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ABSTRACT

Radiation therapy for prostate cancer has evolved time. Intra-fractional motion of the prostates been a
clinical limitation in dose delivery. Reduced miagycan lead to less toxicity to critical strucsie:nd an
overall reduction in the risk of secondary cancdrsree models have been developed to predictgigost

margins based on the first five fractions of treain

An 8" order polynomial model is utilized with the 95%dz89% predictive lines indicating margins. This
approach is applied to 24 patients. The maximulmegaas indicated by the predictive lines are aseithe
margins for the patient. The resultant marginglaea compared with the remaining 34 fractiongedtment

to determine whether a model is acceptable forcelireatment.

The cumulative frequency distribution (CFD) is #ezond approach used in determining margins. Bbe 9
and 99% data points are used as the predictiveinsargdhe computed margins are then used to deterihi
the model is acceptable. A Bayesian model isitied &pproach. A posterior distribution is compuliby
implementing a uniform prior along with a Gausdi&alihood function. The 95% and 99% points aldhg

distribution are utilized for margin determination.

Treatment plans are developed comparing the mbdels most accurate versus a standard margihagsst
in clinical practice. Individual margins derivey bsing the mathematical model varied significafritym
patient to patient with ranges as follows (in ma®:(1.5 to 2.5), -x (1.5 to 3.7), +y (1.5-5.4),(%:6 t0 5.7),
+z (1.51t0 4.2) and —z (1.5 to 4.6). The percantafgime the prostate moved outside of the indialgatient

margins based on the model was 0.86 +/- 1.07,2:58.65 and 4.37 +/- 4.24 respectively.
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Chapter 1

| ntroduction

1.0 Prostate Cancer Therapy

Prostate cancer is one of the leading cancers asggnin men within the United States and is explcie
affect 241,470 men of which 28,000 will die in 2Q&2egel, 2011). Now, more than ever, patientehav
variety of treatment options. These options ineladrgery, radiation therapy, brachytherapy, hoea@nd
watchful waiting. The field of radiation oncolofgs led the way in technical advancement with cyar
treating prostate cancer. Figure 1.1 represemisdern day linear accelerator. In the early 19pfisstate
cancer radiation therapy generally consisted cfiald (4 gantry angles) technique using standardobend
blocking (metal alloy material) around normal stanes in order to minimize collateral damage toumd
tissue. This method was effective but due to litiites by the equipment, a significant portion af trormal

tissue received significant dose.

™
|(

Figure 1.1 Varian TruBeam Linear Accelerator
1



The 4-field technique soon gave way to a 6-fiethteque that allowed slightly better normal tissparing

but still gave significant dose to surroundinguiss. Around 2000, a new and more conformal tecieniq
called Intensity Modulated Radiotherapy (IMRT) velesveloped and quickly became the standard of ¢are a
many cancer centers around the United States. INB®E computerized Multi-Leaf Collimators (MLC) nead
of tungsten leaves placed in front of the beamis within linear accelerators in order to moduldte t
radiation beam pathway as it traverses througtetdigsues and normal tissues. In addition, better
optimization algorithms were developed. The coratim of the use of MLCs and better optimization
algorithms allowed for increasing conformal dossrithutions around the prostate and resulted imifsigint
sparing of surrounding tissue. With such sharpdpadients around the prostate, motion management
became increasingly important and several ImagédguiRadiotherapy Technologies (IGRT) also emerged

simultaneously with the emergence of IMRT.

IMRT was a new concept in radiation therapy plagrat had never been undertaken before. In cavafior
treatment planning, the physician draws the turritical structures and blocks. The physician timguts
the desired dose to be delivered and then, theadeelation is displayed quantitatively for appably the
physician. The physician can then change the bigar relative radiation field weighting but h#tlé other
control over how much dose critical structures vatteive. When utilizing IMRT, the process works t
opposite. The algorithm utilizes inverse optimi@atn order to calculate dose. The physiciah stihtours
the critical structures and tumor but can nowttedl computer how much dose to deliver to each tstreic
including the prostate. The algorithm works badldgan order to deliver the dose as prescribedl to a
structures. This process results in a significamber of “modulations” of the beam in order toiauk the
desired results. In what used to be deliveredporés (gantry angles), is now delivered in effesdy 100-120
ports. The advent of IMRT allowed dose escalaitigprostate therapy. Most clinicians using thendead 4/6

port technique delivered doses around 66 Gy tptbstate. Once the method of delivery switcheld/&T,

2



dose levels escalated to 78-81 Gy based on clieigdence that increasing radiation doses to thstate

resulted in improved biochemical relapse free savior patients (Zietman, 2005).

Once the use of IMRT became widespread, the isSpatient positioning became a significant issuthi
oncology field. With such high modulation and therease in prostate dose as a result, accuratsligning
the patient became paramount. Standard practiteiradiation field included taking x-ray films aidy.
This method utilized boney anatomy as an indicitibie patient was positioned correctly during tneent.
Since most patients being treated have tumorsatlkeagoft tissue, weekly port films are inadequatsait

tissue is not well visualized with such devices.

1.1 The Need for IGRT in IMRT Treatments

The increase in dose and beam modulation requimeoived tumor motion management and led to the
development of IGRT devices, which focus on sefue alignment instead of bony tissue registratl@RT
utilizes a number of different methods in ordedébermine the location of the prostate. One ofitke
methods implemented in IGRT was ultrasound. Ra@ach daily radiation treatment delivery (i.ecfion of
the total dose being delivered), the patient hasbalominal ultrasound study, which allows the ciem to
accurately locate the prostate. The patient is #iifted into the correct position prior to treatth  This
method has proven to be effective in most casebdmitirawbacks including poor ultrasound imagets, no
accounting for intra-fractional motion as well asjtion deformation with the ultrasound probe. éample

of a clinical ultrasound system is shown in Figlra



Figure 1.2 Ultrasound System for Prostate Locatirat

The next development involved placing fiducial nesk(small metallic objects) in the prostate for
localization. A total of 3 gold fiducial markers 7.5 mm in length) are inserted into the progpeiter to
simulation for treatment (Figure 1.3). These megkae then tracked prior to each treatment. Coenpu
software allows the alignment of the markers whih driginal CT scan in order to properly positiba patient
for treatment. This method has one significanttition in that it is unable to track intra-fraationotion. The
Calypso system has introduced a newer conceptsesldlimplanted radio transponders within the ptest
that emit a radiofrequency of 10 Hz during radiaticeatment delivery. These transponders allow the
clinician to track prostate motion real time duremgentire treatment session. Real time trackatg Has
shown that intra-fraction prostate motion can bey gggnificant (Langen, 2008). Much like the fidaic
markers, these transponders are placed prior waaiion. Once the patient is positioned on théetabese

transponders relay positional information real tim&-D. This data allows the treatment to berifeted in
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Figure 1.3 Gold Fiducial Markers

Figure 1.4 Calypso System



the event that the transponder falls outside aamable range. The following figure representabyso
imaging system. With the addition of IMRT alonglwiGRT, there has been a push in the clinical
environment to reduce margins in order to mininiecity to critical structures (Gill, 2011). In@state
cancer, these critical structures include the rachladder, penile bulb and femoral heads. Alttmoald
critical structures have limitations with respextbse, the rectum and bladder are key in thisgzoand tend
to weigh more in clinical evaluation. One of thmiting factors in dose escalation to the prostathe dose to
these aforementioned structures. In the earlptyisif radiation therapy, it was not uncommon te $& mm
margins for the prostate in all directions with.& iim posterior border along the rectal wall. Ehare still a
number of cancer centers that use these margiosomly does this limit how high a dose can be git@the
prostate, it also increases the potential for steomh and long-term side effects to surroundinguigs(Gill,

2011). Normal tissue receiving dose 20-30 mm datsf the field is at an increased risk of compiarzs.

There are protocols for prostate margins that l@en greatly reduced from the days prior to IGRhe
clinical model is a 6 mm margin in all directiomrsdaa 4 mm margin posteriorly near the prostatairact
interface. In addition, there is at least one rhtfts suggests 2 mm margins all around may beilessith
the use of real-time intra-fraction prostate tragkjHaise, 2008). The commonality with all of thesodels is
that they assume margins are uniform across aéiniatand all related prostate motion will falliatween
these margins during treatment delivery. In addijtthese margins do not take into account theptati
specific prostate motion, which is not currentlihfuuinderstood. Clinicians continue to debate dgiate
motion varies from patient to patient and if ona gadividualize and develop patient specific treaiin
margins based on individualized patterns of prestattion. Thus, clinicians continue to use a walege of

treatment margins raging anywhere from 10-15 mraratdhe prostate to 5-10 mm posterior to the ptesta



1.2 Patient Prostate Tracking Data

The Calypso system uses three radio transpondeeptare prostate motion. These transponders measu
three vector coordinates (X,Y,Z) as a functioniofet (t). These transponders are placed in thdaimprior
to simulation and in no set pattern. Figure 1.8isnatomical rendering of how the transponders ar
positioned in a typical patient. These markersspeially coated to reduce movement over the eairs
therapy. In Figure 1.4, the collection plate isifoned over the patient during their treatmeriivéey. The
purpose of the collection plate is to receive tifermation from the transponders. The materiahenplate is
radiolucent in order to reduce the potential faarbeattenuation. The plate remains in positioritierentire
period of treatment. The radio transponders trérdata at a rate of 10 Hz. The collection pl&eeives the
transponder coordinate values during the entirgtleaf the treatment. These values are transmittealv
vector components. In order to analyze the motimese data coordinates are then converted intoethieoid

or geometric center of the transponders. Thewiollg formula is utilized for this conversion.

(xl + x2 + X3)/3
(Y1+Y2 +Y3)/3
(Zl + ZZ + Z3)/3

Cx
Cy
Cz

(1.1)



Figure 1.6 Collection Plate Positioning During Treant
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Where (X,Y,Z) represent the corresponding vectonponent of the specific transponder. By convertigy
data into the centroid, any noise in the set camipénized. The collection process will yield appimately
50,000 data points to analyze since it is captated10 Hz frequency. On average, a treatmenioses a
patient will last from 6-12 minutes. The largeigaility in the time is related to the amount dfeirruptions
that are necessary in order to reposition the piaidoward, 2010), and the type of linear acceterttat is
used during treatment delivery. In the initial Wevith Calypso, a threshold was set at 5 mm fos&bnds.
This corresponds to the centroid having a deviatioh mm lasting greater than 30 seconds in any one
direction. When this occurs the beam is stoppektlaa patient is repositioned so that the transpnand the
prostate can be realigned to the original isocg@t€;,0). Once this is achieved, the radiatiombearestarted
and the treatment session is either completedt@rupted again if the time and distance thresbblimm
lasting greater than 30 seconds is exceeded. Afperiod of time, it was determined that the dateould be
tightened. Clinicians decided on criteria thattesl in a reduced prostate motion cut off of dilpym. This
did not result in delays of treatment delivery &ignts and thus was considered clinically accégptahll of

the current patient files analyzed within this wéskow the 3mm/30 sec intervention limits.

1.3 Scope of Research

Radiation therapy treatment of prostate canceenseced on a population based model for treatmeangims
(Van Herk, 2000). All patients are assigned steshdaargins as determined by the radiation oncotogite
uniform margin approach does not account for aetyaf biological and physiological functions thairy
from patient to patient (Khan, 2012). In additigrhas been shown that prostate motion is pasipetific and
not uniform as previously thought (Howard, 201Zhe possibility of patient specific margins has the

potential to introduce significant dose sparingritical structures while maintaining adequate cage of the



prostate gland. In addition, the potential to Ethe overall risk of secondary cancers by reducdiation

dose to surrounding structures is a significanteomin the oncology community (Kleinerman, 2005).

This research will determine if prostate motiopiisdictable and if so, could one develop differnti
treatment margins for each patient based on patjetific patterns of prostate motion. The fitepds to
develop three different statistical models that ed@dotion. These models include the Polynomial,
Cumulative Frequency Distribution and a Bayesigoragch. A model will be developed for each coamtén
component (X,Y,Z). Using data from the first fifractions (i.e. model building), each model wilethbe
tested using new data that the model has not prslyi@een (model validation step). Initial works®ven

patients showed that five fractions are effectiveéveloping a model (Howard, 2010).

The available data consists of 24 patients recgiraiation therapy at the Cleveland Clinic. Tdaga is
made available all patient identifiers removed xcél format. A total of 31 patients were availafde
analysis. Once this data was received and revigiverds determined that only 24 were suitable for
modeling. 7 of the 31 patients did not qualify &malysis as they had limited prostate tracking tait was
not representative of a full course of IMRT. Théiguats reviewed in this study received a standatdse of
fractionated radiation therapy lasting for aboufrd@tions depending on various clinical factord &éme
prescribed radiation dose. The prostate motiarking data was collected with all patient identsideing
removed due to HIPPA compliance issues. The da&btment process, setup and positioning followdsad

practices and there are no known deviations eneoeoht
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A comparison of each model will be made to deteemithich model is best at predicting motion. Orie t
preferred model is determined, it will be compaagdinst two other clinical models. These modedgiae 2
mm model (Haise, 2008) and a clinically derived & model, which is based on clinical expertistisT
comparison will be accomplished by comparing tregljmtive margins as determined by the models based
data from the first five fractions and assess thkility to predict future prostate motion for tlEmaining 34
fractions by scoring the percentage of prostatéovetata points falling outside of the predictedgnas.

Criteria for the evaluating the performance of emaciuel will be given in Chapter 2.

The preferred predictive model will then be compaséth the 6/4 mm model in order to determine tfiect
on treatment planning. The Dose Volume HistogrBviH) will be the method of evaluation to see if the
predicted margins can reduce dose to the bladdkremtum. A treatment plan will be developed with
standard margins and then compared with an idémteztment plan developed with the predictive riresg
This is accomplished by using a standard CT ddtibsa patient. A plan using each margin recijlé e
developed based on the same anatomy. This vallvetbr a direct comparison of results. The DVHlod
prostate, rectum and bladder will be evaluateti@tbse values of 70 Gy, 50 Gy and 20 Gy. Thispasison

will determine the effective reduction in volumetbé bladder and rectum across high and low dosges

11



Chapter 2

Methods and Theory

2.0 Statigtical Approach

As outlined in Chapter 1, there are three appraatdiesn in determining the predictive margins fatignt
treatments. In clinical radiation therapy, margins assigned around critical structures in ordéndlude
gross as well as microscopic disease (i.e. digkasés outside of the prostate gland). This vausreferred
to as the Planned Tumor Volume (PTV). These margia constant and cannot be varied during theseaair
a treatment delivery. With this constraint in mitite developed model must be able to make theinsag
small as possible and still satisfy the criteriguieed for the treatment. The model must alsoregé margins
that are not too large. If the predictive margins too large then the clinical impact of reducstendard

margins is minimized or eliminated.

With these issues in mind, three separate modeks lbeen developed to predict patient specific marfpr
the series of patients utilized in this study. S&eodels are the Polynomial, Cumulative Frequency
Distribution (CFD) and Bayesian approaches. Thaildeof the models and their application to tlisaarch
will be explained in the following sections. Tal2ld will be used in determining the performanceath

model.

12



Table 2.1 Criteria for Model Evaluation

Per centage of Data Points Falling Outside of Modd Results

Clinical Margins

0-5 Acceptabl
5-10 Margina
>10 Unacceptabl

The basis for these values is determined by usingiet clinical standards for estimating accuracgase
delivery (Bezjak, 2009). Radiation Therapy Oncgl@roup (RTOG) which is a national cooperative grou
funded by the National Cancer Institute (NCI), riegsithat 95% of the prescribed dose cover the PTNs
range defines the acceptable response of the mdtiel marginal range is established based on RTOG
requirements that 99% of the PTV receive a mininafi®0% of the prescribed dose. When scoring a node
the assumption is that when any part of the prestdis outside of the margin, it is not receivihg

prescribed dose. This is valid when using 3-D riégines previously described. However, the uséM&T
reduces the probability of this occurring. The mlatlon of the radiation beam delivers dose in $fieltls
within the PTV. This results in the potential fiose being delivered to the prostate even whemtenpmf

the prostate falls outside of the margins. Theaohpf this effect is not evaluated in this reskatieus the

model provides an overestimation of under dosimag ¢buld result by using differential margins.

