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A B S T R A C T

Researchers face the challenge of defining subject selection criteria when training algorithms for human
activity recognition tasks. The ongoing uncertainty revolves around which characteristics should be considered
to ensure algorithmic robustness across diverse populations. This study aims to address this challenge by
conducting an analysis of heterogeneity in the training data to assess the impact of physical characteristics
and soft-biometric attributes on activity recognition performance.

The performance of various state-of-the-art deep neural network architectures (tCNN, hybrid-LSTM,
Transformer model) processing time-series data using the IntelliRehab (IRDS) dataset was evaluated. By
intentionally introducing bias into the training data based on human characteristics, the objective is to identify
the characteristics that influence algorithms in motion analysis.

Experimental findings reveal that the CNN-LSTM model achieved the highest accuracy, reaching 88%.
Moreover, models trained on heterogeneous distributions of disability attributes exhibited notably higher
accuracy, reaching 51%, compared to those not considering such factors, which scored an average of 33%.
These evaluations underscore the significant influence of subjects’ characteristics on activity recognition
performance, providing valuable insights into the algorithm’s robustness across diverse populations.

This study represents a significant step forward in promoting fairness and trustworthiness in artificial
intelligence by quantifying representation bias in multi-channel time-series activity recognition data within
the healthcare domain.
1. Introduction

The automated identification of physical activities using sensor data
stands as a critical research frontier in the realm of human-technology
interaction and mobile computing [1]. Its applications span a wide
array of fields, including sports and rehabilitation sciences within
healthcare [2,3]. Typically, activity recognition relies on multi-channel
time-series data acquired from optical motion capture or wearable sen-
sors. The first step to establishing a robust model necessitates the effi-
cient creation of high-quality datasets [4–6]. However, ensuring model
robustness in activity recognition tasks is a more complex multifaceted
challenge.

Recent studies emphasize how models often inherit biases from var-
ious sources, including diverse sensor placements, domain shifts, label
inconsistencies, and class imbalances [5,7–9]. Addressing these chal-
lenges falls within the domain of dynamic inductive biases research.
More recently, research has turned its attention to representation bias
in classifier models, highlighting the impact of human subjects’ charac-
teristics on deep network models. However, the exploration of subject
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characteristics’ relevance in multi-channel time series activity recog-
nition datasets is still in its early stages. Each individual exhibits
unique motion behaviors during activities, which can be identified
through short-term signal patterns [10]. Consequently, differences in
physical characteristics between training and testing data can lead to
performance degradation. A robust model requires diverse training data
that encompasses a range of physical characteristics.

For instance, in crafting the activity recognition dataset, researchers
ensured the inclusion of diverse demographic groups from the target
application domain [9,11]. This approach aims to bolster the model
against motion patterns exhibited by individuals in the target do-
main, which are often unknown during data collection. Additionally,
employing leave-one-subject-out cross-validation helps in constructing
accurate activity recognition models by treating each individual as a
separate test set. While effective in mitigating algorithmic biases, this
method fails to address the underlying causes of model bias, such
as physical characteristics or soft-biometric attributes. The degree to
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which human physical characteristics influence activity recognition
performance remains uncertain. Thus far, evaluating the impact of
subject characteristics on activity recognition represents the initial step
towards ensuring fair and reliable models for multi-channel time-series
applications. The selection of subjects for data collection entails deci-
sions regarding physical characteristics and soft-biometric attributes,
necessitating exploration to discern their impact on model performance
across various activities [11].

This study aims to assess the impact of physical characteristics and
soft biometric attributes, such as gender, age, disability, and phys-
ical impairment, on model performance within activity recognition
datasets utilized in the field of rehabilitation medicine. Consequently,
our contribution seeks to identify the key physical characteristics that
should be considered when selecting subjects to construct a robust
activity recognition model. To achieve this, we examine the extent
to which biases in human physical characteristics within the training
and testing datasets influence classifier performance. While one might
anticipate that individuals with similar physical characteristics exhibit
motion patterns conducive to activity recognition within homogeneous
populations, there could be certain physical attributes whose impact
on activity recognition performance is negligible, despite their known
influence on human motion behavior. In some cases, it may suffice
to incorporate a randomly selected, yet sufficiently large, group of
individuals.

This research represents a pivotal first step towards promoting
fairness in human activity recognition systems and dataset creation
within the AI community. To address these complexities, we conduct
a series of experiments using various datasets and state-of-the-art deep
learning models processing temporal data to generalize our findings as
comprehensively as possible.

The article is structured as follows. In Section 2, an overview of
related works on investigating the influence of physical characteristics
and soft-biometric attributes on human motion behavior. Section 3
outlines the methodology employed in this study and explains the
proposed experiments to quantify the influence of subject selection on
activity recognition performance. Section 4 presents the quantitative
results of the proposed experiments using different datasets. Section 5
offers a comprehensive analysis of the findings and their future im-
plications. Finally, Section 6 concludes the work with an outlook on
potential avenues for future research.

2. Research background

Fairness in the research community is a recently established area
of machine learning that studies how to ensure that biases in the data
and model inaccuracies do not lead to models that treat individuals
unfavorably based on characteristics such as e.g. race, gender, disabil-
ities, and sexual or political orientation [12,13]. The integration of
explanations, enabled by explainable AI, offers a pathway to strengthen
trust in AI-driven decision-making processes [14].

The pivotal relationship between transparency, explanation, and
fairness in AI decisions is paramount for future development. Priori-
tizing both user trust and perceived fairness is vital for the responsible
use of AI systems, an aspect that has been frequently overlooked in the
recent past. Fairness significantly affects user trust, particularly when
fairness levels are lower, resulting in diminished trust.

Researchers and practitioners are showing an increasing interest in
algorithmic fairness, proposing solutions for many different tasks [15–
17]. These works typically focus on describing and classifying im-
portant measures of algorithmic fairness and methods to enhance it.
Advances in applications like deep face recognition, loan and credit
assessment, and product recommendation systems have emphasized the
crucial importance of assessing datasets for potential biases [18]. Stud-
ies have highlighted that biases can manifest in various forms, includ-
ing social, measurement, representation, label, algorithmic, evaluation,
deployment, and feedback bias in the underlying datasets [18].
2

Recent research endeavors have prioritized the mitigation of repre-
sentation bias to foster the development of fair and equitable machine
learning models [19]. This undertaking entailed curating a balanced
dataset encompassing diverse age groups, genders, and ethnic back-
grounds, drawing from various freely available sources and public
image datasets.

In the domain of activity recognition using multi-channel time-
series data, prior research has predominantly delved into dynamic
inductive biases, encompassing factors such as sensor types, positions,
segment sizes, and preprocessing techniques [20]. However, the bias
introduced by the selection of subjects for activity recognition has
received less attention. Recent studies in gait activity-based person
re-identification have emphasized the distinctive nature of each in-
dividual’s motion behavior [21]. Various physical characteristics also
play a significant role in influencing human motion, as discussed in
other literature works [22–24].

Lockhart and Weiss’s study proposed a categorization of model cre-
ation into three distinct types: personal, impersonal, and hybrid [25].
Personal models are trained and tested on the same subject’s activities,
while impersonal or universal models utilize training data from individ-
uals who will not be present in the test set. Finally, the hybrid model
integrates aspects of both personal and impersonal models. Evaluation
of these models using Random Forest demonstrates that the universal
model achieves the lowest accuracy at 76%. In contrast, personal and
hybrid models achieve higher classification accuracies at 98% and
95%, respectively. However, personal and hybrid models may not be
practical for real-world applications. Therefore, there is a need to assess
the physical or soft-biometric characteristics of individuals to develop
a robust impersonal model for activity recognition classification.

