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IMRT optimization: Variability of solutions and its radiobiological impact

Maurizio Mattia,? Paolo Del Giudice,” and Barbara Caccia®
Istituto Superiore di SanitaPhysics Laboratory, Viale Regina Elena 299, 0161 Roma, Italy

(Received 11 September 2003; revised 2 January 2004; accepted for publication 13 February
2004

We aim at(1) defining and measuring a “complexity” index for the optimization process of an
intensity modulated radiation therapy treatment gldRT TP), (2) devising an efficient approxi-

mate optimization strategy, an@) evaluating the impact of the complexity of the optimization
process on the radiobiological quality of the treatment. In this work, for a prostate therapy case, the
IMRT TP optimization problem has been formulated in terms of dose-volume constraints. The cost
function has been minimized in order to achieve the optimal solution, by means of an iterative
procedure, which is repeated for many initial modulation profiles, and for each of them the final
optimal solution is recorded. To explore the complexity of the space of such solutions we have
chosen to minimize the cost function with an algorithm that is unable to avoid local minima. The
size of the(suboptimal solutions distribution is taken as an indicator of the complexity of the
optimization problem. The impact of the estimated complexity on the probability of success of the
therapy is evaluated using radiobiological indicat@®sissonian TCP mod¢B. Webb and A. E.
Nahum, Phys. Med. Biol38(6), 653—666(1993] and NTCP relative seriality mod¢Kallman

et al, Int. J. Radiat. Biol.62(2), 249-262(1992]). We find in the examined prostate case a
nontrivial distribution of local minima, which has symmetry properties allowing a good estimate of
near-optimal solutions with a moderate computational load. We finally demonstrate that reducing
the a priori uncertainty in the optimal solution results in a significant improvement of the prob-
ability of success of the TP, based on TCP and NTCP estimate20@ American Association of
Physicists in Medicine.[DOI: 10.1118/1.1695650

INTRODUCTION distribution of values for the cost function: an agreement

) ) . ) ) ~ emerged on the smallness of the effect of local minima, sug-
Evidence is accumulating that intensity-modulated rad'at'orbesting that adopting a simple deterministic optimization
therapy(IMRT) can produce excellent conformal treatmentstrategy would not greatly affect the quality of the resulting
plans even for the most complex target volumhédhe ca- treatment plag:’ 1011

pability to conform the dose delivery to the tumoral target, The above results are not easily converted in a quantita-

preserving the normal tissue, allows us to escalate the therg{:x— t of th lity of the treat t plan: i
peutic dose to the tumor with a significant reduction of late Ive assessment of the quality of e treatment plan. in par-

effects, increasing the probability of the success of the];i(.:ular similar values of.the cosj[ fur;ctions can corr.espond to
therapy with respect to the conventional radiotherapy. Thélifferent beam modulation profilés’ and the question pre-
determination the best intensity modulation is usually base§€nts itself as to how much those differ in the resulting ra-
on heuristic methods. To quantify how much a particulardiobiological quality(TCP/NTCB. These issues have only
intensity modulation is close to the optimal choice, a costecently started being addressed.

function is defined that represents the “error” associated In this paper we extend the “configuration space
with the treatment plan obtained. The best beam modulatioanalysis”*'*3to characterize the distribution of suboptimal
is found by minimizing such cost function with respect to thesolutions in the modulation profiles space, and we map those
parameters defining the treatment plan, through a suitablg the corresponding distribution of TCP and NTCP value in
optimization algorithm. In the general case one must congrger to get a radiobiological score. Such a quantitative
sider the possibility that several local minima may exist for,,ysica| and radiobiological characterization of suboptimal
the cost function, associated with suboptimal solutions. solutions can help to identify the appropriate compromise

