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Abstract—Two major obstacles to using motion analysis as aaid

to clinical decision making are the subjectivity of data
interpretation and the difficulty in comprehending large amounts
of both corroborating and conflicting information. In response to
these findings a diagnostic tool was developed tha capable of
producing an automated and objective diagnosis fromlarge
amounts of motion analysis data. This paper gives aoverview of
the potential of this objective diagnostic tool for classifying
osteoarthritic knee function and quantifying recovey following

total knee replacement surgery based on motion angis
techniques.
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With the introduction and advancement of compute
technology the use of instrumented motion analysisa
research setting has become widespread. It is r®silge to
obtain and process highly accurate measurements
sophisticated movement in the space of a few hbuintrast
to the pioneers of motion analysis, one of the nchiallenges
facing the biomechanical community today is no Emigow to
produce data that quantifies human movement; thisaw
commonplace. Rather, one of the greatest challeisdesw to
use this information so that it can be of clinibahefit [1].

INTRODUCTION

The two major obstacles to using motion analysiaraaid
to clinical decision making are the subjectivity dfata
interpretation and the difficulty in comprehendirigrge
amounts of both corroborating and conflicting imfation [2-
71.

In response to these findings a diagnostic tool wa
developed that is capable of producing an automaied
objective diagnosis from large amounts of motioalgsis data
[4-6]. This paper gives an overview of the potdntif this
objective diagnostic tool for classifying osteoatih (OA)
knee function and quantifying recovery followingabknee
replacement (TKR) surgery based on motion analysi
techniques.

Il.  METHODS

The diagnostic tool has two main elements: colbecthf
data using motion analysis and the assessmenteeffkimction
using a classifier that is based around the Demtafer
Theory of evidence (DST).
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A. Motion analysis technique

The protocol of [8] was used to analyze the kneetion
of 51 subjects (20 OA, 22 normal (NL) and 9 TKRQeae
rotations, ground reaction forces (GRF) and teniptisiance
parameters during level walking were recorded and
anthropometrical measurements were collected. étetid of
their visit, patients completed The Activities ofily Living
Scale of the Knee Outcome Survey (KOS) [9].

Following [10] the temporal GRF and rotation wavefe
were processed using Principal Component (PC) Aisly
Thus each waveform is represented by a pre-definaetber of
PC scores which relate to the waveform during g$igeci
portions of the gait cycle. This means that tempora
information is retained. For interpretation of fR€ Scores the
reader is directed to [4].

B. Dempster-Shafer Method

of The DST-based classifier enables decision-makinghén
presence of uncertain, inadequate and conflictwvigeace, a
common problem in the motion analysis laboratorging the
data collected during the clinical knee trial, thes/el approach
enables automated, objective classification of estibjinto an
OA or NL group.

The DST-based classifier [4-6] transforms a sulyjdatee
function data (Table 1) into a set of exact beliafues: a level
of belief that a subject has OA knee function, dedo
M({OA}); a level of belief that a subject has NL lenéunction,
denoted m({NL}); and an associated level of uncertainty,
denotedm(®). These belief values are then represented as a
single point on a simplex plot, where the leastagise from
the point to each side of the equilateral triariglen the same
proportion to the three belief values (Figure TE)is means
that the nearer the point is to the NL vertex, ¢ineater the
level of NL knee function a subject has. Consedugetihe
simplex plot can be divided into four classificatioegions
Figure 1b), namely dominant NIm({NL}) > 0.5) (region 1),

ominant OA ({OA}) > 0.5) (region 2), non-dominant NL
(m({OA}) < m({NL}) < 0.5) (region 3) and non-dominant OA
(m({NL}) < m({OA}) < 0.5) (region 4). It was shown in [4]
that patients with knee OA tend to lie within thendnant OA
region of the simplex plot and NL subjects withie tdominant
NL region. The control parameters of the DST-badadsifier
were designed using the knee function data of th©2& and
22 NL subjects [see 4].



TABLE I. LIST OF THE VARIABLES V; (i =1:18)USED IN THE
CLASSIFICATION PROCESS

Variable, v; Variable Description

vy Body mass index (kgf)

Vo Cadence (mif)

V3 Stance phase (% gait cycle)

A PC score related to the peak anterior GRF andptak
posterior GRF

Vs PC score related to the anterior-posterior GRFnduthe
period from late mid-stance to mid-terminal stance

Ve PC score related to the anterior-posterior GRinduate pre-
swing

\ PC score related to the vertical GRF during aiporof mid-
stance and the period from heel-rise to oppositialicontact

Vg PC score related to the vertical GRF from load&sponse tq
mid-stance

Vg PC score related to the vertical GRF during thasphfrom
heel strike transient to the first peak verticalfFGR

Vio PC score related to knee flexion over the periodthfinitial
contact to opposite initial contact (°)

Vi1 PC score related to knee flexion during the plfiase 58% to
76% of the gait cycle (°)

Vi2 PC score related to the knee abduction-adductioimgl the
stance phase (°)

Vi3 PC score related to the knee abduction-adductionngl
initial swing (°)

