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Abstract

Treatment planning for intensity modulated radiation therapy (IMRT) is challengingpdugth
the size of the computational problems (thousands of variables and constraints) and the multi
objective, imprecise ature of the goals We apply hierarchical programming to IMRT treatment
planning. In this formulation, treatment planning goals/objectives are ordered in an absolute hie
archy, and the problem is solved from the-ttavn such that merimportant goals are optimized
in turn. After each objective is optimized, that objective function is converted into a constraint
when optimizing loweipriority objectives. We also demonstrate the usefulness oh-a i
ear/quadratic fomulation, includinghe use of meattail-dose (mean dose to the hottest fraction of
a given structure), to facilitate computational efficiendy. contrastto the conventional use of
dosevolume constraints (no more tha¥% volume of a structurghould receive more thardose),
the mearail-doseformulation ensures convex feasibility spaces and conbgctive functions.
To widen the search space without seriously degrading higher priority goals, we allowed higher
priority constraints tgbleamountduringlower@riofityi itprétiona. c | i ni
This method was developeaid tuned for exteal beam prostate planniagdsubsequentlyested
using a suite o0 patient datasets. In all cases, good dose distributions were generated without
individual dan parameter adjustmentt.t was found that all owance f ol
especially in target dose homogeneity, often resulted in improved normal tissue dose burdens.
Compared to the conventional IMRT treatment planning objective functionufation using a
weighted linear sum of terms representing very differersindetric goals, this methodl) is
completelyaubmatic, requiing nouser intervention, (2) eaireshigh-priority planning goals are
not seriously degraded by lowpriority goak, and(3) ersuresthat lower priority, yet still impo
tant normal tissue goals argeparately pushed as far assgible without seriously impacting
higher prigity goals.

Key words: IMRT, treatment planning, multriteria optimization, prioritizationprostate cacer, mean

tail dose
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Introduction

Intensity modulated radiation theragfMRT) is a relatively new cancer therapy modality in
which radation delivery is generalized, such that radiation beams are ieffigchorruniform in
intensity. This ismost often achieved using serially deliedisegments of varying shapes and
intensities from multiple beam directions. Highergy photonsn the radiation beangollide

with atomic electrons patient tissualong each geometrically defined segmentjltesy in mo-
lecular disrptions to cellular DNA along the radiation path, with a lesser amount of radiation
energy being scattered outside the path as well. Thus, complicated shapesdoishighgions

can be costructed by overlapping individual deliadrle beam segments. Intensity modulated
radiation therapy treatment planning primarily faoms tothe target volume shape, balso
carves out lowdose valleys away from the target to avoid nearby radiosensitive sémicllhnis
comprises a very comphted problem in mathematical optimization, not only because of the
large number ofdegrees of freedom (making efficiency important), but also due to the inherent
multi-objective nature of the problem. Typically, the problem is broken into two steps; firs
each Obeamb6 is defined as the tot adentffomaence
given machine angle setting. The fluence intensity map for each beam is broken into discrete re
tangular segments, commonly refee d t o a s ntehdite 2D méamlét mtersity mdgare

then solved for via optimization computer codes. Afterwards, algorithms are used ngpdseo

each beam intensityap into segments deliverable by clinical treatmeathimes.

The typical method of solving for IMRBeam fluence maps is to create a linear sbjactive
function of different terms representing dose characteristics to different organs or tissues. The
weighting coefficients are adjusted in an attempt to control the tradesiftedn the different

terms However, such tradeoffs are often difficult to control, and thetypeally lacks the alti

ity to determine whethe most appropriatset of weighting factors has been useil.detailed
description of this conventional solution method dmstussion bresulting drawbackis avala-

ble elewheré.

Recent efforts in intensity nodolated radiation therapy have focused on addressing the- multi
objective rature of the underlying problem using two different techniques, namely: (1) Pareto
frontier methods, and (2) goal programming methods. Pareto frontier methods seek to define a

setof solutions, each of which cannot be improved at the same time with respect to all objectives
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(socal ed -dmminnat e d.6 Crafpelt al. thaveracently developed methods to sample
the Pareto frontier and have also characterized tradeoffs dnotiier between normal tissue and

target goalsfor several clinical cses”®

Our approach is a goal programming approach in which different treatment objectives (e.g., target
dose homogegity, or mean dosto normal lung tissue) are hierarchically prioritizéd. In other
words, we do not want to sacrifice more important dosimetric goals for less important goals
There arehoweveralways castraints which mustédrespected (such as maximum dose to the
spinal cord), and these are treated as hamsti@nts throughout.