Seyeral issues related to IOC?' minima in IMRT treatmembetween computational resources employed and the prob-
planning have been addressed in the recent literattife . - . .
- . . . ability of finding a treatment plan of prescribed quality. In
conditions for the existence of local minima have been in-

vestigated: in particular it has been recognized that thdarticular, such an approach allows us to figure out an effec-
choice of dose-volume constraints implies local minima intive and robust strategy, with respect to the initial conditions

the cost functior® as opposed to the quadratic cost @nd minimization convergence criteria, to find an acceptable
function® possibly including maximum dose constraifts. ~ solution to the optimization problem. Some recent
Stochastic algorithms have been proposed to find gooworks > with similar aims to ours use different methods,
solutions in presence of local minimid, while their rel-  with partially overlapping results, and in the Conclusions the
evance have been addressed in terms of the correspondingpst significative links with our findings will be discussed.
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Preliminary results of the present work have been reof the representative point is strictly downhill, and it is never
ported in Ref. 15. allowed to climb barriers, so that if a local minimum is en-
countered the optimization will end up trapped thée be
compared, for example, to the “simulated annealing” sto-
METHODS AND MATERIALS chastic optimization This is intentionally used as an instru-
L ) . mental ingredient in the present study, since we want to
The optimization process aims at defining the “best” .ot the local minima, not to escape from them. But the
treatment plan in terms of the intensity modulatiorf all algorithm also has a stochastic component, since at each
pencil beams, which are the degrees of freedom of the prolsqin the chosen downhill motion is in a random direction
lem. In the case at hand, an analytical approach poses formys compared to the gradient descent and the like, in which
dable difficulties(see, however, Ref. 16and one is often yhe girection of steepest slope determines the direction of
forced to resort to numerical strategies for the approximate,qiiory). The latter stochasticity is beneficial in improving
solution of the P“’b_'e_m- . ) .. the ability to explore wider regions of the configuration
In such cases, it is useful to visualize the optimizationgy,.6 On the other hand, adopting a gradient descent strat-
process as the “motion” of a point representing the modula-gqy \yould be prohibitive at the computational level for the
tion profile, on the surface describing a “cost function” jyiended analysis: for DVH-based cost functions the gradient
F(x), whose value at each poifach modulation profil&) 5yiq have to be computed numerically, and the related

encodes the “penalty” for being nonoptimal. The best modu-¢qmy tational load should be multiplied by the high number
lation profile(s) are then identified with the minimuntor ¢ rimizations needed to explore tiiesurface and esti-
minima) of F. The space in whiclfr is defined has as many e its complexity.

dimensions as there are pencil beams; it is therefore a high- 1,¢ optimization procedure is repeated for many initial

dimensional space, something to be kept in mind when exz,hitions, and the configurations reached at the end of each
ercising intuition on the process. stage are recorded.

The optimization algorithm defines suitable *forces” \ye remark that the value of at each optimization stage
which drive the trajectory of the representative point towardsyefines a characteristic scale which is an upper bound on the
the minima off. “resolution” with which the optimization process is able to

We will use the above “landscape” metaphor throughouty,one ther surface. Optimization histories starting with high
as a conceptual context for both the description of the comy,1,es of A will be called coarsein the following, while

plexity measure and the search for the optimization strateégynsse starting with smalk will be termedrefined Typically
There is no unique definition of complexity, and we adoptihe gistribution of final pencil beam intensities is peaked on
the following empirical criterium. We first choose a set of _q 4 tor the target tumor angt0 for OAR; at the end of the

modulation profiles as initial conditions of the optimization optimization procesa = 1/%=0.0156, giving a~4% rela-
process, covering a reasonable range in terms of fluence; fg( o uncertainty in the high beams. ’

each initial condition an iterative algorithm to be defined
shortly finds an “optimal” solution, and the distribution of
the optimal solutions found for all the initial conditions is
characterized: the broader this distribution, the higher théost function

complexity. The cost functionF implements “soft” constraints in
S . terms of dose-volume histogranis (y,x) for the organ-at-
Optimization algorithm risk (OAR) and the targetsee Ref. 1. D,(y,x) is the frac-