13



In the instance where the model predicts clinicatgins that are not deliverable (i.e. too smalthrashold
must be established within the model. This caseswhen very little motion is displayed acrossdhta
sets. Routine radiation therapy delivery in thaichl setting has limitations such as setup etager
alignment and immobilization. For the purposehi tesearch, this minimum margin will be set &trhm.
Whenever the model determines margins less thammj5the default of 1.5 mm will be used. This esants
a small margin relative to current clinical starttiathat can still be delivered clinically. Futuwerk might
determine this value to be higher or lower but toldal study is required and will be discussechim thapter

dealing with future work.

2.1 Beam Modéding

In order to deliver accurate dose with small fiels®per beam modeling is required. The predictive
margin approach utilizes small margins and thueeses the need for accurate modeling. The madelin
process is divided into four steps. The firstisectocuses on the beam spectrum. The energyrspect
defines the number of photons and associated &sdrgthe range. There are sets of spectra datta th
have been published that allows the physicist tovope the measured data. This process is criitical

that the calculation of dose is dependent upomtbeeled beam energy. The following figure represen

the beam spectrum utilized in the planning process.

14



110
100 +  Measuremant
f‘w"“' —— MCHNP4C

90 e,
a M ,
@ B80T %
8 M’w-,,*
£ 70k 2
& OI ‘h*h.
T
@ 2 ‘ ﬂm
g 50 e
T b
8 ) T,
£ 40 _ e g,
a T 06 gt =
30 E’ G oy o & . .
[ 1' L T o ATE N MO % e :‘;,;
20 & D ."-.';.‘;-v'"o
5 1 e
10 s Depth (mm)
O_J..'_..... S R TR T N SR Y U Y WY WS T T U S U O W W _—
4] 50 100 150 200 250 300
Depth (mm)

Figure 2.1 Beam Spectrum for Photons

Once the beam spectrum is modeled, the electraiamiamation must be added to the beam in order to
account for the scatter effects from the lineaedmator head. This is accomplished by modelirg th

contamination as a modified exponential curve.sidllow depths, the dose is linear so as not teeatel

excessive dose to the skin surface.

The next step in the modeling process is develaghiadn-field parameters. The flattening filter
attenuation and off-axis softening are the two priyreffects seen in field. The flattening filter
attenuation has two effects on the beam. Firshanges the relative magnitude of the photon gresa@
function of off-axis distance. In addition, it g&is the beam as a function of off-axis distandee off

axis softening is modeled with the spectral offsasftening parameter shown in equation 2.1.
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OASP*8

W =W *| ——— (2.1)

W is the defined as the spectral weight for binwkiich has an effective energy Hheta is the off-axis

angle. It is calculated using the following eqoati

8= atar(Mj (2.2)
SAD

The off-axis distance is the distance between ¢méral axis and the point of measurement that is
orthogonal to the beam. As you increase the dff-eaftening parameter, there is an increase ihaolnes

associated with the profile of the beam. This @erpronounced near the surface of the beam.

Once the in-field parameters are modeled, the Diigld parameters are determined. The out offfiel
parameters have an impact in determining accure delivery to patients. There are two primary
components of the out of field model. The firgttéa is the effective source size parameter. Thegry
effect of source size is the modeling of the pemamiT his is accomplished by blurring the incident

fluence model. The blurring kernel is modeled &saassian function with the FWHM modeled as the
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effective source size. If the effective source sizincreased, the shoulders and base of thdepavé

more round. Decreasing the source size makegdfilepnore square.

The second parameter for out of field modelindnesftattening filter scatter source (FFSS). The
flattening filter changes the shape of the prim@sm but also is a source of secondary radiafidre
FFSS models the scatter from the flattening filtEhis effect is primarily seen in the tails of the
distribution. The scatter is modeled with a Gaarssiurve. There are two controls that can chanige t
curve. The Gaussian height parameter determirefsabtion of energy along the central axis thatlie
to scatter from the flattening filter. The Gaussiddth parameter determines the width of the ctined
is used to model the FFSS. Once the photon beprogerly modeled, the dose using the convolution

algorithm can be calculated. The method of dosrulzdion is discussed in the following section.

2.1.1 Convolution Algorithm

Once the beam has been accurately modeled, itéssary to calculate the dose at a given poirttdrpatient.
This is accomplished by using the convolution dthan. This approach uses several components ir ¢od

calculate dose. The convolution algorithm is girethe following equation.

D(r)= | %(r')xw(r')XK(r—r')d r
(2.3)
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The factors in the equation above will be definegasately. It is important to note that the abegeation
shows no energy dependence. Each parameter eaeiryy dependence but the equation is a simplified
version of the convolution algorithm. The energsg lheen integrated out over the range of specteabes as

determined in the modeling process.

The first factor in the integral i%(r'), which is defined as the mass attenuation coeffici This

coefficient is defined as the amount of energy needdrom the primary radiation fluence per unit mas
The density of the patient determines the valuhisfspatially dependent factor. The primary eperg
fluence tP(r') represents the photons per unit area. This faepresents the photon energy at a given
point. In addition, the integral over the rangespétial locations gives the total photons in thkime
irradiated. The product of the mass attenuati@fficdent and the energy fluence is the referredgahe
total energy released per unit mass (TERMA). TERBIAefined as the total amount of radiation at

point () that is available for deposition in the patient.

The third factor is the convolution kermé(r - r'). This is a polyenergetic dose-spread kernel. The

values are determined by averaging the local begmttimim of the radiation field. The photon energy
range is determined in the modeling process bygusia correct energy spectrum. The spectrum is
spatially dependent so the kernel represents thgiers at a given location in the patient. The
convolution algorithm is the fundamental methodhwithich dose at any given point in the patient is

determined. Proper modeling is required in ordexdcurately determine dose using this method.
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2.2 Polynomial Mode

The initial model implemented in this researcthis polynomial (Ott, 1988). The reasoning for tigiproach
is that the polynomial is well understood, with laddfined mathematical properties. The computationa
process is straightforward and can be accompliiivedigh a number of statistical programs. Polyradsni

have different orders and take the form in equakidn

d=at"+a, t""+..+at +at +a @.4)

In the equation above, the dependent variableeisittiie (t) and the dependent variable is positihnhe
above equation when plotted will generate a grdphation over a given period of time. The coeffitis of
the polynomial can be determined taking the ddrieatf the polynomial atx The variable xis defined in

equation 2.5.

na, (2.5)

The fit of the equation is through the center porf the data points. Due to the motion of thestate, there
is a scattering of the points. This reduces thecdfeness of this model if you consider only fihequation.
In order to account for the variations over thegeaof data, a prediction line is applied to theypomial
equation. The commercial software Sigma Plosieer11.2 is used for this model development. f&gul

shows an example of displacement versus time ghegilis a combined five treatment fractions.
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Figure 2.2 Displacement vs. Time

The center line on Figure 2.1 is representativia®fpolynomial fit and the two encompassing lirggesent
the 99% predictive lines applied to the data. @atately it can be noted that the maximum and minin
points on the predictive lines are reactive to gearin the data pattern. These points are moreoprzed
when using a higher order polynomial model. Oneeas determined that a polynomial model would e a

appropriate choice for the initial work, determigitine order is the next step.

Lower order polynomials are most often utilizedlata analysis. However, in this case, a highegrord
polynomial might give significant improvement iretdata analysis. Initially,3and 4" order polynomials
were analyzed. Due to the lower order, these polyals have less of an ability to react to changédke
data. These changes include rectal gas alongothitir biological effects that result in quick degment of
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the prostate. These deviations which are genevalthe order to 5 to 10 mm in magnitude can ooeer just
a few seconds or last for up to one minute. Thetarder functions are unable to effectively matel

inflection points during these changes. Howevergis determined through several iterations of swal error
that higher order functions were able to bettetwapsome of these deviations. Thus, 4o@ler polynomial

proved to be the most effective approach.

In order to determine where a specific percentddleeodata values fall, the predictive lines aibzad. The
predictive line can be defined as the range whata whlues will fall within for repeated measuretsern
this research, the maximum and minimum points efgtedictive lines, in both the positive and negatixis
for each of the three models is used for clinicatgms. In radiation treatments, margins cannotared
during delivery, so the maximum point is the appiatp value to use. In addition, using the maxinpomt
of along the predictive line will give an extra rgerto account for potential larger displacementiture
treatment sessions. This is demonstrated in Figjdre The formula for calculating the predictiimel is given

in equation 2.6 (SigmaPlot, 2009).

Yot (n=p=1)syl+ X, (X X)X, (2.6)

The variable yrepresents theé"8egree polynomial model used in fitting the datattis model. The
variables n is representative of the number of gatats and p is the degree of the polynomial Tihe t value
is a constant that is computed with a sixth ordéonal polynomial approximation (Sahai, 1974).eTh

variable s is the variance about the regressioighwhk shown in equation 2.7.
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2.7)

The variable X is defined as the (p+1) and thesXdefined as the n*(p+1) matrix. They are defiirethe

following equations 2.8 and 2.9 (Draper, 1981).

— 2 p
Xo = [1 Xo Xo - XO] 28)
1 ox X % |
1 x, 1 x5
A= S '
2 P
L ] .Y” In xﬂ _ (29)

The variable xis defined in equation 2.5. The] variable in equation 2.9 is associated with the
corresponding polynomial. The polynomial fit isndoto the cumulative set of data. The first fikgctions
are composed of five individual sets of data regméng different days of treatment. There is arzt
statistical variation over this period of time. Byalyzing the five individual sets as one cumutastiet, a

better model can be developed.
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2.3 Cumulative Frequency Distribution (CFD)

The polynomial model is a statistical model that ba utilized in predicting margins with respecptostate
motion. The polynomial approach takes data sugfiiethe user to determine coefficients in an eqoahat
is then used to predict motion. The CFD model aséifferent approach for margin prediction. Uelike
polynomial model, there is no mathematical modebiis this approach. The data for the first firacfions is

used to predict margins.

The CFD is a method that is straightforward andrsfa different approach as seen with the polyniomia
approach. The cumulative probability for the fiige fractions is ranked from lowest to highesvaiue

(Tamhane, 2000). This can be seen in equation 2.10

Pe=R/(N+1) (2.10)

R; represents the position of the centroid at a gp@nt. The (N+1) is the sampling number whiclé$ined
as the total number of points in the populatiodat. Ris the ratio of the rank number and total numifer o
data points. The margins are then determinedibizing the 95% and 99% data points respectivelifis
method is a CFD that determines how much time éméraid spends at specified distances from the zero
position. There are limitations to this methods gkeviously mentioned, the assumption is th&uglire
motion will fall within the range of the first fiveractions. This might not be realistic in mosses.and thus

could lead to reduced performance of the model.
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In addition, depending on the size of the displaastisithat occur in every patient, the model mayay not
be more accurate. A poor sampling of data ovefitbigfive fractions could lead to incorrect margi As
with the polynomial model, the 95% and 99% valuesused in order to determine the clinical treatmen

margins.

The following figure is representative of a CFDatagt which is made up of the first five fractiofis o
treatment. The graph is skewed in the negativexction. This shows for the given patient and vegtodel,
there is a preference for the prostate to havegative deflection during this time series. Thetsion the x-
axis are in cm and indicated displacement. Theahdelveloped from this approach will show a sigraifit

variation in margins within the (+/-) directions.
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Figure 2.3 Cumulative Probability Distribution
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2.4 Bayesan Model

In the previous sections, the polynomial model @rd were discussed in detail. In order to validhese
approaches and to determine if there is a bettéiehavailable, the Bayesian approach was undertaken
Classical statistics is commonly used in reseanatiies throughout all scientific fields. The Bapgsmethod
is different yet offers comparable results withpexs to the classical approach. The key advaritage
Bayesian analysis is that it is possible to up@dtemation that is either learned or gathered.dating allows
the model to implement previously determined infafion into its calculation. This is accomplished by
incorporating an informative prior into the posterdistribution. The prior can either be a constara
distribution that is representative of previousigtgered data. This is described by Bayes TheoBatstad,

2007).

There are fundamental differences between theictdsdatistics and the Bayesian approach. Masinconly
noted is what is known as Bayes Theorem. Thisréimeas the basis for the Bayesian approach and a
fundamental understanding is necessary in ordengtement this statistical method fully. The bdsis
Bayesian analysis is that given knowledge aboivengsituation or event, how much should that kresge
affect the predicted outcome of a future evengufé 2.4 shows the impact that an informative prar make
on the data analysis. Even with this potentialanipchoosing a non-informative prior can be bemafas
well. This is evident in that choosing the wrom@gpor weighting information improperly in the prican
give rise to an inaccurate posterior density. This lead to poor results. Careful considerateeds to be
made if using an informative prior. Determiningatldlata, how much to weight it and the proper fioncto
model it with are all considerations. The use oba-informative prior assigns equal weighting teyious

knowledge and thus simplifies the analysis.
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Figure 2.4 Graph of Posterior, Likelihood and Prior

The prior will be discussed in detail in the nextt®on. Equation 2.11 is the basis for Bayesialyais. This
equation shows the relationship between the prétyabi A and B. Using the conditional probabilitf B

given A and A given B.

P(B/ A)P(A)
P(B)

P(A/B) = (2.11)

The variable P(A) represents the prior. The v8I(B/A) represents the likelihood distribution fbe data
set. The choice for the likelihood function is iom@ant when determining the model that will bestte data.

The variable P(B) is a normalizing function for l§mg purposes.
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2.4.1 Posterior Distribution

The posterior distribution is an acceptable apgrdaaeveloping predictive margins. The definitmfrthe
posterior distribution is the cumulative knowledd®mut all uncertain parameters. In this casethigddocation
of the prostate at any given point in time. Thefimition also includes unobserved and potentith ds well.

This is particularly important since we are preadigtfuture motion based on multiple sets of data.

The prior can be an important component in the Bayeapproach. It has two basic forms, informagind

non-informative. The non-informative approach asss no information is known and its value or effect
defaults to unity. This is a preferred methodafwlittle is known about the data prior to anadysHowever,
choosing a non-informative prior limits the effeetness of the posterior distribution if additiomdibrmation

is available. In this research, P(A)= 1.

The informative prior is a valuable tool in deteming a more accurate posterior distribution (WinkB903).
There are a number of methods used in informativegincluding conjugate and joint priors. Themise
behind using this approach is that when prior imf@tion is known about the data set, it can be paated
into the likelihood to yield better results. Thattmematical issue with this approach is that thermed prior
can skew datasets depending on how the data imebtand how heavy it is weighted in the calculatidts
function is to supply information that may be agble about a particular variable. This informatidten can

lead to more finite results and thus reduce theuainty about the distribution.

In the case of this research, a non-informativerpsi utilized. The reasoning behind this appraadivo-fold.

First, in the clinical world of medical physicsaskical statistics dominates the field of studiie Vast
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majority of all research is conducted utilizingstlipproach. Incorporating a prior that providekelto no
influence on the likelihood distribution allows famwider clinical acceptance of this work. Secdhdre is a
debate on how much prior information is actuallpkmn. Determining whether data gathered from other
patients is considered prior information would neede determined. More discussion on this topic w

appear in the future research chapter of this datsen.

The second factor of the posterior distributiothis likelihood function. The likelihood consistisaofunction
that best models the datasets being analyzed.u@hnorevious research (Khan, 2008), it has beewrsltioat
prostate motion is best described by a Gaussiarbdigon. With this in mind, it was determineditta

Gaussian function is best suited to model the padata sets (Ott, 1988F5ee equation 2.12.

