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Summary

Background:

Knee osteoarthritis (KOA) significantly affects physical function. Conventional physical function measures
do not include movement quality information and do not correlate well. We proposed a machine learning
approach including kinematics of gait and single-limb mini squat (SLMS) for classifying physical function.

Aims:

The aims of this study were: to highlight advantages and limitations of 1) conventional univariate and
multivariate statistical methods, and 2) a new machine learning approach using a multidimensional data
set of patients with KOA and healthy controls, and 3) to evaluate classification performance of binary
classifications discriminating patients and controls based on input feature sets containing conventional
physical function measures with or without kinematic parameters and time series.

Methods:

In 40 patients and 25 controls kinematics were recorded while walking or performing the SLMS test.
Conventional physical function measures, spatiotemporal characteristics and discrete kinematic parame-
ters were compared between patients and controls using multiple independent t-tests. Kinematics time
series were analysed using principal component analysis (PCA). An artificial neural network supervised
machine learning approach was used for classifying subjects as patient or healthy controls based on all
previous input features. Different feature sets were statistically compared in terms of classification accu-
racy, sensitivity and specificity.

Results:

Univariate statistics did not take into account covariance between variables so redundant information
was measured. This decreased the chance of finding significant differences due to Bonferroni corrections.
PCA builds on covariance and allowed large data reductions but interpretation appeared to be less
intuitive. Machine learning was able to handle multimodal data sets and resulted in high classification
accuracies, sensitivities and specificities.

Conclusions:

Machine learning is a useful approach in handling multimodal data sets but it should be used in combina-
tion with educated guesses. In future research, this approach could be useful for classifying physical
function in patients with KOA in multiple classes by unsupervised machine learning.

Key words

Knee osteoarthritis; Physical function; Supervised machine learning
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1 Introduction

Problem statement

Three-dimensional (3D) movement analysis has become an established method in studying biomechani-
cal responses to pathology in several functional tasks. Mostly, gait is analysed. It provides detailed in-
formation about joint angles, forces and moments over time during a movement. Quantifying movement
offers the opportunity to compare groups with and without a certain pathology or before and after a
therapy which may assist in gaining insight in the cause, progression and treatment of the pathology. In
the clinic, the use of 3D movement analysis could assist in diagnosing, monitoring disease progression,
evaluating treatment effects and treatment planning.

Despite its principal benefits, 3D movement analysis is not widely used in the clinic yet!, besides gait
analysis in children with cerebral palsy?. This may have several causes. In the first place, a large amount
of data is produced®*: marker trajectories, and angles, forces, moments and powers of multiple joints
are calculated over time. In the second place, the data set is high-dimensional*: time series of multiple
dimensions (for example, angles and EMG) as well as discrete anthropometric variables are included. In
the third place, different movement time series are highly interdependent*®, in general in a non-linear
manner®. In addition, the total variability is high due to inter- and intra-subject and inter- and intra-trial
variability and variability in marker placement, which weakens statistical power*. These problems are
significant barriers with respect to interpretability, which makes clinical decision making assisted by the
results of a 3D movement analysis difficult®.

Standard statistical approaches

The question rises how to reduce the data in a meaningful manner that allows statistical comparison
between groups or conditions'#, for example between groups with and without a certain pathology or
between pre- and post-treatment conditions. Two common approaches are to select discrete parameters
from kinematic time series and to do multiple t-tests, or to reduce the amount of time series by means of
a principal component analysis (PCA).

The first approach is a univariate statistical approach that is often used in studying gait. Common prac-
tice in the field of analyzing gait data is the definition and selection of parameters such as peak values
and ranges at certain percentages of the gait cycle from angle, force, moment or power waveforms®*’ 1,
Patients’ parameters can be compared to average “normal” parameters or literature values to draw con-
clusions that are clinically relevant, such as detection of abnormality®?.

Although this data reduction is often based on an educated guess, the choice of which parameters to
select is very subjective!%!3, Moreover, there can be significant inter-subject variation in the observed
gait waveforms'* and selection of predefined parameters from an atypical waveform may require user
intervention!!2, It may be impossible to define certain parameters, for example in pathological data**>®,
And, temporal information as represented by the complete waveform is lost'"* by this way of reducing
data.

Whereas univariate statistical methods cannot account for covariance between variables, multivariate
statistical methods can. Principal component analysis is a multivariate statistical method that is also
suitable for analyzing time series. It re-expresses the data by projecting them onto less, linearly uncorre-
lated principal component (PCs) axes that lie in the orthogonal directions of maximal variance (of the
projected subspace). It can be used to reduce the amount of time series needed to describe a move-
ment?’. This approach may be considered more objective compared to simple univariate statistics, since
the data reduction is based on features that are extracted by the analysis technique instead of the user,
and because data from the entire gait cycle are considered!. This comes at the cost of a less intuitive
interpretation of the results. However, if results are interpreted, they could give valuable insight in hu-
man coordination patterns using only a hand full of variables”-8,

Machine learning

Along with the progress in 3D movement analysis acquisition techniques, data analysis techniques have
improved. In addition to conventional summary statistics as mean and standard deviation, more elabo-
rate measures such as Lyapunov exponents and other stability-related measures can be calculated. Kap-
tein et al. ** hint at a potential caveat in movement analysis: they warn for a bias when selecting
measures a priori without thorough theoretical considerations. They recommend a more unbiased meth-
od to determine a measures relevance: machine learning combined with a priori knowledge (i.e. the
aforementioned educated guess). This minimizes user intervention by combining many candidate
measures and classifying according to the ones that discriminate®>. This novel multivariate approach has
the unique property of being able to handle multimodal data since artificial neural network machine
learning algorithms are based on non-linear statistics'®>. The conventional uni- and multivariate ap-
proaches are both linear.

Classifying physical function in patients with knee osteoarthritis

The machine learning approach was used to classify physical function in patients with knee osteoarthritis
and healthy controls based on a multidimensional data set. Knee osteoarthritis (KOA) is a degenerative
joint disease that leads to pain, stiffness, decreased range of motion (ROM), progressive articular carti-
lage breakdown and changes in underlying subchondral bone and synovium of the knee*?!, OA is the

-~
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most prevalent joint disease worldwide?*???* and the knee is one of the most affected sites®*. The aetiol-

ogy of KOA is not yet fully understood?® but risk factors include aging, BMI, female sex, decreased quad-
riceps strength, malalignment and genetics®®. As a consequence of the unknown aetiology, treatment
mainly focuses on symptom relief?!%’,

From patient perspective, physical function is an important treatment outcome measure?® and optimizing
it is a major aim in KOA treatment?. It is defined as an individual’s ability to perform activities of daily
living®®72. Currently, two physical function outcome measures exist: patient-reported outcome measures
(PROMs) and performance-based (PB) tests. In PB tests, capacity or maximal performance is
measured®?33, PROMs, by contrast, are questionnaires that measure perceived level of functioning during
daily activities®®32, so perception of performance is measured®®. In KOA, a common PROM is the Knee
injury and Osteoarthritis Outcome Score (KOOS) questionnaire®*. A PB test that is suitable for KOA pa-
tients is the single-limb mini squat (SLMS) test®®>, which measures the maximum amount of knee bend-
ings in 30 seconds. The two types of measurement are considered complementary>3*3%37, which is illus-
trated by low-to-moderate correlations between PROMs and PB tests®:3¢:383% Consequently, to evaluate
physical function, both tools have to be used®*°. However, no information on movement quality is used
to evaluate physical function. Such information can be gathered by visual analysis of movement quality
by clinicians*! and by 3D movement analysis of gait and SLMS.

I used an artificial neural network machine learning approach for classifying physical function in patients
with knee osteoarthritis. This approach generally allows for the combination of basic personal character-
istics, conventional physical function measures, clinicians’ movement quality ratings and kinematic pa-
rameters and time series (i.e. multimodal data). As a first step towards an automatic classification sys-
tem to assist in screening, diagnosing, and planning and evaluating treatment!?, a binary classification
discriminating patients and healthy controls was tested. Previous research resulted in maximal classifica-
tion accuracies from 72-100%'%224243 Only two articles included gait kinematics*** and only angles of
the affected knee were analysed. I proposed that including whole-body kinematics may enhance classifi-
cation accuracy, since OA in one joint has strong influence on kinetics and kinematics in other joints**,
Since a physical function classification tool should include multiple movements resembling daily activities,
SLMS kinematics were also included in the data set.

Aims

The aims of this study were: 1) to highlight advantages and limitations of existing univariate and multi-
variate statistical methods using a multidimensional data set containing basic personal characteristics,
conventional physical function measures, clinicians’ movement quality ratings and gait and SLMS kine-
matic parameters and time series of patients with KOA and healthy controls, 2) to test a new multivari-
ate supervised machine learning approach on this data set and highlight advantages and limitations of
this approach, and 3) to evaluate classification accuracy, sensitivity and specificity of binary classifica-
tions discriminating patients and healthy controls based on input feature sets containing conventional
physical function measures with or without kinematic parameters and time series.
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2 Methods & Procedures

2.1 Participants

Participants were 40 patients with knee osteoarthritis and 25 age- and gender-matched healthy controls.
Patients were recruited from two orthopedic departments in Stockholm, Sweden. They were included if
they (1) had physician diagnosed primary KOA and (2) were scheduled for unilateral total knee replace-
ment surgery within one month after data collection. Healthy controls without any known musculoskele-
tal disease were recruited through acquaintances. This control group was matched to the KOA group by
age strata across five age groups (40-49, 50-59, 60-69, 70-79, 80-89 years of age).

Additional inclusion criteria for both patients and controls were (1) to be able to walk 10 meters repeat-
edly without the use of a walking aid, and (2) to be able to understand verbal and written information in
Swedish. Participants were excluded if they had had total joint replacement of the hip or knee in the last
12 months or other major orthopedic surgery in the lower extremities, if they had rheumatoid arthritis,
diabetes mellitus, a neurologic disease and/or another condition affecting walking ability.

2.2  Data collection of subject characteristics and gait and SLMS kinematics

All data were collected in the gait laboratory of the Karolinska Institutet by a physical therapist assisted
by a technician. After signing informed consent and collection of basic personal information such as age,
gender, height, weight and BMI, physical function was measured via existing measures: two patient-
reported outcome measure questionnaires and one performance-based test. PROMs were the Knee injury
and Osteoarthritis Outcome Score (KOOS) questionnaire®*, measuring functional status and quality of
life*> (QoL), and the EQ5D-3L*, measuring the health-related QOL*®. The performance-based test was
the single-limb mini squat test®>. It aims to measure lower extremity function*® resembling conditions of
daily life, such as stair ascent/descent*’, by counting the maximal amount of knee bendings on a single
leg as possible in 30 seconds. Subjects performed a single-limb mini squat test on both legs. They were
free to choose which leg to start with. Subjects were instructed to start in stance, with the long axis of
their stance foot aligned with a straight line and their toes placed on a perpendicular line. Fingertip sup-
port for balance was provided. The aim was to bend their knee as many times as possible in 30 seconds,
without bending forward from the hip and until the line along the toes could no longer be seen (at about
300 of knee flexion)3®. Prior to or after the SLMS tests, subjects were asked to repetitively walk 6 meters
at their own preferred speed.

For each SLMS and gait trial, three-dimensional movement analysis data were recorded by the Vicon
Nexus Plug-In-Gait model*®; resulting in 3D time series of marker positions, center-of-mass (CoM) and
joint angles of the upper and lower body. Each SLMS test was recorded with a frontal video camera cap-
turing the lower body and trunk to be able to collect clinicians’ movement quality ratings.