The algorithm has a deterministic and a stochastic comtion of volume in region-of-interesROI) r absorbing a dose
ponent. An initial condition is choserg, for the modulation ~ greater thary when the modulation profile is.
of all the pencil beams. Then the following steps are iterated: By “soft” constraints we mean that a penalty is assigned
(1) One pencil beam is chosen at randd@).A trial increase (s it is customary in such problemi®r violating the con-
of fixed sizeA in its modulation is performed3) The new  straints. Thekth constraint is defined as in Ref. 5, in terms of
value of the cost functiorF is calculated for this new  maximal and minimal dosed{f'®) andd™™) to be delivered
configuration(4) If the trial change results in a decreaséFof to a given fraction of the volumev™® andov(™") of each
the change is accepted and defines the new value of the cdrOIl r. A minimal dose is defined only for the target.
responding modulation; if not, a trial decrease of the same The explicit expression foF is given by the sum of all
amount is tried, and the same checkfors performed(5) A the penalties due to excess dose to the different ROIs, and
new pencil beam is chosen at random, and the precediriie penalty due to a defect of dose delivered to the target:
steps are repeate(®) The rate of accepted changes is moni-
tored, and if it drops below a chosen threshold, the size of
the trial changes is halved\(—A/2). We associate the suc-
cession ofA values with corresponding ‘stages’ of the opti- _
mization process(7) The algorithm stops whea falls be- X (D arger(y, ) —v M) 2 dy,
low a chosen threshold.

The algorithm is in part deterministic, in that the motion where

R .
. (min) .
FOO=2 Fi(x)+wm™ fo“ (y—d(mm)2
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Fic. 1. Optimization plans at different stages. Left panel: the distributions of the optimized modulations at different stages. Each point in phespluisre

the distanced(x, ,xg) and the cost(x,) of the modulationx, resulting from thekth stage of the optimization processes. Different symbols correspond to
different stages( ¢ )—stage 0, initial condition(</)—stage 1,A=0.5; (*)—stage 3,A=0.125; (V)—stage 6,A=1/2. The implemented algorithm is
identified by the colors of the symbols: white—single minimization trajectories are considered; gray—the modulations are averaged 3 by 3 &; each stag
black—all the modulations are averaged at each step. The reference modxiasdhe average over all the in the last stagéblack V). In the case shown

X, provides the plan with the lowest value of the cost function, the vertical dashed line in both plots. Right panel: the centroids of the distributiaors sh

the left are plotted. The vertical and horizontal bars are the widitiesstandard deviatigrof the clouds along thd(x, ,xg) and theF axes, respectively. Data

used in this figure are only for illustrative purpose.

C DM mean over the final modulations reached by all the optimi-

F.(x)=2, wﬁkmaX)J' o kT (y—dna)2 zation trajectories. Thkth stage of each optimization trajec-
k=1 drk tory is then represented as a point in a plane with coordinates
X (D, (y,x)— 0 [")2 dy F(x) andd(xy,xg), whered(x,Xg) is the Euclidean dis-

. _ _ _ tance between the reference modulation and the modulation
andD; (v, x) is the dose corresponding to the maximal x, at stagek. As a result each optimization stage is repre-

volumev ™. The different constraints are assigned differ- sented by a “cloud(the distribution of the end-points of the

