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Abstract. This paper presents a decision support systermegatment planning

in brain cancer radiotherapy. The aim of a radi@pg treatment plan is to
apply radiation in a way that destroys tumour dells minimizes the damage to
healthy tissue and organs at risk. Treatment phanfar brain cancer patients is
a complex decision-making process that relies Ieavh the subjective

experience and expert domain knowledge of clineiaWe propose to capture
this experience by using case-based reasoningraCeatthe working of our

case-based reasoning system is a novel similariggsore that takes into
account the non-linear effect of the individualecastributes on the similarity
measure. The similarity measure employs fuzzy &tgeriments, which were
carried out to evaluate the similarity measure gisial brain cancer patient
cases show promising results.
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1 Introduction

Radiotherapy is a treatment method that uses imiAdiation in cancer control. The
aim of radiotherapy treatment planning (RTP) igdaiver a tumouricidal radiation

dose over the tumour region while minimizing thdiaéion received by healthy tissue
and critical organs in the vicinity of the tumodro realize this goal, a detailed
treatment plan is created for each patient thatrdees exactly how a patient will be
irradiated to achieve the required dose distrilbutidarameters of RTP include the
number of beams, the gantry angle of beams (thée amg which the apparatus
applying the radiation beam is moved around théepts body) and wedges that
shape the beam. Oncologists, together with medibgsicists, use their subjective
experience and expert clinical knowledge to geeetatatment plans. The RTP
decision support system, under development in loottion with the Nottingham



University Hospitals, City Hospital campus, usesechased reasoning to capture this
experience and aid oncologists in the computatfqrian parameters.

Case-based reasoning (CBR) is based on the cotiahe solution of a problem
can be derived from the solutions of similar profde[1]. The main advantage of
CBR in RTP over numerical optimisation [2] and rbkesed methods [3] is its
capability to utilise non-quantifiable or subjeetiknowledge and benefit from the
successes, errors and failures of previous tredtplens. In addition, since treatment
plan generation is based on existing plans, newnsptan be generated quickly and in
line with the institution’s preferences. AlthougBBR has been widely applied in
healthcare systems in the diagnosis and treatniafis@ase [4, 5], the research done
on CBR in radiotherapy treatment planning has Hasited. Case based reasoning
has been used in dose planning for prostate cdryc8ong et al [6] and Mishra et al
[12]. The CBR system Roentgen, designed by Berglerjds radiotherapy planning
for thorax cancer and retrieves cases from its easkive based on the similarity
between patient geometric descriptors. However, implementation details or
experimental evaluation of the method are furnisfide work presented in this paper
builds up on Berger’s idea of using the geometryhef patient as input to the CBR
system and implements this concept using a fuznylinear similarity measure.

The choice of the similarity measure, which caltedahow similar cases in the
case base are to the target case, is fundamertal.pdpular nearest neighbour
method [8] matches each attribute in the targe¢ ¢asts corresponding attribute in
the archive case. The aggregate similarity is gibbgnthe weighted sum of the
individual similarities. However, if the similarityalues with respect to individual
attributes are very different in terms of theirtdisution or range they can not be
directly compared or summed up to give an accuegteesentation of the aggregate
similarity between two cases. Another common assiommf many CBR systems is
that the similarity with respect to a single caseitate influences the aggregate
similarity linearly over its range. In reality, hewer, the attribute similarity between
two cases often behaves in a non-linear fashiobQP,That is, a high similarity value
with respect to a non-linear attribute indicatdsgh suitability of the case solution to
the target case but also a very low similarity oh4linear attribute has a detrimental
effect on the suitability of the case. To overcaimese limitations, our CBR system
uses a novel fuzzy non-linear similarity measuree performance of the proposed
similarity measure is evaluated using real braimcea patient cases obtained from the
Nottingham City Hospital.

The paper is organized as follows. Section 2 dessrthe architecture of the CBR
system and the non-linear fuzzy similarity measusection 3 presents some results
obtained by comparing the performance of the stahdeighted nearest neighbour
and the fuzzy non-linear similarity measure. Sectib discusses future research
directions and concludes our work.