2.3  Data collection of clinicians” SLMS movement quality ratings
A clinician questionnaire including SLMS videos of 55 subjects was designed. Fifteen raters were recruit-
ed from two orthopedic departments of hospitals in Stockholm (Karolinska University Hospital and Ortho
Center). Both medical doctors (N = 4) and physical therapists (N = 11) working with patients with knee
osteoarthritis were included.
One video per subject was selected for inclusion in a clinician questionnaire. For patients, this was the
video of the affected leg. For controls, the video of a random leg was selected. For time reasons, only
the last ten seconds of squat performance were included. To ensure consistent video exposure duration
to the raters, the squats of patients who could not perform 10 seconds of squatting were looped. The 55
videos were presented in random order. Raters were blind to the health status of the subject in the vid-
eo. Raters were instructed to watch the full 10 seconds of squatting and in the subsequent 20 seconds
rate overall movement quality on a 4-point ordinal scale, with a score of 1 representing ‘poor’ and a
score of 4 representing ‘good’ overall movement quality. Raters were not given guidelines on which to
base their ratings, as in *'*°, Rather, they were asked to rate overall movement quality and provide
comments on which movement characteristics they based their rating. Raters were provided with 5 ex-
ample videos to get familiar with the protocol. Raters were instructed not to discuss their ratings with
anyone and rewinding was not allowed.
Prior to data collection, a test rating session was organized. Feedback on the lay-out and instructions in
the questionnaire, time to rate and comment, the amount of rating scales to fill in and the visibility of
video loops was incorporated in the final protocol as described above.

2.4  Data pre-processing

Before data pre-processing, for each control a random leg was selected to analyse as if it were the af-
fected leg in patients. All data were pre-processed in the Vicon Nexus Plug-In-Gait system and in Matlab
version R2013a. Output of the Vicon system consists of marker position data, from which center of mass
position data and joint angles are calculated. Marker position data were filtered using Woltring’s general-
ized cross-validation quintic spline with a predicted mean square error of 15mm to remove noise*®. Gaps
were interpolated using a cubic spline routine*®. Sampling rate of the system was 100 Hz. Further pre-
processing was conducted in Matlab as described below for the gait and SLMS kinematics separately.
Clinicians’ ratings were transformed (1 representing good and 4 representing poor movement quality) to
make interpretation more comparable with KL scale (increasing KL score indicating more severe KOA).

-~
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2.4.1 Gait

For each person 5-16 gait trials were performed and recorded. The recorded part of each gait trial con-
sisted of two consecutive gait cycles (GC) (leg 1 and leg 2). Heel strike was manually defined using the
Vicon interface. Per subject, one gait trial was selected. Since in many trials, marker trajectories were
noisy or missing, not all angle curves could be calculated. Only trials in which all angle curves were
available during one gait cycle of the affected leg in patients and of the randomly selected leg in controls,
were included. Since marker trajectories of the shoulder, elbow, wrist, spine, neck, and head angles were
noisy in most of the gait trials, these angles were excluded from analysis (likewise for the CoM data). If
none of the trials met the criteria, the subject was excluded from the statistical analyses on gait kine-
matic data. If multiple trials met the criteria, the earliest trial was selected.

The affected gait cycle was time normalized into 100 intervals (%GC), resulting in trunk and pelvis an-
gles, and hip, knee and ankle angles of the affected side as well as of the contralateral (CL) side (Appen-
dix Table Al). Gait spatiotemporal characteristics as listed in Table A2 (Appendix) were directly calculat-
ed using Vicon software. Discrete kinematic parameters listed in Table A2 (Appendix) were calculated
manually from the time normalized gait cycle angle curves.

2.4.2 SLMS
Each subject performed one SLMS test per leg, resulting in two SLMS test trials per subject. For patients,
the trial of the affected leg was selected; for controls, the randomly chosen leg trial. Only trials in which
all angle curves and all three CoM position coordinates (Appendix Table Al) were available were includ-
ed. As in the gait trials, shoulder, elbow, wrist, spine, neck and head angles were noisy in most of the
trials and were excluded from analyses. For patients who could not perform the SLMS with the affected
leg, no kinematic data were available so these subjects are also not included in the analyses. CoM posi-
tion data were transformed from lab coordinates (left and right) into body coordinates (medial and lat-
eral relative to the toe marker of the performing leg) to be able to compare CoM position between sub-
jects performing the SLMS test with right and left leg.
For the selection of discrete kinematic parameters, whole test time series were used. For the purpose of
visual comparison of squat cycle (SC) time series patients and controls, cycle starts and ends were de-
fined by the time frames of knee extension peaks. Cycles were time normalized into 100 intervals
(%SC). A mean time normalized squat cycle was calculated for each subject.
The spatiotemporal SLMS characteristics and discrete kinematic parameters listed in Table A2 (Appendix)
were calculated in Matlab.

2.5  Statistical methods
Statistical analyses were conducted with IBM SPSS Statistics version 20.0. For the machine learning
approach, the Matlab multivariate statistical toolbox UPMOVE®>® was used.

2.5.1 Univariate statistics
Based on previous research, an educated guess was taken about kinematic or spatiotemporal features
that discriminate between healthy subjects and patients with KOA. Hypotheses for spatiotemporal char-
acteristics and kinematic parameters are listed in Table A2 (Appendix).
Multiple independent t-tests were performed for the subject characteristics, PROM and PB test scores,
clinician’s rating and gait and SLMS spatiotemporal characteristics and discrete parameters derived from
gait and SLMS kinematics. For data measured on nominal or ordinal scale and data that violated the
assumption of normality, the non-parametric Mann-Whitney U-test was performed.
To correct for the increased chance of type I error (finding a false significant difference) as a result of
doing multiple univariate tests®!, a Bonferroni correction was applied by dividing the single-test critical p-
value of 0.05 by the amount of tests performed (N = 44, see Appendix C1). The adjusted critical p-value
for each test to reject the null hypothesis was 0.0011 (rounded off).
Correlations between all subject characteristics (except for gender and KL score), PROM and PB test
scores, clinicians’ ratings and gait and SLMS spatiotemporal characteristics and kinematic parameters
were calculated to gain insight in the relationships between variables. If data violated the assumption of
normality or were measured on a nominal or ordinal scale, Spearman’s rho was calculated instead of
Pearson’s r. Percentage of variable pairs significantly correlating as well as the average correlation were
calculated.

2.5.2 Multivariate statistics: principal component analysis
Principal component analysis'” (PCA) was conducted on the gait and SLMS time series.

2.5.2.1 PCA input
PCAcait For every subject, a matrix of time series was constructed. This matrix consisted of 24 columns
(see Appendix Table A1), each representing one joint angle. The 100 rows represented each time point
on the gait cycle. Per column, the mean was subtracted (i.e. columns were detrended). All subjects’ data
were concatenated, resulting in a detrended angle PCA input matrix of Nsupjects x 100 rows by 24 columns.
PCAsims For each subject, a matrix of time series was constructed. This matrix consisted of 25 columns
(see Appendix Table Al), each representing one joint angle or CoM position. The rows represented each
time point during the SLMS test. For controls, this matrix had 25 columns by 3000 rows. Since some

-~
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patients could not squat for 30 seconds, their number of rows is smaller. Per column, the mean was
subtracted (i.e. columns were detrended). All subjects’ matrices were concatenated, resulting in a
detrended angle PCA input matrix of Nsubjects X Nframesoftest FOWSs by 25 columns.

2.5.2.2 PCA output
Output of the PCA consists of eigenvalues, indicating the amount of variance in the original data the
corresponding PC accounts for, eigenvectors, describing the orientation of the PC axes in the old coordi-
nate system (consisting of the initial variables), and time series projections on the PC axes.
Eigenvalues PC eigenvalue spectrum was plotted and the reduced number of PCs was determined using a
90% trace criterion as in '”°? based on the “Cumulative percentage of total variation”-rule of Joliffe
(2002)°.
Eigenvector coefficients The contribution of each original variable to each of the PCs was inspected by
plotting the eigenvector coefficients!” of each PC. To evaluate which original variables contributed signif-
icantly to each PC, a broken stick test was applied®. Phase relations between variables within each PC
can be evaluated by interpreting the signs of the eigenvector coefficients. Opposite signs indicate an
anti-phasic relation (180° phase difference) between the original variables, equal signs indicate an in-
phase relation between the original variables (0° phase difference).
Time projections on PCs In combination with the eigenvector coefficients, we evaluated the time projec-
tions on each corresponding PC. For PCAcait, gait cycle time projections on each of the relevant PCs were
averaged over all subjects, patients and controls. For PCAgns, for each subject, the time projection of
each squat cycle in the SLMS test was selected from the SLMS test time projection on each of the rele-
vant PCs. Each squat cycle time projection was time normalized into 100 intervals (%SC) and for each
subject, an average squat cycle time projection on the relevant PCs was calculated. The average squat
cycle time projections were averaged over all subjects, patients and controls.
Frequency Power spectral density was estimated of the concatenated time normalized cycle time projec-
tions using Welch’s method®® with a window size of 100 and 30% overlap. Frequencies of the time pro-
jections were identified by visual inspection of the peaks in the power spectral density - frequency plots.
Phase In order to check for pairs of PCs that are not independent, relative phases were calculated. Two
variables having a 90° phase difference are not independent from each other, as is the case with sine
and cosine time series (that per definition have a 90° phase difference). If you know the sine, the time
series of the cosine is completely known. However, in state space sine and cosine describe a circle!’,
which can only be described in two dimensions. Identifying pairs of PCs with a 90° phase difference indi-
cates that the amount of dimensions to describe the original data in could be even more reduced by one
PC per PC pair.
For each PC, continuous phase was determined using the Hilbert transform as described in 8. Relative
phase was calculated between all PCs with the same frequency. Average and standard deviation of phase
and relative phase were calculated using directional (circular) statistics for all subjects, only patients and
only controls. To test for significant differences in relative phase between patients and controls, the cir-
cular Kuiper two-sample test®® was conducted.
Differences between patients and controls The variance of the time projection (ag) of each subject’s
gait/squat cycle on each PC was calculated and used as a measure of strength of that PC in that subject.
To identify significant differences in the contribution of patients and controls to each PC, for each PC an
independent t-test was conducted between a§ values of patients and controls. For data that violated the
assumption of normality, the non-parametric Mann-Whitney U-test was performed. To correct for the
increased chance of type I error (finding a false significant difference) as a result of doing multiple uni-
variate tests, a Bonferroni correction was applied®” by dividing the single-test critical p-value of 0.05 by
the amount of tests performed (N = 24 (gait), N = 25 (SLMS), see Appendix Table Al). The adjusted
critical p-value for each test to reject the null hypothesis was therefore 0.0021 (rounded off) for gait data
and 0.0020 for SLMS data.

2.6  Multivariate statistics: supervised machine learning
Supervised machine learning was used for classifying physical function in patients with KOA and healthy
controls. Due to the small data set®®, a binary classification was made using KL score as a physical func-
tion class label. A subject belongs either to the class of patients or to the class of healthy controls. Pa-
tients have a KL score of 1 or higher (per definition) and healthy controls do not have a KL score (coded
as a 0). During learning, these class labels provide feedback (i.e. supervision) to the machine learner.