ent “weights” (importance factopsw('® which might ac-  minimization trajectories; see Fig. 1—lIgfwhose centroid
count, for example, for different clinical prioritieB, is non-  (barycenterapproaches an asymptotic position in successive
zero for all the ROIs violating the dose-volume constraints stages, with a corresponding monotonic decrease of the cost
(D; (v M@0%) = g(ax) function F (see Fig. 1—right
A DVH-based cost function allows a more robust and less The vertical and horizontal bars are the standard devia-
case-dependent way to implement dose prescripfions. tions of the cloud along the distandéx, ,xg) and the cost
The computation of the absorbed dose is performed usinfunction F(x,) directions.
a home-made treatment planning system, CARBased on Furthermore we test a “nonlocal” generalization of the
a semi-empirical model developed at the Medical Physicglgorithm in which for each cloud the modulation vectors are
Department of the “Regina Elena” Institute in Rome, Italy. grouped and averaged by n (n=3 in the figur¢. Such
The algorithm uses contours of the ROIs assuming differeniheuristics will be shown to provide an effective strategy to
homogeneous densities for each volume in the TP. In pragget a good estimate of the optimal solution. A limit case is
tice, during the optimization process, for different beamthe one in which one averages all the optimization histories
modulationsx, the dose is computed & whereK is a  at each stagésee black symbols in Fig.)1
preevaluated kernel assuming the dose absorption to be well The initial modulations will be either chosen randomly
approximated by a linear process. around a reference modulation vecige= 1 or kept fixed as
Results are reported for a prostate case treated with a Iépecified later.
MV photon beam using five fields (812 cm) performed
with a 120-leaves dynamic multileaf collimat@®.5 cm in Radiobiological assessment
the central 20 cm of the fielJdThe dose is computed on a

grid whose voxel dimension is 0.40.25x 0.5 ci? Results of the optimization process have been evaluated

in terms of a radiobiological measure of their quality, using
tumor control probabilitf TCP) and normal tissue complica-
tion probability (NTCP) indexes.

For each one of the initial conditior(eodulation vector The TCP is the probability of completely eradicating all
Xo) the value of the cost function is recorded at differentclonogens from the local tumor site. The Poisson TCP model
stages of the optimization process, as shown in Fig. 1. Afteis the one most commonly used in radiotherapy, particularly
completing the optimization cycle for many initial conditions in the linear-quadrati€LQ) form where the mean number of
a ‘“reference” modulationxy is defined either as the one surviving clonogenic cellNg(V,D) in a volumeV for an
corresponding to the smallest firfalvalue reached, or as the initial density p, and numberNg=pyV after delivering a

Tools for analysis
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uniform doseD in n fractions is given by the expression: 50 —

Ng(V,D) = poV exp(—aD—BD¥n). Accounting for the pos- A B

sible inhomogeneity of the dose distribution, we compute the 40t

TCP as the probability that no clonogenic cells survive in
any of the subvolume¥;, from the Poisson statisti¢S~2°
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The patient-dependent radio-sensitivityis taken as a ran- 10
dom variable from a normal distribution with medim)
=0.26 Gy ! and standard deviatiowor,=0.06 Gy *.?! In A
the Results we test the impact of, on the quality of the 0 50 40 60 80 100
optimal treatment plan found. We do not consider other TCP (%)

sources of variability either because they are negligible, giv- o
. higher order contribution. or because thev lie outsid Fic. 2. Distributions of NTCP versus TCP for each OAR. Each symbol
Ing an . 9 \ T y 1 %orresponds to the treatment plan resulting from a given optimization stage:
the main focus of the work. The/g ratio is set to 8.33 Gﬁ, the abscissa is the TCP for the plan and the ordinate is the NTCP for the
the appropriatev/8 value is still debated, and recently lower considered OAR. For a plan there are as many points as the OARs taken into
values have been reported, closer to the best estimate fgfcount. In the prostate case under study the OARSs are the blatiand
ti es«(/ [1.5, 6] G ) 22-24The dose per frac- the rectum([J): To each cloud in the left plot of Fig. 1 there correspond two

riorma ISSu Bell5, Y)- - p ~distributions of symbols. A “success case” is a plan having a TCP above a
tion has been taken as 2 Gy, the prostate carcinoma beingti@eshold(90%), and a NTCP for all OARs below a limit valu&é0%). The
sIowa proliferating tumor, and the density of clonogenic percentage of success, the fraction of plans in the gray region, is a radiobio-
Ce||Sp0= 5% 10f cm™3. logical measure of the quality of the optimization results at a given stage.

