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Building prediction models using biomechanical features is challenging because such models may require large
sample sizes. However, collecting biomechanical data on large sample sizes is logistically very challenging. This
study aims to investigate if modern machine learning algorithms can help overcome the issue of limited sample

g?;;echanics sizes on developing prediction models. This was a secondary data analysis two biomechanical datasets — a
Orthopedic walking dataset on 2295 participants, and a countermovement jump dataset on 31 participants. The input fea-

tures were the three-dimensional ground reaction forces (GRFs) of the lower limbs. The outcome was the or-
thopaedic disease category (healthy, calcaneus, ankle, knee, hip) in the walking dataset, and healthy vs people
with patellofemoral pain syndrome in the jump dataset. Different algorithms were compared: multinomial/
LASSO regression, XGBoost, various deep learning time-series algorithms with augmented data, and with transfer
learning. For the outcome of weighted multiclass area under the receiver operating curve (AUC) in the walking
dataset, the three models with the best performance were InceptionTime with x12 augmented data (0.810),
XGBoost (0.804), and multinomial logistic regression (0.800). For the jump dataset, the top three models with
the highest AUC were the LASSO (1.00), InceptionTime with x8 augmentation (0.750), and transfer learning
(0.653). Machine-learning based strategies for managing the challenging issue of limited sample size for
biomechanical ML-based problems, could benefit the development of alternative prediction models in healthcare,
especially when time-series data are involved.

Musculoskeletal pain

1. Introduction

Gait impairments are common in many orthopedic (Biggs et al.,
2022), musculoskeletal (Diamond et al., 2017), neurological (de Freitas
Guardini et al., 2021), and cardiovascular disorders (Green et al., 2016).
The quantification of gait impairments for use in predictive models can
serve in facilitating clinical decision-making (Chia et al., 2020), and
stratify patients to homogenous functional severity levels (Tsitlakidis
et al., 2019) for allocation resourcing, and prognostication (Capin et al.,
2017; de Freitas Guardini et al., 2021). Predictive models are typically
required to understand the relationship between a set of risk/prognostic
factors and clinically relevant outcomes (Shibuya et al., 2020). A chal-
lenge in the development of predictive models is the issue of sample size.
For example, using 10, 20, and 50 events per predictor parameter rule
(Cruz et al., 2020; Riley et al., 2019), for just 20 included predictors, the
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number of required participants will exceed some of the largest pro-
spective clinical cohort studies to date (n = 2758 participants (Traeger
et al., 2016)).

While new techniques are emerging quickly in machine learning
(ML) and deep learning, many studies show that tree-based gradient
boosting techniques such as XGBoost (Chen and Guestrin, 2016) still
outperform most techniques, especially, when the sample size is small
(Benkendorf and Hawkins, 2020). One reason for this is that (deep)
neural networks (DNNs) require much more data than ML approaches
(Al-Qerem et al., 2021), compared to gradient-boosting methods. If
insufficient data are present, DNNs can easily lead to statistical over-
fitting (Marcus, 2018). For example, some of the largest biomechanics
studies to date have recruited over 2000 participants (Horsak et al.,
2020), which still pales in comparison to deep learning models trained
on millions of samples of images (Simonyan and Zisserman, 2014).

0021-9290/© 2024 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).


mailto:bl19622@essex.ac.uk
www.sciencedirect.com/science/journal/00219290
https://www.elsevier.com/locate/jbiomech
https://doi.org/10.1016/j.jbiomech.2024.111998
https://doi.org/10.1016/j.jbiomech.2024.111998
https://doi.org/10.1016/j.jbiomech.2024.111998
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

B.X.W. Liew et al.