We propose to replace the typical IMRieatment plannindIMRTP) process using linearly
weighted objective functions with lgerarchicallyformulated goal programing problem(also

know as preemptive goal programming or lexicographic goal progranfiriing this formua-

tion, the most important constraints are held as hard constraints throughoutighést priority
objectives(such as maximizing minimum target dose or minimizing target dose heterojeneity
are maximized or minimized in the earliest problem iteration. Maximum performanceewith r
spect to the hard constrainitsthen determined for tlse high priority goals. The best patfo
mance of these high priority goals is then refolatedinto one or more constraints for lower
priority iterations. This process continues with each optimization iteration using results of higher

priority goals refomulated asonstraints for the optimgation of lower priority goals.

An initial investigation of this technique for head and neck treatment planning (Wilken$ et al
showed that it provides excellent dose distributions with minimal user modifications onoe a sta
dard method was developed on a sanggleof plans. This general method of medtbjective
optimization was developed in other areas and is referred to -&ptéve goal programmingr
hierarchical programmirigf. Rosenthal has criticizetiis techniqueon the grounds that it does
not al | owyréasonablépraltiee of/trading off a small loss on a highifyrigoal for a
large gain on a low priort y "d. oAk redognized this issue in omitial investigation of pre
emptive goal programming for head and neck treatment planning. Owaappwvas teslightly
widen the search spabg introducingso-calledii s | i p 0 o rctors whicle allavrfoc smallf a
(clinically acceptableflegradations of high priority goal performance as low priority goals are
introduced into the ptdem. Through asensitivity studyit was found that frequently a small
amount of slip in high priority goals could produce a clinically significengrovement in lower

priority goals andit was therefore judged important to include slipaiy practical clinical m-
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plementation. Alhough this does introduce new constarviiéch need to be sempirically, fixed
values of slip were founethich worked welffor the entireclass of head and neck treatmentnpla
ning problem(given appropriate scaling of the individual objeetfunction$. Thusno user d-

justments were requiredespite the introduction efewconstats. Here and in our otheeports

on goal pogramming in radiation therapy treatment planning we refer to our flavor ef pre

emptive goal programing by the moreapplicationspecifict er m fApri or i titzed

ment planing.o

In this paper we apply the prioritized prescription optimization technique to external beam IMRT

for prostate cancerfollowing our experiene with head and neck IMRT planninge determine
well-performingslip parameters for thiseatment siteas well as a hierarchical ordering of trea
ment planning goals which realizes high quality treatment plans automatedvay. In add
tion, we also incorporate the use of a relatively mosevolume treatment planning goal iotr
duced byRomeijnet. al.based on computing the mean dose to a given upper or lowtoris
volume of a defined anatomical stture’® ** This function comes in two tgg: mean value to a
defined fractional volume with the highest dose values or mean value to the defutiethdta
volume with the lowest dose values. We refer to these asxMéla ni n g theahaettash
x%,0andMOCxme ani ng thenadesix%® We investigate the performance of pror
tized prescription optimization and determine reasonable slip parambktexddition we dema-
strate the use of MOHas a reasonable and computationally efficramatric for reducing dose to
the retum.

In addition to introducing prioritized prescription optimization for prostate cancer treatment pla

ning and the use of mean tife hottestx% to incorporate rectal voluneffects, we alsausel

maximum beamlet intensity constrairigs suggested by Shepard et’aln order to depress hot

spots otside the target volume and smootsuking fluence maps. This paper only deals with

of

the process of allowing for fluence maps many other algorithms have been introduced which

can adequately decomposesihce maps into deliverable field segments.