A more recent study explored the notion of subject similarity to
weight training data, prioritizing data that are more analogous to
those of the user being tested [26]. Furthermore, they assess per-
sonalization models based on the similarity between users in terms
of physical attributes and signal patterns [27]. Using metrics such
as Euclidean distance between feature vectors of subjects based on
age, weight, and height, they visualize multidimensional scaling over
physical characteristics. Their experimentation on UniMiB SHAR, Mobi-
act, and MotionSense datasets illustrates that their approach enhances
classification accuracy. Koskimäki et al. investigated bias avoidance in
classification algorithms using a dataset of 10 subjects [28]. Similarly,
Alam et al. analyzed AI fairness in activity recognition systems for older
adults [29]. Lai et al. explored bias in human action recognition using
17 subjects from the UP-Fall Detection Dataset [30]. Braganca et al.
investigated potential bias problems using the SHOAIB dataset and the
WISDM dataset [31].

While the literature reviewed above highlights how subjects’ indi-
viduality affects activity recognition accuracy and presents a method
for enhancing classification accuracy through model personalization,
it does not fully address the challenge of widespread implementation
of activity recognition. Consequently, it would be beneficial for dataset
creators to ascertain the specific aspects of subjects’ characteristics that
contribute to diminished activity recognition performance.

Also, unbalanced data presents a significant challenge for ensuring
algorithmic fairness, as it inherently impacts the performance and
accuracy of machine learning models. When models are trained on
unbalanced datasets, they tend to exhibit biases towards the over-
represented classes, thereby disadvantaging minority groups that are
underrepresented in the training data. This imbalance can manifest in
less accurate predictions or biased outcomes, particularly for groups
that are not proportionally represented in the dataset.

These biases jeopardize the fairness of algorithm decision-making
processes, potentially leading to unequal treatments or outcomes for
different demographic groups. Consequently, there is a pressing need
to address and mitigate the effects of unbalanced attributes and data
distributions to enhance the fairness and equity of algorithmic deci-

sions. Addressing the issue of unbalanced data is crucial, especially in
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domains such as healthcare, where incomplete or skewed datasets are
prevalent. Despite the challenges posed by unbalanced medical data,
it is often the only available resource for training machine learning
models. Therefore, effective data pre-processing techniques are essen-
tial for mitigating biases and improving the reliability of predictive
models [32].

Hence, comprehending which aspects of subjects’ characteristics
impact activity recognition accuracy is vital for researchers in this do-
main. Existing literature predominantly concentrates on biases related
to race, gender, and age, while disability and impairment attributes
of subjects have received comparatively less attention. However, it is
crucial to acknowledge that motion behavior is also influenced by the
health conditions of subjects, yet no previous research has underscored
differences in disability and impairment characteristics among subjects
in activity recognition systems within the healthcare field.

Feature selection emerges as a fundamental challenge in machine
learning for building trust. Features play a pivotal role in learning
and understanding data, and the consolidation of results not only
enhances accuracy but also boosts robustness. This aspect significantly
contributes to fostering trustworthiness in practical applications of
machine learning, which is paramount for future advancements [33].
Consequently, conducting comprehensive research not only on age and
gender characteristics but also on the physical and health attributes of
subjects is imperative.

This study employs statistical analysis of training data to elucidate
the influence of subjects’ demographics and health attributes on activity
recognition performance, thereby highlighting the necessity for further
investigation in heterogeneous dataset settings.

3. Materials & Methods

3.1. Research hypothesis

Capturing human movement data poses challenges in discerning
sensor biases, sensor placement, or the distinct motion patterns in-
herent to each individual. In practical applications of human activity
recognition, a model that can be readily deployed without extensive
tuning for each scenario is highly desirable, thereby circumventing
the need to account for the specific physical attributes of individuals
involved.

Multi-channel time series datasets, such as those derived from op-
tical motion capture systems, offer comprehensive insights into human
body movements. Prior research has predominantly focused on uncov-
ering biases stemming from sensor placement, sensor types, preprocess-
ing methods, feature extraction techniques, and label inconsistencies in
activity recognition models. Recent studies have addressed the poten-
tial for identifying individuals and their unique soft-biometrics from
these activity recordings. Nonetheless, the influence of these subject-
specific characteristics on classifier models remains largely unexplored,
particularly within the healthcare domain.

Thus, this study aims to evaluate the influence of subjects’ physical
and demographic characteristics on training different deep learning
architectures used in activity recognition tasks.

By leveraging an existing published dataset containing informa-
tion on subjects’ health status (whether they are patients or healthy
individuals), demographics about age and gender, and health-related
attributes (such as wheelchair usage and affected body side due to
physical impairments), we aim to examine the impact of these fac-
tors on activity recognition. Specifically, we aim to investigate the
influence of disability characteristics and demographics on activity
classification performance as dataset bias in classifier models within
the rehabilitation field.
3

3.2. Dataset

In the healthcare domain, datasets used for activity recognition
often lack sufficient subject numbers and comprehensive annotations
on demographic and health-related characteristics. For instance, Vakan-
ski et al. presented the UI-PRMD dataset, which includes 10 healthy
subjects with annotations limited to demographic data [34]. Similarly,
Antunes et al. introduced the AHA-3D dataset, consisting of 21 healthy
subjects annotated solely for age attributes, without information on
other characteristics such as physical impairments [35]. Notably, phys-
ical and health-related attributes can significantly influence motion, as
evidenced by recent studies [21,22].

While advancements have been made, such as the dataset by
Capecci et al. which includes 44 healthy and 34 patient subjects with
demographic annotations, further annotations on health-related char-
acteristics are often lacking [36]. The Toronto Rehab Stroke Posture
Detection Dataset (TRSPD) stands out as one of the few datasets pro-
viding annotations on clinical and disability features of patient subjects,
including details on affected body parts and mobility status [37].
Despite its strengths, the TRSPD has a smaller patient cohort when
juxtaposed with the recently published and openly accessible IntelliRe-
hab (IRDS) Dataset [38], which provides comprehensive annotations
covering demographics, disability status, and affected body parts. Thus,
to our best knowledge, the IRDS dataset emerges as the most suitable
free and open resource available, offering comprehensive annotations
covering demographic characteristics, disability status, and affected
body parts.

In pursuit of the primary objective of this study, we delved into
a subset of IRDS dataset focused on shoulder rehabilitation move-
ments [38]. Notably, the IRDS dataset encompasses patients with di-
verse pathological conditions, including stroke and spinal cord injury,
making it a valuable resource for improving the monitoring and assis-
tance of upper limb rehabilitation across various populations, including
those with neurological and musculoskeletal disorders.

The selected subset consists of repetitions of shoulder movements
performed by 28 subjects, comprising 14 patients and 14 healthy
controls. Recordings pertaining to patient ID 205 were omitted from
the analysis as they comprised only a single correct repetition for
one of the exercises. The dataset provides 3D coordinates of 25 body
joints and corresponding depth maps for each frame, recorded using a
Microsoft Kinect One sensor at 30 frames per second. Each movement
is meticulously annotated with exercise type (such as shoulder flexion
right (SFR), shoulder flexion left (SFL), shoulder abduction right (SAR),
shoulder abduction left (SAL), shoulder forward elevation (SFE)), the
correctness of pattern motion (correct or incorrect), the subject’s demo-
graphics (gender and age), and subject’s health-related characteristics
(including wheelchair usage, and the body side affected by physical
impairment).