Two techniques that have been proven successful in improving the
performance of ML in small data regimes are transfer learning (Pan and
Yang, 2010) and data augmentation (Iwana and Uchida, 2021). Data
augmentation artificially generates new data observations based on
existing data. Data augmentation can help to improve ML performance
by training the model on a more diverse data set that reduces overfitting
(Moreno-Barea et al., 2020). This has proven to be particularly useful in
computer vision (Shorten and Khoshgoftaar, 2019). Augmenting time-
series data is more challenging (Iwana and Uchida, 2021), as a manip-
ulation of a data instant is more likely to change the whole character of
the time-series than an image. Transfer learning, on the other hand, uses
“knowledge” from very large pre-trained models and combines it with
new data for model fine-tuning (Liew et al., 2021). These pre-trained
models can have >1 million observations and typically take the form
of images and signals (Simonyan and Zisserman, 2015).

Whether deep learning can match the performance of state-of-the-art
boosting approaches in situations of relatively small sample size are
unknown. Currently, many studies only show that neural networks
themselves can yield improved performance using transfer learning
(Krizhevsky et al., 2012) or data augmentation (Iwana and Uchida,
2021), compared to a network developed from scratch. Few have
directly compared transfer learning against augmentation (Al-Qerem
et al., 2021; Zhong et al., 2021), and none in the area of biomechanics.
The primary aim of this study is to provide a fair and realistic compar-
ison of ML and deep learning, by including a statistical regression as a
baseline and allowing for the same amount of data augmentation in the
boosting approach as used for the DNNs. We hypothesised that both data
augmentation and transfer learning would result in greater prediction
performance than the state-of-art shallow ML algorithm on the original
data.

2. Methods

This was a secondary analysis of two datasets — a publicly available
walking dataset with a fairly large sample size of 2295 participants
(Horsak et al., 2020); and a small dataset of 31 participants performing
maximal countermovement jumps (CMJ) (Liew et al., 2020a). The de-
tails of the data collection and processing procedures will be briefly
summarized here.

2.1. GaitRec dataset

2.1.1. Participants

Five groups of participants were recruited - healthy, and patients
with hip, knee, ankle, and calcaneus orthopaedic disorders (Horsak
et al., 2020).

2.1.2. Protocol

Ground reaction forces (GRFs) were recorded by having participants
walk unassisted at a self-paced speed along a 10 m walkway across two
in-ground force plates (2000 Hz, Kistler, Type 9281B12, Winterthur,
CH). All participants had the option of either walking barefoot or in
shoes. The GRF signals were filtered using a 2nd order low-pass But-
terworth filter (20 Hz). Gait events of initial contact and toe-off were
calculated using a 25 N threshold of the vertical GRF. The GRF signals
were time normalised to 101 data points in the stance phase, and
amplitude normalised to the body weight (N).

2.2. Patellofemoral pain syndrome (PFPS) dataset

2.2.1. Participants

Fourteen participants with PFPS and 17 health controls volunteered
for the study (Liew et al., 2020a). Ethical clearance was obtained from
the Ethics Committee of the University of Birmingham, United Kingdom
(MCR041218-1).
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2.2.2. Protocol

Participants performed maximal CMJ on two in-ground force plates
(500 Hz, BTS P6000, BTS Bioengineering, Italy). The depth reached
during the countermovement phase was self-determined and practiced
by each participant. GRF data were low-pass filtered at 75 Hz (4th order,
zero-lag, Butterworth), and time-normalised to 101 data points between
the start of the eccentric phase and toe-off, and scaled to each partici-
pant’s bodyweight (N). Only GRF variables from one side (right or left)
were selected. For healthy controls and individuals with bilateral PFPS,
GRF variables from the right side were selected. For individuals with
unilateral PFPS, GRF variables from the side of pain were selected.