In the next section, we describe in fiet detail the concepts of mean tail dose and prioritized

prescription optimization and include a mathematical formulation of each step of the aptimiz

tion. Section 3 shows results of prioritized prescription optimization for a sample caseg-summ

rizes theresults for all 10 cases, and shows some effects of varying the slip parameters- We fu

ther discuss these results and some key issues in the final section of the paper.
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Methods and Materials

Clinical examples: prostate cases

To test and refine the mett for prostate IMRTP, we randomly selects2l anonymized tréa

ment plans from clinicalecordsof patients treated at our institution usingp¥onformal radb-
therapy. The patient datasets had been exported from our institutional treatment planmimgy syste
(CMS FOCUS or MIR) in RTOG/AAPM format, and later converted into the format of eur in
house researctieatment planning system, CERR (computational environment for radiotherapy
researcff’). The datasets have 256 x 256 voxels on each slice, with a voxel size of 0.2 x 0.2 cm in
the trarsverse plane and 0.3 to 0.5 cm in slice thicknesishough this cohortof 10 cases$s not

large enough to provide statistical power for average results, we consistentlygioomhgder-
formanceof our method applied to these cases after aspigeific tuning phasend believe the
cohortrepresents aeasonable rangef treatment planning challenges for IMRT beamstai®

cancer treatment

Software environment and dose calculations

Using CERR and software developed specifically to facilitate IMRTMStigationgthe ine-
grated ORART ToolbdX), we smulated Zbeam plans (6 MV nominal energy). Beams were
equispaced within the transverse isocenter plane, withb@am entering directly anterioFlu-
ence maps were approximated using beamlets of square shape at isocenter and widthus cm.
each cas had within 400 to 715 beamlets tot&leamlet dose distributions were precomputed for

nominal unit beamlet fluence. The matrix of the wmdight beamlet dose distributions is-r
ferred to as the 06i nfAl Dosenatues(Dn)avere domputéd byaatidl i s
tion of all beamlets weighted by the solutiorctes w:

D (w) = Aw, 1)

Where the subscript refers to tit# dose element and théh row inA. Those elements ofidi-
vidual beamlet dose distributions which were less than 1% of the peak beamlet dose values were

truncated to zero, in order to reduce the required computer memory. Although this scaiter contr
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bution was notricluded in these results, the resulting leetgd scatter could be-mecorporated

into a later dose corcgon’.

Becausdhe prioritized prescription method involves turning objectives into constraints, it-is ne

essary to use a solver which can handle the same type of constraints as objectives. In order to

keep optimization time reasonable, we pursued the use of lineguadthtic objectives and ico

straints, rather than using fully nonlinear objective functions (sutimasr control probability or

normal tissue complication probability models). Moreover, this means eagiraglbm is still

convex, resulting in a singlglobal objective function minimum (which however may include

multiple optimal or nearhpptimal solution} . To sol ve -prégblerh, we usedthat i onods
commercial MOSEK optimization solver (MOSEApPS, Inc., Copenhagen) The problem is

formulatedin more dtail below.

Optimization problem formulation

Mean-tail-dose objective function

Often in IMRT optimization, dose ol ume constraints are used to r
ences. For exampl e, a ¢ o n ¢plamiagtanget votume)mush t |l east
have a dose greater than 70 Gyo may be specifie
than 30% ofthe® um may have a dose higher than 40 Gy. o0

While dosevolume constraints are widely used in practice and thus familiphyacians and
treatment planners, they have significant disadvantages. In particular, the resulting saution fe
sibility space is nomonvexand may result in multiple local minifta The full solutionof such
dosevolumehistogramconstrained problems thus requires mixetgger or heuristic sotion
techniques, which are geral not as efficient as linear/quadratic methods. It is important to note,

as well, that DVH costraints do not have a fundama&nbasis in radiobiology, in that it is
unlikely that local tissue damage goes from a-severe to a severe state (potentially contribu

ing to a complication) as the local dose passes the stated critical dose threshold (e.g., 40 Gy in the

rectum DVH examle given abovey.
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Romeijn et al . have previously suggested wusing
dosevolume constraint§, otMlel @ s e O efelsaortte mean dose of either the hottest or

coldest specified fractional volume. More particulawe defineMOHx and MOG as dscussed

above. Thus, a constraint on MOH20 could referfitd: mean dose of the hottest 20% of the

rectum may not be higherth&d Gy . 0 -taiMiese metrics can be formulated lineadjiow-

ing for a multitude of available solvers and potentially quicker solutions. In addition, the problem

is convex, allowing global optimum to be more sgly achieved.