Table 1 summarizes and describes the exercises considered in our
experiment, while Table 2 provides information about age and gen-
der attributes. Additionally, Table 3 outlines details about physical
disabilities and impairments among patient subjects.

There is a notable trend wherein incorrect gestures tend to be longer
than the correct ones, likely due to patients either struggling to perform
the gesture or taking longer to prepare for it. As illustrated in Fig. 1,
most incorrect gestures exhibit significantly longer durations compared
to correct executions, with exercises SFL and SFR particularly notable
in this regard.

Given the various physical limitations of patients, not all of them
completed the same number of exercise repetitions (sequences); a
disparity was also observed among the controls due to differing avail-
ability times. Each subject attempted to perform gestures a certain
number of times, with these repetitions labeled as correct or incorrect.
Figs. 2 and 3 respectively depict the distribution of the number of cor-
rect and incorrect repetitions for each exercise, while Fig. 4 illustrates
the contrast in distribution between correct and incorrect repetitions
among healthy and patient subjects across each exercise.
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Table 1
Description of exercise categories in the selected IRDS subset.

Gesture name Description

Shoulder Flexion
Left (SFL)

Flexion and extension movement of left shoulder
while keeping the arm straight in front of the body.

Shoulder Flexion
Right (SFR)

Flexion and extension movement of right shoulder
while keeping the arm straight in front of the body.

Shoulder Abduction
Left (SAL)

The left arm is raised away from the side of the body
while keeping the arm straight.

Shoulder Abduction
Right (SAR)

The right arm is raised away from the side of the
body while keeping the arm straight.

Shoulder Forward
Elevation (SFE)

With hands clap together, the arms are kept straight
and raised above the head, keeping the elbows
straight.

Table 2
Demographics frequencies in the selected IRDS subset. Abbreviations: n/a = not
applicable.

Gender Healthy Patients

N ID N ID

Male 7 101-103-106-
107-301-302-
305

11 201-202-203-
204-207-209-
210-212-213-
214-216

Female 7 102-104-105-
303-304-306-
307

3 206-211-215

Age Healthy Patients

N ID N ID

<30 11 103-105-106-
107-301-302-
303-304-305-
306-307

3 203-209-214

30–39 3 101-102-104 3 206-215-216

40–59 0 n/a 6 201-202-207-
211-212-213

>60 0 n/a 2 204-210

Table 3
Distribution of wheelchair disability and physical impairment side among patients in
the selected IRDS subset. Abbreviations: n/r = not reported.

Disability Patients

N ID

Wheelchair 7 201-203-209-210-212-215-216
No wheelchair 7 202-204-206-207-211-213-214

Impairment side Patients

N ID

Right 5 206-207-209-213-215
Left 2 202-211
Bilateral 2 210-212
Lower limbs 2 201–203
n/r 3 204-214-216

3.3. Activity recognition algorithms

This study employs deep learning techniques to analyze multi-
channel time series data, which are at the forefront of current ad-
vancement in the field of human activity recognition [39]. Unlike
traditional classifier models that rely on manually engineered features,
neural network architectures autonomously extract relevant features
from input data prior to the classification stage during supervised
learning.

We employed a set of different neural network architectures tailored
for activity recognition, including temporal convolutional neural net-
works (tCNN), hybrid Long Short-Term Memory (LSTM) networks susch
4

Fig. 1. Distribution of exercise duration, measured in frames, within correct and
incorrect motion classes.

Fig. 2. Distribution of correct and incorrect repetitions for each exercise.

Fig. 3. Duration of correct sequences, measured in frames, categorized by subject type
across diverse rehabilitation exercises.

as CNN-LSTM and Convolutional LSTM (ConvLSTM), and Transformer
models. Each of these architectures possesses distinct advantages and
has been extensively studied in the research literature for human
activity recognition tasks.

3.3.1. Temporal CNN model
In sequence modeling tasks, a variation on CNN called a temporal

convolutional neural network (tCNN) was used in the study [40]. tCNN
has a memory significantly longer than recurrent architectures with
the same capacity. Likewise, in different sequence modeling tasks,
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Fig. 4. Duration of incorrect sequences, measured in frames, categorized by subject
type across diverse rehabilitation exercises.

tCNN achieves better results than RNN, LSTM, since tCNN is par-
allel, adaptable in terms of receptive field size, stability of gradi-
ents, low memory requirements during training, and acceptability of
inputs of varying lengths. The tCNN, designed to process temporal
sequences effectively, operates convolutional operations across both
spatial and temporal dimensions, showcasing promising results in cap-
turing temporal dependencies and extracting discriminative features
from time-series data [41,42].

The tCNN architecture utilized in this study is schematically pre-
sented in Fig. 5. The tCNN comprises a structured input layer that re-
ceives data representing 3D joint coordinates over time steps. Through
six CNN layers with batch normalization, essential features are ex-
tracted, while dropout layers mitigate overfitting. A flattened layer
prepares the data for 4 fully connected layers, where features are
refined using ReLU activation and L2 regularization to bolster model
robustness. Finally, the softmax activation in the output layer ensures
precise activity classification predictions.

3.3.2. Hybrid LSTM models
LSTM is a type of recurrent neural network (RNN) architecture de-

signed to overcome the vanishing gradient problem in traditional RNNs.
It consists of memory cells with self-connections called ‘gates’ that
regulate the flow of information, allowing it to remember information
over long sequences. LSTM is well-suited for sequential data modeling
tasks where long-range dependencies are important, such as natural
language processing, speech recognition, and time series prediction.

CNN-LSTM. CNN-LSTM combines convolutional layers with LSTM lay-
ers. The CNN layers are typically used for feature extraction from input
sequences, capturing spatial patterns if the input data has a spatial
structure (e.g., images, sensor data). The LSTM layers are then used
to capture temporal dependencies in the extracted features. CNN-LSTM
architectures are commonly used for tasks involving spatio-temporal
data, such as video classification, action recognition, and weather
forecasting [43,44].

The CNN-LSTM architecture employed in this study is presented in
Fig. 6. The input layer applies a 1D convolution operation (Conv1D)
with 64 filters and a kernel size of 3, followed by ReLU activation.
Two subsequent convolutional layers maintain the same configuration.
A dropout layer with a rate of 0.5 is inserted after the second convolu-
tional layer to mitigate overfitting. Max pooling with a pool size of 2 is
then used to downsample the features. The output of the convolutional
layers is flattened to a vector format for input into the subsequent LSTM
layer. The LSTM layer, comprising 100 units, processes the sequential
data, capturing temporal dependencies and patterns. A dropout layer
5

with a dropout rate of 0.5 follows the LSTM layer to further prevent
overfitting. Two dense fully connected layers follow the LSTM layer.
The first dense layer consists of 100 units with ReLU activation, aiding
in feature extraction and nonlinear mapping. The second dense layer
utilizes softmax activation, generating final output probabilities for
each class.

Convolutional LSTM. ConvLSTM is a variant of LSTM that incorporates
convolutional operations within the LSTM units. In ConvLSTM, the
input-to-state and state-to-state transitions are convolutions rather than
fully connected operations. This allows the model to learn spatial–
temporal patterns directly from sequential data, without the need for
separate CNN layers. ConvLSTM is particularly useful for tasks where
both spatial and temporal dependencies are important and can be
learned jointly, such as video prediction, precipitation nowcasting, and
spatiotemporal anomaly detection [43].