2 Architecture of the CBR System

Each case in the developed CBR system containsienpdescription and a suitable
treatment plan detailing the RTP beam configuratidre patient description consists



of spatial information regarding the location oé thlanning target volume containing
the tumour (PTV) and the organs at risk (OAR). &R commonly include the
spinal cord, the eyes, the lens, the optic nena @masm, the brainstem and the
pituitary gland. The cases are sorted accordingpeocOAR present in the vicinity of
the PTV. Since procuring clinical patient data isl@av and difficult process, the case
base currently contains only 24 brain cancer phtieases. However, we are
continuously adding more cases to our case badepdecome available.

2.1 CaseAttributes

Case attributes identified to be relevant for samiy between two patients describe

the location of the tumour and the spatial relafop between the tumour and the

OAR. These attributes determine the geometry ohteept and are computed using

3D coordinates representing the PTV and OAR strastuwvhich are extracted from

the CT DICOM [11] image header files created foclegatient. The following

geometric descriptors are used.

* Volume of PTV, denoted by.

» Distance between tumour and OAR, denotedEbys defined as the minimum
edge-to-edge distance between the tumour and the OA

* Angle between tumour and OAR, denotedAyyis defined as the angle between
the line connecting the origin of the image patieabrdinate system and the
tumour centroid and the line connecting the oraia the OAR centroid.

2.2 A Fuzzy Similarity Measure

A good definition of a similarity measure betwe®m tcases is of crucial importance
for the retrieval process, which should retrievenirthe case base a case with a
treatment plan suitable for the target patient.utable treatment plan is one whose
plan parameters achieve the desired radiation digebution in the target case
patient. After consultation with medical physicjstge have arrived at the assumption
that patients with similar geometric descriptorsénaimilar treatment plans. The
CBR system Roentgen is based on this assumptiowedis[7]. In the retrieval
process, the similarity with respect to the geoimetescriptors is calculated between
the target case and those cases in the case laseniain the same OAR.

The values of the three geometric descriptors arenalized to take values from
the interval [0, 1]. Let €be the target case ang Be a case from the case-base. The
distanced, between attribute valug; in target case £ and attribute value/. in

case G with respect to attributé, wherel = A, E andV, is calculated as follows:
dy =vr —ve. D
Then, the similarity betweenr@nd G with respect to attributéis:
§ =1-d;. 2



The similarity values with respect to each attribute have tedmbined into an
aggregate similarity value between two cases. In the neaigétbour method, the
aggregate similarity is generally defined as the weighted sfirthe individual
attribute similarities. This method however does not tate account the variations
in the distribution of the similarity values of differeattributes. In order to obtain an
idea of the distribution of attribute similarities, we cadte the similarity between
each case and every other case (with the same OAR) in our case ddsave-one
out fashion considering one attribute a time. Figuredwshthe similarity calculated
between all possible pairs of patient cases in the case baseyddriandecreasing
order of similarity) for each attribute. The data suggesteraltin the distribution of
the attribute similarity values between cases. We can see thdisthibution and
range of the similarity with respect to attribufeandE is comparable. However, it is
different for attributevV. Hence, numerical similarity values with respect to attridute
or E do not necessarily have the same meaning as an equal numanileaity value
with respect to attribut¥. To illustrate this point, consider the case payahd Ga.