We use mean tail dose as a driving metriceduce dose tihe rectum.We have previously at
tistically determinedhe value ofx which best correlates with V40 (volume of rectum receiving
more than 40 Gy dos&) a large collection of clinically archived conformal radiotherapyttrea
ment planS. The best correlation was for MOH84, and hence we attempt to r&tiDEtS4 to

the rectum in our optimétion.

Prioritized optimization

Prioritized optimization is designed tob-be abl e

jective functions into multiple steps. The objectives we use are outlinedureig
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target coverage,
high-priority OARs
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minimize Flzsallvoxelsj

(D;i D
maximize D, for PTV

pres)2 and

0 D, fOr rectum

0 W, for beam weights

step Il
additional OARs

minimize MOHXx for rectum

T~

as in step | and
6 max value for F, for all targets
0 D, and D,,,, for target

as achieved in step |

as in step Il and

step Il minimize D, in bladder, femurs, and
dose falloff normal tissue 6 MOHXx for rectum
as achieved in step Il
step IV \ as in step Ill and

smooth dose

N )
minimize Sy peamiets i Wi

0 D,can for bladder, femurs,

and normal tissue as achieved in step Ill

Figurel. A simplifiedsummary ofthe prioritized optimization formulation for prostaeused
in this paper. Target dose distribution parameters (minimum dose and lidms®geneity are
5 given piority.
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The parameters used in this optation (fixed for all cases) were

Beam weightipper bound, defined as amaximum beam weight, computed usingato ketween

the maximum beam weight and the (predicted) average beam wélghimethod for g&ng this

value is discussed below.

QuadraticPTV (planning target volumedloseslip. After each step, the quadratictbegeneity

constraint in the PTV is slightly relaxed’his slip factor allows for that relaxation (see specific

details in formulation section).

MinimumPTV doseslip. In order to lowerthe dose to normal tissues, it was fduhat it was

useful to lower the minimum target dodetween thehird andfourth steps of the optimization

Note that in stepll, the normal tissue considered for the dose reduction is all voxels inside the

skin that lie on a transverse slice withid tm of the target, excluding those voxels that arge-clo

er than 0.5 cm to the target (allowing

for

The formulation for this problem is similar to the formidat presented by Wilkins et &lfor

head and neck cases but includes some significantatiffes including: the use oMOHX, min

dose slip, bounding maximum beam weights, and the application to prostate cases

F' is the objective function for step I, minimized over all beamlet weigh{sf size N).

Dj

represents the dose toxel j, calculated as shown in Eg. &, is the set of voxels in the PTV

and DP" is the prescription dose for the PT\(INote that this refers to an element isetT of

PTVs. In this paper, we includenty one PTV in each case but have left the formulation general

for mutiple target region}. R' is the set of organs at risk for step | of the optimizaffon this

step, thisncludesonly the retum). D™ is the maximum dose constraint for a givéncturei

inR'.

Step I

1C

a

f

mc
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minimize F'(w) = 3 G (w) +°, 2
ilT
where GW) =V a[D(w -0™2, "l T, ©)
iV
subject to DP®-Dw) tO "l T,V (4.2)
0.05D Ot "l T, (4.b)
Di(w) Dg* "l R IV, (4.c)
0 v " ki {1...N}. (4.d)
and w, OW™* " ki {1...N}. (4.e)

Because the target dose heterogeneity function is symmetric, we also include a term to maximize

the minimum target dose.The additional variabléis a common formulation technique to ma
imize a minimum; in this case we minimize the maximum {gided) deviation from the pr
scription dose in the targetNote thatt; is squared in the objective function toekethe units

compaable to that of th&s; term.

Note that when R, is above 95% (which we do not need or expegh @ be),t; is positive, n-
creasing the objectiydout the first term in the objective is decreasing. The objective it min
mized at a pait thatoptimally balances this trad#. In our formulation, the mscription dose to
the taget was 70 Gy.