To evaluate the damage to the organs at risk we have
adopted the relative seriality mod@lfor calculating the
NTCP. In such a model the volume effect is considered as &) We perform a large number of optimizations starting
combination of both serial and parallel subunit organization.  from a wide distribution of random initial conditions,

If we consider a heterogeneous dose distribution, the prob- and characterize the distribution of final solutions.

ability of damage to the whole organ is given by (2) We next estimate to what extent the distribution of final
. 15 configurations is reduced by adopting the same initial
NTCR(x)= 1—eXF< f log(1—P(y)%)p(y,x) dy” , condition for many optimization histories.
0 (3) Finally, from the gained insight into the shape of the cost
where function, we devise an approximate strategy to quickly

infer the location of low-lying minima.

logP(y)=—exd ey(1-y/Dsg]log 2, : N : :
] ) Inferring the distribution of suboptimal solutions
p(y,x) dy is the volume fraction of the OAR under study

which absorbs a dose in the rangey(+ dy) when the beam We now illustrate, using the representation described in
modulation isx, sis the relative seriality of the OARyis the the section Tools for analysis how the solutions found at
“maximum normalized gradient” ands, is the 50% re- Successive stages of the optimization process are distributed

sponse dose. The parameters are as follows: for the rectuffy the configuration space of the modulation profiles. We
y=2.2, Dsy=80.0 Gy, ands=2.02% while for the bladder choose a large numbé®1 in the examples showrof ran-
y=3.0, Ds,=80.3 Gy, ands=1.3% domly chosen initial conditions for the optimization process,

In Fig. 2 we illustrate how the above radiobiological in- @d we record the sequence of configurations generated by

dexes have been used in this work to analyze the results §2¢h optimization history. o
the optimization process. The distribution of NTCP versus e then define as our “reference configuration” the aver-
TCP values obtained for the optimal treatment plans i29€ Of the modulation profiles among the end-point configu-
shown. A radiobiological effectiveness estimate is defined a&tions reached by the optimization histories. Such configu-
the percentage of “success cases,” enclosed in the bottoffiion mean consistently turned out to have a lower value of
right corner, for which TCE90% and NTCR:10%. the cost functior(i.e., the final configurations are systemati-
For the chosen constraints on the DVHSs, the optimizatiorfally “1ess optimal” than their average, with the exception of
process allowed a dose at the isocenter as high as 99 Gy, ithe initial conditiong. Figure 3 illustrates for the above ref-

which we get the best results in terms of percentage of su@rence configuration the DVHSs for the tumor target and the
cess cases. considered OARgrectum, bladder, and the bogyfor the

same configuration, in Fig. 4, a sample dose distribution is
shown across a section 1.5 cm from the isocenter, from
which a high degree of the dose conformation of the tumor
volume is apparent.

To characterize the complexity of the IMRT plan optimi-  The centroids of the analyzed distributions are shown in
zation problem we take in sequence the following steps: Fig. 5@). It is seen that in successive stages the distance

RESULTS
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Fic. 3. DVHs for the tumor target and the considered OARRstum, blad-

very slowly to a low-lying solution with high computational
load, or be stopped by the intrinsic roughness of the surface.

Figures %b) and 5c), characterize the clouds at succes-
sive stages and their centroids in terms of TCP, NTCP, and
the related probability of success of the treatment plan. Panel
(b) illustrates a sensitivity analysis of the probability of suc-
cess with respect to the radio-sensitivity parameter. It is
seen that for radio-resistant cases even at the end of the op-
timization process there are high chances of a poor result of
the plan. On the other hand, parie] shows that already at
intermediate stages of optimization the estimated TCP and
NTCP imply a success, for the modulations corresponding to
the centroids of the clouds.

Figure 6 provides an indication of the computational ef-
fort needed to complete the analysis of Fig. 5, in terms of the
average number of stegsomputations of the cost functipn
needed to complete an optimization history. To compute the
centroids of the successive clouds would therefore imply

der and the bodyfor the reference beam modulations. The shaded regionsmu|tip|ying the number in Fig. 6 for each stage by the num-
are the regions subject to penalty according to the dose-volume constrainﬁer of histories

derived from Ref. 17.

