset) presents a unique pattern: in the low-intensity
group, the overload rate reaches 42.0% with only 15.1% of windows within 1σ, whereas medium- and
high-intensity distributions are unremarkable (10.9% and 8.9% overload, respectively). This anomaly is
likely attributable to data quality issues rather than physiology alone: the PPG-DaLiA dataset authors
reported difficulties in recording this participant’s signals, with some segments removed, which may
have distorted the low-intensity reference distribution.

These findings indicate a substantial influence of participants’ individual characteristics—
particularly age—on physiological-load distributions and underscore the importance of both
demographic-aware normalization and rigorous data quality control in the interpretation of automated
monitoring results.

4.5. Limitations and Future Work

Several limitations should be acknowledged. First, the PPG-DaLiA dataset, while multimodal
and well-annotated, comprises only 15 participants with a limited age range (21–55 years) and does not
include participants with chronic conditions or occupational populations performing real industrial
tasks. The demographic-group normalization is therefore based on relatively small reference groups,
and its robustness should be verified on larger and more diverse cohorts. Second, the KID-PPG com-
putation time of approximately 5 seconds per eight-second window (at 1000 iterations) is suitable for
delayed near-real-time processing but not yet sufficient for true real-time analysis. Given the model’s
computational complexity, deployment on low-power wearable devices would require offloading
processing to a remote server using a modular architecture, which in turn raises requirements for
robust data protection and anonymization of personal health information. Third, certain activity
pairs—particularly sedentary classes such as "desk work" and "sitting"—exhibit high feature-space
similarity (Kendall correlation 0.91), leading to elevated misclassification rates. Class imbalance in
the dataset further contributes to performance variability across less-represented activities. Fourth,
the current approach groups activities into three broad intensity levels (low, medium, high). A finer-
grained intensity classification or continuous intensity estimation could improve the sensitivity of
the physiological load assessment, particularly for activities near category boundaries. Future work
should address these limitations by: (1) validating the methodology on larger occupational datasets
collected in real workplace environments; (2) optimizing the KID-PPG pipeline for edge-device de-
ployment, potentially through model distillation or quantization; (3) expanding the range of analyzed
physiological parameters beyond HR (e.g., HR variability, respiratory rate); (4) investigating adaptive
demographic grouping strategies that account for evolving participant baselines over time; and (5)
implementing multi-level personal data protection mechanisms suitable for continuous occupational
monitoring.

5. Conclusions
This study presented a methodology for personalized assessment of workers’ physiological load

by integrating accelerometer-based activity recognition with PPG-derived HR estimation from wrist-
worn wearable sensors. The methodology was validated on the PPG-DaLiA dataset comprising 15
participants with diverse demographic profiles (ages 21–55, BMI 20.2–27.6, fitness levels 1–6). The
RF classifier trained on an optimized subset of 164 time-, frequency-, and wavelet-domain features
achieved a macro F1-score of 90.73% for eight-class activity recognition. The KID-PPG deep learning
model provided robust HR estimation with MAE below 10 bpm across activity types, including
dynamic conditions with substantial motion artifacts. The proposed personalized load assessment
framework, which normalizes effort indices against demographic-group-specific distributions, re-
vealed that participant characteristics—particularly age—substantially influence physiological-load
patterns. Notably, older participants (ages 43–55) exhibited elevated overload rates during medium-
intensity activities (up to 51.0%), whereas the youngest participants (ages 21–24) demonstrated highly

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0657.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0657.v1
http://creativecommons.org/licenses/by/4.0/