The ConvLSTM architecture utilized in this study comprises an
initial 2D ConvLSTM layer with ReLU activation. This layer processes
spatio-temporal data defined by the number of time steps in the se-
quence, the length of each sequence, and the number of features in each
time step. To mitigate overfitting, a dropout layer with a rate of 0.5 is
incorporated. The output of the ConvLSTM layer is then flattened into a
1D array. Following this, two dense (fully connected) layers are added.
The first dense layer consists of 100 units with ReLU activation, aiding
in feature extraction and nonlinear mapping. Finally, the second dense
layer employs softmax activation to generate final output probabilities
for each class. The overall architecture of ConvLSTM model is presented
in Fig. 7.

3.3.3. Transformer model
Originally developed for natural language processing tasks, Trans-

former models have been adapted for sequence modeling across dif-
ferent domains. By leveraging self-attention mechanisms, Transformers
efficiently capture long-range dependencies in sequential data without
relying on recurrent connections. Their effectiveness in processing
sequential data has shown promising results in tasks such as activity
recognition [45].

The Transformer architecture follows an encoder–decoder
paradigm. The encoder extracts features from input sequences, while
the decoder utilizes these features to generate output sequences. Each
encoder block employs self-attention to enhance tokens with contextual
information. Additionally, positional encoding is injected into each
embedding, enabling the model to understand the input sequence’s
positional information without redundancy. The Transformer architec-
ture processes input data without recurrence or convolution, making it
versatile for handling various types of sequential data.

The utilized Transformer model consists of an encoder layer featur-
ing 4 attention heads, along with a position-wise feed-forward network
and two residual connections, each complemented by Layer Normaliza-
tion. The feed-forward network incorporates convolutional layers with
ReLU activation functions, enhancing the model’s ability to capture
non-linear relationships within the data. Subsequently, an MLP with
two Dense layers, each with 128 dimensions and ReLU activation, is
applied, incorporating a dropout rate of 0.4 to improve generaliza-
tion. Finally, a Softmax Dense Layer performs classification across the
activity classes, addressing the exercise classification task.

The overall Transformer architecture is visually summarized in
Fig. 8.

3.4. Experimental design

3.4.1. Training data
In this study, our objective is to curate the training data based

on a measure of heterogeneity. Heterogeneity measure, a statistical
concept, denotes the non-uniform distribution of qualities within a
dataset. Consequently, the curated training set utilized for neural net-

work training will encompass various degrees of heterogeneity based
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Fig. 5. Architecture of tCNN model.
Fig. 6. Architecture of CNN-LSTM model.

on the health, physical, and demographic attributes of the subjects. We
hypothesize that classifier performance will vary when trained with
data from differing levels of heterogeneity. Moreover, we anticipate
that as the heterogeneity of physical characteristics among subjects
increases within a given training set, the activity classifier model’s
performance will improve when tested on an unfamiliar set of subjects
with diverse physical attributes.

To test our hypothesis, we curated various training subsets based on
measures of heterogeneity.

Initially, we assessed how demographic attributes, such as gender
and age, contribute to model biases during training across subjects.
Consequently, we employed 12 subjects (6 healthy and 6 patients) in
the training set, while the remaining 14 subjects were designated for
testing purposes. The diversity within the training sample is delineated
by unique identifiers derived from distinct demographic characteristics,
as illustrated in Table 4.

Following this, we also investigated how disabilities in wheelchair
use and physical impairments among patients influence model biases
during training. As a result, we utilized 8 patient subjects in the training
6

Fig. 7. Architecture of ConvLSTM model.

Table 4
Description of the heterogeneity introduced in training data subsets considering
demographic attributes of healthy and patient subjects.

Group Heterogeneity

1 Healthy and patient subjects exhibit discrepancies across all
demographic attributes.

2a Healthy and patient subjects have identical demographic
characteristics (balanced for age and gender).

2b Healthy and patient subjects have the same characteristics for
one demographic attribute (age balanced)

2c Healthy and patient subjects have the same characteristics for
one demographic attribute (gender balanced).

set, while the remaining 6 subjects were allocated for testing purposes.
The diversity within the training sample is described in Table 5.
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Fig. 8. Architecture of transformer model.
Table 5
Description of the heterogeneity introduced in training data subsets considering dis-
ability (wheelchair usage or not) and physical impairment characteristics (impairment
on the right side, impairment on the left side, bilateral impairment, and impairment
involving only lower limbs).

Group Heterogeneity

3a Patient subjects have identical disability characteristics (balanced
for disability).

3b Patient subjects have variations across disability characteristics,
with discrepancies observed in the wheelchair usage (unbalanced
for disability).

4a Patient subjects have identical body impairment characteristics
(balanced for impairment side).

4b Patient subjects have variations across body impairment
characteristics, with discrepancies observed in the side of
impairment (unbalanced for impairment side).

For instance, groups designated as ‘2a’, ‘3a’, and ‘4a’ indicate a
lack of heterogeneity within the selected training set, where all sub-
jects share identical characteristic values. Conversely, ‘1’, ‘3b’, and
‘4b’ signify a heterogeneous training set, where each subject possesses
distinct characteristics. The groups identified as ‘3b’ and ‘4b’ can be
viewed as comprising various subgroups depending on the distribution
of characteristics within each subset. For instance, in ‘3b’, we may
observe whether patients who use wheelchairs due to disabilities have
higher or lower frequencies compared to patients who do not use
wheelchairs. Likewise, the same analysis can be considered for the
distribution of impairment sides within ‘4b’.

To mitigate selection bias, subjects for the training sample were
randomly selected, considering the experiment’s heterogeneity. Con-
sequently, experiments were conducted on the maximum number of
feasible training sample sets within the dataset. This process yielded
five different experiments for each heterogeneity group, employing a
5-fold cross-validation for each model training.

3.4.2. Model training
Experiments were carried out using the previously described train-

ing subsets, which were designed to incorporate diverse heterogeneity
within each group under consideration. Multi-class classifications were
7

Table 6
Classes of correct and incorrect exercise actions used to train the activity recognition
model.

Class (N) Exercise action

0 SFL performed following the correct pattern of motion.
1 SFL performed following an incorrect pattern of motion.
2 SFR performed following the correct pattern of motion.
3 SFR performed following an incorrect pattern of motion.
4 SAL performed following the correct pattern of motion.
5 SAL performed following an incorrect pattern of motion.
6 SAR performed following the correct pattern of motion.
7 SAR performed following an incorrect pattern of motion.
8 SFE performed following the correct pattern of motion.
9 SFE performed following an incorrect pattern of motion.

performed using tCNN, CNN-LSTM, ConvLSTM, and Transformer mod-
els across each of the 5 folds, ensuring consistency with the established
heterogeneity groups. This cross-validation approach aims to yield
more accurate results, particularly given the limited size of the training
subsets generated. The model was trained on the 10 classes representing
both correct and incorrect exercise actions, as outlined in Table 6.

The multi-channel time series data comprises 3D raw coordinates
(x, y, z) of 25 body joints recorded by the Kinect sensor, resulting in
a set of 75 features utilized for training each deep learning model.
The input tensor for the time-series deep learning model includes three
main dimensions: the number of samples, the length of the sequence
to be processed, and the number of features. Data pre-processing was
executed to adjust input data in alignment with the architecture type
specified in Table 7. Different batch sizes were employed during train-
ing on datasets comprising both healthy and patient subjects, as well
as datasets containing only patient subjects. This discrepancy in batch
size stems from the disparity in the number of samples, which is lower
when considering only patients.