2.6.1 Algorithm
Learning vector quantization (LVQ)> is a distance-based competitive-layer artificial neural network algo-
rithm. It consists of a competitive layer of neurons and a second output layer that has as many neurons
as pre-defined classes. Each competitive-layer neuron is defined by a codebook vector of weights for all
input features. The data set is divided in a training set of subjects for training the network and a test set
for evaluating machine learner performance. Each subject is represented by an input vector containing
the input features of that subject. During training subjects also have a target vector containing their
class label. For each input vector, Euclidean distance to all neurons is calculated; the closest neuron
wins. During training, codebook vectors of neurons are updated: if the prediction is correct according to
the target vector, the winning neuron moves towards the input vector. If it was not correct, it moves
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away and its weights are updated accordingly. During testing, no adaptations are made anymore. In-
stead, machine learner classification accuracy is evaluated by calculating the amount of correctly classi-
fied subjects as a percentage of the total amount of subjects in the test set. Sensitivity was calculated as
the amount of correctly classified patients as a percentage of the total amount of patients in the test set.
Specificity was calculated as the amount of correctly classified controls as a percentage of the total
amount of controls in the test set.

2.6.2 Settings

Our neural network consisted of a hidden competitive layer of 20 neurons and 2 output neurons (Figure
1). As recommended by Kohonen, the LVQ1 algorithm is used with learning rate of 0.05%. For each run,
a random half of the subjects was selected to serve as the training set. Since the data set consisted of 24
controls and 31 patients, this resulted in 12 controls and 16 patients. The other half of the cases served
as the test set. In each training phase, the input vectors of the training set were presented 500 times®°.
Each run resulted in one accuracy, sensitivity and specificity value. To be able to evaluate classification
accuracy, sensitivity and specificity statistically, 50 runs per input feature set were executed.

2.6.3 Input features <
Input features are summarized in Appendix B. Subject characteris- o\
tics, spatiotemporal characteristics and discrete kinematic parame- R “
ters as studied in the univariate statistical method were used as
input features. Additional input features were the cycle time projec-
tions (§) per PC and variance of those cycle time projections as de- v P
rived from the PCAgait and PCAsivs. For the reason of computational
speed, only time projections and variance of those time projections .
on the reduced number of PCs as defined with the 90% trace criteri- e KOA
on were used as input features. If variance of time projections on ’
higher PCs had turned out to be significantly different between pa- n
tients and controls, the time projections and variance of those time ~ ey
projections were used as input feature, too. Eight different sets of .
input features were defined, combining the subsets “Subject charac-
teristics”, “Gait” and "SLMS” and in- and excluding the KL score. The

lar incl 45 f res.
argest set included 45 features Figure 1. Artificial neural network

2.6.4 \Validation
As a first test of machine learner validity, only the KL score was used
as input feature. Because class labels are based on these KL scores,
this should result in a classification accuracy of 100%. The same was
realized by adding the KL score to the full feature set.

consisting of an input layer of N
neurons, a competitive hidden
layer of X neurons and an output
layer predicting two classes (Y).
Each arrow represents a neuronal
connection with weight Wreat_n,neuron_x

(input-hidden connection) or with

weight  Wiyeuron_x,class.y (hidden-output
connection).

2.6.5 Influence of training set proportion

To evaluate if increasing the proportion of the training set would result in higher classification accuracies,
for the maximal feature set (all features without the KL score) two additional analyses were conducted.
In the first, training set size was minimized, resulting in a training set of 1 control and 1 patient. In the
second, training set size was maximized, resulting in a training set of 23 controls and 30 patients. Mini-
mal and maximal training set proportion percentages were calculated for controls (1/24*100 for minimal
and 23/24*100 for maximal) and applied to the patients to calculate the amount of patients in the mini-
mal and maximal training set. Values for patients were rounded off.

2.6.6 Statistical evaluation of classification accuracies, sensitivities and specificities
To test for significant differences in classification accuracy between the different sets of input features, a
Friedman’s ANOVA was conducted followed by post-hoc Wilcoxon signed-rank tests if Friedman’s ANOVA
indicated a significant influence of input feature set on classification accuracy. In the post-hoc tests, a
Bonferroni correction was applied since multiple univariate dependent t-tests are applied. Statistical tests
were non-parametric and dependent as recommended by ©..

2.6.7 Evaluation of discriminative features

To evaluate the discriminative capacity of each feature, for each run of the maximal feature set (without
KL score) weights of the connections between the input neurons, hidden competitive layer neurons and
output neurons of the trained network (see Figure 1) were used to calculate the relative contribution (%)
of each input feature data point to the class prediction of the machine learner using the method of Gar-
son®? described by Goh®3. Average relative contribution for each input feature data point and standard
deviation were calculated over all runs and both output neurons.

The maximal feature set contains 45 features. Most features exist of only one data point, but the princi-
pal components (100 data points per PC) exist of more than one data point, resulting in a total of 1863
data points. The contributions of each data point are summed to extract one relative contribution value
per PC. Since PC contributions are the sum of multiple data points, comparing these values with the
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contribution of single data points is unfair. Therefore, relative contributions of each feature were com-
pared visually with the relative contribution if each data point of the feature set would have contributed
equally to classification (100/1863 = 0.054% (rounded off) per data point, so 0.054% * Ngatapoints)-
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3 Results

Only data of subjects with both gait and SLMS kinematics were analysed except in the PCA, resulting in a
subset of 31 patients and 24 controls. Due to problems with marker visibility and noise, gait kinematics
were not available or excluded for 1 patient and 1 control. For 8 patients and 1 control, no SLMS kine-
matics were used in analyses, either because the patient could not perform the test or because of prob-
lems with marker visibility and noise or with saving the recordings.

3.1 Univariate statistics

3.1.1 Subject characteristics, PROM and PB test scores, clinicians’ ratings

Subject characteristics, PROM and PB test scores and clinicians’ ratings are summarized in Table B1 (Ap-
pendix) and visualized in Figure 2. No significant differences between patients and controls were found in
gender distribution, age and height. All patients had moderate to severe KOA as indicated by KL scores
of grade 3 and 4. Patients had significantly higher weight and BMI compared to controls. All PROM scores
were significantly lower (i.e. worse) for patients. In addition, patients performed significantly less knee
bendings in the SLMS test and their movement quality received significantly worse clinicians’ ratings
compared to controls.

3.1.2 Gait spatiotemporal characteristics and kinematics
Regarding gait spatiotemporal characteristics, patients had significantly lower speed and stride length
compared to controls (Appendix Table B2, Figure 2). Regarding the gait kinematics, no significant differ-
ences were found in trunk and pelvis parameters. Peak hip adduction during stance was significantly
lower in patients. Patients had significantly lower peak knee extension and knee flexion-extension range
of motion compared to controls. No differences were found in ankle kinematic parameters.

3.1.3 SLMS spatiotemporal characteristics and kinematics
For the SLMS spatiotemporal characteristics, patients had a significantly lower limb symmetry index
compared to controls (Appendix Table B2, Figure 2). For the SLMS kinematics, no difference was found in
trunk tilt parameters. Knee flexion-extension range of motion was significantly lower in patients.

3.1.4 Correlations
Of the 861 pairs of discrete variables, 368 correlations were significant (p < 0.05) (42.7%). Average
absolute significant Spearman’s rho was 0.46, with a minimum value of 0.17 and maximum value of 1.

Normalized difference: patients relative to controls
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Figure 2. Normalized difference in means between patients and controls of subject characteristics, PROM and PB
test scores, clinicians’ rating, spatiotemporal gait characteristics, discrete gait variables, spatiotemporal SLMS
characteristics and discrete SLMS characteristics of patients and controls. Bars indicate difference between patients
and controls, divided by the mean of all controls. Single stars indicate a significant difference between patients and controls at
the level of p<0.05; double stars indicate a significant difference after Bonferroni correction.
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3.2 Multivariate statistics: principal component analysis (PCA)

3.2.1 Eigenvalues and amount of PCs
For both PCAs the first five principal components were needed to explain >90% of the variance in data
(Appendix Table D1 & E1).

3.2.2 Eigenvectors and time projections of PCAgait
Significant eigenvector coefficients for PCAgait are indicated by a star in Figure D2 (Appendix). Average
time projections of patients and controls on each PC are depicted in Figure 3. Frequencies are depicted in
Figure D1 (Appendix) and phase relations are summarized in Table D3 (Appendix).

Average time projection on PC1 Average time projection on PC2 Average time projection on PC3
0 0 0

4 4

3

\

20f

X 0 B3

20 /

-40 - K
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

% GC % GC % GC
Average time projection on PC4 Average time projection on PC5
15 15
10
5
- 0 -
B3 B3
-5
-10
15 15
20 -20
20 40 60 80 100 0 20 40 60 80 100
% GC % GC

Figure 3. Average time projections of patients (red) and controls (blue) on PC1-5 in PCAg.it- Bold lines indicate aver-
age time projections, dotted lines indicate standard deviations. Note the difference in y-axis scaling between subplots.

Significant contributors to PC14,: were the hip flexion angle and contralateral hip flexion angle. Since the
eigenvector coefficient of the affected hip had a positive sign and the coefficient of the contralateral hip a
negative, the hips moved in anti-phase with each other (Appendix Figure D2, upper left panel). For
PC24.it, the knee flexion angles were significant eigenvector coefficients. Again, the knees moved in anti-
phase (Appendix Figure D2, upper right panel) and in phase with the hip flexion pattern described by
PClgait. Both PClgair and PC24.t had a frequency of once per gait cycle (stride event). However, an aver-
age phase difference of approximately 90° existed between PClg.: and PC24.ix (Appendix Table D3),
indicating that PC1 and PC2 are not independent but together describe a pattern of 1800 phase differ-
ence between the hips of both sides and between the knees of both sides, but with a 90° phase differ-
ence between hips and knee of the same body side. The hips flex a quarter of a gait cycle later than the
knees (Appendix Figure D2, upper panels and Figure 3).

For PC34.it, again knee flexion angles were the significant contributors. However, here the knees flexed in
phase with each other (Appendix Figure D2, middle left panel). So, on top of the anti-phase knee flexion
pattern described by PClg4.;, an in-phase knee flexion pattern existed that had a frequency of twice per
gait cycle, so once per step (Appendix Figure D1 and Figure 3). It thus represents a step event. On top
of the already existing knee flexion pattern of PC24,t, during each step both knees exhibited flexion sim-
ultaneously.

PC44.i had the same frequency as PC3g.it (Appendix Figure D1), but a phase difference of approximately
-90° (Appendix Table D3). Significant eigenvector coefficients of PC44.t were ankle dorsiflexion angles,
as well as the contralateral foot progression angle and hip flexion angle. The hips flexed and ankles dor-
siflexed in an in-phase pattern that is in phase with the knee flexion pattern described by PC3g.it but that
is delayed with a quarter gait cycle (-90° phase shift). The feet toed in (foot progression angle) in anti-
phase with that pattern (Appendix Figure D2, middle right panel). So, during each step, a quarter gait
cycle later than the knee flexion in PC3g4ait, both ankles dorsiflex and toe out simultaneously. On top of
the anti-phasic stride hip flexion pattern of PClgat, an in-phase hip flexion pattern existed that occurs
twice per stride and a quarter gait cycle later than the in-phase step knee flexion pattern of PC3gait.

The frequency of PC54.it was three times per gait cycle (Appendix Figure D1). Significant contributors to
PC54.it were — again - ankle dorsiflexion angles, but also ankle and hip internal rotation angles (Appendix
Figure D2). However, the coordination patterns described PC54.: were all anti-phasic regarding body
sides, with ankle internal rotation occurring in anti-phase with the other two joint movements.

PCAc.it revealed significant differences between og of PCs 1-3 (Appendix Table D2). Patients had signifi-
cantly less variance in their time projections than controls on those PCs. So, patients exhibited the stride
anti-phasic hip flexion pattern and the anti-phasic stride knee flexion pattern combined with the in-phase
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step knee flexion pattern less than controls. The total explained variance by the PCs with a significant
different ¢ was 83.89% (Appendix Table D1).