18 of 23

predictable cardiovascular responses with near-zero overload rates. These findings confirm that
demographic-aware normalization is essential for accurate physiological state interpretation and that
generic HR thresholds are insufficient for diverse worker populations. The proposed approach can be
applied to workplace health monitoring systems, occupational safety platforms, sports performance
analysis, and rehabilitation programs. Future work should focus on optimizing computational ef-
ficiency for real-time deployment on edge devices, expanding the range of analyzed physiological
parameters, and validating the methodology on larger and more diverse occupational datasets.
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Abbreviations
The following abbreviations are used in this manuscript:
AMPD Automatic Multiscale-based Peak Detection
BMI Body Mass Index
CNN Convolutional Neural Network
DWT Discrete Wavelet Transform
ECG Electrocardiography
EI Effort Index
FFT Fast Fourier Transform
HAR Human Activity Recognition
HR Heart Rate
IPI Inter-Pulse Interval
KNN k-Nearest Neighbors
MA Motion Artifacts
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
ML Machine Learning
MLP Multilayer Perceptron
PPG Photoplethysmography
RF Random Forest
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RMS Root Mean Square
SD Standard Deviation
SSF Sum-of-Slopes Function
SVM Support Vector Machine

Appendix A

Figure A1. Aggregated result of feature importance determination for activity classification.
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Appendix B

Table A1. Physiological load distribution by intensity class per subject.

Subject
ID Gender Age BMI Physical

Fitness
Intensity

Class

Below
ex-

pected
(%)

Within
1σ (%)

Between
1σ–2σ

(%)
≥ 2σ
(%)

S1 Male 34 23.5 6
Low 18.0 32.0 33.8 16.2

Medium 15.4 45.2 28.1 11.3
High 14.3 49.6 28.1 8.0

S2 Male 28 22.4 5
Low 14.5 48.5 32.6 4.4

Medium 16.4 46.0 28.8 8.8
High 15.3 47.2 30.1 7.4

S3 Male 25 20.8 5
Low 12.8 35.2 33.3 18.7

Medium 8.3 39.4 31.9 20.4
High 12.6 52.7 26.6 8.1

S4 Male 25 20.2 5
Low 8.4 40.2 36.0 15.4

Medium 12.6 45.3 28.7 13.5
High 18.6 48.1 28.6 4.8

S5 Female 21 21.6 4
Low 0.0 36.0 51.5 12.5

Medium 0.0 43.5 43.0 13.5
High 0.0 44.0 44.0 12.0

S6 Female 37 22.6 1
Low 25.0 15.1 17.9 42.0

Medium 16.2 43.2 29.7 10.9
High 13.8 43.3 33.9 8.9

S7 Female 21 20.5 2
Low 24.1 54.2 21.7 0.0

Medium 28.4 47.3 24.2 0.0
High 28.6 46.9 24.4 0.0

S8 Male 43 21.8 5
Low 12.3 36.5 34.2 16.9

Medium 17.1 22.7 22.7 37.5
High 14.7 42.0 36.6 6.7

S9 Female 28 21.5 5
Low 15.9 44.5 32.2 7.5

Medium 16.7 46.9 22.8 13.6
High 15.6 48.9 31.6 3.9

S10 Female 55 20.8 5
Low 17.4 38.8 30.8 12.9

Medium 26.0 11.5 11.5 51.0
High 14.3 50.4 29.5 5.8

S11 Female 24 22 5
Low 13.2 61.4 24.6 0.9

Medium 6.1 64.6 26.9 2.4
High 12.0 61.3 24.0 2.7

S12 Male 43 27.6 5
Low 20.2 40.8 29.8 9.2

Medium 22.2 24.5 24.5 28.7
High 16.3 43.6 32.6 7.5

S13 Female 21 21.8 6
Low 25.8 52.0 22.2 0.0

Medium 30.8 43.1 26.2 0.0
High 25.4 48.8 25.8 0.0

S14 Female 26 23.2 4
Low 15.5 38.5 30.5 15.5

Medium 12.3 55.3 27.2 5.3
High 12.0 53.8 28.4 5.8

S15 Male 28 23.6 5
Low 25.9 46.0 25.9 2.1

Medium 25.1 37.7 33.5 3.8
High 8.4 46.7 30.8 14.0
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