1 —(x=u)?
——e % (2.12)
o2 '

Where 0 is the variance angis the mean of the dataset. The standard dewni@t)ds also factored into the
function outside the exponential. The Gaussiantfan can be solved through an iterative procdswe
variable (x) represents the prostate displacentaryagiven point in time. The other parametees ar

computed based on the available data for theffustfractions of each patient.

The mathematical process used in the Bayesian agipiovolves the following steps. The first fivadtions

of data are taken for a specific patient. The meanance and standard deviation are calculatdceatered
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into the Gaussian function. In order to deterntiveerange displacements that the prostate hadlowgratient
population, a review of the entire 24 patientsiean done. The vast majority of all patients faill in the +5
to -5 mm displacement range. For the cases whereange does not encompass prostate motion for a
particular patient, the range will be increaseddoount for the increase in motion. The Gaussiantfon is
then computed over this range and normalized tonidweémum point in order to generate the posterior

distribution. Figure 2.3 is an example of the categ posterior distribution for a given patient.

Updated Posterior 5th Fraction

/.
§ \

05 04 -03 02 -01 O 01 02 03 04 05

@
]

Figure 2.5 Posterior Distribution

The analysis is performed by taking the 95% and 88% points in order to determine patient specific
margins. This figure models only one vector congmtrof a particular patient. In order to genesrdt¢he
necessary clinical margins for treatment, two aoklél models will be developed for the correspogdin

vectors.
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This approach will be compared to results obtautéizing the polynomial model and the cumulative
frequency distribution (CFD). The Bayesian moddl istatistical approach that is useful in prewlicti
treatment margins based on prostate displacementto first five fractions. By analyzing multipteodels,

the potential to develop accurate patient spegificgins is increased.

25 Correation Analysis

The three statistical approaches presented hergsafel in developing a model for predicting prostaotion.
What the models do not do is determine why motigghtrbe patient specific or what might lead to raoti
changes in a given model. In order to better wsidad the factors affecting prostate motion, the dal be
analyzed and a correlation analysis will be donsereral patients. This analysis is not meangterdhine
how all the physiological factors affect motionther this is meant to determine whether therecsreelation
of motion across different vector models for a giyatient or does each vector’'s motion patterrafpatient
operate independently of another. This might Befaikin determining if one vector needs a unifamodel

across all patients or whether when a model fiiksyeasoning behind it.

First, it is necessary to define how this analysisbe done. The most straightforward method eédf@rming
a correlation analysis of the data is the Pearsefficient (Ott, 1988). The basic description lvé Pearson
coefficient is that it measures the overall strerajtlinear dependence between two variableshdrcase of
this research, the analysis involves the X / Y @ecX / Z vector and the Y / Z vector dependenthe

equation used in calculating the Pearson coeffiégeshown in equation 2.13 (SigmaPlot, 2009).
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r _ 22X =Y (2.13)
YT (n-Dg '

Equation 2.13 can be defined as the co-variationafd y divided by the unique variation in x ahd tinique
variation in y. The variable ¥s time and yis position. The coefficient is a measure of lmuch the

variables vary together as compared to how muchvhgy on an individual basis.

The Pearson coefficient can range in value frono -#1. If the coefficient has a value of 0, thba tata
series are considered to have no linear relatiprmhcorrelation. The closer the value comes ttyuthe
stronger the correlation exists between data gdthough the Pearson coefficient does not givallapicture
of the data, i.e. degree of dependence betwedwthsets of variables it is an effective tool irnetenining a
relationship between data sets. Table 2.2 outtimesalues of the Pearson coefficient and how #rey

interpreted for this research (Landis, 1977).
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Table 2.2 Correlation Values

Correlation Positive Negative
Poor 0-0.2 -0.20
Fair 0.2-04 -0.2-(-04)

M oder ate 04-0.6 -0.4-(-0.6)
Strong 0.6-0.8 -0.6-(-0.8)
Near Perfect >0.€ >-0.8

The values listed in the table above are just @sém There are no definitive numbers that arécatype in
all cases. These values merely provide guidanbewnto interpret the Pearson coefficient. Othealgsis
such as the modeling results will be helpful inedetining the correlation between the various vector

components.

In order to provide a complete analysis of the déa p-value should be evaluated along with therdem
coefficient. The p-value determines whether thlabpbility of the data differing in the method pretssl
happened by chance or is of statistical signifieanthe lower the p-value, the chance for a randappening
is decreased. A threshold is set; below this ttolels the data is considered significant. Thisiealaries

between researchers and there is no definitive pullmitt in the case of this research, it will betse01.
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The correlation analysis will be done on threequas. The analysis will first be done on the finzetions
used to determine the predictive margins. Themretysis will be completed on the remaining 34tfoas
that are used in determining the success of themd@bmparing the results of the first five fracts versus
the remaining fractions could provide insight toyweghmodel might pass or fail. Also, this analysight
allow a better understanding of whether a partroudetor component (X,Y,Z) is completely indeperidan
other vectors. This is helpful in determining ifigiversal margin approach is warranted. In adjtthis
analysis will help in determining whether theraisorrelation between any two vector componentafkh
2012). This can result in a better understandfmyastate motion as well as better methods in ldgiag

predictive margins. These results will be prestmeChapter 3.
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Chapter 3

Results

3.0 Overview of Results

The results discussion will be divided into sevesdttions in order to facilitate discussion andyais of the
different models. The first section will focus e Polynomial approach. The second section wdlli§ on
the Cumulative Frequency Distribution and thendkd by the Bayesian model. Each section willulisc
the general methods of each model, clinical margererated and the overall performance of the model

versus other clinically accepted approaches.

The following section will compare and contrastthtee predictive models. Included in this comgamiwill
be a recommendation of the best model for clirimglementation. The recommendation will be based o
model performance as determined by Table 2.1 amdghkociated clinical margin evaluation. Therélvéla
final section dedicated to reviewing the correlatmalysis. The correlation analysis will be désmd for

several patients and any findings or recommendstioth be addressed.

3.1 The Polynomial Mod€

The Polynomial approach as described in Chaptaisdbben applied to the group of 24 patients thaet we
obtained for this research. Tables 3.1 and 3.2vsanige the margins that were developed using tBe &ad

99% predictive lines across all 24 patients.
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Table 3.1 Clinical margins (in millimeters) for tRelynomial model utilizing the 95% predictive line

Patient = X a4 Y 7 Z
101 1.5 1.5 2.4 2.9 2.7 3
102 15 3 15 15 2 2.1
103 2 1.5 3.5 5.5 2.5 5.2
106 1kt 1kt 1€ 3.1 2 3.8
108 15 15 5.5 2 4.5 1.8
109 15 15 2.5 2.3 3.5 3.2
110 1.6 15 3 1.7 2.9 1.9
111 15 15 15 3.5 15 1.9
112 1kt 1kt 2.5 3.1 5 3
113 2.1 15 15 15 15 15
114 15 15 3 1.6 2.4 1.9
115 15 15 15 3.5 1.8 3.2
116 1.8 15 2.1 3.1 3.2 4
117 1.t 1.t 5 5.7 4.2 4
118 15 15 15 2.7 1.6 3
119 15 1.8 15 1.8 2.8 3.3
120 15 15 2.4 2.4 2.6 3
123 1.9 2.2 3.5 2.7 15 2.7
124 1L 1L 1t 1kt 1.8 2.3
125 1.9 15 3.4 2.9 3.1 24
126 15 15 2 2.5 15 2.3
129 15 15 2.3 15 1.9 25
130 2.2 15 2.4 2.8 2.3 3.1
131 1.¢ 1.t 1.6 1kt 3.4 1.8

Mean 1.62 1.60 2.47 2.64 2.57 2.77

S Dev 0.23 0.33 1.09 1.13 1.01 0.87
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Table 3.2 Clinical margins (in millimeters) for tRelynomial model utilizing the 99% predictive line

Patient X X g Y 7 Z
101 1.5 1.5 3.4 3 3.4 3.4
102 1.6 3.5 15 1.7 2.3 2.5
103 2.2 1.5 4.2 6.3 3.1 5.8
106 1kt 1kt 2.1 3.7 2.7 4.3
108 15 15 6 2.6 4.9 2.3
109 15 15 3.2 2.9 4.3 4
110 1.7 15 3.5 2.2 3.6 2.4
111 15 15 2 1.9 1.6 2.2
112 1kt 1kt 3.2 3.6 5.8 3.8
113 15 2.4 15 15 15 3.5
114 15 15 3.5 2.1 3.2 2.4
115 15 15 1.9 3.8 2.3 3.8
116 2.1 15 2.5 3.6 4 4.7
117 1.t 1.t 6.4 7 5.2 4.¢
118 15 15 15 3.1 2 3.5
119 15 2 15 2.1 3.4 4
120 15 15 2.9 3 3.4 3.8
123 2.4 2.8 4.4 3.3 15 2.8
124 1L 1L 1t 1kt 1.8 2.4
125 2.1 15 4.1 3.7 3.6 24
126 1.7 1.7 2.3 2.8 1.8 2.5
129 15 15 2.7 2.1 1.9 2.6
130 2.3 15 2.9 3.3 2.9 3.8
131 2 1.7 2.2 1.7 3.5 2.3

Mean 1.64 1.80 3.03 3.12 2.95 3.47

S Dev 0.30 0.50 1.34 1.35 1.21 0.98
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As previously discussed, a 95% and 99% predicieeis applied to the™Border fit. These lines are used in
determining the clinical margins. Since margire ot adjustable during the actual treatment deljvanly
the maximums in either the positive or negativeation will be used in defining the clinical margjin
Included in the summary of the patients is the @éiated mean and standard deviation for the entipzifation.
This will be discussed in detail for each vectordelo The corresponding coefficients to tiedder fit are

available in the appendix for review.

3.1.1 Polynomial, X-modéd

The X-vector represents lateral motion of the @iast In general, this direction has less movertent the
other vectors. Based on the results in the praviables, the mean for the 95% prediction line6g for the
(+X) direction and 1.6 for the (—X) direction. Therresponding standard deviations are 0.23 arfl 0.3
respectively. This is indicative of data that kiesy little motion over the range of values. Iistimstance, the
cumulative data used in computing margins for atlgmts is 548,249 points. This gives enough fiata
statistical analysis. When the 99% predictive lmapplied to the same group of patients, the marg
increase. The mean is 1.62 for the (+X) directind 1.8 for the (-X) direction. The associatetdsad

deviations are 0.3 and 0.5. This shows an incregseedicted motion between the two approaches.

It is evident from the margins that the prostatd¢iomois small relative to current clinically accegttreatment
margins across most patients. As mentioned eamnli€hapter 2, when the model estimates a margmttean
1.5 mm, the threshold will be exceeded for clindalivery and thus a 1.5 mm value will be assignettiat
instance. From a review of the above tables,abisirs approximately 70% of the time with respedhe X-
model. This is expected based on the mean andasthdeviation values. Figures 3.1 and 3.2 reptebe

Polynomial X-model for two of the 24 patients prasel for review.
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Figure 3.1 Polynomial fit for the X-model, CCF 1®@B% Predictive Line
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Figure 3.2 Polynomial fit for the X-model, CCF 1P5% Predictive Line
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These figures demonstrate the pattern of motion theefirst five fractions for patient CCF 101 ahtb
respectively. The one similarity between the tigarfes is that there is a lack of motion in therat
direction. The resulting clinical margins are b in both cases. The lack of motion in the ldtplane is
not unexpected based on how the prostate sitgipuhic region along with the ligament structura tholds

the prostate in place.

Based on the results shown, it is reasonable & thht a uniform model across all patients mighthe best
course in determining clinical margins for the X4feb Approximately 70% of patients are being assity
margins of 1.5 mm. There are several patientsetkeded 2 mm in one direction. However, given that
polynomial model consistently estimates tight masguvith respect to current clinical margins, it eas that
the 1.5 mm approach is a sufficient starting polohiform margins for the X-model will be discusdedher

in future research.

The next step in determining the effectivenessisfapproach is to validate the model. Validatimgmodel
is accomplished by taking the data from the remagiidi4 fractions and comparing it with the treatment
margins developed. An Excel macro was developestevtne predictive margins developed from tHegler
polynomial fit are applied to the remaining dafde data points are either scored as falling withen
treatment margin or falling outside the treatmeatgin. The values in Table 2.1 are used to deteriifithe
model performed acceptable, marginal or unsatisfactin addition, current clinically accepted treant
margin models are shown as well for a direct compar These models include the uniform 2 mm margin
model along with the 6 mm in all directions and d posterior model. These models were presentddtail

in Chapter 1. Table 3.3 represents the summattyegberformance of the model over the 24 patients.
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Table 3.3 Summary of Comparisons between Acceplieic& Models and the Polynomial Model for the X-
vector. Values indicate % of data points fallingsiade the clinical margins.

Patient 2 model 6/4 mm Poly 95 Poly 99
101 .015 0 .024 .024
102 5.91 0 14 .5E
103 0 0 .16 .16
106 2.1 0 3.3 3.3
108 .02 0 .9€ .9¢€
109 .05 0 19 1.9
110 1.24 0 34 3.2
111 42 .04 1.3 1.30
112 .68 0 1.8 1.8
113 0 0 0 0
114 .02 0 .02 .023
115 0 0 0 0
116 34 0 8.5 6.2
117 2.8 0 7.2 7.2
118 3.4 0 3.5 3.5
119 2.8 0 4.8 2.8
120 0 0 0 0
123 2.8 0 3 2.6
124 .28 .07 1.2 1.2
125 .75 0 91 .63
126 3.7 0 3.1 2.9
129 0 0 0 0
130 .04 0 0 0
131 .16 0 .23 .16
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The 2 mm model scored acceptable across all patientone. Patient CCF 102 was the only patiefalto
outside the 5% threshold. The majority of patidalisbelow the 3% value. The 6/4 mm model hadiata
falling outside the 5% value. The lack of datanp®falling outside the threshold is not the bestit. These
results indicate that we are irradiating too muctmal tissue. This leads to higher complicatiaesand a
greater potential for secondary cancers. Thetfeattalmost no data points fall outside of the nmargnot a
preferred approach. There needs to be a balaheedre effective margins and a motion managemetfteof

prostate.

The Polynomial model is broken down into the 95% 88% predictive lines. Tables 3.1 and 3.2 breakd
the corresponding margins for each approach. nmesastances the margins change significantly (»ng
between these two models and other times the chamgi@imal (<.3 mm). When the predictive margane
applied to the group of patients, the results aieglifferent than the other two clinical margjppaoaches.
The majority of the margins are in the 1.5-1.8 namge. This offers a reduction in normal tissué Wik be
irradiated during treatment. When the 99% predticline is applied, no patient fails in meetindheitthe
acceptable or marginal criteria. Margins are sligimcreased as seen in Table 3.2. This incresasgpected
based on using the 99% data point. Determiningwame model should be applied over another is not a

definitive process and will be discussed furthethim future work section.

A complete review of Table 3.3 shows that the X-giddr the Polynomial approach is effective in petidg
margins for future treatment fractions. In theecasthe 95% model, only one patient is unacceptahlo
patients are unacceptable when using the 99% aglprdihere is a reduction in treatment volume winging
the Polynomial model when compared to the 6/4 mrdehoThis reduction is dependent on the size ®f th

predictive margins and varies by patient. Thettneat planning process and Dose Volume HistograkHD
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analysis will be discussed in Chapter 4. The ptad margins are only one aspect of this analykis also
necessary to show that the clinical impact is megnl and will result in an effective treatment qéng

result.

3.1.2 Polynomial, Y-modéel

The Y-vector represents motion in the anteriorstedor directions. This motion can be greatlyuahced by
physiological processes such as rectal gas andénditl rate. Unlike the X-vector where there wasy little
motion, the motion in the anterior / posterior dfren is more pronounced. Given the nature of sofiibese
processes, the motion pattern will exhibit varipeaks throughout the treatment process. In ocderodel
the motion effectively and obtain accurate treatnmesrgins, the model will need to be responsivealiing

into account even small variations in motion.