3.2.3 Eigenvectors and time projections of PCAsimus
All relevant PCs in PCAsims had a basic frequency of once per squat cycle (Appendix Figure E1). Average
time projections are depicted in Figure 4. Although visual inspection of Figure 4 indicates differences in
time projection trajectories of PC2s.vs — PC19s.us, this could not be quantified by the variance of the time
projections: PCAsms only revealed a significant difference between a§ values of PC2gms and PC19sims

(Appendix Table E2).
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Figure 4. Average time projections of patients (red) and controls (blue) on PC1-5 and 19 in PCAg us. Bold lines
indicate average time projections, dotted lines indicate standard deviations. Note the difference in y-axis scaling between sub-
plots.
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PC1lsims and PC2svs had an average phase difference of 909, but standard deviation was high. Significant
differences in average phase differences between PCs were found between patients and controls for the
combinations PClgims — PC3SLms, PC2s.ms- PC4sims and PC2s.ms — PC19g.ms (Appendix Table E3)
Eigenvector coefficients are depicted in Figure E2 (Appendix). The only significant contributor to PCls.vs
was the upward CoM coordinate. For both patients and controls, the PClgms time projection decreases
after a slight rise and subsequently increases again, reflecting the drop and rise in vertical CoM position
during a squat.

The upward CoM coordinate also significantly contributed to PC2g.ms. Other significant contributors of this
PC were the knee flexion angle and ankle dorsiflexion angle of the squat leg. The time projection of
PC2s.ms has a phase difference of approximately 90° with PC1 in both patients and controls (Appendix
Table E3) and describes a pattern in which CoM downward movement starts earlier compared to PC1
(and earlier in patients compared to controls, based on visual inspection). So on top of PC1, a phase
shifted downward CoM movement combined with in phase knee extension and ankle plantar-flexion ex-
ists. This pattern is significantly more pronounced in controls compared to patients (Appendix Table E2).
The coordination pattern described by PC2sms is somewhat counterintuitive. However, the combined
knee extension and ankle plantar-flexion during the descending phase of the squat come on top of the
pattern described by PCls.ms. Although the only significant eigenvector coefficient was the upward CoM
coordinate, in Figure E2 (Appendix) it can be seen that in PClsms, the upward CoM coordinate is in anti-
phase with hip and knee flexion and ankle dorsiflexion. So the PClgms pattern describes combined hip
and knee flexion and ankle dorsiflexion during the descending squat phase.

In PClg s, the backward CoM coordinate was a non-significant eigenvector coefficient that was in anti-
phase with the upward CoM coordinate. So in PClgwms, @ higher upward CoM position comes with slightly
less backward lean. The backward CoM coordinate was the only significant contributor to PC3s.ms and it
was in phase with the upward CoM coordinate. On top of the coupled squat rise - forward lean pattern, a
squat rise — backward lean pattern is present. In controls, the time projection followed a trajectory simi-
lar to the time projection on PCls.ws, but patients seemed to keep their backward lean more constant
over the squat cycle. This difference is visible by a significant difference in relative phase between
PC1s.ms and PC3s.ms between patients and controls (Appendix Table E3).

The significant eigenvector coefficients of PC4s.vs, the contralateral hip and knee flexion angle, moved in
phase with each other but in anti-phase with the previous PC contributors. Their time trajectories
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seemed to be phase shifted relative to each other (Figure 4), with an earlier decrease in contralateral hip
and knee extension in patients compared to controls. This indicates a pattern of increasing contralateral
knee and hip flexion during the downward squat phase and decreasing it during the upward squat phase.
Significant contributors to PC5s.vs was the mediolateral CoM coordinate, which was in phase with the
contributors of PC1-3. During the downward phase of each squat, patients and controls move their CoM
from medial to lateral.

Since PC19s.vs appeared to have significantly lower variance of the time projections of patients com-
pared to controls (Appendix Table E2), it is interesting to evaluate which variables significantly contribute
to this PC. Significant contributors to PC195.vs were the trunk anterior tilt and internal rotation angle,
pelvic anterior tilt angle, hip and knee internal rotation and ankle dorsiflexion angle. Ankle dorsiflexion,
trunk and pelvis anterior tilt occur in phase with each other, but in anti-phase with trunk internal rota-
tion. Trunk and hip and knee of the squat leg internally rotate in phase with each other. This indicates
that this pattern of ankle dorsiflexion and anterior tilt with simultaneous trunk, hip and knee external
rotation is less pronounced in patients. However, the total explained variance by this PC was only 0.11%
(Appendix Table E1) so it indicates only slight differences between patients and controls.

3.3  Multivariate statistics: supervised machine learning

3.3.1 Validation
As expected, the classification accuracy of the input feature set consisting of the KL score was 100%
(median), with an interquartile range of 0. However, when adding all other features, classification accu-
racy significantly decreased to a median of 81.5 [18.5] (median [IQR]) (Appendix Table F1, Figure 5).

3.3.2 Classification accuracies, sensitivity and specificity values

Classification accuracies of the different input feature sets are summarized in Table F1 (Appendix, left
column) and Figure 5 (left panel). For classifications without KL score, maximal classification accuracy
was 96.3% [3.7] (median [IQR]) when using the “Subject characteristics” subset either with or without
the “Gait” subset. Minimal classification accuracies were achieved by the subset “SLMS” either with
(74.1% [11.1) or without (74.1% [18.5]) the “"Subject characteristics” subset.

Friedman’s ANOVA indicated a statistically significant difference in classification accuracy between the
sets of input features, x*(8) = 266.613, p < 0.01. Post-hoc tests are summarized in Table F1 (Appendix,
right column) and revealed a significantly higher classification accuracy of the “Subject characteristics”
and “Subject characteristics + Gait” sets compared to all other sets. Additionally, the “Gait” set had a
significantly higher classification accuracy compared to the "SLMS” set and the “Subject characteristics +
SLMS” set.
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Figure 5. Classification accuracies for each set of input variables (left panel) and for the complete feature set
without KL-score with minimal, standard and maximal training set (right panel). Tests including the KL score are
colored red, tests without KL score are colored green. Boxes indicate median, first and third quartile. Whiskers indicate minima
and maxima, unless outliers are present (dots). Stars indicate significant difference after Bonferroni correction.

Sensitivities (Appendix Table F3, Figure 6 (left panel)) ranged from 100% [0.0] (median [IQR]) for the
“Subject characteristics” set to 79.6% [8.3] for the “Subject characteristics + SLMS” set. There was a
statistically significant difference in sensitivity between the sets of input features, x?(7) = 193.634, p <
0.01. Post-hoc tests revealed a significantly higher sensitivity of both the “Subject characteristics” and
“Subject characteristics + Gait” sets compared to all other sets. The “Gait” set had a significantly higher
sensitivity compared to the “Gait + SLMS”, "SLMS"” and “Subject characteristics + SLMS” sets.
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Specificities (Appendix Table F4, Figure 6 (right panel)) ranged from 100.0% [0.0] (median [IQR]) for
the “Subject characteristics + Gait” set to 92.6 [7.4] for the “Gait” set. A statistically significant differ-
ence in specificity existed between the sets of input features, x2(7) = 77.271, p < 0.01. Post-hoc tests
revealed a significantly higher specificity of the “Subject characteristics” and “Subject characteristics +
Gait” set compared to all other sets.
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Figure 6. Sensitivity (left panel) and specificity (right panel) for 7 different input feature sets. Sensitivity is defined
as the percentage of cases correctly classified as patients. Specificity is defined as the percentage of cases correctly classified
as controls. Tests including the KL score are coloured red, tests without KL score are colored green. Boxes indicate median, first
and third quartile. Whiskers indicate minima and maxima, unless outliers are present (dots). Stars indicate significant differ-
ence after Bonferroni correction. Note the difference in scale of the vertical axes and the different order of input feature sets on
the horizontal axes.

3.3.3 Influence of increasing training set proportion

A statistically significant difference in classification accuracy of the “All features without KL score” set was
found between running the set with different training set proportions, x?(2) = 18.121, p < 0.01. Classifi-
cation accuracies are summarized in Table F2 (Appendix) and Figure 5 (right panel). Post-hoc tests re-
vealed significantly lower classification accuracies of both the minimal (63.2% [17.5], median [IQR]) and
maximal (50.0% [50.0]) training set sizes compared to the standard training set size (81.5 [14.8]). No
significant difference was found between the classification accuracies of the minimal and maximal train-
ing sets.

3.3.4 Evaluation of discriminative features

Relative contributions of each feature to classification are listed in Table G1 (Appendix) and visualized in
figure 7. Gender, age, PB test score and all PROM scores except the EQ5D score had a relatively higher
contribution compared to the situation in which all data points contribute equally to classification. This is
also true for cadence, peak hip flexion and hip flexion ROM during gait, peak knee flexion over the gait
cycle and during LR, knee flexion-extension ROM during gait, ankle plantar-dorsiflexion ROM over the
gait cycle and pelvic anterior tilt during the gait cycle and at the start and end of single-stance. For SLMS
kinematics, knee flexion-extension ROM and all anterior trunk tilt parameters contributed more than
average to the classification. The variances of xi on the first five PCs of gait and on the first six PCs of
SLMS contributed more than average per data point to class prediction. The relative contributions of PC1-
3 of gait and PC1-2 of SLMS were higher compared to the situation with equal data point contributions.
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Subject characteristics, spatiotemporal characteristics and kinematic parameters

XIPUTWWASqUWIT SWIS
{WOY3] 33U SIS
“3unJ} ueaw SIS

H J1mIsod >unay yead SWIS
J1\ue yunay yead SW1S
29 WOYX3lpd apjuy
Buims xap apjuy
2ouels xad apjuy
29 WOUY3) a3u)
20UR)S IXD 23U

D9 IXd 23U

buims xa}4 aauy
NERCIIEEINY
SSeIS X3|) 99U
D9 X34 22U
Ssuess ppe diH
Qoue)s ppe diH

29 WO diH
2oue)s 1xa diH
Qouels xay4 diy
buims doap oinjad
SSPpus }|173ue siAjad
SSHeIs 3j1jue siajRd
0D 3|113ue sInled
ues| 3e|BJ3U0D Mund]
uea| jeisdi yunil
yibus|epLiis
awneplias

2ouape)

paads
BuneyNIToues
1s91qd

seAadsod
2102sQS03
|[0bsSO0OM
HodssooM
1PESOOM
swolydwAsSSOOM
uledsooM

INg

BUUGIET

wbom

aby

X3S

0,70

(%) uonnguiuod an1e|RY

Variance of xi on each PC

SLMS Test duration and gait and SLMS PCs

o
<
~

8 8 8 8 8 38
[ wn <« o® ~ —
(%) uonngluod aAneRY
o o o o o o o
o © 9o o Q9o < Q<
< o~ o 0 [~} < o~
- — —

(%) uonnguuod aAneRY

IX JBA £2D0d SWTS
IX 1BA 61Dd SWTS
IX 1BA 2TDd SWTS
IX 1BA TTDd SWTS
IX 1eA 82d SW1S
IX 1A 90d SW1S
IX 1BA §Dd SW1S
IX 1eA $Dd SWI1S
IX 1eA €2d SWS
IX 1BAZDd SW1S
IX 1BA TDd SW1S
IX 1eA TTDd 3eD
IX 1eA /Dd WeD

IX 1eA GDd JeD

IX 1eA $Dd 3eD

IX 1eA €Dd JeD

IX 1BA Z2D0d 1eD

IX 1eA TDd 3eD

IX €¢0d SW1S
X 6T2d SW1S
IX Z12d SW1S
X TTOd SW1S
1X 82d SW1S
X' 90d SWT1S
X §2d SW1S
X $2d SW1IS
X €2d SW1IS
IXZ2d SW1S
IX TDd SW1S
IX TTDd He9
X £Dd 3eS

X GDd 3eD

X $2d 39

IX €2d 3eD

X 20d 3e9

IX TDd 3e9
uoneindisal SWiIs

Figure 7. Relative contribution of input features to class prediction. Upper panel: subject characteristics, spatiotemporal

characteristics and kinematic parameters for gait and SLMS. Lower left panel: SLMS test duration and gait and SLMS PCs.