2.3. Software

All analyses were conducted on a Linux Server, Ubuntu 22.04, with 32
Cores (Intel(R) Xeon(R) CPU E5-2650 v2 @ 2.60 GHz) and 64 GB RAM.
Experiments used the R software (version 4.2.0) and Python (version
3.6.9), with associated codes and results found online (https://github.
com/davidruegamer/TransferLearning MTSC). The following packages
were used: mir3 for ML and model tuning (Lang et al., 2019), XGBoost for
gradient boosting (Chen and Guestrin, 2016), and mlr3keras for deep
learning in the mlr3 (https://github.com/mlr-org/mlr3keras) framework,
reticulate which provides an R interface to Python [25], tensorflow [28] for
training deep neural networks (DNNs), and the glmnet for multinomial
logistic regression (Simon et al., 2011). To incorporate augmentation into
the models, we extended mlr3keras and XGBoost by additional hyper-
parameters, allowing the use of different data augmentation strategies (see
the following Data augmentation section) and their tuning.

2.4. Machine learning algorithms

For the GaitRec dataset, the outcome was categorical with five levels
(healthy, calcaneus, ankle, knee, and hip), as well as six GRF (three-axis
bilaterally) time-series variables as predictors. For the PFPS dataset, the
outcome was binary (healthy vs PFPS), whilst there were three time-
series variables as predictors. For both datasets, the predictors were
scaled to a mean of zero and a standard deviation of 1 as a pre-processing
step.

2.4.1. Data augmentation

Since many different data augmentation techniques for time-series
exist (Iwana and Uchida, 2021) and it is not a priori clear, which tech-
niques are optimal to improve classification performance, we here focus
on a predefined set of data augmentation strategies (Table 1), namely (1)
jittering, (2) magnitude warping, (3) random guided warping, (4)
spawner, and (5) window slicing. A description of these strategies can be
found in the Supplementary Material. Herein, we used all five methods
to enhance the original sample size for model training. To not over-or
underfit due to the limited number of observations, four different
amounts of augmentation (none; 2, 4, 8, and 12 times the original data
size) were used with the predefined augmentation strategies as defined
previously.

Table 1
Values used for various data augmentation strategies.
Strategy Argument Values
Jittering Sigma 0.03
Magnitude warping Sigma 0.2
Knots 4
Random guided warping Slope constraint Symmetric
Use window True
DTW type Normal
Spawner Sigma 0.05
Window slicing Reduce ratio 0.9
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2.4.2. Baseline — multinomial/LASSO logistic regression w/o data
augmentation

For the GaitRec dataset, as a baseline algorithm, we used a multi-
nomial logistic regression. Every time point of every time-series is
considered as a predictor — resulting in 606 predictors (6 GRF variables
each with 101 data points). For the PFPS dataset, a traditional logistic
regression cannot be used as the number of predictors (3 GRF variables,
each 101 data points) exceeds the sample size. Hence, a logistic
regression with the the least absolute shrinkage and selection operator
(LASSO) penalty was used. The optimal amount of shrinkage was
determined by a nested inner 3-fold cross-validation.

2.4.3. XGBoost

We chose the XGBoost as reflective of a state-of-the-art ML algorithm
(Chen and Guestrin, 2016). XGBoost has been shown to perform simi-
larly well to a deep neural network for time-series prediction of
biomechanical signals (Wang et al., 2020), as well as general time-series
classification tasks (Pfisterer et al., 2019). We tuned XGBoost using
Hyperband (Li et al., 2017b) with the number of boosting iterations as a
budget parameter. Hyperband is a technique from automated ML that
automatically tries to find the best configuration for every tuning
parameter of the model (Li et al., 2017a). We used Hyperband to auto-
matically tune the algorithm including the amount of augmentation
based on a nested inner 3-fold cross-validation (Wainer and Cawley,
2021). Details of the tuned hyperparameters used can be found in the
Supplementary Material.