The results in Table 3.1 indicate the motion iserqmonounced than the X-vector. The mean for &% 9
approach is just less than 2.5 mm and the 99% nredelts in a mean value of 3 mm. These valueesept
anterior motion. The posterior motion for the 9&&@ 99% models is 2.6 mm and 3.1 mm respectivehe
standard deviations are larger for the Y-modelasmared to the X-model. This is expected due tovemall
increase in motion. The 95% model has a standaritibn of 1.1 mm for both vectors. There is@eréase
for the 99% model to 1.3 mm, which is expected tdugapturing an even broader range of motion. reigu

3.3 and 3.4 demonstrate the Polynomial model wefied to Y-vector data for two separate patients.
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Figure 3.3 Polynomial fit for the X-model, CCF 125% Predictive Line
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Figure 3.4 Polynomial fit for the Y-model, CCF 128% Predictive Line
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Figure 3.3 and 3.4 show more prostate motion thasdemonstrated with the X-model. The spread itiomo
for patient CCF 125 is more pronounced when congpiré¢he lateral motion. Although each treatment
fraction begins at the initial coordinate of (0)0ie motion pattern varies for each fraction.isTis in direct
contrast to the previously presented X-model p#iefhis large motion expands the prediction &nd

results in larger predictive margins.

In the case of patient CCF 125, the predictivegimarfor the 95% model are 3.4 mm in the anten@ation
and 2.9 mm in the posterior direction. Both ofséhenargins are less than the 6/4 mm clinical mibdelis
currently in use for IGRT patients. These margils® exceed the mean over the patient populatibichw
indicates this patient has more motion than theratudy patients. When the 99% prediction linggplied
the margins are increased to 4.1 mm and 3.7 mnecégply. This is an increase and reduces the

effectiveness in minimizing the volume of normaktie being irradiated.

The results for CCF 123 are similar to CCF 125¢ argins as defined by the 95% approach are 3.5 mm
anterior and 2.7 mm posterior. This is similaC@F 125. However, when the 99% criterion is aphlthe
margins for CCF 123 are 4.4 mm and 3.3 mm respgtivl his indicates that there is more motion @FC
123 when looking at the outlying data sets. Bdtthese patients exceed the mean margins. Thistis
indicative of all patients but underscores the rtedek able to predict margins for patients onmatividual
basis. Table 3.4 shows the results of the maagnwedicted using the Polynomial model in comparigith

other clinical models.
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Table 3.4 Summary of Comparisons between Accepliett&l Models and the Polynomial Model for the
Y-vector. Values indicate % of data points fallmgtside the clinical margins.

Patient 2mm 6/4 mm Poly 95 Poly 99
101 .25 0 .033 .012
102 5t .07 16.1 11
103 2.8 .07 .09 .011
106 7.7 .01 2 91
108 .61 0 .04 0
109 8.9 .08 3.8 g7
110 8.7 .02 51 2
111 7.1 .03 2.7 1.3
112 .82 0 .05 0
113 .39 0 .64 .06
114 7.4 .78 7.9 51
115 16.9 .16 21 1
116 12.¢ .22 4.3 2.1
117 14.4 .57 .64 .32
118 14.7 .04 7.5 4.7
119 4.t .65 7.8 4.8
120 31 0 .15 .026
123 14.4 .25 2.9 .84
124 10.€ .21 18.7 18.7
125 5.6 3 1.6 1
126 7.1 .02 4.7 3.4
129 13.7 .28 17.¢ 6.2
130 6.6 .18 1.9 1.6
131 8.9 .24 15.6 114
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A review of the clinical results from Table 3.4 shmeasurable differences among the models. Thsm2 m
model performed acceptably across all patientsénd-vector modeling process. However, the Y-vecto
introduces more physiological processes that iserélais motion. For example, CCF 123 had 14.4%ef
data points falling outside of the margin. A tatél7 patients performed unacceptably using thanddf

criteria for the 2 mm model.

The 6/4 mm model performs adequately. This is isterst with the concept that larger margins areatife
in prostate therapy. All patients fell outsidetleé margins less than 1% of the time. This snallier further
supports the theory that uniform margins that aodarge lead to an increase in dose to normaldisghile

providing no additional benefit in dose to the pabes.

The Polynomial model results show significant difeces from either of the two clinical models. Tnem
model performed unacceptably in over 29% of pagiavttile the 6/4 mm model results show margins dnat
too large. Reviewing the 95% predictive model fatsows a total of four patients falling into theagceptable
criteria. For example, CCF 124 had 18.4% of tha @aints fall outside of the clinical margins. §hiost
likely indicates that the data accumulated oveffitlsefive fractions is not representative of tiest of the
treatment fractions. The model predicted clinioakgins of 1.5 mm in either direction. This vaisi¢he

threshold set by the model below which treatmefively cannot be delivered accurately.

The 99% approach shows an improvement. A tottirefe patients performed unacceptably based on the
same criteria. CCF 129 had a reduction from 1708%e data points falling out of the margins t8%when

comparing 95% and 99% predictive line models. &lae certain instances when moving from the 95%
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model to the more encompassing 99% model is jadtifiDetermining when this is necessary is nondefe
and should be left to the clinician based on tldévidual patient. Overall the Polynomial model tbe Y-
vector performs satisfactory based on the reshtiss above. Using the 99% predictive line resuli85%

of the patients scoring either adequate or marginal

3.2.3 Polynomial, Z-model

The Z-vector represents motion in the superiofefiar directions. As is the case of the Y-vectogtion can
be greatly influenced by physiological processehss rectal gas and bladder fill rate. Givenrugire of
some of these processes, the motion pattern Wilb&éwarious peaks throughout the treatment pracdere
is a possibility that motion found in the Z-vectail correlate with motion in the Y-vector. Thisrelation
will be reviewed later in this chapter but shouédrmted. If these two models are related, theagpisssibility

of developing a model to predict motion in both mksdvhile looking at a combined set of data.

The results in Table 3.1 indicate the motion is/va@milar to the Y-vector. The mean for the 95%dbctive
approach is just less than 2.6 mm and the 99% nredelts in a mean value of less than 3 mm. Thalses
represent motion in the superior direction. THeror motion for the 95% and 99% models is 2.8 amd 3.5
mm respectively. These mean values are almosticdémith the Y data. This further confirms thetential
for correlation between these components. The sporgling standard deviations are larger basedeon th
overall increase in motion. The 95% model has stahdeviations of 1 and 0.87. There is an incréarsthe
99% model, which is expected due to capturing @amédwroader range of motion. These values arent 298
respectively. The standard deviations are dilidbss for the Z-model, which can be attributedht® data
being closer to the overall mean. Figures 3.5&6depresent the Z-model based on thed@er polynomial

fit.
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The figures above represent the polynomial modethie Z-vector. The 95% predictive lines are shawn
these figures. CCF 119 shows significant motiametian over the first five fractions. This is acmted for
in the model, which is evidenced by the motionhaf predictive lines. There is a large motion désieain the
first 100 seconds for one fraction. This is mdrant likely attributed to rectal gas. This deviatis not seen
in the other fractions that make up the clinicatgies. The model needs to account for this siheddrgest

point of inflection is used to determine the margin

Patient CCF 129 is shows a pattern of motion thairited. The margins are small relative to cormdinical
margins and may or may not be representative obtkeall motion pattern for this patient. Tablg 3.

summarizes the performance of the Polynomial ampréa the Z-model across 24 patients.
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Table 3.5 Summary of Comparisons between Accepliett@l Models and the Polynomial Model for the Z-
vector. Values indicate % of data points fallingsiade the clinical margins.

Patient 2mm 6/4 mm Poly 95 Poly 99
101 .24 21 21 .21
102 9 .02 7 2.3
103 4.3 .02 1.22 .97
106 15.1 .05 2.9 11
108 1.1 0 .84 0
109 6.1 45 1.01 .76
110 13.3 2.4 7.3 4.4
111 6.6 .25 8.4 5.7
112 5.2 0 1.9 .074
113 .83 .01 .32 .32
114 9.6 .57 10.3 6.3
115 17.9 .03 2.8 .73
116 16.€ 12 1.t .34
117 14.1 .69 1.92 1.1
118 8.6 0 2.3 .55
119 21.2 .0¢ 4.€ 34
120 31 0 21 0
123 7.2 .01 3.4 3.3
124 6 0 515 5.2
125 104 .55 3.7 2.8
126 8.2 .03 6.2 5
129 5.7 .02 34 3.2
130 2.4 .54 1.6 14
131 20.7 3 211 13.3
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The results shown above reflect the motion asseatiaith the Z-vector. The 2 mm model does notquerf
satisfactory. A total of 8 patients had unaccdptadsults based on the criteria. This demonstitiiat a
uniform margin of 2 mm is not appropriate for aial treatments. When reviewing the results oftldemm
model, the results are as expected. The prosiaesroutside of the treatment volume a small péagenof
the time (< 1%). This confirms that the margires &@mo large across the patient population. Aligras scored

adequately with this approach.

The Polynomial model with the 95% prediction lirerfprms satisfactory based on the results abovdy O
two patients perform unacceptably based on ther@iand one of the patients, CCF 114 misses gabgin
0.3%. There are a larger number of patients falwthin the marginal category. One of the figuabsve
represented patient CCF 119. This patient scordokei adequate range. The second patient CCH4@9 a
performed in the acceptable criteria. This is ingrat because the margins were relatively smal ifim, 2.5

mm). Overall, the 95% prediction line model penfed well over the 24 patients.

The Polynomial model utilizing the 99% predictiomel also scored well. All patients show a decréasiee
amount of data points falling outside the margimexgected. Only one patient had unacceptablésesith
this approach. CCF 131 did not perform well far ¥rmodel either. This appears to be a case afla b
sampling of data during the first five fractiorBoth CCF 119 and CCF 129 saw decreases but naticign.
Additional work will be needed in order to determivhen an increase in margin is warranted basekeon
reduction in points outside of the field. With @Bthe 24 patients performing either acceptablmarginal,

the Polynomial approach on the Z-vector is a val@thod in predicting prostate treatment margins.
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3.1.4 summary of Polynomial Model Results

A total of 24 patients have been modeled usindPiblgnomial approach. The model was further brakeamn
into two separate methods. One model used a 96¢lictive line to determine clinical margins whilest
second approach used a 99% predictive line. Bmphoaches were attempted in order to determinehwhic

model would provide better margins.

The X-model has been consistent across all of éiengs presented and that consistency is presenost all
of the patients presented. In addition, thereery little difference whether the clinician chooses 95% or
the 99% prediction line for margins. However,Hbald be noted that due to the overall lack of oroth the
X-vector, the model threshold was utilized in 0¥886 of the patients. In this research, a totdldbf the 24
patients (95% Polynomial) were assigned the 1.5margins. The other 10 patients showed minimal
increases in margins. These results indicatentlaagins are predictable and a uniform approactsadie

entire population can be assumed for the X-model.

Unlike the X-model, the Y-model experienced mordiaroover the course of 24 patients. This is not
unexpected in that the bladder fill along with edégfas would have a significant influence on thiegpa of
motion. The Polynomial model performed well untterse conditions. A total of 16 patients in th&695
model and 19 patients in the 99% model performedably. This is lower than the X-model but not
unexpected given the factors that affect motioth@anterior / posterior directions. The main @wnavith
the results is the subset of patients that perfdramacceptably with greater than 10% falling owgstie
range. This was reduced with the 99% model. Bnviémseveral patients outside of the 10% rangeh%7of
the patients scored acceptable or marginal. Thar@er Polynomial fit is successful in predictinpgtate

motion for the Y-model in most of the patients. .
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The results of the Z-model are similar to the rissptesented regarding the Y-model. Although noetation
between the two movements has been shown, theeampio be a qualitative relationship between dwtors
on several patients. The results for the Z-modektansistent with the Y-model in the number ofgrds who
perform acceptably under the criteria. The Z-maalially performs better from the standpoint ofihg less
patients fall into the unacceptable category. Warease occurs in the marginal range in both the &3d the
99% models. The Z-model performs well across atilemts. Over 90% of the patients scored in the

acceptable or marginal range with either model.

Overall, the Polynomial model is effective in pr&dig clinical treatment margins and reducing tierall
volume of normal tissue that will be irradiatedhefe are several patients where the model doescnatately
model motion. In these cases, it will be necesgalyok at ways in order to minimize this from paping in
future cases. In addition, due to a lack of motiothe lateral direction, a uniform model acroépatients

appears to be satisfactory for the general papieptilation.

3.2 Cumulative Frequency Distribution Model (CFD)

In order to determine the effectiveness of the Rarfyial model, a different statistical approach was
researched. The CFD was determined to be an atdeptpproach at modeling the prostate motion. One
advantage to this model is that it is very simplapply. A ranking of the data allows the usedétermine
the 95% and 99% points in the set. Another bersefitat this is using the actual patient datehsceffects of
a model are not present. This has the potenti@doce the influence of distributions that areawurate or
may skew the results. Tables 3.6 and 3.7 summtmézeesults for the CFD approach using the 95%084¢

data points
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Table 3.6 Clinical margins (in millimeters) for tkdD model utilizing the 95% data point.

Patient X X Y Y *Z Z
101 15 15 18 15 26 15
102 15 2.8 15 15 15 2.2
103 15 15 33 18 7 17
106 15 15 15 24 1E 2E
108 15 15 38 1.9 2.9 15
109 15 15 17 15 2.8 17
110 15 15 26 15 17 15
111 15 15 15 23 15 15
112 15 15 23 1E 3 1E
113 15 15 15 15 15 15
114 15 15 25 15 21 15
115 15 15 15 23 15 2.9
116 15 15 15 15 21 15
117 1t 1t 6.8 27 4 21
118 15 15 15 22 15 26
119 15 15 15 15 15 2.4
120 15 15 17 15 1.9 16
123 16 15 2 18 15 21
124 1E 1E 1E 1E 1E 1E
125 15 15 2.9 15 2.8 15
126 15 15 15 1.9 15 18
129 15 15 15 15 15 15
130 15 15 15 15 15 15
131 1t 1t 1€ 1t 1E 1E

Mean 1.5¢ 1.5¢ 5 415 1.7 1.9 1.7¢

SDev. 0.02 0.26 1.19 0.37 0.69 0.43
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Table 3.7 Clinical margins (in millimeters) for tkdD model utilizing the 99% data point.

Patient X X Y Y *Z Z
101 15 15 27 26 42 28
102 15 2.8 15 15 15 2.4
103 15 2 47 32 33 36
106 15 15 15 3€ 12 2¢
108 15 2 42 18 33 15
109 15 15 4.9 19 6.2 25
110 16 15 3 15 45 1.9
111 15 15 15 31 15 18
112 15 15 3 1E 5E 24
113 15 15 15 15 15 15
114 15 15 32 15 36 15
115 15 15 15 34 15 36
116 16 15 2.9 15 49 ?
117 1t 1t 8E 51 6. 3¢
118 15 15 15 2.9 15 2.9
119 15 16 15 17 48 3.2
120 15 15 34 15 56 27
123 1.9 15 24 2.2 15 2.4
124 1E 1E 1E 1E 1E 17
125 15 15 3.7 16 3.7 15
126 15 15 2.2 15 22 15
129 15 15 15 36 15 2
130 15 15 15 2.1 21 52
131 1t 1t 1€ 21 1e 7

Mean 15 1€ 5 2.97 3.1 2.47

SDev. 0.08 0.29 1.65 0.96 1.78 0.93
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The CFD approach is simplified statistical methioat tdoes not require complex equations or functions
order to generate predictive margins. In ordetei@rmine its effectiveness when compared to afirécal
models, the results will be divided into sectidmattdiscuss each vector component separatelydditian,

this will be effective in comparing results thatrer@btained with the Polynomial approach.