In figure 1, we can see that the similarity betweep ahd G; with respect to the
volume V is ‘0.72’, which in linguistic terms can be considered as‘aerage’
volume similarity. However, if the similarity betweenyGnd G; with respect to
attribute angle was ‘0.72', we observe that this valw®isidered as a relatively low
angle similarity compared to all other similarity values foat attribute and we
conclude that the two cases are not very similar with respabetattribute angle.
That is, the same numerical similarity value has differentninga for different
attributes. Thus, we can not compare directly the numerical vafuibe similarity
and a simple sum of individual attribute similarities does necessarily give an
accurate representation of the similarity between two casesrdir to sensibly
compare attribute similarities and generate an aggregate simitegégure, the CBR
system has to understand what numerical similarity value actaahstitutes a
“high”, “average” or “low” similarity for each attribute. Wadrefore propose the
use of fuzzy sets. We define the fuzzy ddigh, Avg and Low, which denote low
similarity, average similarity and high similarity, respeelyy for each attribute. The
fuzzy membership functions of the three sets are defined foragtitiute based on
the minimum, maximum and average of the correspondindasityivalues found
across the case base. They, therefore, give a realistic indicdtivhat constitutes a
relatively “high similarity”, “average similarity” or “low silarity” for an attribute.
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Fig. 1. The graph shows the similarity values obtainesvben all possible pairs of cases.



Figure 2 presents the fuzzy membership functions defioedttributesA, E andV.
The membership degreg  of similarity 5 with respect to attributeis computed for

each fuzzy ses, High, Avg andLow. The aggregate similarity consists of tHigh,
Avg and Low componentM defined as the sum of the membership degrees of the

attribute similarities to the fuzzy setdigh, Avg and Low of the corresponding
attributes, shown in expression 3.

3
Ms: Z\N|:LI|,S' (3)

I=AEV

wherew; denotes the weight of attributel = A, E, V andp, s, s= High, Avg, Low, is
the membership degree of the attribute similarity to theyfaersHigh, Avg andLow.
A large value of component! 4, indicates a high aggregate similarity between two

cases, a large value of componént,,, indicates an average similarity between two
cases, while a large value of componéht,, indicates a low similarity between two
cases. That isM 4, displays a net positive effect whild ,,, and M, display a

net negative effect on the aggregate similarity. The aggregatiardly s; between
two cases is defined as the net contribulibfy,, M 4and Mg, as shown in

expression 4

Sr = WHighNI High ~ Wavg M Avg WiowM Low - (4)

The weightsiign, Wayg andwi o, determine the importance of the fuzzy sdigh, Avg
andLow respectively.
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Fig. 2. Fuzzy membership functions for sétsgh, Low andAvg.

2.3 Non-linear Similarity

Preliminary experiments have shown that the influenceefingle similarity ¢,) on
the aggregate similarity is not linear. That isaifs high, then it is very likely that the
treatment plan of the retrieved case is very suitable and nsrtdieam configuration
that would achieve the desired radiation dose distributiontfe target patient.
However, ifsyis low, then the corresponding treatment plan is véehlito be rather
unsuitable for the target case. In other words, to retrieve vdsese treatment plans



are very suitable for the target case, the aggregate similatityebn cases has to be
increased if the valus, is high and reduced or penalised,fs low. This effect is not
covered by the standard method of multiplying weights \lih similarity value
assigned to attributes, since a high weight for attribtewould increase the
aggregate similarity value not onlygfis high but also iExis low.

For the similarity with respect t¥, s,, the effect is non-linear too, but in an
opposite fashion. I$,is high, it does not substantially increase the likelintizd the
treatment plan of the retrieved case is suitable. Simildrlg, is low, it does not
necessarily mean that the corresponding treatment plan iy higbuitable i.e. the
influence of both high and low similarity due to attridV is reduced or smoothed.

Expression 5 presents the aggregate similarity measure, velhieh into account
the non-linear effect of attributes, whelkgs the non-linearity factor of attribute

3 3 3
S WHigh ZWI (#I High )kl _WAvg ZWI (#I ,Avg )kl ~Wiow Z W (.UI ,Low)kl (5)

I=AEV I=AEV I=AEV

To achieve a stretching non-linear effdctshould be smaller than 1, to achieve a
smoothing non-linear effedk, should be greater than 1 and k should be equal to 1 if
no non-linear effect is desired. After initial experiments, have usekd =1/ 3for

attributeA; k =3, for attributeV; and k = 1, for attributeE.