2.4.4. Deep learning approaches

Various time-series classification (TSC) neural network architectures
exist (e.g. (Goschenhofer et al., 2021)). One well-known architecture is
InceptionTime (Ismail Fawaz et al., 2020). Next to InceptionTime, we
also investigate the performance of fully convolutional neural networks
(FCNs) (Wang et al., 2017). FCNs are composed of three convolutional
blocks that use a convolution operation. Both networks yield state-of-
the-art TSC performances (Ismail Fawaz et al., 2019), hence these
were selected for this study. As automatic tuning of the two DNNs is
computationally expensive, we train the two architectures with a pre-
defined set of default hyperparameters (see Supplementary Material).

2.4.5. Transfer learning (TL)

We here investigated two approaches. The first approach is based on
the findings from prior studies (Johnson et al., 2019; Liew et al., 2021),
concatenating the time-series and considering the input as an image.
This allows the use of large pre-trained convolutional neural networks
(here the VGG16 (Simonyan and Zisserman, 2014)) trained on a large
corpus of images (here ImageNet). Even though a previous study re-
ported that a custom deep neural network performed better than TL of
pre-trained image models (Liew et al., 2021), the previous study focused
on predicting a time-series outcome, whilst the pre-trained image model
was trained on a simpler classification problem (Liew et al., 2021).
Given that this study focused on classification problems, we decided to
retain this method as a basis for comparison.

The second TL approach makes use of the results provided (Ismail
Fawaz et al., 2018), and then uses transfer-learning on a whole collec-
tion of pre-trained models, each trained on a different time-series data
set. We performed TL on pre-trained time-series models as these prob-
lems were all dealing with a classification problem (Ismail Fawaz et al.,
2018), similar to this study. Given that many pre-trained time-series
models were available, we took the average performance metrics across
all pre-trained models. These datasets may not be related to the actual
task of GaitRec/PFPS classification, but the trained models can poten-
tially provide good and general feature extractors from time-series data.

All pre-trained (image and time-series) networks are adapted by
changing the input, last hidden, and output layer, and then fine-tuned on
the actual GaitRec/PFPS data set. The default hyperparameters used can
be found in the Supplementary Material.

Journal of Biomechanics 165 (2024) 111998
2.5. Predictive accuracy and model evaluation

The performance of all methods was evaluated using 10-fold cross-
validation of the full data set. The split was performed at the subject-
level, meaning that every participant is exclusively in the training,
validation, or test set. For each fold, the early stopping of neural
network-based approaches was done using a validation data set con-
sisting of 20 % of the current fold’s training data. The primary measure
of model performance was the log loss of the test set. The log-loss
measures how well the predicted distribution of the classes fits the
true distribution of the classes.

2.5.1. GaitRec dataset

As secondary measures, we report the calculated multi-class Brier
score, the weighted multi-class area under the receiver operating curve
(AUQ), and the balanced accuracy. The AUC measures as well as the
Brier score work on class probabilities. The Brier score measures the
quadratic difference of predicted probability for one class and is an in-
dicator of whether this class was observed, and then averaged over all
classes and observations. The ideal value is thus 0, while a perfectly
confident but wrong prediction for every class and sample yields the
value 2. The multi-class AUC averages over all individual AUC values
when comparing only one of the five classes against another one, and
ranges from 0 to 1, with a value of 1 being when the model can perfectly
distinguish between all classes. Its weighted version accounts for
different class frequencies as not all classes have been observed equally
often. The accuracy reflects the ratio between the number of correct
predictions made by the model to the total number of predictions made —
this ranges from 0 (no correct prediction) to 1 (perfect prediction). The
balanced accuracy, in turn, accounts for the different class frequencies
and weights the individual class accuracies according to their observed
frequency in the actual data.

2.5.2. PFPS dataset

Here, we also reported similar performance metrics for binary clas-
sification tasks, including the Brier score, AUC, and accuracy, with
identical interpretation of the values as described in the multiclass
classification case.