3.2.1 CFD, X-modéd

The results for the X-model using the CFD appraaehsummarized in the Tables 3.6 and 3.7 above.
Analysis of the 95% data point model show thatiiieral margins are smaller than what was seen the
Polynomial approach. The means are 1.5 and 1p@ctsgely. This is not a significant differencet iudoes
show that the majority of the margins were assighedhreshold value of 1.5 mm in either directidrhe
standard deviation is .02 and .26 mm. This corditiat there is a lack of variation from the medaciv

suggests minimal data motion over the patient gdjmn. This is consistent with the Polynomial mlode

The results of the 99% data point analysis are sienjlar. The means are reported as 1.5 and §p@otively.
The motion detected in the negative lateral dioechias only a slight difference in the mean betwber95%
and 99% models. If there is not a significant éase in margins between approaches it confirmghbatata
is limited in motion. When the prostate demonssdimited displacement, a uniform approach is stteg.
The benefit to a uniform model is that margins lbargeneralized over a patient population. Thikéscase in
the clinical models that are analyzed when compathe predictive margin approaches (2 mm and 6/4.mm
The issue is that the margins being suggestedraatt and based on the minimum size necessary ir ood
deliver an accurate treatment. Another size margght be more appropriate for the general poputatiThat
is one of the questions to be answered in futweareh. Figures 3.7 and 3.8 represent the X-nfodéie

CFD approach.
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The first figure represents patient CCF 101. Asvjmusly shown in the Polynomial model, there isimal
motion (< 2 mm) in the lateral directions. The gias summarized in Tables 3.6 and 3.7 demonstatdhie
CFD supports that result. Figure 3.7 displaysitoun displacement around the zero point over itst five
fractions. This results in very small margins @mparison to current clinical models. The predicteargins
are 1.5 mm which is the threhold for treatmentuiei established in this research. The CFD appraac
consistent with the Polynomial model. When therknited motion, the model will predict tight mamg with

either approach.

Patient CCF 115 has less motion than the previatisrg. This again is supported by the Polynomial
approach. The motion pattern does not exceed hanass all five fractions. The 1.5 mm thresholtl e
used in setting the margins for this particulaigrat The 1.5 mm margin is consistent throughbat@FD
approach. The mean is close to 1.5 in either inre@and model. The Polynomial approach has a méar6
and 1.8 across the 99% model. The results indibatehe CFD approach predicts narrow marginssacitee
patient population for the X-model in comparisorihte Polynomial model. This would make the modeten
effective if it results in a reduction of data psifalling outside of the margins when comparedther

clinical models.

Given the overall lack of motion in the lateraletition of the prostate, the model assumes thehibiices
margins in over 95% of the patients. This is highan in the Polynomial model. The comparisothef

CFD model with the two other clinical models is wian Table 3.8.
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Table 3.8 Summary of Comparisons between Acceplieit@ Models and the CFD Model for the X-vector.
Values indicate % of data points falling outside ¢finical margins.

Patient 2 model 6/4 mm CED 95 CED 99
101 .015 0 .024 .024
102 5.91 0 1.8 1.8
103 0 0 .16 .16
106 2.1 0 3.3 3.3
108 .02 0 .9€ .02z
109 .05 0 1.9 1.9
110 1.24 0 3.4 3.4
111 42 .04 13 1.3
112 .68 0 1.8 1.8
113 0 0 0 0
114 .02 0 .023 .023
115 0 0 0 0
116 3.4 0 11.5 10.¢
117 2.8 0 7.2 7.2
118 3.4 0 3.5 3.5
119 2.8 0 9.7 7.5
120 0 0 0 0
123 2.8 0 4.2 2.2
124 .23 .07 1.2 1.2
125 75 0 2.6 2.6
126 3.7 0 3.1 3.1
129 0 0 0 0
130 .04 0 2.4 2.4
131 .16 0 1.4 1.4
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The results shown in Table 3.8 summarize the padace of predictive margins as determined using 2
approach. The results show that the model perfadeguately for 21 of the 24 patients when usie@%Pb6
criteria. Only one patient had an inadequate témded on the established criteria. When compaitbdhe
other clinical models, the 95% model is equivaléntlelivering dose within acceptable treatmentgire.
The 2 mm model has similar results. The 6/4 mmehoebults demonstrate that there is little gaiadauracy

for the increase in margins and dose to normaldiss

When reviewing the 99% model, there is very litthange in margins or results. There is a minirdiiction
in the number of data points falling outside of thargins. This is confirmed by reviewing the mezargins.
Due to the minimal motion in the prostate in thieral directions, there is no gain in applying 8886 model

for patients. Patient CCF 116 was inadequate avithlue of 11.7% in the 95% approach and improvey o

slightly to 10.8% when using the 99% criteria.

The results with the CFD model are similar to tieéyRomial model for the X-vector. Over 90% of the
patients perform adequately under the set critéflee limited motion of the prostate as demonstraieboth

models is consistent with a uniform margin approach

3.2.2 CFD, Y-modéd

The Y-vector has more motion due to physiologicakpesses than the X-vector. The reasons fohthie
been previously discussed. The Polynomial apprdactihe Y-vector resulted in over 90% of the pats

scoring an adequate or marginal result. Figure@s8d 3.10 show the CFD model for the Y-vector.
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A review patient CCF 115 shows more motion in thee¢tor. This motion is anticipated based on #seilts
shown earlier. The CFD approach is effective iomghg where the majority of the motion occurs.tha case
of CCF 115, the motion is skewed in the posterimations over all five fractions. This leads émder
margins for the posterior edge of the prostatedjl@he corresponding margins for the 95% approaeii &
mm in anterior direction and 2.3 mm in the posteribhe model does note the posterior motion ofglhad.
The CFD model is able to predict margins outsididhefmodel threshold for this patient. The Polyradm
model was more effective in modeling this movensrd extending the posterior margin. When reviewing
the 99% approach, the same issue can be notedegginds to posterior motion. The model predict8dia

mm margin. This increase is an improvement blittgtlow the 3.8 mm predicted with the Polynomialdel.

Patient CCF 110 presents with the opposite motaite. Prostate displacement occurs in the amteri
direction over the first five fractions. The CFppaoach models this motion by extending margirnién
anterior direction to 2.6 mm in the 95% and 3 mrthen99% models. There are more data points ahdzt
distances from the isocenter which the model is &bincorporate in its prediction. These margiresstill
significantly smaller than the Polynomial modeheTPolynomial approach predicts 3 mm at the 95%3ahd

mm at the 99% data point.

The CFD model predicts smaller margins when contperéhe Polynomial model across the patient
population in this research. This is effectivé iesults in the same outcome as seen the Polyalonadel.
The summary of the Y-model using the CFD approaatomparison to other clinical models is given able

3.9.
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Table 3.9 Summary of Comparisons between Acceplieit@ Models and the CFD Model for the Y-vector.
Values indicate % of data points falling outside ¢finical margins.

Patient 2mm 6/4 mm CED 95 CED 99
101 .25 0 1.9 .037
102 5.t .07 16.1 16.1
103 2.8 .07 1.8 .097
106 7.7 .01 7.2 4.1
108 .61 0 .0¢ 0
109 8.9 .08 14.2 4
110 8.7 .02 7.4 6
111 7.1 .03 5.6 3.7
112 .82 0 42 21
113 .39 0 .64 .64
114 7.4 .78 10.5 9.8
115 16.9 .16 11.5 24
116 12.¢ .22 22.1 18.5
117 14.4 .57 74 .28
118 14.7 .04 12.2 5.8
119 4.5 .65 11.7 9.1
120 31 0 11 .075
123 14.4 .25 19.3 8.6
124 10.€ .21 18.7 18.7
125 5.6 3 7.4 5.7
126 7.1 .02 9.9 9.6
129 13.7 .28 28.¢ 12t
130 6.6 .18 12.8 12.5
131 8.9 24 16.4 13.1
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The summary of the results in Table 3.9 show a mibdé does not perform well in predicting treatrnen
margins. A total of 50% of the patients had inadee results when using the 95% criteria. Thigis
substantially from the Polynomial model. The numiifedata points falling outside the margins isuest to
29% when using the 99% criteria. These resultsotstnate that the CFD does not perform adequatebsa

the population.

The 2 mm model underperforms as well. A total @#20f the patients had an inadequate result ubisg t
approach. A uniform 2 mm margin approach doespptar to be an acceptable approach in applying
margins to prostate motion for the Y-vector. Apested, the 6/4 mm model showed the effect of over

margining. None of the patients exceeded the mamiore than 1% of the time.

The CFD approach is not recommended for predictimegins when reviewing the results of the Y-model.
The model consistently underestimates the necessangins for accurate motion management. Thiges e
more pronounced when compared to the Polynomiakidthe CFD model will be analyzed when applied to

the Z-vector data in the next section.

3.2.3CFD, Z-mode

The Z-vector has a similar motion pattern to thee¢tor. The Polynomial approach resulted in 0\&8h ®f
the patients scoring an adequate or marginal redwdh using the 99% criteria for the Z-model. Fégu3.11

and 3.12 show the CFD model for the Z-vector.
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Figure 3.12 CFD for Patient CCF 111, Z-model
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The review of the Z-model for the CCF 125 showsrttagority of motion is in the superior directiohere is
minimal motion (< 2 mm) in the inferior directiorlhe lack of motion in the inferior direction wiktsult in a
margin of 1.5 mm being assigned in both the 95%%89d approaches. This is in contrast to the Pahjab
model where the inferior margins were estimatetthénrange of 2.4 for the 95% and 2.6 mm for the 99%
given the same dataset. The 95% approach predmtggin of 2.8 mm in the superior direction while
Polynomial model predicts 3.1 mm. The estimatesifboth approaches are different, especially athag

superior border.

Patient CCF 111 shows a more uniform motion pattétimn minimal motion (< 2mm) along the superior
border. This is in direct contrast to patient CI25. The result of this motion pattern is thatphedicted
margins for the 95% model are 1.5 mm in eitherdiioa. The Polynomial model estimated marginsad kb
and 1.9 mm. With minimal displacement, either apph estimates small margins. The 99% criteria
estimates margins of 1.5 mm superiorly and 1.9 mfieriorly. This is minimal gain in the inferiorreiction

but consistent with the Polynomial model.

The results of the two patients above show thaCi® model in these instances predicts small mangith
respect to current clinical models. The modeldhotd is assigned in 54% of the patients. Giverrésults
previously presented with the Polynomial modek itot probable that these predictive margins setisfy
the acceptance criteria set forth for this reseaiicdble 3.10 gives the results for the CFD modetnvapplied

across all 24 patients for both the 95% and 99%raai
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Table 3.10 Summary of Comparisons between Acceplieical Models and the CFD Model for the Z-vector.
Values indicate % of data points falling outside ¢finical margins.

Patient 2mm 6/4 mm CED 95 CED 99
101 .24 21 21 21
102 9 .02 6.¢ 4.8
103 4.3 .02 6.4 .56
106 151 .05 9.3 6.3
108 1.1 0 1.¢ 1.7
109 6.1 .45 6.6 1.8
110 13.3 2.4 21.2 5.5
111 6.6 .25 15.6 5.1
112 5.2 0 5.6 2.8
113 .83 .01 3.2 3.2
114 9.6 .57 15.3 14.2
115 17.9 .03 4.4 2.6
116 16.¢ 12 29.2 12.1
117 14.1 .69 8.4 1.4
118 8.6 0 4.4 3
119 21.2 .0¢ 33.¢ 1.8
120 31 0 .61 0
123 7.2 .01 7.3 4.2
124 6 0 7.3 6.8
125 10.4 .55 5.2 3.5
126 8.2 .03 8 6.5
129 5.7 .02 14.¢ 13.c
130 2.4 .54 8.3 1.6
131 20.7 3 34.6 24.2
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A review of results in Table 3.10, demonstrates tinva CFD model using the 95% criteria is not dlé@an
modeling the Z-vector. A total of 29% of the pateperformed inadequately using the establishigetier.
The patients in this category had larger missesweoenpared to the Polynomial model. For examp&f-C
131 had 34.6 percent of the data points fall oatsidthe margins. CCF 119 had a total of 33.8%elb
Misses of this size indicate that the model issuitable for predictive margins. Another issughssincrease
in the number of patients scoring marginally. fatof 45.8% of the patients had marginal resuftkis is in
contrast to the Polynomial model which had 20.8%hefpatients score marginally. The performandbef

CFD model using the 95% criteria is well below Belynomial.

There is improvement in the model when using tH# @8iteria. A total of 16.7% of the patients have
inadequate results when using the same critetiee most significant improvement is seen in CCF 1Ti8e
95% model has 33.8% falling outside the margindenthie 99% has only 1.8%. This reduction indictes
the majority of the motion was just outside of thargins determined in the 95% approach. Thesétsese
still less than those obtained with the Polynormmabel. The increase in margins when comparing@thie
95% versus CFD 99% is not significant. This is tiely related to the use of the actual datagsosed to a

modeling approach such as the Polynomial.

The CFD for the Z-model does not perform as wethasPolynomial model. It consistently under pcegli
margins and leads to large amounts of data pailiisg outside of the treatment margins. A sumnadrihe

performance of the CFD approach is given in the segtion.
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3.2.4 summary of CFD Model Results

The CFD is a simplified statistical approach thaswattempted in order to determine the best methotbdel
prostate motion. A Polynomial model has been dmarl that performed satisfactory across 24 patiertie
CFD model has been applied to those same pati&hesreasoning behind the CFD approach is thailizes
actual data points for modeling and it is a stati$imethod that can be easily implemented. Thert for
determining the success of a model is given ingakbl. Once the data is ranked, the 95% and 9%&o da
points are determined and used as the clinical imargrhese are then compared with other clinicadats to

determine effectiveness of the model.

Results of the CFD approach with respect to thed¢ihare very similar to the Polynomial model. Phe
model scored well using the CFD approach. The megison behind this is that there is very littletioroin
the lateral directions of the prostate and thantleel threshold of 1.5 mm is assigned in a nurob#re

patients. This is important since margins thattaoesmall cannot be delivered due to uncertairgieh as

setup error and patient positioning. The perforoeant the CFD for the X-model is summarized in &ahiB.

The Y-model has more motion when compared to thedter as seen in the results of the Polynomial
approach. The results for the Y-model using th® @Fe given in Table 3.9. The results for the Yelslo
across the population are poor. Approximately ®%he patients were inadequate using the 95%rierite
This is up from 20.8% using the Polynomial approadfith only six patients scoring in the adequatege
and 5 in the marginal range, the 95% model is nibalsle for clinical delivery. The 99% approach is
improved with approximately 29% of the patients mateting the criteria for either adequate or maaigin

performance. These results are significantly highan the Polynomial model and represent an
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underperforming model. The Y-model is ineffectatepredicting motion regardless of which approaeh (

95% or 99%) is chosen.

The results for the Z-model are mixed. There igromement from the Y-model across all criteria. wewer,

the adequate criterion is only met by 25% of thigepis using the 95% approach. This is not clihjca
acceptable. There is slight improvement in the $86tlel ( 58% are adequate) but not enough to centids
as an alternative to the Polynomial model. A tofal and 5 patients respectively had inadequatdteein the
95% and 99% approaches. This is above the Polwianudel. The CFD model does not model motion that

results in large displacements of the prostate.

3.3 TheBayesian Model

The initial approach to modeling prostate motionteeed on the Polynomial model. This model wasbio
be suitable across a population of 24 patientsordier to validate this approach, a more straighiiod
statistical method was attempted. The CFD modsltiven applied to the same 24 patients. The seweite
mixed and overall, the model underperformed acaassjority of the patients. The third and finalthoel

attempted is the Bayesian model. The theory behisdstatistical model has been presented in @hapt

One advantage of the Bayesian method is that # tieelikelihood as a function to predict motiorhe
likelihood function is determined by using a motelt accurately fits the data. In this case, asSian model
was chosen based on research (Khan, 2008). THifwe margins as determined by the Bayesian agbro

are provided in Tables 3.8 and 3.9 below.
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Table 3.11 Clinical margins (in millimeters) foetBayesian model utilizing the 95% data point.