Step Il

We denote thsolutionbeam weightsomprising thevariable vectow from step | asv'. Then
let

D™ = min {D;(W), ji Vi} T
and D™= max {D;(w), ji Vi} "l T.

Here we minimizeMOHXx to the critical structure of importance, in this case the rectum.

i
a o’ " Ol AR iV, (®)

minimize F" (w) = y¢ +————
- a)|Vi j=1

11
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subject to Dj(w) -z =0 "l RY IV, (6.2)
pi 20 " O A, il RY IV, (6.b)

Pi-z ty @ © Of ALl RY TV, 6.0)

Di(w) D "l R IV, (7.2)

G(w)  Os) G (i) "l T, (7.b)

D™ ODj(w) DO "l TV, (7.c)

0 W " ki {1...N}. (7.d)

and Wi OW™ " ki {1...N}. (7.€)

A, is a set comprised of thevalues for the MOK metric(s) that we would like to minimize for
each structure in'R Equations and6.a throughb.c are based othe linear formulatin of mean
tail dose by Romeijn et &. The artificial variablep, z, andy are used to assist in the linear
formulation of MOH.

Note that one MOKobjective addgv;| +|A|(|y| 1) variables andv;|+|A| |§| constraints to

the problem formulationThis adds significantly to the size of the problem.

Equations7.a through7.e are constraints that maintain the solution from the previous S¥ep.
chose to constrain each metric from the previous objective function separately; alternatively, the
sum of the objectives could be constraindbbte the slipfactorsin the quadratic dose detion

in equation7.b., which is a small common scalar wilktypicalvaluebetweer0 and 3. Note that

a slip factor of 1.5 would cause a 2dd increase; however, in practiG(the dose homampeity

term) is observedo be quite small. Hence, a Zdd increase is still quite reasonable from a

clinical peaspective.
Step 11
The value obtained for MOHnN each structure in RIl in step Il is turned into a constraint for step

1.
Mg"™is defined asMOHUfor stucturei " Ol A, il R

12
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Here, we reduce the mean dose to the normal structures of secondary impottandge Btw"

be the solution fothe beamlet weights asachieved in step |l.

We define mean dose as:

(Dw)), =[Vi[* & D;(w

inv;

We formuhte step Il as the following:

subject to

a

yi+

and

(1- a)lv];

minimizeF" (w)= & (D(w))

D i (W) wax

G(w)  Os)*Giw}

Dimin ODJ(W) D@ax
Ivi
ap’ ¢
j=1
Dj(w) -z =0
p; 2 0
p'jfil - %i +ya ]
0 v
W OW™

max
a

il

"l R IV,
",

"l TV,

" Ol A, il RYjI VG,

"l RY IV,

" Ol A, il RYjI VG,

" O A, il RY IV,

" K {1..N},
" K {1...N}.

(8)

(9.a)
(9.b)
(9.0)

(10.9)
(10.b)
(10.0

(10.d)

(11.9)
(11.b)

EquationslO.a throughl0.d repreent the MOEX constraints as achieved in step Note that in

this step, the quadratic PTV dose slip is reduced by squaringttgetéim in equatio®.b. This

increase in exponerdlows for further degradation of the dose heterogen&fytérmat e@h

step as used in Wilkens et. 4l.

Step IV:

In step IVwe minimize the sum of the square of all beam weights, smoothing the fluence map

and reducing high dose regions.

13
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In this step of the optimizationye hold the value of the mean doses we achi@vestiep Il as
constraints. We also allow the PT\inimum dose to degrade a bit (determined by the minimum

PTV dose slip value, which generally can be between 0 and 5%).

minimizeF " (w) = g w2, (12
k=1

subject to D(w) DJ* "l R IV, (13.a)
Gw) 0s°*GMY "l T, (13.b)
D™ (1-s;) ODj(w) D@ "l TV (13.c)

1M S
e .| A eMT 00 AT R, jTV, 14.a
yl (1_ a)|V| Ja:1 pu a J ( )
Djw) -z =0 "0l R TV, (14.b)
P20 " Ol AL RY iV, (14.c)
Pi-% *y" @ " Of A, il RV, (14.d)
DW)d O W3 "l RM, (15)
0 wQ " K {1...N}, (16.a)
and w OW™ " ki {1..N}. (16.b)