Lower right panel: variance of xi on each PC of gait and SLMS. Red line indicates the contribution if each data point had con-

tributed equally (calculated as Ngatapoints*100/1863

0.054%*Ngatapoints). Note the different scales of the vertical axes. No 95%

confidence intervals are depicted due to their small size.
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4 Discussion

The aims of this study were to highlight advantages and limitations of existing univariate and multivari-
ate statistical methods and a new multivariate supervised machine learning approach on a multidimen-
sional data set of patients with KOA and healthy controls, and to evaluate classification accuracy, sensi-
tivity and specificity of binary classifications discriminating patients and healthy controls based on input
feature sets containing conventional physical function measures with or without kinematic parameters
and time series.

4.1 Univariate statistics

The conventional univariate statistical approach revealed significant differences between patients and
controls in weight, BMI and all of the PROM scores, with patients having significantly lower physical func-
tion scores than controls. Patients had a significantly worse clinicians’ rating and performed significantly
less knee bendings in the SLMS test. After Bonferroni correction in only 5 of the 29 proposed gait and
SLMS spatiotemporal characteristics and kinematic parameters significant differences were found. Pa-
tients had a significantly lower gait speed and stride length, lower peak hip adduction during stance, a
lower peak knee extension over the gait cycle and a lower knee flexion-extension ROM both during gait
and SLMS. In addition, patients had a significantly lower limb symmetry index.

I tested 44 variables based on an educated guess. It can be tempting to include even more variables in
the hope of finding significant differences, even without educated guess. However, the sky is not the
limit. As indicated by the high percentage of significantly correlated variables (42.7%) and the average
absolute significant correlation of 0.46 with a range from 0.17 to 1, the covariance between variables is
high. This means that some of the information is redundant. The higher the amount of variables to test,
the lower the critical p-value level will be due to the Bonferroni correction®! to correct for the chance of
finding a significant difference by chance (Type I error) and thereby decreases the chance of finding a
significant difference that does exist. For example, in the present study both cadence and stride time
were (erroneously) included in the univariate statistical approach. These variables are inversely related
(correlation = -1) and thus, redundant information is measured. Doing two multiple t-tests will now re-
sult in a critical p-value level of 0.05/2, which decreases the chance of finding a significant difference
relative to the critical p-value level of 0.05 if only one t-test had been conducted. This illustrates an im-
portant practical and theoretical disadvantage of the univariate statistical approach.

4.2  Multivariate statistics: PCA
Both principal component analyses resulted in a data reduction of 24 or 25 time series to 5 principal
components explaining 90% of the variance in the data. This again points out the high covariance be-
tween variables (here: time series). PCAcait revealed two pairs of PCs, the first pair describing stride
events and the first pair describing step events. PC1 and 2 describe a pattern of anti-phasic hip flexion
pattern preceded by an anti-phasic knee flexion pattern a quarter gait cycle earlier during each stride.
PC3 and PC4 describe a pattern of in-phase knee flexion followed by in-phase hip flexion and ankle dorsi-
flexion patterns a quarter gait cycle later during each step. The last PC captures ankle dorsiflexion and
hip and ankle internal rotations at a frequency of 3 times per gait cycle. Patients were found to exhibit
the stride pattern to a lesser extent than controls, as well as the in-phase step knee flexion pattern. This
is in accordance with the finding of a significantly lower knee flexion-extension ROM during the gait cycle
in patients in the univariate statistical approach. However, differences in hip flexion and ankle dorsiflex-
ion were only significant without Bonferroni correction in that approach. Previous PCA of gait of patients
with KOA and healthy controls only included kinematic (and kinetic) time series of the knee, so results
are not very comparable. However, from the knee angle curves, the knee flexion-extension ROM proved
to be the most discriminative PC!, which is supported by our finding.
PCAsms revealed five PCs with a frequency of once per squat cycle. Eigenvector coefficients were domi-
nated by the CoM position time series. For the upward CoM coordinate, this can be explained by the fact
that the standard deviation of the original time series was approximately 2-3x higher compared to all
other time series.
The pair of PC1 and PC2 together described downward-upward CoM movement achieved by a basic pat-
tern of in-phase ipsilateral hip and knee flexion and ankle dorsiflexion (PC1) with on top of it a pattern of
in-phase ipsilateral knee extension and ankle plantarflexion (PC2). PC1 and 3 revealed a pattern of in-
phase upward-backward CoM movement (PC3) on top of the upward-forward CoM movement (PC1).
Contralateral in-phase hip and knee flexion during the downward squat phase was captured by PC4 and
PC5 captured lateral CoM movement during the downward squat phase.
Only a significant difference in variance of the time projections on PC2s,ms and PC19s.vs were found be-
tween patients and controls. Patients exhibited the pattern of downward CoM position with in-phase ipsi-
lateral hip and knee flexion combined with ankle dorsiflexion (PC2s.ms) to a lesser extent than controls.
This is in accordance with the finding of a significantly lower knee flexion-extension ROM during the
SLMS test in patients in the univariate statistical approach. PC19s,ms was also found to have significantly
lower variance in time projections of patients compared to controls. Patients exhibited a pattern of ankle
dorsiflexion and anterior tilt with simultaneous trunk, hip and knee external rotation to a lesser extent.
This difference is only subtle since PC19s.ms explains only 0.11% of the variance in the original data, but
still, discriminative capacity can be high®2.
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Although only two PCs were found to significantly differ between patients and controls in PCAgvs, visual
inspection of the time projections (Figure 5) indicated differences between patients and controls in timing
of squat coordination. This could not be quantified by the variance of time projections, except in PC2s s
and PC19s.ms. An appropriate method would be to calculate the average relative phase between patient
and control time projections. Differences may be attributable to the slower squat speed in patients as
indicated by the significantly lower amount of squats in 30 seconds (Table 3, Figure 1) and to the fact
that patients moved less smooth compared to controls (reported by raters, results presented elsewhere).
The latter might be related to the subtle differences in squat pattern described by PC19g.wms.

A major advantage of PCA over the univariate statistical approach is that it accounts for the covariance
between variables, as illustrated by the high eigenvalues of the first five PCs (> 90%). This makes it
possible to analyse large numbers of time series and to reveal complicated coordination patterns by in-
terpreting eigenvalues, eigenvectors and time projections of a small number of PCs. The approach is
considered less biased compared to the previous, since only the selection of input time series is subjec-
tive. The extraction of the reduced amount of meaningful variables (here: PCs) is fully objective. Togeth-
er, this makes PCA more suitable for exploratory studies!®. In the present study, the use of PCA made it
possible to include not only affected body side angle curves, as is common practice in the univariate
statistical approach, but also unaffected body side angles.

A disadvantage of PCA is that interpretation is time-consuming and less straightforward compared to the
univariate statistical approach. In addition, both PCA and the univariate statistical methods are based on
linear statistics so only linear relations can be revealed. Lastly, if you want to compare differences be-
tween two groups after PCA, a measure has to be selected to quantify the difference and again, multiple
univariate statistical tests have to be conducted. So, still some subjectivity is present®>.

4.3  Multivariate statistics: supervised machine learning

The validation with a feature set of only KL score resulted in the expected classification accuracy of
100%. This was expected since subjects were either classified as patient or healthy control, with a pa-
tient defined as someone with a KL score (coded as a number between 1-4) and a healthy control as
someone without a KL score (coded as a zero). However, adding all other feature subsets significantly
decreased classification accuracy to 81.5% [18.5] (median [IQR]). The feature set including all features
did not significantly differ from the feature set including all features but no KL score regarding accuracy
and specificity. However, the feature set including all features had a significant higher sensitivity.

The lower accuracy after adding features to the KL score indicates that the machine learner is influenced
by non-relevant information. Ideally, this is not the case so further improvement of the machine learner
algorithm is needed and classification accuracies, sensitivities and specificities reported in this study
must be taken with caution. A method to improve the performance of the machine learner is to increase
the weights of relevant input features manually. This is an important advantage of supervised learning.
However, the relevance of features for classification is often not known. Still, in case of a validation trial,
weights of the reference (here: KL score) can be increased. Network connections will adapt and network
performance can be evaluated without the reference input feature.

Maximal classification accuracies, sensitivities and specificities were achieved by the “Subject character-
istics” and “Subject characteristics + Gait” input feature sets, that had significantly higher accuracies and
sensitivities than all other input feature sets. Adding the "SLMS” subset significantly decreased classifica-
tion accuracies and sensitivities, except for accuracy after adding the “"SLMS” subset to the “Gait” subset.
The “Gait” subset had significantly higher accuracies and sensitivities compared to the “Subject charac-
teristics + SLMS” and “SLMS” input feature sets.

The maximal classification accuracy of 96.3% [3.7] is high compared to previous literature. Classification
accuracies based on principal component analyses of gait knee angles, forces and moments alone® or
combined with gait spatiotemporal characteristics® were 92% and 94%, respectively, but instead of
machine learning, linear discriminant analysis was used. In the study by Kirkwood et al. ** the same
approach with gait knee angles alone led to a classification accuracy of 71.8%. Machine learning has only
been used to classify patients and healthy controls based on knee forces and moments. Classification
accuracies were 82.6% using a Bayes algorithm??, and 91% using a k-nearest neighbour algorithm42,
Sensitivity and specificity were only reported in the study by Kotti et al. ?>: a sensitivity of 0.77 and a
specificity of 0.79 were achieved. Compared to these values, our maximal sensitivity 100.0 [0.0] (medi-
an [IQR]) and specificity (100.0 [0.0]) are high, as well as the sensitivity (100.0 [0.0] and 96.3 [4.6] for
the “Subject characteristics” and “Subject characteristics + Gait” feature sets respectively) and specificity
(96.3 [3.7] and 100.0 [0.0] for the “Subject characteristics” and “Subject characteristics + Gait” feature
sets respectively) of our feature sets with highest classification accuracies (96.3% [3.7]).

Since highest classification accuracies, sensitivities and specificities were highest for the “Subject charac-
teristics” input feature set, there is no need for adding gait or SLMS kinematic input features to conven-
tional physical function measures. Adding gait kinematics did not decrease classification performance,
but adding SLMS kinematic input features did significantly decrease classification performance. This
might have to do with the fact that, although only two PCs of SLMS significantly differed after Bonferrroni
correction between patients and controls, input to the machine learner consisted of all significant PCs
without Bonferroni correction (Appendix Table E2). Figure 7 indicates that only the first two PC time se-
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ries of SLMS have a relative contribution higher than in case of equal data point contribution. This may
indicate that the "SLMS” feature set contains much non-relevant information.

Variances of the time series of the principal components of both gait and SLMS turned out to be im-
portant discriminative features. When comparing their relative contribution (consisting of 1 data point)
with the PC time series input features (consisting of 100 data points), the variance contributions appear
to be in the same order of magnitude as the time series contributions but they are achieved by only 1%
of the data points. In addition, only the first three (gait) and two (SLMS) PC time series had a relative
contribution of more than 5.37% (rounded off, threshold of 100 data points * 0.054%) whereas variance
contributions were almost all higher than the threshold. Therefore, in future research it would be in-
formative to evaluate classification performance after removing the PC time series or tuning down their
connection weights as described above.