Patient X X 4 Y 7 Z
101 15 15 1.7 1.6 2.1 1.7
102 1.t 2.7 1t 1t 1.€ 2.3
103 1.6 15 3.8 3 2.7 29
106 2 2.1 1.7 3 2.1 3.4
108 1.9 2.1 3.8 2.9 3.5 2.1
109 15 15 2.9 2.3 3.6 3.5
110 15 15 3 15 2.6 2.1
111 15 15 15 3 15 1.8
112 15 15 2.5 2.3 4.2 3
113 1kt 1kt 2.4 2 2.4 2
114 15 15 2.3 2 2.4 2
115 15 15 2.3 2 24 2
116 1kt 1kt 2.1 2.3 S 3.8
117 15 15 54 5.7 3.8 4.2
118 15 15 15 2.6 15 3
119 15 15 15 2.6 15 3.1
120 15 15 2.4 1.8 29 3.2
123 2.2 2.2 2.7 2.9 15 2.6
124 15 15 15 15 15 2.1
125 15 15 3.3 2.7 3.1 1.9
126 1L 1L 1t 2.2 1LE 2
129 15 15 2 2.6 15 2.2
130 15 15 2.2 2.5 15 2.2
131 1kt 1kt 1.¢ 1kt 2.4 1.6

Mean 157 1.63 2.39 2.42 2.37 2.54

=t Dev 0.18 031 0.95 0.87 0.85 0.71

71



Table 3.12 Clinical margins (in millimeters) foetBayesian model utilizing the 99% data point.

Patient = X had Y Z Z
101 1.5 1.5 2.1 2.1 2.4 2.1
102 1.t 3.7 1t 1.¢ 2 2.8
103 2 1.6 4.6 3.8 3.4 3.6
106 2.5 2.6 2.2 3.6 2.7 4
108 2.3 2.6 4.5 3.7 4.2 2.8
109 15 15 3.5 2.9 4.5 4.3
110 1.6 1.8 3.5 1.8 3.2 2.7
111 15 15 2 3.5 1.6 2.1
112 15 15 3 2.8 ) 3.8
113 1.6 1kt 2.8 2.5 2.6 2.8
114 15 15 2.8 2.5 2.9 2.5
115 15 15 2.8 25 29 2.5
116 1.8 15 2.€ 2.8 4.2 4.€
117 15 15 6.8 6.9 4.8 5.2
118 15 15 15 3 1.9 3.5
119 15 15 15 3 1.8 3.6
120 1.5 1.5 2.9 2.3 3.6 4
123 2.7 2.7 3.3 3.6 15 3
124 1.5 1.5 15 15 15 2.4
125 15 15 4 3.4 3.7 2.4
126 1.t 1.¢ 15 2.7 1.7 2.4
129 15 15 2.6 3.1 1.7 2.6
130 1.5 1.5 2.8 3.1 1.7 2.6
131 1kt 1.7 2.3 1.7 2.6 2.3

Mean 1.67 1.77 2.86 2.94 2.86 3.09

=t Dev 0.35 0.56 1.23 1.07 111 0.86
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A total of 24 patients have been analyzed usingethiifferent statistical methods. The first twpraaches
centered on the Polynomial model and the Cumuldireguency Distribution. The Bayesian model is the
final approach attempted. Using a function thiattfie data, a model is developed using the 9599 8%l

data points. Each vector model is presented iildetthe following sections.

3.3.1 Bayesian, X-model

The results for the X-model using the Bayesian @g@gh are summarized in the Tables 3.8 and 3.9 above
Analysis of the 95% data point model shows thatdkeral margins are larger than was seen wittCiRB
approach but almost identical with the Polynomialdel. The mean is 1.6 mm and 1.6 mm respectivEhe
lack of difference between all three models iséative that the lateral motion of the prostatedstimodeled
using a uniform margin approach. The standardadievi is .03 and .1 mm with the Bayesian modelis Th

confirms that there is a lack of variation fromass the population.

The results of the 99% data point analysis arel@mirhe mean is reported as 1.7 mm and 1.8 mm
respectively. There is an increase in marginih bateral directions but not by a significant amb If there
is not a significant increase in margins betweear@gches it confirms that the data has limited amtiThe
results with the Bayesian approach are similahéoprevious results presented for both models. stdredard
deviation for the 99% data point approach is .35.84. This increase is not unexpected basedeomtuel

approach. Figures 3.13 and 3.14 represent the dehifior the Bayesian approach.
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Figure 3.14 Posterior Distribution for Patient CCH, X-model
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The Bayesian model for CCF 101 demonstrates limmitetdon over the first five fractions. The distition is
nearly centered in along the zero point. This shawniform motion pattern. The predictive mardail
below the threshold of 1.5 mm as set in this reteal his result is seen in the other models ak \ildlere is

no change in margin whether the 95% or the 99%tpaire used.

The second patient shown is CCF 131. The posteéistiibution shows a skew to the postive lateratgima
during the first five fractions. This is similaittv CCF 101 in that the predictive margins willh& mm as

well. The margins do not change whether choodird®6% or 99% points.

The posterior distribution shows similar resultshwthe Polynomial and CFD models. The mean anutiatal
deviation across all three models are not signfigrifferent. The results of the Bayesian model a
consistent with previous modeling methods. Thaltesf the Bayesian model applied across all ptgies

shown below in Table 3.10.
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Table 3.13 Summary of Comparisons between Acceplieccal Models and the Bayesian Model for the X-
vector. Values indicate % of data points fallingsiade the clinical margins.

Patient 2mm 6/4 mm Bayes 95 Bayes 99
101 .015 0 .024 .02
102 591 0 21 .54
103 0 0 1€ .01
106 21 0 21 2.1
108 .02 0 .01 .01
109 .05 0 1.9 1.9
110 1.24 0 3.4 3.2
111 A2 .04 1.3 1.3
112 .68 0 1.8 1.8
113 0 0 0 0
114 .02 0 .02 .02
115 0 0 0 0
116 3.4 0 11.7 8.t
117 2.8 0 7.2 7.2
118 3.4 0 3.5 3.5
119 2.8 0 9.7 9.7
120 0 0 0 0
123 2.8 0 2.7 2.1
124 .23 .07 1.2 1.2
125 7t 0 2.€ 2.€
126 3.7 0 3.1 29
129 0 0 0 0
130 .04 0 2.4 2.4
131 .16 0 14 1.4
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The results of the clinical comparisons show strsinglarities with the Polynomial and CFD approache
There is very little difference between the 95% 88& models. The consistency demonstrates a omifor

margin approach will be effective in managing passimotion for patients.

A review of the 95% data shows that only one patieas unacceptable. CCF 116 had 11.7% of thefdtta
outside of the treatment margins. That is the samthe CFD model but higher than the 8.5% meabwith
the Polynomial method. However, when the 99% rioiteis applied, CCF 116 falls into the marginal

category with only 8.5% falling outside of the magy

A review of the 99% model shows that no patientsusracceptable with respect to the establishestierit
The Bayesian model outperforms the CFD. In consparto the Polynomial model, there is very little
difference. Several patients have a slightly highte of data points falling outside the margiosthe
Bayesian approach has slightly smaller marginseayest over 24 patients versus the Polynomial motiehw

using the 95% data.

3.3.2 Bayesian, Y-model

The Y-model shows significantly more motion (> 2 jrtiian seen in the X-model. The Polynomial model
had over 90% of the patients score as acceptahiis the CFD approach had only 50% rate as scaifeein
acceptable range with the 95% model. Since thenihapf patients motion is Gaussian in nature (Kha
2008), the Bayesian model should be effective fimaging motion. Figures 3.15 and 3.16 repredeat t

Posterior distribution for two of the 24 patientegented for review.
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Figure 3.15 Posterior Distribution for Patient CCE, Y-model
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Figure 3.16 Posterior Distribution for Patient CCE5, Y-model
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A review of both plots shows the Y-vector exhilsitere motion than seen in the X-vector. The widtthe
posterior distribution is increased in both patiess comapared to the X-vector models. As preijou
mentioned, the increase in motion is primarily cimtted to rectal gas, bladder fill rate and resjpiry

motion.

CCF 113 shows a relatively symmetric pattern ofiom&round the zero point. The margins as predlicte
using the 95% criteria are 2.4 and 2 mm respegtivéthen applying the 99% criteria the margins are
increased to 2.8 and 2.5 mm. The mean for the Waihasing the 95% value are 2.36 mm and 2.46 mhe T
mean increases to 2.81mm and 2.99 mm when applyin§9% value. CCF 113 is consistent with the mean

of the patient population.

CCF 115 shows a similar pattern of motion overfittst five fractions. This is reflected in the dretive
margins. The 95% model estimates margins to benthdand 2 mm. As in most cases, when the 99%rierite
is applied there is an increase in the margins8artn and 2.5 mm. These results are slightlytless the

mean across all 24 patients. A summary of thdteefar the Y-model is provided in Table 3.11.
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Table 3.14 Summary of Comparisons between Acceplieccal Models and the Bayesian Model for the Y-
vector. Values indicate % of data points fallingsiade the clinical margins.

Patient 2mm 6/4 mm Bayes 95 Bayes 99
101 .25 0 15 17
102 5.E .07 16.1 9.2
103 2.8 .07 14 .08
106 7.7 .01 3 .67
108 .61 0 0 0
109 8.9 .08 2.9 71
110 8.7 .02 6 3.3
111 7.1 .03 4.1 1.6
112 .82 0 .05 0
113 .39 0 .64 A2
114 7.4 .78 6.9 4.6
115 16.9 .16 3.6 1.8
116 12.¢ .22 9.t 4.8
117 14.4 .57 .52 .32
118 14.7 .04 5.2 51
119 4.t .6E 3.8 3.€
120 .31 0 .18 .03
123 14.4 .25 2.3 .59
124 10.€ .21 18.7 18.7
125 5.6 3 1.7 1.2
126 7.1 .02 7.8 6.2
129 137 .28 7.7 2.2
130 6.6 .18 3.3 1
131 8.9 .24 15.2 11.4
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The results of the clinical comparisons for the ¥e®l show strong similarities with the Polynomippeoach.
There is improvement between the 95% and 99% madaeteven patients. The CFD did not perform waell f

the Y-vector and is not considered an option in efiad motion in the anterior/posterior directions.

A review of the 95% data shows that threee patieete unacceptable. CCF 102 had 16.1% of thefdkta
outside of the treatment margins. This resuldéstical to the Polynomial model. However, whes 98%
criteria is applied, CCF 102 falls into the mardjicategory with 9.3% falling outside of the margirGCF
124 and 131 also were unacceptable when usingppi®ach. Even with the 99% criteria, they didrove

from unacceptable. These results were consisténtie Polynomial model as well for both patients.

A review of the 99% model shows that two patiemésumacceptable with respect to the establishéetieri
The results are equivalent to the Polynomial mo&sveral patients have a slightly higher rateatéghboints
falling outside the margins but the Bayesian apghchas slightly smaller margins averaged overa®iémts

versus the Polynomial model when using the 95%966 gata.

3.3.3 Bayesian, Z-model

The Bayesian Z-model shows comparable motion peti@s seen in the Y-model. The Polynomial model ha
over 91% of the patients score as acceptable, Wel€FD approach had only 70% using the 95% @iter
Issues such as rectal gas and bladder fill wilegbe same problems with the model accurately giedi

motion in this direction. Figures 3.17 and 3.18resent the Posterior distribution for two of tiepatients

presented for review.
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Figure 3.17 Posterior Distribution for Patient CCB, Z-model
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Figure 3.18 Posterior Distribution for Patient CCF, Z-model
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A review of both plots shows that the Z-vector é&xisimotion similar to the Y-vector. The widthtoe
posterior distribution is increased in both patesd comapared to the X-vector models. The Zeveabtion
can be affected by the same biological processtweas-vector. These processes lead to similaramot

patterns between the two vectors.

CCF 119 shows a relatively asymmetric pattern diondhat is skewed to the inferior border. Thegnas

as predicted using the 95% criteria are 1.5 mm3ahanm respectively. When applying the 99% ciatdinie
margins are increased to 1.8 mm and 3.6 mm. Tlmmmrgins for the Z-model using the 95% value are
2.38 mm and 2.54 mm. The mean increases to 2.8&min3.1 mm when applying the 99% value. CCF 113
shows a superior margin well below the mean wihiéeimferior margins are in excess of the patient

population.

CCF 125 shows a more symetrical pattern over theffve fractions. This increase is reflectedha
predictive margins. The 95% model estimates margirbe 3.1 mm and 1.9 mm. As in most cases, Wien
99% criteria is applied there is an increase imtlaegins to 3.7 mm and 2.4 mm respectively. Theselts
demonstrate margins that are in excess of the fioedne superior direction and less than the meaitie

inferior motion across all 24 patients. A summairthe results for the Z-model is provided in TaBl&2.
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Table 3.15 Summary of Comparisons between Acceplieital Models and the Bayesian Model for the Z-
vector. Values indicate % of data points fallingsiade the clinical margins.

Patient 2mm 6/4 mm Bayes 95 Bayes 99
101 .24 .21 91 .22
102 9 .02 5.3 .87
103 4.3 .02 1.1 A7
106 151 .05 2.9 14
108 11 0 .08 .01
109 6.1 .45 .94 .68
110 13.3 24 8.4 4.8
111 6.6 .25 11.6 6.4
112 5.2 0 1.9 1
113 .83 .01 3.2 3.2
114 9.6 .57 9.3 6
115 17.9 .03 3 .69
116 16.€ 12 14 A4
117 14.1 .69 1.7 1
118 8.6 0 2.7 .64
119 212 .0¢ 13.1 8.7
120 .31 0 A2 0
123 7.2 .01 35 3.3
124 6 0 6.1 5
125 10.4 .55 4 2.7
126 8.2 .03 7.3 5.4
129 5.7 .02 5.2 3.€
130 24 .54 1.6 1.4
131 20.7 3 22.6 13.8
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The results of the clinical comparisons for the @dal show strong similarities with the Polynomippeoach.
There is improvement between the 95% and 99% maaeR3 patients. The CFD did not perform well for

the Z-vector and is not considered an option in&lind motion in the superior/inferior motion.

A review of the 95% data shows that threee patieete unacceptable. CCF 111 had 11.6% of thefdkta
outside of the treatment margins. This resulaigér than seen in the Polynomial model. Howenbgn the
99% criterion is applied, CCF 111 falls into thergimal category with 6.4% falling outside of thengias.
CCF 119 and 131 also were unacceptable using hileln Even with the 99% criteria, CCF 131 did fadit
into the acceptable or marginal range. CCF 119vdide to a marginal score with 8.7%. These resudte

consistent with the Polynomial model as well fottbpatients.

A review of the 99% model shows that only one paitieas unacceptable with respect to the established
criteria. The results are equivalent to the Palyiabmodel. CCF 131 was unacceptable across botels.
This result is indicative of a bad data samplingrahe first five fractions. The Bayesian approhak smaller

margins averaged over 24 patients versus the Poighonodel when using the 95% or 99% data.

3.3.4 Summary of Bayesan Modd Results

The Bayesian approach which incorporates a priddi&alihood function to compute a posterior depsstthe
third model developed to predict prostate motidhe first five fractions are used in determining gosterior
density. The Polynomial model was acceptable adtus 24 patients except for an unacceptable nesuio

patients. The CFD did not perform well and is canisidered to be a plausible approach to this relsea
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A total of 24 patients were modeled with the Potyied approach. These same patients were then gethpa
directly to the Bayesian approach to see how théetsqerformed based on the same data. The rebolis
that they are the same when comparing the peraepfatata points that fall outside of the margiria.
general, the Bayesian approach delivered comparasidts with smaller overall margins. This isndfigant

in that the reduced margins will lead to a lowduwte of normal tissue irradiation. In additionisthan

reduce the risk to secondary cancers.