To address the issue of imbalance in exercise activity classes, a
Naive Bayesian method was applied to model the weight of each class
in the classification [46]. This technique helps mitigate the effects of
class imbalance, ensuring more robust and accurate predictions.

Considering the diverse repetition lengths observed between cor-
rect and incorrect motion patterns among both patients and healthy
subjects, as shown in Figs. 3 and 4, we conducted multiple pre-model
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Table 7
Experimental parameters used for models training.

Parameter tCNN CNN-LSTM ConvLSTM Transformer

Input dimension n × 105 × 75 n × 105 × 75 n × 105 × 75 n × 105 × 75
Batch size 32-8 32-16 32-16 32-16
Optimization algorithm Adam Adam Adam Adam
Learning rate 1 × 10−4 1 × 10−4 1 × 10−4 1 × 10−4

Loss function Categorical cross-entropy Categorical cross-entropy Categorical cross-entropy Categorical cross-entropy
Class weight balancing Naive Bayesian Naive Bayesian Naive Bayesian Naive Bayesian
Epochs 100 100 100 100
Patience (epochs) True (10) True (10) True (10) True (10)
Fig. 9. Experimental pipeline. (i) Eight training subsets were extracted from the IRDS dataset, which was specifically curated to encompass demographic, disability, and impairment
characteristics of subjects. This curation was performed to assess their influence on the activity recognition algorithm. Cross-validation using five folds was employed for the
experimental analysis. (ii) State-of-the-art architectures designed for processing multi-channel time series data were carefully selected. These included tCNN, CNN-LSTM, ConvLSTM,
and Transformer models. These architectures were chosen to classify ten classes of exercise activities, distinguishing between correct and incorrect execution. (iii) Cross-validation
approach was utilized to evaluate the performance of each model. This evaluation was conducted using the remaining subjects in the test sets, ensuring robustness and generalization
of the models’ performance across diverse datasets.
evaluations using varying lengths to determine the optimal configura-
tion. Ultimately, the best results were obtained by utilizing the mean se-
quence length of patients, which comprised 105 frames. Consequently,
we selected a sequence length of 105 frames for our experimental
analysis. Moreover, a time series length normalization technique was
implemented using the zero pre-padding method. Zero padding is a
widely used approach for pre-processing time series data with varying
lengths. This method was chosen based on recent research indicating
its superior performance compared to other methods [47]. The ratio-
nale behind zero pre-padding is that the zeros introduced should be
disregarded by the model’s weights during training.

We employed the Keras Python library to develop and train the deep
learning architectures for activity recognition tasks. For consistency in
our experimentation, we utilized a fixed seed to initialize the neural
network.

The entire pipeline of the experimental study is simply summarized
in Fig. 9.

3.4.3. Evaluation metrics
We applied K-fold Cross-Validation to assess the models, obtaining

5 folds for each training set. Both training and test sets were composed
of recordings from different subjects to ensure thorough testing of the
model’s generalizability. The training and validation sets were split
using a stratified method.

For the classification task, we opted for the categorical cross-entropy
loss function, while assessing the general model performance using the
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categorical accuracy metric (1). Additionally, we employed a suite of
metrics tailored for multi-class problems to evaluate the performance
of our classification models. These included Precision, Recall, and F1
score [48]. Precision (2) represents the percentage of predicted labels
that are truly significant for the sample, while Recall (3) indicates the
classifier’s ability to detect all positive samples. The F1 score (4) is a
weighted harmonic mean of Precision and Recall, offering a measure
of classification accuracy.

𝑎𝑐𝑐 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

(1)

𝑝𝑟𝑒𝑐 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2)

𝑟𝑒𝑐 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(3)

𝐹1 = 2𝑇𝑃
2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(4)

In the above equations, True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN) were utilized to denote
the performance of the classification model.

Since each algorithm underwent training using 5-fold cross-
validation, where multiple iterations of training and testing were
conducted, we reported the average accuracy, precision, recall, and F1
score in our results.
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Fig. 10. Barplot showing mean and standard deviation statistics of accuracy and F1-score metrics across each train subset group, curated to account for demographic bias among
atient and healthy subjects.
Table 8
Performance metrics, including mean accuracy, precision, and recall, of models trained
while considering the influence of demographic attributes.

Group Train size
(N. Sequences)

Metrics tCNN CNN-
LSTM

ConvLSTM Transformer

1 663
Accuracy 0.68 0.88 0.80 0.77
Precision 0.69 0.88 0.80 0.79
Recall 0.67 0.87 0.79 0.77

2a 589
Accuracy 0.69 0.70 0.65 0.73
Precision 0.71 0.70 0.66 0.75
Recall 0.67 0.70 0.65 0.72

2b 595
Accuracy 0.67 0.69 0.65 0.71
Precision 0.69 0.70 0.67 0.73
Recall 0.65 0.68 0.64 0.69

2c 606
Accuracy 0.67 0.77 0,67 0.64
Precision 0.69 0.77 0.69 0.65
Recall 0.65 0.76 0.66 0.62

4. Results

For the training subset of group ‘1’, which includes both healthy
and patient subjects unbalanced for demographic attributes, reflecting
maximum heterogeneity among subjects, we achieved an accuracy of
68% for tCNN, 88% for CNN-LSTM, 79% for ConvLSTM, and 77%
for Transformer. The performances of models trained on the various
curated training subsets ‘1’, ‘2a’, ‘2b’, ‘2c’, following heterogeneity
measures in demographic attributes, are summarized in Table 8.

Fig. 10 illustrates the trend of inductive demographic attribute
influence on model performance by displaying the mean and standard
deviation of accuracy and F1-score metrics across each train subset
group.

The summary of findings evaluating the impact of disability and
physical impairment attribute bias on model performance is presented
in Table 9.

Trends regarding the influence of inductive disability and physical
impairment bias on model performance are illustrated in Fig. 11, which
also depicts the mean and standard deviation values.

5. Discussion

Our study was designed to tackle fairness concerns in activity
exercise recognition, with a specific focus on mitigating biases induced
by demographic and physical health-related characteristics of subjects
during model learning.
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Table 9
Performance metrics, including mean accuracy, precision, and recall, of models trained
while considering the influence of disability and physical impairment bias.

Group Train size
(N. Sequences)

Metrics tCNN CNN-
LSTM

ConvLSTM Transformer

3a 353
Accuracy 0.30 0.32 0.22 0.30
Precision 0.31 0.33 0.22 0.31
Recall 0.26 0.32 0.21 0.28

3b 303
Accuracy 0.37 0.51 0.36 0.44
Precision 0.39 0.51 0.37 0.45
Recall 0.35 0.50 0.35 0.41

4a 333
Accuracy 0.40 0.44 0.31 0.46
Precision 0.43 0.45 0.32 0.48
Recall 0.34 0.43 0.30 0.39

4b 321
Accuracy 0.43 0.43 0.44 0.48
Precision 0.44 0.43 0.45 0.50
Recall 0.37 0.42 0.43 0.45

To accomplish this objective, we conducted an exhaustive compar-
ative analysis of four deep learning architectures to uncover biases
affecting activity recognition. Our investigation delved deeply into the
effects of demographic, disabilities, and physical impairments charac-
teristics of subjects on model performance. The results suggest that
a substantial variation in demographics and health-related charac-
teristics among subjects may contribute to improved model learning
performance when assessed using the IRDS dataset.