When comparing the information that contributes to classification with the univariate statistical tests, it
appears that the machine learner’s predictions rely to a large extent to pelvis, hip, knee and ankle angles
in the sagittal plane, whereas in the univariate statistical tests only significant differences were found in
the hip frontal plane angle and knee sagittal angle. A similar pattern is seen in the SLMS kinematic pa-
rameters: the machine learner relies not only on the knee flexion-extension ROM but also on anterior
trunk tilt, whereas no significant differences were found in trunk parameters in the univariate statistical
approach. Interestingly, the machine learner’s relative contributions of cadence is high but the contribu-
tions of speed and stride length are not (which appeared to significantly differ between patients and
healthy controls). In addition, clinicians’ SLMS movement quality rating appeared to be negligible com-
pared to all other features.

These findings emphasize the difference between finding significant differences in variables and their
contribution to discrimination in an artificial neural network. Garson’s method® is a relatively simple way
to get insight in importance of a feature for classification which allows for step-wise removal of non-
relevant features in an attempt to improve classification performance. In future research, the current
algorithm could be improved in this manner.

Since the data set used in the present was only small, not many training cases were present, which was
expected to lower the classification accuracy. A method to enlarge the amount of training cases present-
ed to the machine learner during training is to increase the proportion of cases used as the training set.
However, the data set appeared too small to show the expected trend. Classification accuracies of the
minimal and maximal training set sizes were both significantly lower compared to the standard training
set size and classification accuracy of the maximal training set was not significantly higher compared to
that of the minimal training set. However, we expect that the expected trend would have been visible in
a larger data set.

Despite the small data set, the multivariate machine learning approach resulted in high classification
accuracies, sensitivities and specificities. An important advantage of this method is that multimodal data
can be handled due to the non-linear nature of the artificial neural network algorithm: both discrete sub-
ject characteristics and time series can be included and both continuous measures as well as nominal or
ordinal measures can be included. Secondly, interpretation of the results is relatively simple. A third
advantage is that in the future, a large set of input features can be defined automatically, followed by
the automatic classification according to those features that discriminate!®. Such a shotgun approach
makes the process of feature selection for classification more objective although the definition of a
threshold for selecting discriminating features still requires user intervention.

On the other hand, this brings the risk that the machine learner becomes a black box. We support the
recommendation of Kaptein et al. ** to use this machine learning approach in combination with educated
guesses, making theory-based decisions. Two other important disadvantages are that large databases to
allow for sufficient subjects-to-classes ratio®” and measures-to-subjects ratio'?, and computers with high
computational power are required.

The present study was designed as a first step in classifying physical function in patients with KOA and
healthy controls using a machine learning approach. A binary classification was tested distinguishing
between patients (assumed to have an impaired physical function) and healthy controls (assumed to
have unimpaired physical function) based on conventional physical function measures and movement
quality information. The next step would be to classify not according to KL-score (i.e. being patient or
not) but in an undefined amount of groups with different physical function levels. This could be achieved
by adopting an unsupervised learning approach. That doesn’t require a reference classification (i.e. su-
pervision) to train the machine learner with. This could assist in gaining new insights in the concept of
physical function and its contributors. The final step would be to develop a machine learning algorithm
that assists in screening, diagnosis and monitoring of patients with KOA and healthy controls.
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5 Conclusions

Our first aim was to highlight advantages and disadvantages of two conventional univariate and multi-
variate statistical approaches as well as a new, multivariate machine learning approach in evaluating
differences in physical function between patients with KOA and healthy controls. The conventional uni-
variate approach of doing multiple independent t-tests between groups turned out to be an easy method
with easy interpretation. An important disadvantage is that due to the univariate nature of the tests,
covariance between variables is not taken into account. So, information could be redundant and the
more t-tests are conducted, the lower the statistical power. Principal component analysis does take into
account covariance between variables. Complex information can be gained by interpreting a low amount
of outcome variables, but the interpretation of the results is time-consuming. The machine learning ap-
proach is able to handle multimodal data in one analysis due to the non-linear nature of the artificial
neural network algorithm. Still, interpretation of the results is relatively simple. The approach offers the
opportunity of more objective feature selection and extraction but I recommend to use the machine
learning approach in combination with a priori knowledge. Major disadvantages are the need for good
computers and large databases.

Our second aim was to evaluate the classification performance of the new machine learning approach in
classifying physical function in patients with KOA and healthy controls. Maximal classification accuracies
(96.3%), sensitivities (100%) and specificities (96.3%) were achieved by an input feature set without
gait and SLMS kinematics. Adding gait kinematic input features did not deteriorate performance signifi-
cantly, but adding SLMS did. This indicates that adding information on movement quality does not assist
in classifying physical function in patients with KOA and healthy controls. However, the data presented
here should be taken with caution since the validation of the algorithm was not sufficient yet. In future
research, the algorithm should be improved so that classification only occurs based on discriminative
features. In addition, this study was only a first step in classifying physical function in patients with KOA.
In the future, the present study should be repeated with a larger database and an unsupervised learning
approach to classify into more than 2 classes and without the need of a reference classification. Such an
unsupervised learning approach allows for the design of a classification that classifies physical function in
a not predefined, meaningful amount of classes representing different levels of physical function. This
might give new insights in the concept of physical function and its contributors. On the long term, this
could lead to a machine learning algorithm that helps in screening, diagnosis and monitoring of patients
with KOA and healthy controls.
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Appendix A. 3D movement analysis data

Table Al. Angle and CoM time series used in kinematic analyses
Segment/joint Time series Gait | SLMS
Trunk Posterior tilt X X
Contralateral tilt X X
Internal rotation X X
Pelvis Anterior tilt X X
Ipsilateral upward list X X
Internal rotation X X
Hip & CL hip Flexion X X
Adduction X X
Internal rotation X X
Knee & CL knee Flexion X X
Varus X X
Internal rotation X X
Ankle & CL ankle Dorsiflexion X X
Internal rotation X X
Foot progression angle: toe in X
CoM position relative to Mediolateral CoM position X
toe marker of squat leg
Backward-forward CoM position X
Upward-downward CoM position X
Number of time series 24 25

Table A2. Educated guess for gait and SLMS spatiotemporal characteristics and kinematic pa-
rameters discriminating between patients and controls

Gait spatiotemporal characteristics

Gait kinematic parameters

1,27,64-

Speed (m/s) 6<7 Peak trunk ipsilateral lean during GC (°) > 68

Cadence (steps/min) <67.69 Peak trunk contralateral lean during GC (°) |68

. . Peak pelvic anterior tilt during GC, at start 70
64,67
Stride time (s) > and end SS (°) >
- <64,66,67, . . .

Stride length (m) a Peak pelvic drop during swing (°) <70
Peak hip flexion during stance (°) >4

SLMS spatiotemporal characteristics Peak hip extension during stance (°) LA

Decreased number of repetitions in the <73 Hip flexion-extension ROM during GC (°) <64

affected leg (PB test score)

Limb symmetry index <73 Peak hip adduction during stance (°) 68,70

(= repetitions affected leg / healthy leg)

Test duration (s) < Hip adduction at the start of SS (°) <70

64,65,72

Peak knee flexion during GC (°) <oHen

SLMS kinematic parameters Knee flexion at the start of SS (°) <70

SLMS Peak & mean anterior trunk tilt (9) |73 Peak knee flexion during LR (°) <7072

SLMS Knee flexion-extension ROM (©) <73 Peak knee extension during GC (°) <74
Peak knee extension during stance (°) <44
Knee flexion-extension ROM during GC (°) <6574
Peak ankle plantarflexion during stance (°) |<*
Peak ankle dorsiflexion during swing (°) <”?
Ankle plantar-dorsiflexion ROM over GC (°) |<®

> Patients’ values are increased relative to controls’ values. < Patients’ values are reduced relative to controls’ values. All parame-
ters refer to the affected side. GC = gait cycle; ROM = range of motion; SS = single stance; LR = loading response

-~
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Appendix B. Machine learning input features

Table B1. Input feature subsets used in the machine learning approach

Subject charac- Gait SLMS

teristics

Basic personal Spatiotemporal characteristics (Table 2) Spatiotemporal characteris-
information tics (Table 2)

Sex Speed LimbSymmIndex

Age Cadence TestDuration

Weight Stride time

Height Stridel ength

BMI

Discrete kinematic parameters (Table 2)

Discrete kinematic parame-
ters (Table 2)

KL (only included
if stated explicitly)

Peak trunk ipsilateral and contralateral lean during
GC (2)

Peak trunk anterior tilt and
mean trunk anterior tilt (2)

Peak pelvic anterior tilt during GC, at start and end
SS, peak pelvic drop during swing (4)

Knee flexion-extension ROM

1)

PROMs

Peak hip flexion and extension during stance, hip
flexion-extension ROM during GC, peak hip adduc-
tion during stance and hip adduction at start of SS

(5)

KOOS 5scales

Peak knee flexion during GC, at start SS, during LR,
peak knee extension during GC and stance, knee
flexion-extension ROM during GC (6)

EQ5D score+VAS

Peak ankle plantarflexion during stance, peak ankle
dorsiflexion during swing, ankle plantar-dorsiflexion
ROM over GC (3)

PB test score

Kinematics from PCAgait

Kinematics from PCAsims

ClinRating Time projections (&) on selected PCs Time projections (§) on se-
lected PCs
Variances of the time projections of the selected Variances of the time projec-
PCs (df) tions of the selected PCs (o)
[ o el
sl
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Appendix C. Results of univariate statistical approach

Table C1. Subject characteristics, PROM scores, PB test score and clinicians’ ratings

. _ Controls
Patients (N=31) (N=24)
Mean (SE) Mean (SE) r
Basic personal information
Gender (number of males/females) 20x F; 11x M 16x F; 8x M 0.87| -0.02
Age (years) 66.0 (1.3) 65.2 (1.9) 0.70| 0.05
Height (m) * 1.7 [0.2] 1.7 [0.1] 0.48| -0.10
Weight (kg) 85.4 (2.2) 72.7 (2.5) p < 0.05*%| 0.46
BMI (kg/m?) 29.9 (0.7) 24.9 (0.6) p < 0.05*%| 0.56
KL score (scale 1-4, 0 indicates no KL 2x 3a; 5x 3b 24x 0 p < 0.05*| -0.90
score) 9x 4a; 4x 4b
PROM scores
KOOSpain (scale 0-100) ® 44.4 [19.4] 100.0 [5.6] p < 0.05* | -0.86
KOOSsympt (scale 0-100)? 35.7 [38.4] 96.4 [10.7] p < 0.05*% | -0.84
KOOSadl (scale 0-100) ® 55.1 [19.5] 100.0 [6.6] p < 0.05* | -0.86
KOOSsport (scale 0-100) ® 10.0 [28.8] 100.0 [22.5] p < 0.05* | -0.84
KOOsSqol (scale 0-100) ® 31.3[17.2] | 100.0[18.8] p < 0.05* | -0.86
EQ5Dscore (scale -0.594 - 1)® 0.7 [0.1] 1.0 [0.2] p < 0.05*%| -0.85
EQ5Dvas” (scale 0-100)® 71.5 [32.5] 89.5 [17.3] p < 0.05*%| -0.54
PBtest (amount of knee bendings in 13.9 (1.4) 28.7 (2.1) p < 0.05*%| 0.64
30s)
i < £ 3 -
MeanCLINrating® (transformed) 3.0 [1.0] 2.0 [0.0] p < 0.05 0.67

(scale 1-4) 2

#The non-parametric counterpart of the independent t-test (Mann-Whitney U test) is used. Instead of mean (SE), median [IQR]

is reported.