The X-model followed a similar pattern as seenRblynomial and CFD approaches. This pattern esalt
of a general lack of motion in the lateral direntfor the prostate. A baseline value of 1.5 mmlieen
chosen as the threshold for the model when snrallegins are predicted. This is necessary in dder
account for accuracy of setup and immobilizatidihe fact that all three models converged on thie dédic
motion and the results of this approach acrospatient population support it, a uniform model igsgtlikely

needed for the X-vector.

The X-model results for the Bayesian model are atriaentical to the Polynomial approach. The only
difference is that there is one additional patierihe 5-10% range of marginal as opposed to tB&dange.
This is minimal and doesn't affect the outcomethefmodel. The 1.5 mm margins were determined frem
beginning and it is important to note that thosegims might need to be changed when developingfaram
clinical model for clinical use. The reduction@®fm to 1.5 mm is clinically significant and shoblalve an

impact on the Dose Volume Histogram (DVH) analysis.
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The results for the Bayesian Y-model show almostiidal numbers as the Polynomial model. Thisrfwas
clinical impact. As previously mentioned, the Hesare similar but the margins are generally senalh the
Bayesian model as shown in previous tables. Tiésa clinical advantage while still maintaining
equivalent tumor coverage. The Bayesian modahi®rY-vector appears to be superior to the Polyabamd

CFD approaches.

The results for the Z-model using the Bayesian @ggt are mixed when compared to the Polynomial
approach. The 99% model is very similar excepafdifference in one patient. The Bayesian 95% ¢
perform as well by a total of two patients. Themll margins continue to be smaller for the Bageal-
model (i.e. shown in previous tables) and thus nila&éetter treatment option. In addition, thegbility of
introducing an informative prior when enough datavailable could potentially improve the modetha long

term.

3.4 Correation Analysis

The methods and theory behind the correlation aislyere presented in Chapter 2. While a full ysiglof
all 24 patients is beyond the scope of this re$eartimited analysis of several patients will goevan insight
into the modeling process. The primary purposeoofelation analysis is to determine whether théianoof
the prostate is inter-related to different vectmmponents. If a particular vector model shows oroetation
with the other directions (X,Y,2), it is probableat a uniform model or independent model could be

developed.
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A total of three patients have been chosen to weinghis section. Although two of the patientsrevehosen
randomly, one patient was not. CCF 131 was chdserio the fact that all predictive models were
unacceptable according to accepted criteria. ®helation on this particular patient would helpdtermine
whether there is something unique to that patieth@results are similar to other patients. Téaaw will be
based on comparing the first five fractions sifmepredictive margins are determined with this sketta Then,

there will be a review of the remaining 33 fractdn see if there is a measurable change in thielation.

3.4.1 Analysis of Patient Results

A total of three patients are reviewed for theireation. The Pearson coefficient will be thetéac¢hat is
compared between the patients. In addition, thalpe will be discussed. Table 3.13 summarizesdhbelts

for the initial five fractions for each of the tlerpatients presented.

Table 3.16 Summary of Correlation Analysis for Ffse Fractions

Pearson p-value
CCF 1 -1€ - 1E 77 0 0 0
CCF 11, -3¢ - 4E 54 0 0 0
CCF 13 -1¢ 24 27 0 0 0
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From the three patients shown, the p-value conftirasthe results are significant. In additiorerthis a

negative correlation between the X-vector and Ytaeacross all patients. This result is mixed wéhkpect to

the X and Z-vector. CCF 131 shows a positive ¢atin. This result is classified as fair per thiteria set

forth in Chapter 2. The results do confirm a pesitorrelation between the Y and Z-vectors acedlss

patients. This supports results presented in @h&pt The lack of correlation with the X-vectopports the

theory that lateral motion is independent of otietion and the model can be independent. Thetsesthe

remaining 34 fractions are presented in Table 3.14.

Table 3.17 Summary of Correlation Analysis for Raerimgy 34 Fractions

Pearson p-value
XY X-Z Y-Z XY X-Z Y-Z
CCF 10 01¢ -07¢ 1€ 0 0 0
CCF 11, ~11 .09( 22 0 0 0
CCF 13 ~.027 -.06( 66 0 0 0

The results shown above indicate a reduced caoerlaf motion over all three vectors. The X-vecdtH

indicates little to no correlation between the Y aivectors. The Y-Z vector shows correlation cakkthree
patients but it is not strong except for CCF 13hdK, 2012). The .656 value is an increase oveR2{f&seen

in the first five fractions.
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In general there is not a definitive result frora three patients reviewed. There appears to &ekaof
correlation between the X and the other vector aomepts for all patients. This is supported inghedictive
modeling as well. The correlation between the ¥ Arvectors is present but not strong except foF @G1.
A qualitative review of the data used for modeligws this correlation in a number of cases hatévident
that this might not be valid for all patients. thar analysis is warranted in determining the é$fe motion

and how this plays into the modeling process.
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Chapter 4

Model I mplementation and DVH Analysis

4.0 Modd Overview

The reasoning behind this research is two-foldstFit is necessary to determine if prostate nmoio
predictable. That was accomplished by using séstagstical approaches that divided prostate omoitito
three distinct vector models. A separate modeldeasloped for each vector using the first fivefi@ans of
data. The developed margins were then appligldetodmaining 33 fractions to determine the effectess of
the model. The results presented in Chapter 8ai@ithe Bayesian statistical method as the mfesttiie
model. The Bayesian approach accurately prediatgims without using too large or too small margiiifie
second point of this research is that if you dewgledictive margins, will it make a clinical difesce for the
patient? The potential clinical impact is whatlwhange the way radiation therapy is deliveredis T
approach will reduce the dose to the bladder actdimewhile maintaining equivalent dose to the patestvill
result in less complications and side effectsaddition, it will reduce the amount of normal tisstradiated

during treatment. This can lead to a reductioseicondary cancers.

4.1 Treatment Planning Process

As previously discussed, it is necessary to comiper@erformance of the predictive margins withicllly
accepted margins in order to measure the clinigphct. This was accomplished so that the mosttdire
comparison could be made. The initial step waake a CT data set from a patient that has beexinet for

treatment planning. The CT scan represents anpatigo has no distinct anatomical issues and &efage

91



height and weight. The prostate along with reciund bladder were contoured by a Board Certifiedidtiach

Oncologist. These contours are then verified igyniedical dosimetrist for completeness.

Chapter 3 discusses two clinical models, 2 mm hadt4 mm margin. The results over the group of 24
patients demonstrate that a 2 mm margin is noicelily acceptable due to the amount of time thatgfostate
exceeds the margins. Therefore, the model congraiisthis section will focus on the 6/4 mm vertus
Bayesian model. The Pinnacle treatment plannistesy was used for all treatment planning on the 24
patients. This system is an FDA 510k cleared pranaystem that is comparable to all other comnaérci
treatment planning systems. Since IMRT is considiestandard of care, it was used as the method of

treatment delivery in the planning process.

The medical dosimetrist expands the margins artlumgrostate using the treatment planning algoritiemn
requires the expansion to be done in the (X,Y,Bdlions. The margins are first expanded usingthenm
model. Once those margins are completed, an IMRT ip developed to deliver a dose of 78 Gy over a
course of 38 fractions. This results in a dailgelof 200 cGy. The IMRT plan is an optimizationg@ss that
is performed by the Pinnacle TPS. The user ingitisria at the beginning and the computer therrdanes
the best method of delivery. In order to minimizeiations in the plan comparison, all inputtederia is

identical for either the standard margins or Bayegilan.

Once the IMRT plan has been generated, the dosstnetrifies planning accuracy and clinical accbpity.
In every case of an inverse optimization plan,ahes to be minor adjustments to the plan in daderake it

clinically acceptable. This adjustment can beffedint weighting to a beam or an optimization paeter.
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These adjustments are not significant to the olvplah and do not change the comparison resultece@he
plan is considered clinical acceptable, a Dose Melldistogram (DVH) is generated for analysis. ther
purpose of this research, the DVH includes doskddladder and rectum. This process is then chipld

with the only difference being the predictive masgas determined by the Bayesian model.

The DVH is analyzed at varying dose levels in otdaguantify the reduction across high, mid and levels
of dose. The 70 Gy threshold is considered thlk Hagpe value that has impact with complicationd s
rectal bleeding and late term complications. Th&Yy dose is the mid level dose used and is agatwli of
potential late term complications. The lower thiidd is the 20 Gy value. Although low levels ofdare not

as critical to acute reactions, they are a conteraecondary cancers and overall late term effects

4.2 DVH Analysis

The 6/4 mm margin plan will be referred to as theebplan. The base plan is what is consideredatdof
care for patients being treated with the Calypstesy in current radiation oncology practices. Chee
IMRT plan has been generated using the base plaegimsathe generated DVH will be used as the Hasis
comparison against the 24 research patients. ase filan is represented by the solid line. TheeBan
IMRT plan is represented by dashed lines. Figuteand 4.2 show sample DVH comparison graphse Th

DVH is used in determining if a plan is acceptdbben a clinical perspective.
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Figure 4.2 DVH for Patient CCF 130
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The figures above give a visual aspect to the velmaduction when incorporating predictive margiBsth
patient CCF 101 and 130 show volume reductionssadiee range of doses for both the rectum and étadd
The rectum is colored in brown and the bladderimbét orange. Table 4.1 gives the DVH values aatamt

with the rectal bladder doses as calculated whigrg ulke base plan.

Table 4.1 Base Plan Showing % Volume Receiving Gbese

0Gy 50 Gy 20 Gy
Rectum 4.1 9.8¢ 33.2¢
Bladder 5.3¢ 9.2 20.9i

The DVH values listed in Table 4.1 are exclusivéh®s anatomy and plan developed for the specitieipain
this research. The doses are considered a basélme/hich the Bayesian model will be comparediagfa
To see the full table of DVH data for each patigetse refer to the Appendix for further informatidn
order to simplify the results, each patient willlisted with the corresponding % reduction in vokufar each

of the dose levels shown in Table 4.1. A summéathe results are presented in Table 4.2.
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Table 4.2 Summary of % volume reduction for allp2dients in comparison to the base plan

Patient Rectum Bladder

0Gy 50 Gy 2006y 710Gy 50 Gy 2006y
101 17.€ 14.7 13.1 48.¢ 45.2 38.€
102 27.3 47.1 7.8 46.9 10.2 32.3
103 0 2.8 14.7 43.9 38.5 27
106 63.2 14.7 13.1 70.8 62 41.2
108 36.6 25.1 2.7 18.7 21.2 9.9
109 26.8 19 10.2 50.1 43.1 34.9
110 48.8 36.6 32.8 46.3 42.8 37.5
111 21 23.4 32.8 57.1 49.2 40.7
112 36.€ 30.2 25.7 53. 47.1 41.:
113 56.8 43 30.4 66.5 59.8 48.6
114 35.4 25.7 62.3 54.6 475 23.5
115 37.¢ 31 25.% 53.1 46.€ 40.€
116 24.4 20.1 27.4 53.4 46.8 41.3
117 4.9 10.7 22.6 48.9 42.7 40
118 26.8 24.1 23.2 60 52.5 43.7
119 21.2 23.7 24.4 55.7 48.5 423
120 34.1 29.1 25.3 53.3 47.3 42.3
123 27.3 24.5 23.8 58.7 51.3 43.7
124 37.8 30.2 25.3 58.7 51.4 42.8
125 29.7 26.1 25.% 49.¢ 44.1 41.:
126 24.4 25.1 25 54.9 48.2 42.3
129 19.5 23.1 223 54.8 48.2 42.8
130 29.7 26.1 24.7 52.5 46. 42.:
131 44.9 33.1 20.8 55.7 49.6 41.3
Mean 30.5 25.4 23.4 52.8 45.4 38.4
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Table 4.2 shows a significant reduction in dose given volume over the full range of 24 patierBased on
the Bayesian predictive margins, there is an awevatume reduction of 30.5% receiving 70 Gy for the
rectum. This is followed by slightly smaller redioa for the 50 and 20 Gy values. All patientdizeal a
reduced volume except for CCF 103. In that ircgathe predictive margins did not reduce the digbe
region but did show minimal volume reduction acrotb®er dose levels. The volume reduction for dwal
doses will have a significant clinical impact origats. This reduction will lead to less acute ptioations

while reducing the potential for late term effeatsluding secondary cancers.

The volume reduction with regards to the bladdéaiger than the rectal values. This is due tddhation of
the anterior rectal wall with relation to the paist The bladder when filled, will push more o tirgan out
of the field and thus have a potential for great#ume reduction. Over the 24 patients, the averadume
reduction for the 70 Gy dose is 52.8%. Patient @Q& had a reduction in excess of 70%. Only ottiea

had less than 40% reduction, CCF 108. The mid@amdiose ranges also had measured reduction imesu

In summary, there is large reduction in the reatal bladder volumes receiving dose across alliatieThe
use of predictive margins reduces the risk of aantklate term complications. In addition, theuabn in

overall dose to the critical structures has theiptal to reduce the risk of secondary cancerd, (£011).
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Chapter 5

Conclusions

5.0 Overview

This research has focused on three approachesatogdag a method that will accurately predict treent
margins for prostate cancer patients. Developiediptive margins allows for less normal tissub¢o
irradiated and reduces the overall risk for secondancers. There is growing interest in the ooggl
community to reduce radiation dose whether itieulgh diagnostic or therapeutic procedures. Ctlyrai

patients are treated with uniform margins (Van H&00).

5.1 The Polynomial Model

The initial model was an'Border polynomial. The 95% and 99% predictivedimere applied to the first five
fractions and the resulting margins were used Iforcal purposes. These margins were then analggaihst
the remaining 34 fractions to determine if the niadis acceptable, marginal or unacceptable. The
Polynomial model performed well based on the resulthe X-model scored acceptable in 21 of the 24
patients. A threshold of 1.5 mm was applied whenmodel indicated small margins that would not be
clinically deliverable. The Y-model had similastdts as well. When using the 99% criteria, al tokd 9
patients had acceptable results. There were brég tunacceptable results out of the 24 patiefhe. Z-

model showed satisfactory results as well. A tofélO patients scored acceptably with only thratepts
scoring unacceptably. The unacceptable resulistim the Y-model and Z-model are direct resultpaifents
not showing similar motion patterns in the firstefifractions versus the remaining fractions. Satiges on

how to deal with this issue will be presented lafBhe Polynomial is an acceptable model for pitegic
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margins. The vast majority of patients performedland the resulting predictive margins lead teagiy

reduced volumes of normal tissue that needs toehged.

5.2 The CFD Modd

The CFD approach did not result in acceptable margit was initially thought that using the actdata,
might lead to better estimates. This simplifiegtistical method did not function well over theipat
population. The results for the X-model matcheglRlolynomial approach due to the model threshdltgbe
implemented in the vast majority of cases. The &del at had 10 patients score in the acceptablenaten
using the 99% criteria. This is not acceptablecfmical implementation. The Z-model scored dligibetter
in that 15 patients scored acceptably when usie@#9% model. Overall the CFD model appears to be

insufficient in developing patient specific marginsis not recommended for patient treatment.