In this investigation, we performed a rigorous analysis on the train-
ing data provided to a cutting-edge activity classification algorithm
to discern how the recorded demographic and health-related physical
characteristics of subjects affect the network’s activity classification.
Our evaluations were carried out using a subset of the publicly available
IRDS dataset, with a focus on upper limb movements.

The experimentation harnessed optical motion data representing 25
body joints, employing four distinct machine learning algorithms for
multi-class prediction tasks encompassing 10 activities. The selected
architectures (tCNN, CNN-LSTM, ConvLSTM, and Transformer) are
widely applied in the literature for their proficiency in processing multi-
channel time series data. The neural network’s hyperparameters were
meticulously tuned based on insights gleaned from prior works and
empirical studies. Following thorough evaluations, a window size of
105 frames, in line with recent studies in activity recognition, was
determined to be optimal. Additionally, our investigation identified a
batch size of 32 for all subjects’ data, with tailored adjustments for spe-

cific models processing solely patient data, as yielding superior results.
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Fig. 11. Barplot showing mean and standard deviation statistics of accuracy and F1-score metrics across each train subset group, curated to account for disability and physical
impairment bias among patient subjects.
To ensure the robustness of our findings, we conducted five repetitions
of the experiment on the training data. Moreover, we conducted a
meticulous performance comparison of four prominent deep-learning
architectures tailored for human motion activity recognition. To dissect
the influence of specific human features on activity recognition, we
strategically selected subjects for the training and validation sets based
on statistical hypotheses within heterogeneous training groups.

In this section, we methodically discuss biases associated with de-
mographics, disabilities, and physical impairments. Additionally, we
evaluate the interplay between model learning and bias in relation to
different types of model architectures.

5.1. Demographic bias

Looking at the data provided in Table 8, we can observe several
trends in the performance metrics across different groups. There appear
to be discernible differences in performance metrics across various
training set groups considering the demographic attributes of subjects
(see Fig. 10).

In group ‘1’, characterized by maximal variability in age and gen-
der among healthy and patient subjects, all models exhibit relatively
high-performance metrics. CNN-LSTM particularly stands out with the
highest accuracy, precision, and recall, showcasing its robustness in
handling demographic variability. While tCNN, ConvLSTM, and Trans-
former also perform well, their metrics slightly lag behind CNN-LSTM.
Moving to group ‘2a’, where patients and healthy subjects share iden-
tical age and gender attributes, all models demonstrate moderate per-
formance metrics. Accuracy, precision, and recall hover around similar
values across models. CNN-LSTM and tCNN marginally outperform
ConvLSTM and Transformer, indicating a subtle advantage in mitigat-
ing demographic bias when subjects share identical age and gender
characteristics. Similarly, in group ‘2b’, where subjects are balanced
solely for age attributes, all models exhibit moderate performance
metrics, although slightly lower than group ‘2a’. CNN-LSTM maintains
a slight edge in accuracy, precision, and recall, followed closely by
tCNN. However, ConvLSTM and Transformer show slightly diminished
performance metrics, suggesting potential challenges in handling demo-
graphic bias when subjects share identical age characteristics. Group
‘2c’, where patients and healthy subjects are balanced for gender
attributes, echoes similar trends. CNN-LSTM emerges as the top per-
former, boasting the highest accuracy, precision, and recall. tCNN also
performs commendably, with metrics comparable to CNN-LSTM. How-
ever, ConvLSTM and Transformer display slightly lower performance
10
metrics, particularly in accuracy and recall, hinting at potential diffi-
culties in mitigating demographic bias when subjects share identical
gender characteristics.

Overall, the results suggests that while CNN-LSTM consistently
demonstrates strong performance across all groups, the performance
of other models may vary depending on the specific characteristics of
the dataset, particularly regarding age and gender variability among
healthy and patient subjects. Additionally, the results indicate that
demographic bias may have a varying impact on model performance,
with certain models exhibiting better resilience in handling such biases
than others.

Age and gender can influence the way individuals perform var-
ious activities, including motion-based tasks [49,50]. For example,
older individuals may exhibit different movement patterns compared
to younger ones due to factors such as muscle strength, flexibility,
and balance changes associated with aging. Similarly, differences in
anatomy, physiology, and societal roles between genders can lead to
variations in motion characteristics.

When training an activity recognition model on a dataset that
reflects a wide range of ages and genders, the model learns to rec-
ognize and accommodate these subtle differences in motion patterns.
This exposure to diverse demographic characteristics helps the model
generalize better to new, unseen subjects because it has learned to
identify and adapt to the variability present in the population.

On the other hand, if the training dataset predominantly consists
of subjects from a narrow age range or a single gender group, the
model may become biased towards the specific characteristics of that
group. As a result, when faced with unseen subjects from different age
groups or genders, the model may struggle to accurately recognize their
activities due to its limited exposure to the diverse range of motion
patterns present in the population.

In essence, training models on datasets with heterogeneous distribu-
tions of age and gender attributes allows them to better capture the full
spectrum of motion characteristics present in the real world, leading to
improved generalization performance on unseen subjects. Conversely,
training on datasets with homogeneous age and gender distributions
may result in poorer generalization due to the model’s limited ability
to adapt to diverse demographic characteristics.

To address the challenges posed by demographic bias, future re-
search should focus on strategies tailored to mitigate the impact of age
and gender variability.

Central to this effort is the creation of datasets that comprehensively
capture a diverse spectrum of age and gender demographics. Ensuring

representation from various population groups in these datasets is
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crucial as it enables the training of models on data that closely mir-
rors real-world demographics. This approach not only enhances model
generalizability but also serves to mitigate bias inherent in training
data.

Furthermore, the development of algorithms explicitly designed
to account for age and gender bias is essential. Integrating fairness-
aware techniques during model training can significantly contribute
to mitigating bias and promoting equitable outcomes across diverse
demographic groups. To ensure fairness in activity recognition algo-
rithms, it is imperative to establish mechanisms for ongoing assessment
and monitoring of model performance with respect to age and gender
attributes. Regular validation against real-world data and continuous
refinement of models are necessary steps to address any emerging bias
or performance disparities.

By focusing on strategies tailored to address variability in age and
gender attributes, future research endeavors can advance the develop-
ment of more equitable and robust machine learning models. Empha-
sizing inclusivity and fairness in both dataset creation and model devel-
opment is paramount to ensuring the ethical and equitable deployment
of machine learning technologies.

5.2. Health-related bias

Looking at the data in Table 9, we can observe some trends in the
performance metrics across different groups and models. There appear
to be discernible differences in performance metrics across various
training set groups considering disability and physical impairment
characteristics of patient subjects, as shown in Fig. 11.

Group ‘3a’ consistently displays lower performance metrics com-
pared to other groups. Models trained in this group tend to exhibit
the lowest accuracy, precision, and recall among all architectures. This
group involves matching subjects with disabilities, particularly those in
wheelchairs, with subjects without wheelchair usage. The presence of
this specific uniformity in disability attribute process likely impacts the
performance metrics within this group. In contrast, models trained on
group ‘3b’ show moderate to high accuracy, precision, and recall. This
group consists of subjects not balanced for disability, resulting in vary-
ing frequencies of disabilities within the dataset. This variability may
introduce additional heterogeneity, positively affecting model perfor-
mance. Similarly, models trained on group ‘4a’ demonstrate moderate
to high accuracy, precision, and recall. This group involves matching
subjects for physical impairment, ensuring an equal number of sub-
jects for each type of impairment. By balancing the representation of
different types of physical impairments, this matching process aims to
mitigate bias and variability within the dataset. Group ‘4b’ presents the
highest variability in frequency for each subgroup of physical impair-
ment, resulting in a diverse and heterogeneous dataset. Models trained
on this group may exhibit variable performance metrics, with accuracy,
precision, and recall contingent upon the specific characteristics and
frequencies of physical impairments represented in the dataset.