3. Results
3.1. GaitRec dataset
In general, a large correlation was observed between the metrics that

measure the goodness of predicted probabilities, such as between the log
loss and multiclass brier score (with a correlation 0.84); as well as

Log-loss .84

1.0
AAUCH A -.44 -12 0.5
0.0
ACC 1 -.52 -13 91 0.5
B 0

WAUC1 1 -44 =12 1.00 .92

MBS Logloss  AAUCT ACC

Fig. 1. Correlation matrix of the results of different machine learning strategies
across different performance metric outcomes for the GaitRec dataset. Abbre-
viation: multi-class Brier score (MBS), the weighted multi-class area under the
receiver operating curve (WAUC1), the averaged multi-class area under the
receiver operating curve (AAUC1), and the balanced accuracy (ACC).
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between the metrics that measure the goodness of class ranking (i.e., all
accuracy and AUC metrics; correlation between 0.91 and 1.00) (Fig. 1).
However, a negative correlation was observed between the probability
assessment measures and the class-based assessment measures (between
—0.52 and —0.12) (Fig. 1).

For the primary outcome of log-loss, the top three performing models
were XGBoost (1.172), transfer learning image-based (TL-image)
(1.286), and transfer learning time-series (TL-time) without augmenta-
tion (1.366) (Fig. 2). For the Brier score, the three models with the best
performance were XGBoost (0.625), TL-image (0.681), and with logistic
regression (0.684) (Fig. 2). For the weighted multiclass AUC, the three
models with the best performance were InceptionTime with x12
augmented data (0.810), XGBoost (0.804), and multinomial logistic
regression (0.800). For balanced accuracy, the three models with the
best performance were XGBoost (0.520), InceptionTime with x12
augmented data (0.512), and InceptionTime with x8 augmented data
(0.509) (Fig. 2).

3.2. PFPS dataset

For the primary outcome of log-loss, the top three performing models
were the LASSO (0.544), and FCN models without augmentation
(0.729), and x2 augmentation (0.732) (Fig. 3). For the Brier score, the
LASSO (0.180), and FCN models without augmentation (0.268), and x2
augmentation (0.269) were the top three performing models (Fig. 3). For
accuracy, the top three performing models were the LASSO, FCN model
with x12 augmentation, and InceptionTime, all with a value of 0.667
(Fig. 3). For the AUC, the top three models were the LASSO (1.00),
InceptionTime with x8 augmentation (0.750), and TL-time (0.653)
(Fig. 3). These results, have a large variability due to the small size of the
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data set and can only give a rough indication.
4. Discussion

The GaitRec study has demonstrated that clinical biomechanics data
can be collected at scale in the clinical environment. The emergence of
smart technologies means that large-scale clinical biomechanics data
collection will soon become the norm and that ML may be increasingly
relied upon to drive healthcare applications. Several important findings
emerged from the present study. First, XGBoost had superior prediction
performance in a larger dataset but not in a smaller dataset. Second, the
classification performance, as defined by class-based metrics like the
AUC, of many algorithms, such as XGBoost, FCN, InceptionTime
declined markedly when applied to a much smaller dataset. Third, DNNs
can be effectively trained using default hyperparameters, on a moder-
ately large biomechanics time-series data set with a performance
matching the performance of XGBoost. Fourth, the study shows that
augmentation of biomechanical time-series data works in practice,
albeit on larger datasets, and can notably boost the classification per-
formance of ML prediction models. Lastly, even though the present study
used time-series predictors, TL-image still provides a better architecture
compared to TL-series.

A previous ML study using one-dimensional convolutional DNN on
the GaitRec data reported a log-loss of 0.25 and an accuracy of 0.92
(Pandey et al., 2022). The much better prediction performance in the
previous study was likely because they binarised the outcome (healthy
vs disorder) (Pandey et al., 2022), rather than dealing with a more
challenging prediction problem of classification of five classes. In small
binary classification problems in biomechanics, previous studies have
reported AUC values of 80 % (n = 47) (Liew et al., 2020b), 93 % (n = 31)
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(Liew et al., 2020a), and 90 % (n = 49) (Liew et al., 2019). This was
comparable to the LASSO model in the present study which reported a
perfect AUC.