5.3 The Bayesian Model

The third model developed was the Bayesian approabk posterior density is calculated using dliliked
function and a prior. Since the majority of prostaotion follows a Gaussian distribution (KhanQ&y) it
was used as the likelihood function. For the psesof this research, a uniform prior was implementThe
Bayesian model appears to be very effective at timagprostate motion. The X-model results matcit thf
the Polynomial as well as CFD approaches. Basehleoresults of this research, a uniform X-model is
recommended across all patients. There is a faciotion in the lateral directions and the motibattis
present is minimal. These results indicate thi&bun margins at significantly reduced sizes can be
effectively utilized as acceptable clinical margifihe Y-model matches the results of the Polynbmia

approach. A total of 19 patients scored acceptasiglts using the 99% criteria. The main diffeebetween
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the Polynomial and Bayesian methods is that thee8iay model had equal results with margins thagwer
smaller. This will result in a direct clinical a@ivtage to the patient over the course of treatmiEné
performance of the Z-model was slightly less thenRolynomial approach. A total of 19 patients had
acceptable results. Although it resulted in @ss Ipatient having acceptable results, the oveiaiyin

reduction between the two models makes the Bayegiproach more effective from a clinical perspectiv

Based on the results of this research, the Bayesaatel is the best approach to develop patientfgpec
treatment margins for prostate cancer. A balaeteden too small and too large of margins is acdishmgd
with the posterior density. Through proper datéecton, modeling and implementation, predictivangins

can greatly reduce dose to normal tissue and ratieagsks associated with secondary cancers.

5.4 DVH Summary

The Bayesian model has shown the best resultsmiiitmal margins in predicting prostate motion asrte
population of 24 patients. The ability to mode# thotion is alone not sufficient to determine thiical
efficacy of this model. The DVH was generated ssrall 24 patients in order to compare the clinmeallts

of a standard 6/4 mm model versus the predictivegyima as determined by the Bayesian method.

There is significant reduction in irradiated voluamoss all dose levels for both the rectum anddgla This
is accomplished while maintaining equivalent dasthe prostate gland itself. All patients realizedose
reduction with their associated predictive margifie amount of reduction was more than anticipatet

indicates that this approach will have a substhdlilgcal impact. In addition to reducing dosectitical
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structures, there is a potential to allow for desealation to the prostate while maintaining acgptdose to

the rectum and bladder.
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Chapter 6

Future Work

6.0 Areasfor Additional Work

The scope of this research was to determine whptlostate motion was patient specific or uniforrmmoas a
population. If specific, then could it be modele@iRose questions were answered along with anpithde
analysis. However, there are additional areascdmatbe researched going forward that can greahigrece

the findings of this research.

The first area of additional work involves the detmation of appropriate margins for the X-vectaiis
research has shown that the X-model is indeperafehe other models and is uniform across the ijmu.
A 1.5 mm margin was assumed for this paper. Howewere analysis should be done going forward deor

to determine what the optimal margins are for tje of motion.

Another area of interest would be to investigatmore detail why some patients had unacceptabldgtses
using this approach. For the X-model, a 1.5 mmginavas used as the threshold. It might be passibl
establish similar thresholds for the Y and Z-vestoFhese thresholds would be larger than the nSourt
would reduce the effect of a bad data samplind,rdsults in the poor performance of the modele Basis

for these margins could be on the mean valuesapepulation sampling.
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The data obtained for this study was through ttev€and Clinic. Their work was done in close datleation
with the manufacturer Calypso. A multi-institutadrstudy would greatly enhance the research by ecimgp
the impact of patient setup, operational limits greater population diversity to further validatege results

as well as potentially offer areas for model imgnment.

The most important area for future development wdnd to apply an informative prior to the posterior
distribution in order to determine its impact onrgias and clinical efficacy. This research assumedn-
informative prior. There is enough evidence togasy that a well thought out informative prior lthea
previous patient data or even possibly modeled citdead to better margin prediction. Additiopatient

analysis would be beneficial in gathering this detavell as a possible multi-institutional trial.
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Coefficients for the Polynomial approach, X-model.

Patient | AQ Al A2 A3 A4 AS A6 A7 A8
101 -4.6 E-3 24 E-4 -6.8 E-6 34E-8 | 6.7E-11 -95E-13| 28E-15 | 1.7E-21 0.06
102 -5.9E-3 12E4 -2.8E-5 3.9 E-7| -24E-p 8.1 E-12-15E-14 13E-17| -49E-2
103 3.7E-3 5.7 E-6 11E5 -2.1E-7 1.6 E-9 -6.3E-12 | 12E-14 | 47E-21 .08
106 -5.2E-3 7E-4 2.7E-5 -2.1E-9 9.4 E-1p -2.4 E-[143.1 E-17 -1.7 E-20 .38
108 .014 -2.1E-3 3.4 E-5 -2.7TE-7 1.3 E9 -3.4E-12| 55E-15| -4.7E-18| 1.7E-21
109 -.01 -1.4E-3 3.7E-5 -4.9 E-7 35E9 -14E-11| 3.2E-14 | -3.7E-17| 18E-20
110 -1.1E-3 -4.1E-4 12E5 -7.8 E-8 9E-11 34E-13 | 66E-16 | -6.2E-18 | 7.7 E-21
111 7.5E-3 -3.3E-4 -5.8 E-7 7.7 E-8 -6.8E-10| 2.6E-12 | -5.1E-15| 49E-18 | -1.9E-21
112 6.1 E-3 53 E-4 -1.7E-5 1.9 E-7 -76E-10| 25E-13 | 6.2E-15| -16E-17| 1.2E-20
113 -5.3E-3 1.2E-3 -2.3E-5 2E-7 -8.8 E-1[0 2E-1p .48-15 13E-18| -24E-2
114 59 E-3 -1 E-4 9 E-6 -1.3 E-7 11E9 B =12 13E-14 | -19E-17| 1E-20
115 -8.6 E-4 -2 E-4 1.2 E5 -2.4 E-7] 25E4 -1.4E-114.2 E-14 -6.5 E-17 4 E-20
116 6.5 E-3 1.8 E-5 2.1E-5 -3.1E-7 21E-9 -7.5E-12| 15E-14 | -1.6 E-17| 6.5E-21
117 -7.6 E-3 8.7 E-4 -3.5E-5 5.5 E-7| -4.2E-P 1.7E-11 -4E-14 4.7 E-17| -2.2E-2
118 -5.5E-3 95 E-4 -2 E-5 2.1 E-7 -6.1E-10 | -3.2E-12| 25E-14 | -5.9E-17| 4.7 E-20
119 2.7E-3 7.3 E-4 -1.4E-5 1.7 E-7| -1.1E-P 3.8 E-]12-6.9 E-15 6.3 E-18] -23E-2
120 -2.8E-3 -4.7E-4 7.6 E-6 -5.3E-8 29E-10 | -14E-12| 41E-15| -5.7E-18 | 3.1E-21
123 5.6 E-3 -1.3E-4 13E5 -2.1 E-1 1.5 E- -5.3E-12 1 E-14 -9.6 E-18| 3.6 E-21
124 -4.6 E-3 24 E-4 -1.6 E-5 39 E-7 -4.5 E-9 28E-11 | 99E-14| 18E-16 | -1.3E-19
125 6 E-3 -45E-4 15E5 -1.5E-7 6.8 E-1p -1.6 E-[121.8 E-15 -8 E-19 -1.8E-2
126 -6.4 E-3 43 E-4 -3.1E-5 4.8 E-7 -3.2E-9 11E-11 | -2.1E-14 2 E-17 -7.8 E-21
129 -7.1E-3 5E-4 -1.6 E-5 19E-7 -1.1E-9 3.6 E-12 6.6E-15 6.3 E-18] -2.4E-2
130 -74E-4 1.6 E-4 11E6 -3.7E-8 3.1E-10 | -1.3E-12| 29E-15 | -3.2E-18 | 14E-21
131 3.6 E-3 -2.3E-3 8.3 E-5 -1.2 E-q 8.1 E- 3 E-11 2614 -6.6 E-17| 2.9 E-2(
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Coefficients for the Polynomial approach, Y-model.

Patient | AQ Al A2 A3 A4 A5 A6 A7 A8
101 0 27E3 | 58Eb5 | 61E7 | 38E9 | 1L4E1Ll | 29E-14| 3.1E-17 | -1.3E-20
102 0 88E4 | -29E5| 36E-7| -23EJ 8E-12  -L5&l 14E17| -47E2]
103 0 12E3 | -14E6 | -16E7 | 19EO | 83E12| 19E-14 | 21E17| 92E21
106 0 6.6 E-4 3E5 62E7| -68E9 38El -1.1¥4 16E-16| -9.3E-24
108 0 13E3 | 25E5 | 27E7 | 17E9 | 62E12| 12E14 | 12E17| BE21
109 0 12E3 | 45E5 | 69E7 | 47E9 | L.7E1L | -31E14| 27E17 | 87E2L
110 0 12E4 | 74E5 | -12E-6 | 94E9 | -4E1l | 98E14 | -13E16| 73E
111 0 19E3 | 54E5 | 62E-7 | 33E9 | 99E12| 17E14 | -15E-17 5.62?50-21
112 0 42E3 | 53E5 | 53E7 | 13E8 | 81E1l| 25E13 | -38E-16| 23E-19
113 0 21E3 6E5 66E7| 37E9 -11E11 2E14 -18E17| 6.7E=21
114 0 64E4 | B4ED | 22E-6 | 25E8 | -15E-10| 45E13 | -7E-16 | 44E-19
115 0 12E3| 49E5| -11E®6 1E8| BH4E1l 16EF1 23E-16| L4E-19
116 0 58E-4 | 68E-6 | -15E-7 | 66E10 | -7.7E13| -L4E-15| 38E-18 | -2.3E-21
117 0 21E-3 | -1.8E-4| 37E-6| -31E§ 13E10 -3&1 35E-16| -1.6E-19
118 0 29E3 | 15E4 | 29E-6 | 26E8 | -13E-10| 36E13 | 51E16| 3E19
119 0 23E4| 16EG5 2E7 1E9| =27E12 37E-1525E-18| 6.4E22
120 0 66E4 | 46E6 | -13E7 | 22EOQ | 12E-11| 35E-14 | -47E17| 25E20
123 0 12E3 | -25E-6| -14E-7| 14E9 -55E]2 L2E| -1.3E-17| 58E-2]
124 0 15E3 | 63E5 | -14E-6 | 15E8 | OE-11 | 29E-13 | -49E-16 | 3.4E-19
125 0 6E4 11E5| B53E8| -66ELL 11E12 32F| 35E18| L4E21
126 0 62E4 | 83E-6 | 54E8 | 93E1l | 46E13 | 24E15| 39E-18 | 2.2E21
129 0 78E4 | -33E5| 45E-7| -28Ed 9E-12  -1.6&J 15E17| -57E-2]
130 0 19E3 | 33EbH | 22E7 | 55E10| 52E13| 47E-15 | -7.6E-18 | 39E21
131 0 71E-4 | -48E5| 91E-7| -7.2Ed 3E-1]  -6.7&4 79E-17 | -38E-2(
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Coefficients for the Polynomial approach, Z-model.

Patient | AQ Al A2 A3 A4 AS A6 A7 A8
101 0 16E3 | 35E6 | 26E7 | 17E9 | -47E12| 55E15| -19E18 | 5.9E22
102 0 64E4 | 54E7| 36E7 46EY 25E]l 6IE£| 9EL7 | 48E20
103 0 83E4 | 52E6 | 24E7 | 23E9 | -1E1l | 23E14 | 25E17| 1.1E20
106 0 27E3| 73E5| 69E7 16E9 86E1I2 b55&| 11E16| -7E20
108 0 64E5 | 42E6 | -1E7 | 89E-10 | 35E12| 7EL5 | -7.1E-18| 28E2L
109 0 11E3 | 49E6| 35E7| 33E9 13E1l £84| 27E17| -94E~2]
110 0 12E3 | 65E5 | -1E6 | 79E9 | 34E1l| 83E14 | -1.1E-16| 59E20
111 0 63E4 | 23E6| 86E8 81EL1) 3E1p 58E| 55E18| 2.1E-2]
112 0 98E3 | 2E4 | 95E7 | 44E9 | BA4E1l| 19E13 | 29E-16| 1.7E-19
113 0 1E-4 75E8 | 19E8| 21E1p 85E13 -16EJ 1.5E18| -53E-2]
114 0 34E3 | B54E5 | -18E7 | B8EQ 6E1l | 21E13 | 35E-16| 2.3E-19
115 0 72E4 2E5 6.8E7| B81E9 46E1l 14F] 22E16| 13E-19
116 0 46E3 | 15E4 | -19E6 | 11E8 | 38E1l| 69E14 | 6.7E-17| 26E20
117 0 26E3 | -14E4| 27E6| =21E4 B86EIL -1.8E| 2E16 | -8.7E2(
118 0 13E3 | 63E5 | -13E6 | 12E8 | B2E11| 1.1E13 | -1.2E-16| 46E20
119 0 1E3 | 5.70E-5| -940E-7] 63E9 2.1E]l 38%&] -35E17| 13E2(Q
120 0 13E3 | 25E5 | 32E7 | 23E9 | 92E12| 2E14 | 23E17| 1E20
123 0 15E4 | 54E6| -16E7 14E9 B58E]2 LBE| -L4EL17| 6.4E2]
124 0 14E3 | 57E5 | 86E7 | -79E9 | 46E1l | -1.6E13| 3E-16 | -2.3E-19
125 0 41E4 | 21E5| =27E7 16E9 48E-]2 74%| 58E18| 1.7E-2]
126 0 1.1E3 | 25E5 | L7E7 | 29E10| -1E12 | 48E15| -7E18 | 34E2L
129 0 26E4 | B84E6| 16E7| -1.1EJ 4€E12  7I1E] 74E18| -28E-2d
130 0 2E3 | 75E5 | 10E7 | 6.1EQ | 19E1l | 34E14| 31E17 | -11E20
131 0 25E4 | 2E5 66E7| 63EJ 28EAl 6.6&] 7.7E17| -3.6E-20
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Appendix I

Parametersfor Bayesian M odel
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Bayesian Parameters for X-model

Patient M ean Variance St Dev.
101 -.007 .0011 03¢
102 -.085 .0059 077
103 .018 .0034 .058
106 -.00073 .00071 .027
108 -.012 .0064 .08
109 .0074 .021 14
110 .012 .003 .055
111 -.029 .0037 .061
112 .061 .021 .14
113 .019 .007 .09
114 .02 .0078 .088
115 -.003: .0007¢ 027
116 .04 .002 .045
117 .019 .027 .16
118 .08 .000¢ .02¢
119 -.017 .003 .056
120 -.015 .00038 .019
123 -.087 .005 071
124 -.019 .0012 .035
125 .032 .0015 .038
126 -.035 .0047 .069
129 .003 .0009 .03
130 013 .00Z .044
131 -.019 .0025 .05
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Bayesian Parameters for Y-model

Patient M ean Variance St Dev.
101 .00 .00¢ .097
102 -.015 .0031 .055
103 .038 .019 .14
106 -.069 .0092 .096
108 .044 .019 14
109 .03 011 .10
110 .086 .0077 .087
111 -.077 .008 .09
112 .011 .00¢ .097
113 .015 .0075 .086
114 .015 .0075 .086
115 -.003: .0007¢ 027
116 -.085 .0079 .089
117 -.013 .052 .23
118 -.081 .005: 072
119 -.037 .003 .055
120 .031 .0074 .086
123 -.011 .013 A1
124 -.04 .0013 .036
125 .031 .015 12
126 -.063 .0049 .07
129 .028 .0087 .093
130 -.01% .009¢ .097
131 .03 .0043 .065
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Bayesian Parameters for Z-model

Patient M ean Variance St Dev.
101 .017 .011 11
102 -.035 .0064 .08
103 .0098 .013 A1
106 -.067 .012 A1
108 .07 .013 A1
109 .007 .021 14
110 .025 .009 .097
111 -.03 .004 .061
112 .0€ .021 odlE
113 .02 .008 .09
114 .02 .008 .09
115 -.0¢ .01 A
116 -.02 .02 .15
117 .018 .027 .16
118 -.08 .00¢ .08¢
119 -.03 .015 12
120 -.018 .015 A2
123 -.087 .005 .07
124 -.056 .004 .063
125 .061 .01 A
126 -.03 .005 .069
129 -.045 .005 071
130 -.03 .01z 11
131 .027 .0074 .086
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