Vig PC score related to the knee abduction-adductionngl
terminal swing (°)

Vis PC score related to the internal-external rotafiom loading
response to mid swing (°)

Vig Medio-lateral knee width (mm)

Vi7 Anterior-posterior knee width (mm)

Vig Thigh girth (mm)
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Figure 1. Simplex plot (a) showing the relationship betwe®s position of a
point in the simplex plot and the belief valuesevéhpe,|=h.m({OA}),
pel=h.m({NL}) and |pes|=h.m(®) (whereh is the height of the triangle) and
(b) showing the areas of dominant NL (region 1nd@mnt OA (region 2),
non-dominant NL (region 3) and non-dominant OA igeg4) classification
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Figure 2. Classification of OA and NL subjects

I1l.  RESULTS AND DISCUSSION

A. Classification of OA and NL knee function

The performance of the classification method imterof
the classification accuracy was determined usirm different
approaches, namely the resubstitution approachttenteave-
one-out (LOO) cross-validation approach. Using bbsstution,
the classifier is trained using a set wofsubjects and the
classification accuracy is calculated using theesaraubjects
that were used to design the classifier [11]. Tlassification
accuracy calculated using resubstitution is subeettyu
referred to as the in-sample accuracy. The LOOcampr is a
special case of cross validation. Using a sample safbjects,
the classifier is trained usingh<1) training cases. These
control variables are then used to transform theratheristic
measurements of the remaining single subject ir®
associated BOEc, and thus used to classify thessubJhis
process is repeated times and the LOO classification
accuracy is calculated as the average of the fitag®in
accuracy of all of the individually left-out subjed11]. The
LOO classification is subsequently referred to faes out-of-
sample accuracy.

The DST-based classifier method was able to clabsith
in-sample and out-of-sample subjects with an aweeaguracy
of 97.6%. A visual representation of the classifarais shown
in Figure 2. Two separate clusters of simplex cioatgs can
be identified within the simplex plot. The NL sutie (circles)
are clustered near to the vertex associated witt} {dhilst the
OA subjects (crosses) are clustered nearer to #mex
associated with {OA}.

B. TKR Results

This study investigates the potential of the DS$eoh
classifier as an objective tool for assessing titeame of TKR
surgery. Nine patients were followed before anthae stages
after TKR surgery. The preoperative and postoperati
m({NL}) values for the 9 TKR patients are recordedTiable I
and shown in terms of their simplex coordinates-igure 3.
The BOE values and simplex plots enable the level of benef
achieved by surgery to be established and make axisop of
different subjects possible.

Although most of the patients showed some degree of

recovery of NL knee function, none of the patieattany stage
of recovery gained a dominant NL classification s&gen in
Figure 3. This suggests that none of the patieete®vered
complete NL knee function during level walking fmMling

TKR surgery. This is in agreement with [12-15] wieported
that TKR patients do not achieve NL knee functigardime.

Both preoperatively and postoperatively the pasidmve
varying levels of NL knee function. The patientsthwithe
greatest levels of NL knee function before TKR suygexhibit
the greatest levels of NL knee function after suyrgmdeed, a
Pearson Correlation test revealed a significantretation
betweerm({NL}) at visit 1 and m({NL}) at visit 4 (correlation
coefficient,r = 0.738).



TABLE II. PRE AND POSFOPERATIVEM({NL}) VALUES FOR THE9 TKR

PATIENTS
Patient | Visit1l | Visit2 | Visit3 | Visit4
1 0.14 0.32 0.07 0.17
2 0.01 0.10 0.18 0.16
3 0.01 0.02 0.05 0.03
4 0.07 0.10 0.12 0.17
5 0.22 0.28 0.35 0.36
6 0.06 0.01 0.29 0.10
7 0.00 0.06 0.10 0.06
8 0.07 0.02 0.03 0.01
9 0.21 0.18 0.39 0.22
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Figure 3. Simplex plots showing recovery following TKR surgéor patient
(a) P1 (b) P2 (c) P3 (d) P4 (e) P5 (f) P6 (g) BP@and (i) P9. Numerals
indicate visit: 1) pre-op, 2) 3months post-op, 3)énths post-op, 4) 12
months post-op.
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The results of the DST-based classifier were coethén
the results of the KOS [9]. Overall, there wassmgnificant
correlation between the BQEalues and the KOS scores. In
the only other study that attempted to relate gaialysis
parameters to patient-related scoring systems, angelation
was found between the two measures of outcome [OF4.
results raise the question of whether subjectitearne scores
should be used to evaluate the outcome of TKR surge

C. Feature selection

A study was conducted to investigate the feaspbitif
using automatic feature selection in conjunctiothwine DST-
based classifier. Three feature selection meth&lspwise
Linear Discriminant Analysis (SLDA), Sequential &gtion
Methods (SSM) and Genetic Algorithms (GA), are carep
in order to address the question of whether iteist o use an
automated approach or to rely on expert clinicahiop when
choosing the input variables that should be usedthm
classification of OA and NL knee function. The emgple and
out-of-sample classification accuracy results ef ifiree DST-
based classifiers using feature selection are cmdpt the
classifier that does not use feature selectioreinld l11.