® indicates four missing values for patients, resulting in Npatients = 27 and Neontrois = 24-.
¢indicates one missing value for controls, resulting in Npatients = 31 and Neontrols = 23.

* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with total amount of tests = 44.
All scales are presented from minimal (affected) to optimal (healthy) score.
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Table C2. Gait and SLMS spatiotemporal characteristics and kinematic parameters

Patients Controls (N=24)

(N=31)

Mean (SE) Mean (SE) p r
Gait spatiotemporal characteristics
Speed (m/s) 1.10 (0.03) 1.32 (0.04) p < 0.05*%| 0.52
Cadence (steps/min) 111.04 (1.30) 117.74 (2.12) p < 0.05| 0.36
Stride time (s) ® 1.07 [0.09] 1.01 [0.11] p < 0.05| -0.39
Stride length (m) 1.19 (0.03) 1.34 (0.02) p < 0.05*%| 0.49
Gait kinematics (affected side)
Peak trunk ipsilateral lean (9) 2.72 (0.40) 2.11 (0.44) 0.31| 0.14
Peak trunk contralateral lean (°) 1.93 (0.25) 1.66 (0.33) 0.50| 0.09
Peak pelvic anterior tilt during GC (°) 12.07 (0.70) 12.54 (0.85) 0.67| 0.06
Pelvic anterior tilt at start SS (°) 10.05 (0.69) 10.61 (0.90) 0.62| 0.07
Pelvic anterior tilt at end SS (°)? 10.96 [7.40] 11.44 [5.27] 0.91| -0.02
Peak pelvic drop during swing (°) 3.17 (0.35) 4.06 (0.41) 0.10| 0.22
Peak hip flexion during stance (°) 30.90 (1.19) 33.15 (1.02) 0.16| 0.19
Peak hip extension during stance (°) 9.96 (0.95) 11.28 (1.35) 0.41| 0.11
Hip flexion-extension ROM during GC (°) 41.74 (0.73) 45.04 (1.04) p < 0.05| 0.34
Peak hip adduction during stance (°) 0.10 (1.16) 4.41 (0.73) p < 0.05*%| 0.37
Hip adduction at the start of SS (°) -1.52 (1.15) 3.76 (0.80) p <0.05| 0.44
Peak knee flexion during GC (°) ° 49.20 [9.16] 54.02 [7.79] p < 0.05| -0.36
Knee flexion at the start of SS (°) 4.64 (1.22) 2.68 (0.84) 0.19| 0.18
Peak knee flexion during LR (9) 12.45 (1.49) 15.92 (0.97) 0.23| -0.16
Peak knee extension during GC (°) -1.65 (1.19) 3.51 (0.86) p < 0.05*%| 0.44
Peak knee extension during stance (°) -1.91 (1.20) 2.86 (0.95) p < 0.05| 0.40
Knee flexion-extension ROM during 47.88 (1.17) 57.97 (1.05) p < 0.05*%| 0.65
GC (°)
Peak ankle plantarflexion during stance 6.34 (0.85) 9.77 (0.73) p < 0.05| 0.38
(°)
Peak ankle dorsiflexion during swing (9) 6.23 (0.56) 5.19 (0.34) 0.12| 0.23
Ankle plantar-dorsiflexion ROM over GC 24.80 (0.99) 24.85 (1.02) 0.97| 0.01
(©)
SLMS spatiotemporal characteristics
Ir.ég:elgltslg?gtllggci)a( (affected / healthy leg 0.7 [0.5] 1.0 [0.1] p < 0.05*%| -0.62
TestDuration (s)® 30.0 [0.0] 30.0 [0.0] 0.07| -0.24
SLMS kinematics
SLMS Peak anterior trunk tilt (°) 19.61 (1.91) 9.46 (1.72) p < 0.05| 0.38
SLMS Mean anterior trunk tilt () 10.72 (1.46) 4.44 (1.48) p < 0.05| 0.38
SLMS Knee flexion-extension ROM (°) 33.20 (1.52) 54.01 (1.78) p < 0.05*%| 0.77

@The non-parametric counterpart of the independent t-test (Mann-Whitney U test) is used. Instead of mean (SE), median [IQR]

is reported.

® indicates four missing values for patients, resulting in Npatients = 27 and Neontrois = 24-.
¢indicates one missing value for controls, resulting in Npatients = 31 and Neontrols = 23.
* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with amount of tests = 44.
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Appendix D. PCAg.it

Table D1. Percentage of the
variance explained by the ei-
genvalues of the first five prin-
cipal components for gait and
additional eigenvalues of sig-
nificantly different PCs

Table D2. Significant differences in variance of gait cy-
cle time projection on each PC,.i: between patients and

controls

o¢

Patients Controls
PC mean (SE) mean (SE) p r

472.9 (17.01) | 566.7 (24.03) | p < 0.05* | 0.39
2 321.9 (12.36) 391.8 (14.24) | p < 0.05%* 0.42
3 203.8 (7.83) 303.9 (12.75) | p < 0.05%* 0.67
4 44.6 (3.26) 61.9 (4.80) | p < 0.05 0.37
5 33.9 [21.2] 44.3[14.1] | 0.052 0.42
7 14.6 (1.05) 20.8 (2.25) | p < 0.05 0.40
11° 6.9 [6.8] 5.3[4.2] | p < 0.05 0.19

Eigenvalue A | PCAgait (%)

A1 38.82*
A2 26.60%*
A3 18.47*
A4 3.91
As 3.08
2Ais 90.88
z)\allsianCs 83.89

* indicates significant difference in vari-
ance of cycle time projection on each PC
between patients and controls

@ The non-parametric counterpart of the independent t-test (Mann-Whitney
U test) is used. Instead of mean (SE), median [IQR] is reported.
* indicates significance after Bonferroni correction: p < (0.05/amount of
tests), with amount of tests = 24.

Table D3. Average relative
phase (°) between PCs of gait
with similar frequencies.

Gait

f (/GC) | Mean | SD
PC1- 1 92.6 | 8.9
PC2
PC3- 2 -91.4 | 11.7
PC4

Relative phases are calculated as the
phase of the PC with the highest number
minus the phase of the PC with the lowest
number.

* indicates a significant difference in
average relative phase between patients
and controls (p < 0.01).
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Figure D1. Power spectral densities

for time projections on PC1-5 in PCAg.it-
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Eigenvector coefficients gait PCnr2

Eigenvector coefficients gait PCnr1
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Figure D2. PCAG.it: Eigenvector coefficients of principal component 1-5. Eigenvector coefficients quantify the contribu-

tion of each original time series to that principal component. Stars indicate significance according to the broken stick test.

Angle abbreviations on the horizontal axis: T = trunk, P = pelvis, H = hip, K = knee, A = ankle, cl = contralateral, anttilt

anterior tilt, ip up = ipsilateral up, CLlist

dorsiflexion, fprog = foot progression.

= contralateral list, introt = internal rotation, flex = flexion, var = varus, dflex
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Appendix E. PCAg us

Table E1. Percentage of the
variance explained by the ei-

Table E2. Significant differences in variance of SLMS test

time projection on each PCs.us between patients and controls

genvalues of the first five prin- o?
cic|I):I comlponents 1;or SLI\f'IS and Patients Controls
additional eigenvalues of sig- . a : a
nificantly different PCs ic Mecitlgg (11Q5R(5)7 8 Mecggg ELIQ7R7)2 i 0304 015
Eigenvalue | PCAsims (%) -1 [567.8] 4 [772.0] y -
A 2 72.3 [99.7] 530.8 [380.7] p < 0.05% 0.33
A 5497 3 66.0 [60.9] 60.1 [60.2] 0.872 0.05
s 21 9'9* 4 24.2 [33.7] 36.6 [31.7] 0.139 0.16
A 8 51 5 43.4 [29.7] 33.5[29.2] 0.06 0.18
)\3 3'71 6 26.3 [27.6] 12.1 [13.7] p < 0.05 0.22
)\4 3.48 8 4.8 [7.6] 8.4 [8.1] p < 0.05 0.19
25)\1 . T 11 3.9 [3.7] 5.6 [3.5] p <0.05] 0.19

= * 12 3.3 [3.3] 5.1[3.4] p < 0.05 0.21
Ao 0.11* 19 0.9 [0.5] 1.3 [1.4] p < 0.05% 0.24
S Aanpce 2210 23 0.3 [0.5] 0.5 [0.5] p < 0.05 0.03

* indicates significant difference in vari-
ance of cycle time projection on each PC
between patients and controls

2 For SLMS data, all tests indicating a significant difference in o§ were non-

parametric.

* indicates significance after Bonferroni correction: p < (0.05/amount of tests),
with amount of tests = 25.

Table E3. Average relative phase between PCs of SLMS with similar frequencies.

SLMS

PC1 PC2 PC3 PC4 PC5 PC19
PC1 92.4 (28.3) | -13.2 (71.9)® 44.6 (64.3) 25.2 (70.2) 17.0 (77.4)
PC2 -16.7 (73.9) 11.0 (59.8)° 1.7 (77.6) | -20.7 (69.4)°
PC3 21.3 (73.7) -8.9 (79.2) -6.8 (78.8)
PC4 23.5 (76.7) -28.6 (75.0)
PC5 -28.6 (75.0)

Relative phases are calculated as the phase of the PC with the highest number minus the phase of the PC with the lowest number.
Reported values represent mean (SD).
2 A significant difference existed in average relative phase between patients (16.8 (63.3)) and controls (-51.5 (52.8)), p < 0.01.
b A significant difference existed in average relative phase between patients (29.5 (54.5)) and controls(-12.8 (60.9)), p < 0.01.
¢ A significant difference existed in average relative phase between patients (17.7 (70.6)) and controls (-69.9 (50.1)), p < 0.01.
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Figure E1. Power spectral densities for time
projections on PC1-3 (left panel) and PC4,5
and 19 in PCAg us (right panel).
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Figure E2. PCAg.us: Eigenvector coefficients of principal component 1-5 & 19. Eigenvector coefficients quantify the

contribution of each original time series to that principal component. Stars indicate significance according to the broken stick
test. Angle abbreviations on the horizontal axis: T = trunk, P = pelvis, H = hip, K = knee, A = ankle, CoM = center of mass, cl
= contralateral, anttilt = anterior tilt, ip up = ipsilateral up, CLlist = contralateral list, introt = internal rotation, flex = flexion,

var = varus, dflex = dorsiflexion, fprog = foot progression, ML = mediolateral, FB = forward-backward, UD = upwards-
downwards.
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Appendix F. Classification accuracies, specificities and sensitivities

Table F1. Classification accuracies (%) of 8 different input feature sets and results of

post-hoc tests after Friedman’s ANOVA

Input feature set

Median [IQR]?

Median [IQR]?