Overall, the differences in performance metrics across these training
set groups underscore the importance of considering the composition
and matching criteria of datasets in activity recognition tasks. Under-
standing these nuances is crucial for interpreting and comparing model
performance effectively.

The choice of model impacts performance metrics across all groups,
as illustrated in Fig. 11. For instance, in group ‘3a’, CNN-LSTM and
tCNN demonstrate marginally higher accuracy compared to ConvLSTM
and Transformer. Conversely, in group ‘4b’, ConvLSTM and Trans-
former outperform tCNN and CNN-LSTM in accuracy. tCNN consis-
tently exhibits moderate, reliable performance across various scenarios,
maintaining competitive accuracy, precision, and recall. Although it
generally performs well, it may occasionally fall slightly short, par-
ticularly in groups with higher performance expectations. CNN-LSTM
consistently displays robust performance across all groups, consistently
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achieving the highest accuracy, precision, and recall. Its capability
to handle diverse datasets and address biases related to disability
and physical impairment underscores its reliability and effectiveness.
ConvLSTM delivers moderate to strong performance, offering competi-
tive accuracy, precision, and recall. Transformer demonstrates variable
performance, often showcasing competitive accuracy and precision.
However, it may occasionally lag in recall compared to CNN-LSTM.
Notably, it excels in specific groups, particularly in Group ‘4b’, where
it achieves the highest accuracy, precision, and recall.

In summary, CNN-LSTM emerges as the top-performing model
across all groups, closely followed by ConvLSTM and Transformer.
tCNN consistently delivers reliable performance. These insights offer
valuable guidance for selecting appropriate model architectures for
activity recognition tasks, with due consideration for biases related to
disability and physical impairment. Recognizing these distinctions is
pivotal for researchers and practitioners to make informed decisions
when crafting and selecting models for activity recognition tasks, taking
into consideration the unique attributes and biases inherent in different
datasets.

Disability and physical impairment can significantly affect an in-
dividual’s motion patterns due to various factors such as limited mo-
bility, altered biomechanics, and compensatory movements [51]. For
instance, individuals with mobility impairments may exhibit differ-
ent gait patterns or have difficulties performing certain movements
compared to those without impairments. Similarly, individuals with
conditions like arthritis or joint stiffness may have restricted range of
motion, affecting their movement capabilities.

These attributes can influence model learning in activity recognition
algorithms in several ways. Firstly, if the training dataset includes
diverse samples encompassing individuals with disabilities and physical
impairments, the model can learn to recognize and accommodate the
unique motion patterns associated with these conditions. This exposure
helps the model generalize better to unseen individuals with similar
attributes, thus improving its overall performance.

Conversely, if the training dataset lacks sufficient representation of
individuals with disabilities or physical impairments, the model may
struggle to accurately recognize their movements. This can lead to
biases and inaccuracies in activity recognition, particularly when the
model encounters unseen individuals with such attributes.

Therefore, incorporating data from individuals with disabilities and
physical impairments into the training dataset is essential for devel-
oping more inclusive and accurate activity recognition algorithms. By
doing so, researchers can enhance the model’s ability to recognize a
broader range of motion patterns, leading to more equitable healthcare
solutions for diverse populations.

In essence, prioritizing the curation of datasets that encompass a
wide range of physical characteristics and health-related attributes,
throughout both dataset creation and model training stages of activity
recognition algorithms, represents a pivotal step towards advancing the
creation of more equitable and unbiased systems for monitoring and
evaluating patient motion. It is crucial to recognize that physical and
health-related attributes influence motion in subtle yet significant ways.
Understanding and studying these attributes is inherently complex,
yet imperative in ensuring accurate and inclusive motion monitoring
systems.

In future research endeavors, it is essential to acknowledge that
health-related characteristics impact motion and model learning dy-
namics profoundly. Therefore, datasets should encompass compre-
hensive annotations of patients’ health-related attributes, extending
beyond demographics. By incorporating detailed information about
health conditions, disabilities, impairments, and other pertinent factors,
researchers can capture the nuanced interplay between these attributes
and motion patterns accurately.

This approach enables researchers to explore and address biases
and disparities stemming from health-related factors, thereby promot-
ing fairness and equity in model training and evaluation processes.

Moreover, by integrating diverse health-related attributes into dataset
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annotations, future studies can foster a deeper understanding of how
these factors influence motion behavior and inform the development
of more robust and inclusive activity recognition algorithms.

Overall, prioritizing the annotation of health-related characteristics
in datasets empowers researchers to tackle the complexities of motion
monitoring with greater precision and sensitivity. This, in turn, paves
the way for the creation of more accurate, reliable, and fair systems that
cater to the diverse needs of patients across various health conditions
and demographics.

5.3. The impact of models on learning and bias

In a recent study focusing on the automatic classification of nine
gestures from the IRDS dataset, using the leave-one-subject-out method,
the CNN achieved an average accuracy of 85% across all gestures,
mirroring the LSTM’s average accuracy of 85% as well [52].

Another study reported an average accuracy of 62% when using 3D
joints and 71% when utilizing relative joint angles for exercise recogni-
tion across 10 classes of movements [53]. Both studies acknowledged
discrepancies in performance between different subjects, potentially
attributable to variations in action execution, yet they did not delve
further into analyzing these results.

Consistently throughout our experiments, our models demonstrated
comparable performance to existing activity recognition models, par-
ticularly when applied to the IRDS dataset. CNN-LSTM particularly
stood out, achieving the highest accuracy, precision, and recall, un-
derscoring its robustness in handling demographic variability, as well
as disability and physical impairment. Our CNN-LSTM model attained
an accuracy score of 88%, precision of 88%, and recall of 87% on
the group with higher heterogeneity in attributes. While ConvLSTM
and Transformer also performed admirably with accuracy scores of
80% and 77%, respectively, they slightly trailed behind CNN-LSTM and
existing models.

Certain machine learning models respond differently to biases in
data due to their varying levels of complexity and flexibility in learning
from the provided information. The effectiveness of these models also
hinges on their ability to extract meaningful feature representations
from the data. Models adept at learning robust and discriminative
features are less likely to be influenced by biases in the data. However,
models heavily reliant on biased features may exhibit poor perfor-
mance, as their predictions may be skewed towards certain attributes.
In general, more intricate models possess a heightened capacity to
discern subtle patterns and adapt to diverse demographics within the
dataset. Their intricate architecture allows them to navigate through
complex relationships inherent in the data, thus enabling them to
mitigate biases more effectively. Conversely, simpler models may fail
to capture the intricacies present in the data, particularly when faced
with diverse demographic or disability attributes. Their straightforward
architecture limits their adaptability, making them more susceptible
to biased predictions, especially in scenarios where certain groups are
underrepresented.

tCNNs, characterized by their simpler architecture, may fail to effec-
tively learn the intricate relationship between data and attributes. Their
limited flexibility in capturing complex patterns and dependencies
within data may result in biased predictions, particularly when certain
groups are underrepresented. Due to their reliance on convolutional
operations over temporal sequences, tCNNs may have difficulty adapt-
ing to intricate biases not related to the temporal domain. As a result,
their performance may be suboptimal in scenarios where robust feature
representations are crucial for equitable predictions across different
groups in the healthcare domain where the differences in demographics
and disability are high.