The quadratic PTV dose slip has once again been reduced in this dtepebging the exponent
to 3 (Eqg.13.b). Another slip factor has been introduced 3t, allowing the minimum PTV dose

to slip. We also have a new constraint on the mean doses to the structures inEtefag)! (

Note that in ach step of the formation which hasmultiple objectives, there are potential
weighting factors. We have kept these weighting factors to a value of 1, implying equel impo
tance. While these could be modified, the usenitf weighting factors signifisthe lack of prio-

ity of any paticular objective function term used at the same level of prioritized optimization.
Such a lack of tradeoff preference, when present, is precisely the justification for comlbining o

jective function terms at the same level of priority.

On averag, the optimization hadpproximatelyl1,000 constraintand 5,000 variables in the last

(and lagest)step.

14
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Parameter selection

There are a fewnavoidableadjustableparameters used in the optimization. Howewer,were
able to select one wetlerforming set of parameters for all plans.

Termination criteria. Of course it is desirable to achieve an optimal solutiogach step before
moving onto the next. Thuepjective functiorterminationcriteria is important. fiis value was
officially tested frst, while using values for the other parameters that were determined-subje
tively from experénce. A value of 1d was found to allowhe solver taypically, though not
always,find optimal solutions at each stefphe maxmum number ofteraions wasset t01000,
resulting in each step of the optimization taking approximately 5 minutes oagay2.5 GHz
AMD Athlon 64-bit CPUSs)

Plans 3, 6, and 9 terminated iopally at all steps. All other plans had at least one step that did
not terminate opmally (plans 1, 4, 7, 8: stef¥; plan 5: stefdl; plan 10: stepdl, IlI; plan 2:
stepsll, lll, IV). Nevertheless, as shown in Figureafd Tablel, the dose distriltions are of

high quality even in cases when optimal termination was not reached.

Beamweight upper boursl We found that applying an upper bound to all beam weiglstsig-
gested by Shepard et'3).effectively reduced the possibility of hepots away from the target
region wihout degrathg target dose distribution quality To determine this maximum beam
weight, we fixed the other para&ters at subjeciely reasonable values (quadratic sliploimin
target dose slip of 3¥and looked at a sample case with maximum beam weight ratios (defined
as the ratio of maximum beam weight to a beam weight which would deliver the mirescri
dose if applied to alléams uniformly) of 1, 1.5, 2, 2.5, 3, and 100. Using a value of 1.5hképt
spos outside the target from getting unreasonably large (largeratb@ut halfthe target dose),
while not restricting the tget dosage from achieving excell¢atget coverag The correspai

ing absolute beam weight5 was used for themaining studies and was foutawork well.
Quadratic and minimum PTV dose sliplaving investigated and fixed the aboaeameters of

the optimization, sensitivity to the preciskp fadors for the heterogeneity and minimuitV

dose wastudied, as furthediscussed below

15
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Results

Representative example

Using the tune@ptimization parametersve ran the ptimization on all ten cases. Thesudts of
a sample cas@gumber 5 out of 105 examinedn more detail in Figures 2 and 3Note that this
case was selected to denstrate results simply becauséas the median value of all ten plans

for maximum dose far from the target {side a 3 cm 3D range around the target).

The mean ofhe discrete squared Laplacian filfarhich approximates the second derivatifa)

all the bealets was 99.6120.6, 122.2, and 76.4 for stdphroughlV, respectively. This shows
that the fourth step, which nimizes the sum of the squared beamighes, significantly
smoothes beam weights This is significant because the resulting dose distribution is then more

easily(andpotentially moreaccurately delivered, in fewer beam segments

Cohort summary

Using a quadratic PTV dose slip of 1d@hd aminimum PTV dose slip of 1.5%results were lo-

tained which are summarized in Figure 6 aadlé 1.

16
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Figure2. Two different transverse slices of a sample ¢agmber 5) showing the dose distrib
tion resulting after using prioritized optimizatiorPTV: tan, rectum: maroon, left femur: light
blue, right femur: pink, bladderrange.

17