With KL score

Only KL 100.0 [0.0] | All with KL 81.5[18.5] p<0.05%

All with KL 81.5[18.5]

Without KL score

All without KL 81.5 [14.8] | Only subchar 96.3 [3.7] p<0.05% -0.61
Only gait 81.5[7.4] 0.125 -0.15
Only SLMS 74.1 [18.5] 0.054 -0.19
Subchar+gait 96.3 [3.7] p<0.05%* -0.58
Subchar+SLMS 74.1[11.1] p<0.05 -0.26
Gait+SLMS 81.5[12.0] 0.935 -0.01

Only subchar 96.3 [3.7] | Only gait 81.5[7.4] p<0.05% -0.62
Only SLMS 74.1 [18.5] p<0.05% -0.60
Subchar+gait 96.3 [3.7] p<0.05 -0.29
Subchar+SLMS 74.1 [11.1] p<0.05% -0.62
Gait+SLMS 81.5[12.0] p<0.05% -0.60

Only gait 81.5[7.4] | Only SLMS 74.1 [18.5] p<0.05% -0.40
Subchar+gait 96.3 [3.7] p<0.05%* -0.60
Subchar+SLMS 74.1[11.1] p<0.05%* -0.43
Gait+SLMS 81.5[12.0] 0.074 -0.18

Only SLMS 74.1 [18.5] | Subchar+gait 96.3 [3.7] p<0.05% -0.61
Subchar+SLMS 74.1 [11.1] 0.743 -0.03
Gait+SLMS 81.5[12.0] p<0.05 -0.25

Subchar+gait 96.3 [3.7] | Subchar+SLMS 74.1[11.1] p<0.05%* -0.61
Gait+SLMS 81.5[12.0] p<0.05% -0.60

Subchar+SLMS 74.1[11.1] | Gait+SLMS 81.5[12.0] p<0.05 -0.25

Gait + SLMS 81.5[12.0]

2@ Since the Friedman ANOVA is a non-parametric test, medians and interquartile range are reported.
* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with amount of tests = 22.

Table F2. Classification accuracies (%) of the full input feature set (without KL score)
with minimal, standard and maximal training set sizes and results of post-hoc tests after

Friedman’s ANOVA

Training set | Training set | Median Training set Median [IQR]? p r
proportion [IQR]? for compari-
son
Standard 50% 81.5[14.8] | Minimal 63.2 [17.5] p < 0.05* -0.51
Maximal 50.0 [50.0] p < 0.05* -0.30
Minimal 4.2% 63.2 [17.5] | Maximal 50.0 [50.0] 0.809 -0.02
Maximal 95.8% 50.0 [50.0]

@ Since the Friedman ANOVA is a non-parametric test, medians and interquartile range are reported.
* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with amount of tests = 3.
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Table F3. Percentage of cases incorrectly classified as patients (sensitivities) for 7 dif-
ferent input feature sets and results of post-hoc tests after Friedman’s ANOVA

Input feature set Median Median [IQR]? p r
[IQR]°

With KL score

All with KL 88.9 [14.8] All without KL 83.3 [8.3] .083 -0.17

Without KL score

All without KL 83.3 [8.3] | Only subchar 100.0 [0.0] p<0.05% -0.59
Only gait 88.9 [7.4] p<0.05 -0.29
Only SLMS 81.5[11.1] p<0.05 -0.21
Subchar+gait 96.3 [4.6] p<0.05% -0.52
Subchar+SLMS 79.6 [8.3] p<0.05 -0.25
Gait+SLMS 85.2 [11.1] 0.644 -0.05

Only subchar 100.0 [0.0] | Only gait 88.9 [7.4] p<0.05%* -0.61
Only SLMS 81.5[11.1] p<0.05% -0.61
Subchar+gait 96.3 [4.6] p<0.05% -0.51
Subchar+SLMS 79.6 [8.3] p<0.05% -0.62
Gait+SLMS 85.2 [11.1] p<0.05% -0.61

Only gait 88.9 [7.4] | Only SLMS 81.5[11.1] p<0.05% -0.49
Subchar+gait 96.3 [4.6] p<0.05%* -0.54
Subchar+SLMS 79.6 [8.3] p<0.05% -0.53
Gait+SLMS 85.2 [11.1] p<0.05% -0.37

Only SLMS 81.5[11.1] | Subchar+gait 96.3 [4.6] p<0.05% -0.60
Subchar+SLMS 79.6 [8.3] 0.847 -0.02
Gait+SLMS 85.2 [11.1] p<0.05 -0.22

Subchar+gait 96.3 [4.6] | Subchar+SLMS 79.6 [8.3] p<0.05% -0.61
Gait+SLMS 85.2 [11.1] p<0.05% -0.59

Subchar+SLMS 79.6 [8.3] | Gait+SLMS 85.2 [11.1] p<0.05 -0.23

Gait + SLMS 85.2 [11.1]

@ Since the Friedman ANOVA is a non-parametric test, medians and interquartile range are reported.
* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with amount of tests = 22.

Table F4. Percentage of cases incorrectly classified as controls (specificities) for 7 dif-
ferent input feature sets and results of post-hoc tests after Friedman’s ANOVA

Input feature set Median Median [IQR]? p r
[IQR]°

With KL score

All with KL 96.3[11.1] All without KL 94.4 [11.1] 0.61 -0.05

Without KL score

All without KL 94.4 [11.1] | Only subchar 96.3 [3.7] p < 0.05% -0.35
Only gait 92.6 [7.4] 0.19 -0.13
Only SLMS 92.6 [4.6] 0.72 -0.04
Subchar+gait 100.0 [0.0] p < 0.05% -0.45
Subchar+SLMS 92.6 [7.4] 0.49 -0.07
Gait+SLMS 96.3 [8.3] 0.48 -0.07

Only subchar 96.3 [3.7] | Only gait 92.6 [7.4] p < 0.05% -0.43
Only SLMS 92.6 [4.6] p < 0.05* -0.41
Subchar+gait 100.0 [0.0] p < 0.05 -0.29
Subchar+SLMS 92.6 [7.4] p < 0.05% -0.45
Gait+SLMS 96.3 [8.3] p < 0.05 -0.29

Only gait 92.6 [7.4] | Only SLMS 92.6 [4.6] 0.57 -0.06
Subchar+gait 100.0 [0.0] p < 0.05* -0.55
Subchar+SLMS 92.6 [7.4] 0.55 -0.06
Gait+SLMS 96.3 [8.3] 0.10 -0.17

Only SLMS 92.6 [4.6] | Subchar+gait 100.0 [0.0] p < 0.05* -0.50
Subchar+SLMS 92.6 [7.4] 1.00 0.00
Gait+SLMS 96.3 [8.3] 0.20 -0.13

Subchar+gait 100.0 [0.0] | Subchar+SLMS 92.6 [7.4] p < 0.05* -0.52
Gait+SLMS 96.3 [8.3] p < 0.05* -0.45

Subchar+SLMS 92.6 [7.4] | Gait+SLMS 96.3 [8.3] 0.20 -0.13

Gait + SLMS 96.3 [8.3]

@ Since the Friedman ANOVA is a non-parametric test, medians and interquartile range are reported.
* indicates significance after Bonferroni correction: p < (0.05/amount of tests), with amount of tests = 22.
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Appendix G. Relative contribution of each input feature to classification

Table G1. Relative contribution (%) of each input feature to classification us-

ing the maximal feature set (without KL score)

Mean (%) | SD Larger®
Basic personal information
Gender 0.41 | 0.02 | >
Age 0.36 | 0.02 | >
Height 0.01 | 0.00
Weight 0.45 | 0.02 | >
BMI 0.16 | 0.01 | >
PROM scores
KOOSpain 0.33 [ 0.02 | >
KOOSsympt 0.33]10.02 | >
KOOSadl 0.34 | 0.02 | >
KOOSsport 0.28 | 0.02 | >
KOOSqol 0.29 | 0.02 | >
EQ5Dscore 0.00 | 0.00
EQ5Dvas 0.35[0.02 | >
PBtest 0.14 | 0.02 | >
MeanCLINrating 0.01 | 0.00
Gait spatiotemporal characteristics
Speed 0.01 | 0.00
Cadence 0.62 | 0.03 | >
Stride time 0.01 | 0.00
Stride length 0.01 | 0.00
Gait kinematics (affected side)
Peak trunk ipsilateral lean 0.01 | 0.00
Peak trunk contralateral lean 0.01 | 0.00
Peak pelvic anterior tilt during GC 0.07 1 0.01 | >
Pelvic anterior tilt at start SS 0.06 | 0.01 | >
Pelvic anterior tilt at end SS 0.06 | 0.01 | >
Peak pelvic drop during swing 0.02 | 0.00
Peak hip flexion during stance 0.18 | 0.01 | >
Peak hip extension during stance 0.05 ] 0.01
Hip flexion-extension ROM during GC 0.24 | 0.01 | >
Peak hip adduction during stance 0.01 | 0.01
Hip adduction at the start of SS 0.01 | 0.01
Peak knee flexion during GC 0.26 | 0.02 | >
Knee flexion at the start of SS 0.02 | 0.01
Peak knee flexion during LR 0.07 | 0.01 | >
Peak knee extension during GC 0.01 | 0.00
Peak knee extension during stance 0.01 | 0.00
Knee flexion-extension ROM during GC 0.28 | 0.02 | >
Peak ankle plantarflexion during stance 0.05 | 0.01
Peak ankle dorsiflexion during swing 0.04 | 0.01
Ankle plantar-dorsiflexion ROM over GC 0.14 ] 0.01 | >
SLMS spatiotemporal characteristics
LimbSymmIndex 0.00 | 0.00
TestDuration 12.55 | 2.30 | >
SLMS kinematics
SLMS Peak anterior trunk tilt 0.11 ] 0.02 | >
SLMS Mean anterior trunk tilt 0.06 | 0.01 | >
SLMS Knee flexion-extension ROM 0.24 | 0.01 | >
PCAcait
Gait PC1 xi 11.37 1 0.24 | >
Gait PC2 xi 9.01 | 0.11 | >
Pr——
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Gait PC3 xi 7.3510.10 | >
Gait PC4 xi 3.21 | 0.03
Gait PC5 xi 2.61 | 0.03
Gait PC7 xi 1.08 | 0.02
Gait PC11 xi 0.76 | 0.01
Gait PC1 var xi 2.9510.90 | >
Gait PC2 var xi 1.97 1 0.73 | >
Gait PC3 var xi 1.46 | 0.69 | >
Gait PC4 var xi 0.32 |1 0.37 | >
Gait PC5 var xi 0.28 | 0.50 | >
Gait PC7 var xi 0.13 1 0.36 | >
Gait PC11 var xi 0.06 | 0.30 | >
PCAsiLms

SLMS PC1 xi 13.33 | 2.36 | >
SLMS PC2xi 6.53 | 1.66 | >
SLMS PC3 xi 2.08 | 1.13
SLMS PC4 xi 1.52 | 0.93
SLMS PC5 xi 1.12 ] 0.70
SLMS PC6 xi 0.96 | 0.46
SLMS PC8 xi 0.38 | 0.18
SLMS PC11 xi 0.33 | 0.18
SLMS PC12 xi 0.24 | 0.11
SLMS PC19 xi 0.18 | 0.08
SLMS PC23 xi 0.13 | 0.06
SLMS PC1 var xi 6.41 | 1.22 | >
SLMS PC2var xi 247 1 042 | >
SLMS PC3 var xi 1.37 1 0.20 | >
SLMS PC4 var xi 0.65 ] 0.13 | >
SLMS PC5 var xi 0.40 | 0.08 | >
SLMS PC6 var xi 0.27 | 0.06 | >
SLMS PC8 var xi 0.07 | 0.01 | >
SLMS PC11 var xi 0.03 | 0.00
SLMS PC12 var xi 0.03 | 0.00
SLMS PC19 var xi 0.01 | 0.00
SLMS PC23 var xi 0.01 | 0.00
Sum 100 100

@ Larger compared to the situation in which each data point equally contributes to classification (calculated

as Naatapoints*100/1863 = 0.054%* Ndatapoints).
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