3 Experimental Results

We tested the performance of the fuzzy non-linéanilarity measure using brain
cancer patient cases. Since all cases contairrdhgment plan used in that case, we
can evaluate the similarity measure by compariegttbatment plan of the retrieved
case with the actual treatment plan. In the expamis) we looked mainly at the beam
configuration of the plan, in particular the beanglas. The beam angles consider the
position of the gantry, the patient couch and thans. The difference in the beam
angle values in the plan of the retrieved case thedactual treatment plan of the
target case gives the error. The error is averagedall cases to give an indication of
the quality of the similarity measure. A commoninmoyed evaluation strategy in
CBR is the leave-one out cross validation methogichEcase in the case base is
consecutively made the target case and the mogdasioase among the remaining
cases in the case base is retrieved. In the futhen more cases are available, the
case base can also be divided into training ancéses. Figure 3a shows the average
errors in angle degrees per beam across all cddamed when using the weighted
nearest neighbour similarity measure (WNN), thezyugimilarity measure (wFuzzy)
given in expression (4) and the fuzzy non-lineanilsirity measure (wNL) given in
expression (5). Following discussion with hospisthff, attributeA is the most
important, followed byE andV. Therefore, the attribute weights are set at=w0.6,
wg= 0.3 and w= 0.1 for all similarity measures. The weights tloe fuzzy setsligh,
Low andAvg are set alvHigh =3, wLow = 2 andwAvg =1.
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Fig. 3. a) The average error between the beam angles ofgatrtent plan of the retrieved
case and the actual treatment plan. b) The pegentacases, for which the similarity measure
retrieves a treatment plan with acceptable beareatifference.

We can see that the fuzzy similarity measure, wifuhas a lower average error
(18.6°) than the nearest neighbour method, wNN5(}5The error is further reduced
with the fuzzy non-linear similarity measure, wNL4(7°). Following consultation
with hospital staff, an angle error of 20° per bearacceptable for most cases. Figure
3b, shows the number of cases for which the siitylaneasure retrieves a case, in
which the average error per beam is less than ¥08.can see that the percentage of
cases within this beam angle tolerance is 58% feNw75% for wFuzzy and 79% for
wNL similarity measure.

4  Conclusion

In this paper, we described a case-based reasaysigm (CBR) that is under
development to aid oncologists with radiotherapatment planning in brain cancer.

The results confirm the assumption that similaatiment plans can be derived
from similar geometric patient descriptors, as lasgthese descriptors are combined
in an appropriate fashion in the similarity measdieerefore, a key characteristic of
our system is the fuzzy non-linear similarity maasthat computes the similarity
between cases in order to retrieve the case withribst suitable treatment plan. The
fuzzy nature of the similarity measure allows aggt®n of the similarity values with
respect to single attributes to provide an accugteesentation of the total similarity
while taking into account the non-linear behaviafirattributes. The method was
compared to the commonly used nearest neighbourateThe experimental results
using real brain cancer patient cases show an iweprent with the fuzzy non-linear
similarity measure. The attribute weights and tha-linearity factork have been set
empirically, but the performance of the similarityeasure can be improved by
optimising the weights. A detailed weight analytsigdentify the optimum values of
the attribute weights ankl is currently in process. We are aiming to find & cle
weights that return the lowest average error whith feave-one-out cross validation
method. Preliminary results show a significant tun in beam angle error with
optimized attribute weights.

In CBR systems the performance of the case retrieeahanism and its similarity
measure is crucial to the working of a CBR systelmwever, frequently, differences
do exist between the target case and the retrieasel. Once the most similar case has



been retrieved, its solution generally has to baptetl to the specific needs of the
target case. Adaptation can be done by adjustieadpétam configuration according to
the geometric displacement in the location of tmadur and OAR structures of the
target case compared to the retrieved case. Anathatrod evaluates the plan using a
treatment planning system to identify dose violai@mf OAR and confirm tumour
coverage. The adaptation module of the CBR systean has to tweak the plan
parameters of the retrieved case to resolve thatioas. Adaptation can be carried
out using if-then rules or by using another casgetlaeasoning inference mechanism.
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