TABLE III. COMPARISON OF THE PERFORMANCE OF THRHBST-BASED
CLASSIFIERS USING FEATURE SELECTION METHODS WITH THEST-BASED
CLASSIFIER USING NO FEATURE SELECTIONSUBSETS OF VARIABLES SELECTED
BY THE DIFFERENT FEATURE SELECTION METHODS

Feature Accuracy, % Subset of variables
Selection In- Out-of-
Method | sample | sample
SLDA 99.01 100.00 \{2, Vg, V15, V17}
SSM 100.00| 100.00 | 4, Vs, Ve, V7, Vg, V1o, Vi1, Vi3, Vig, Vi, Viz}
GA 100.00 | 100.00 R, Vs, Ve, V7, Vg, V11, V13, Vis, Vie, Vaz}
None 97.62 97.62 n/a
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Figure 4. Simplex plots showing the simplex coordinates ef BOEs for
the out-of-sample subjects for (a) DST-based diassvith no feature
selection, (b) DST-based classifier with SLDA, @S T-based classifier with
SSM and (d) DST-based classifier with GA.

Using feature selection produces a superior classif
terms of the in-sample and out-of-sample clasgifica
accuracy. In each case, the use of feature seleaduced the
number of input variables that were used as infuutee DST-
based classifier as shown in Table Ill. Howeveis tlecrease
in the number of variables is also responsibldHerincrease in
the level of uncertainty associated with the cfassion of
subjects as shown in Figure 4. The use of the simplot
highlights that although obtaining a high classifion
accuracy is of first importance, it is necessargreure that the
method is still relevant and of practical use. his tstudy, the
use of feature selection has meant that despitainihg a
highly accurate classifier, the lack of dominant @Ad NL
classifications signify that the simplex plot methas
redundant and clinically irrelevant. The use ofadi#nt feature
selection methods can lead to different sets ostaput
variables. All of the feature selection methods ntdied
common input variables as being importawt: vg and vy,
(cadence, PC score related to the vertical foreanguoading
response and the anterior-posterior knee width)es&h
variables have been reported to be clinically rahey16-17].

D. Comparison with other methods



A study was conducted
performance of the DST-based classifier with twdieot
classifiers namely an artificial neural network (RN and
linear discriminant analysis (LDA). The in-sampledaout-of-
sample accuracy results for each classifier aremsansed in
Table IV. Comparing the DST-based classifier arel ANN
classifier, the results show that the DST-basesdsilar has a
higher in-sample and out-of-sample accuracy thanANN
classifier. The DST-based classifier has a lowesample
classification accuracy than the LDA classifier authigher
out-of-sample accuracy. These results suggestttigaDST-
based classifier is superior to both the linear Lé&#ssifier and
the non-linear ANN classifier in terms of out-ofigale
classification accuracy (prediction). The five masiportant
variables (in terms of influence on the classifma) identified
by the three classifiers are given in Table IV.&aranking of
1 is given to the most important variable. The D8 ANN
classifiers identified similar variables as beingportant.
These variables are often cited as being clinicallgvant [16-
17].

IV. CONCLUSIONS

The initial results of this application have dentoated a
logical, practical and visual approach that canused to
differentiate between the characteristics of NL @W knee
function and to diagnose the extent to which aepathas
recovered after TKR surgery. Initial studies usitigis
technique have provided encouraging results in gewh
accuracy, validity and clinical relevance.

This objective tool may have significant clinicallwe as it
could provide useful information on pre-operativesedse
progression; the effectiveness of surgical and agheutic
intervention; and on the functional analysis ohjgdrosthesis
design. With an improvement to the clinical assesgm
process for common diseases, surgery to relievpaiméul and
functionally disabling symptoms could be more effedy
tailored to suit patients. The tool could providepawerful
prediction of the extent to which a patient presena distinct
set of pre-operative symptoms would respond to owusri
treatment options.

The DST-based classifier is a generic method amduah,
it is applicable to a wide range of classificatemd predictive
problems. The application of the DST-based classth other
biomechanical and clinical problems should be itigated,
e.g., identification of ankle, spine and hip patigyl.
Additionally, it is suggested that the method bedu$or the
assessment of the relative merits of differentttneat options,
devices and surgery, e.g., identification of thdfedénces
between rotating platform and fixed bearing kneplamts.
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in order to compare the TABLEIV.

COMPARISON OF THE INSAMPLE AND OUT-OFSAMPLE
ACCURACY, %, AND FIVE MOST IMPORTANT VARIABLES(RANK 1 TO5 WITH
RANK 1 BEING MOST IMPORTANT) OF THEDST,ANN AND LDA CLASSIFIERS
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Classifier Accuracy, % Variable Rank
In-sample QOut-of-sample 1 213 4 5
DST 97.62 97.62 Vg Vo Vg Vi1 Vis
ANN 77.82 63.89 Vg Vo \ Vi1 V17
LDA 100 95.24 Vie | Vi [ Vo | V3 | Vg
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