In contrast, CNN-LSTM models, with their higher complexity and
hybrid architecture combining convolutional and recurrent layers, ex-
hibit greater flexibility in learning from diverse attributes. Their ca-
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pacity to capture intricate patterns in data enables them to adapt more
effectively to biases, potentially leading to more equitable predictions
across various demographic or disability groups. By leveraging spatial
and temporal dependencies, CNN-LSTM models can learn robust feature
representations that mitigate the impact of biases in the data. This
versatility in feature representation learning enhances their ability to
handle complex biases and improve performance in scenarios with
diverse demographic or disability attributes.

ConvLSTM models strike a balance between complexity and flex-
ibility, incorporating convolutional operations within LSTM units to
capture spatial dependencies within sequential data. This architectural
design allows ConvLSTM models to address biases related to demo-
graphic and disability attributes more effectively compared to simpler
models like tCNNs. However, their effectiveness may depend on factors
such as the granularity of the attributes considered and the availability
of representative training data. While ConvLSTM models can learn
robust feature representations that mitigate bias, their performance
may vary based on the complexity of biases present in the data and
the extent to which they are represented in the training samples.

Despite their complexity and self-attention mechanisms for cap-
turing complex dependencies, Transformers may face challenges in
effectively learning from diverse demographic and disability attributes.
Transformers require extensive training data to learn meaningful fea-
ture representations, and biases related to attributes may persist if
certain groups are underrepresented in the data. While Transformers
can capture intricate patterns and dependencies, their performance may
be compromised if the training data is not representative or if biases are
not explicitly addressed during model training.

In summary, while more complex models like CNN-LSTM exhibit
greater flexibility and resilience in learning from diverse attributes,
simpler models like tCNNs may struggle to adapt to complex biases.
ConvLSTM models offer a balance between complexity and flexibility,
whereas Transformers require extensive training data and careful con-
sideration of biases to achieve optimal performance in scenarios with
diverse representation attributes in the data.

In future research endeavors, there is a significant opportunity to
further enhance our understanding of activity recognition models by
expanding the sample size of the dataset characteristics and delving
deeper into the performance of the transformer model. This direction
of inquiry holds particular intrigue, given our analysis’s revelation that
the transformer model demonstrated optimal results and showcased
heightened resilience in addressing biases related to disability and
physical impairment.

Expanding the sample size of the dataset characteristics presents a
promising avenue for refining our insights into the behavior and effi-
cacy of activity recognition models. By incorporating a more extensive
and diverse range of demographic and physical health attributes into
the dataset, researchers can gain deeper insights into how these factors
influence model performance. Moreover, increasing the dataset size
can help to mitigate potential biases and enhance the robustness and
generalizability of our findings.

Furthermore, delving into the performance of the transformer model
represents a compelling area of investigation, particularly due to its
heightened sensitivity to the sample size of its training data. Our
preliminary analysis hinted at the transformer model’s remarkable
adaptability and effectiveness in handling biases related to disability
and physical impairment. Exploring this further can provide valuable
insights into the mechanisms underlying the transformer model’s per-
formance and its potential advantages over other models in specific
contexts.

In conclusion, the exploration of larger and more diverse datasets,
along with in-depth analysis of the transformer model’s efficacy, holds
significant promise for future research endeavors. By conducting com-
prehensive investigations into these dimensions, researchers can
deepen their comprehension of activity recognition models, fostering

the development of more impactful and inclusive healthcare solutions.



Computers in Biology and Medicine 179 (2024) 108826C. Mennella et al.
6. Conclusions

The findings of this study emphasize the critical importance of ad-
dressing biases related to subjects’ demographic attributes and physical
health status in activity recognition, marking a significant milestone
as the first comprehensive exploration of this issue. The presented
findings not only evidence the necessity for preprocessing learning
models to accommodate the heterogeneity in age, gender, physical
impairments, and disabilities but also provide invaluable insights into
the bias challenges prevalent within the healthcare domain.

By utilizing training data featuring a diverse array of physical
characteristics and demographic attributes, this study has demonstrated
a correlation between not only demographics but also health-related
attributes in bias within activity recognition algorithms. Consequently,
we advocate for dataset creators to prioritize the inclusion of subjects
with extreme variability in demographic characteristics and health-
related statuses in their datasets. Increasing the number of subjects
and enriching the diversity of physical and health attributes within the
dataset can significantly enhance algorithm classifier performance.

The challenge of adequately representing data subjects in terms
of both quantity and diversity of attribute annotations persists across
the research community dedicated to exploring bias in human activity
recognition algorithms. Looking forward, it is imperative to conduct
evaluations that encompass multiple subclasses within each physical
characteristic to enhance the generalizability of our conclusions. Ad-
ditionally, a thorough investigation into the impact of dataset size
on model performance is essential, particularly concerning algorithm
architecture that demands more data. Gradually expanding the size
of the training sample while ensuring diversity among subjects’ char-
acteristics may further refine accuracy and alleviate performance dis-
parities during algorithm training. However, such efforts require sub-
stantial amounts of data to effectively train human activity recog-
nition models via supervised learning. Therefore, there is an urgent
need for more extensive annotations encompassing physical, demo-
graphic, and health-related attributes within meticulously documented
datasets. These datasets should capture the diverse variations in sub-
jects’ physical and health-related characteristics, enabling thorough
analyses of model performance and biases. Furthermore, datasets con-
taining comprehensive subject profiles are invaluable for uncovering
new dimensions of dataset bias.

It is crucial to emphasize that our findings must undergo validation
using broader and more diverse datasets, as they currently stem from
a single dataset. Nonetheless, our study represents a significant step in
identifying and mitigating attribute bias within datasets, particularly
in healthcare activity recognition. Despite facing these challenges, our
research stands as a pioneering effort in uncovering bias within datasets
for activity recognition algorithms. Our contribution lies in highlighting
a critical yet often overlooked aspect within the AI community: the
integration of annotations concerning sensitive health and physical
characteristics of subjects. By delving into demographic, physical dis-
ability, and health-related attributes, we aim to raise awareness about
the impact that these factors may have on the performance and equity
of human activity recognition models.

In summary, the findings underscore the urgent imperative for
dataset creators in the healthcare sector to meticulously ensure equity
and fairness at every stage of dataset development. This involves a
diligent approach to incorporating diverse representations of demo-
graphic and physical health statuses within the dataset. By meticulously
designing recruitment protocols that encompass a wide range of age,
gender, physical impairment, and disability profiles, dataset creators
can ensure that their datasets accurately reflect the diversity present
within the real-world target population.

This meticulous attention to attribute representation is crucial for
fostering inclusivity and accuracy within activity recognition analyses
and algorithm development. By ensuring that datasets represent the
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broader population, researchers can mitigate the risk of bias and ensure
optimal performance across diverse demographics. Furthermore, this
emphasis on equity and fairness in dataset creation is not only ethi-
cally imperative but also essential for establishing trust and credibility
within the healthcare community. Stakeholders, comprising patients,
healthcare providers, and policymakers alike, crucially need to rely on
accurate and unbiased data that guide decision-making processes in
clinical practice.
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