The negative correlation of probability (e.g. Brier score) - and class-
based metrics (e.g. AUC) in our study may not be surprising, since only
classifiers that are naturally calibrated (such as the multinomial logistic
regression) will provide good scores in terms of both measures (Van
Calster et al., 2019). Regardless of the size of the dataset investigated
presently, TL-image produced models with probabilities that were
calibrated better than logistic regression, whereas all TL-time in general
performed worse both in ranking and in calibration. Augmentation ap-
pears to work better than TL-time and TL-image both in terms of cali-
bration and ranking in a larger dataset. This contrasted with other
studies that reported that TL was better than augmentation, albeit in
different scientific domains (Al-Qerem et al., 2021; Zhong et al., 2021).

Interestingly, TL from pre-trained imaged models was superior to TL
from pre-trained time-series models, even though this study used time-
series predictors. Speculatively, the superior performance of TL-image
compared to TL-time could be because pre-trained image models have
been trained on classification tasks with many more different classes
than pretrained time-series models. The inferior performance of TL-
image relative to augmentation in the present study could be the pre-
sent study focused on a classification task with few restricted classes,
and that the former is more suited either for a classification task with
many classes or a regression task.

TL overall appears to provide more precise predictions across the
testing folds, compared to all other methods in a larger dataset. TL may
provide some form of inductive bias by already having converged to a
solution for a larger, pre-trained, block of the network (Xuhong et al.,
2018). This explains why TL requires fewer parameters to be trained
compared to training an entire DNN from scratch. The inductive bias

could guide the model towards a specific solution, which, however, can
also be a local optimum, potentially explaining the inferior performance
of TL approaches in some cases. The augmentation models in contrast
are all trained from scratch and may not have yet converged to one
solution (a DNN has many different (local) optima). This lack of
convergence to a single solution may be worsened by a small dataset
which explains the low precision of predictions across folds in the PFPS
dataset.

While the performance of DNNs is still inferior to the tuned and
augmented XGBoost model, the study shows that DNNs can be effec-
tively trained on moderately large time-series data sets with a perfor-
mance matching a tuned XGBoost model in terms of class rankings only.
The study further shows that data augmentation of biomechanical gait
data works in practice and can notably boost the performance of models
in larger data regimes. We note that XGBoost with augmentation and
automatic tuning via Hyperband took several days of training. If
computational time and resources are limited, DNNs with default
hyperparameters could be used in larger data regimes, whereas if time
and resource are unlimited, the best option is a tuned gradient boosting
model.

This study is not without limitations. The cross-sectional nature of
the data precludes the ability to extrapolate our findings to longitudinal
prediction models. Second, as neither the type of augmentation nor the
architecture of the DNNs was tuned, our results further suggest that
DNNs with augmentation can potentially outperform ML methods on
disease classification using time-series predictors. Third, other methods
of data augmentation exist which were not done in the present study. For
example, prior studies have used more complex deep learning methods
like Generative Adversarial Networks (Bicer et al., 2022), and also using
physics-based musculoskeletal simulations (Dorschky et al., 2020).
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5. Conclusions

The GaitRec study has already demonstrated the feasibility of col-
lecting both biomechanics and clinical outcomes data at scale. With the
emergence of technologies like wearable sensors and markerless motion
capture, large-scale biomechanics data collection would soon become
the norm, rather than the exception, in clinical environments. This study
has demonstrated the feasibility of two strategies that could benefit ML
prediction performance when using biomechanical features. TL using
pre-trained image models appears to perform well in large biomechanics
data regimes, like the GaitRec dataset. Data augmentation does not
perform well in very small data regimes. Our approaches could benefit
the development of alternative prediction models in healthcare, espe-
cially when non-conventional data types are incorporated, such as time-
series and spatial data.
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