Dependence on the initial conditions

between the cloud of solutions and the reference configura- We now examine the implication of the stochastic com-
tion decreases linearly with decreasing values of the logaponent of the chosen optimization algorithm. Thearam-
rithm of the cost function. The black symbols which corre- eter provides an effective measure of the “resolution power”
spond to the averages at successive stages have consistentiyh which the algorithm is able to sense the irregularities of
values of the cost function distinctly lower than the memberghe cost function surface. At any point of the surface

of the cloud. The picture emerges of the end-points at eacteached by the algorithm, the direction of the gradienF of
stage being symmetrically distributed around lower configu-determines the allowed directiofithose for which the cost
rations, at a moderately fluctuating distance from them; théunction decreasesas the unit vectors parallel to the coor-
centroid of the clouds slowly drifts from a stage to the next.dinate axis, forming an acute angle with the gradiget
Whatever the underlying geometry of the cost function surmember that at each step the algorithm chooses only one
face, the message of this first stage of analysis is that a singfgencil beam to be changed, which amounts to a move in the
deterministic optimization trajectory would, at best, convergedirection of one of the coordinate aye€On average, the

20
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Fic. 4. Dose distribution across a sec-
tion 1.5 cm from the isocenter for the
reference beam modulations. The dose
levels are coded according to the gray-
scale color bar on the right. The modu-
H lation profiles and orientations of the
50 five beams are also shown. The aster-
isk marks the isocenter. The thick
curves enclose the body, the OARs
(bladder and rectujnand the target:
the latter is that containing the higher
values of absorbed dose.
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Fic. 5. A measure of the complexity of the optimization process. All the optimization histories start from random initial modulatisria Fig. 1.(a) The
centroids of the distributionéwvhite symbol$ and the averages of the modulatiofidack symbols are reported at different stagds® )—stage O, initial
conditions; (<)—stage 1,A=0.5; (>>)—stage 2,A=0.25; (*)—stage 3,A=0.125; ((J)—stage 4,A=0.0625; (A)—stage 5A=1/2; (V)—stage 6,A
=1/2°. Dotted line is a linear fit of the centroids of the last five optimization stageg; log x+p,, wherep;=0.9552+ 0.0013 anch,=14.48+0.031. The
asymptotic distance of the cloud centroid from the reference modulétienintersection between the dashed and dotted)liiseg,,;,=4.572+0.031. (b)
Dependence of the radiobiological quality of the optimized plans on the tumor radiosensitivity: percentage of success cases from the distolvations
(a) for different« ({@)=0.26 Gy ! ando,=0.06 Gy 1) across the optimization stagés) TCP, bladder NTCP and rectum NTG$ee the legendor the
average modulatiorfblack symbols in pangl)]: For the TCP model we used the worst {a)— o,=0.20 Gy 1. The number of optimization histories is
100.

representative point on the cost function surface will move in  Figure 7 repeats the analysis of the previous section for a
the direction of the average over the above allowed unit vecvery small initial value ofA. This would correspond to ef-
tors (in two dimensions, that would be the direction bisectingfectively removing much of the residual stochasticity in the
the quadrant containing the gradient vegt@iven an initial  optimization history, and in the limit of a totally determinis-
value of A, small enough that the gradient of the cost func-tic trajectory the end-point cloud would contract to a point
tion surface does not vary significantly over distances of or{the nearest available local minimiinin Fig. 7 the reference
der A, the average direction just defined will not fluctuate configuration is again the average modulation of the final
much, and the algorithm becomes essentiddgally) deter-  cloud. This case with small initiak can be viewed as one in
ministic. which the (smalle) stochastic component makes the differ-
ent trajectories emerging from the common zero initial con-
dition to “diffuse” to a lesser extent.

14000 In this more deterministic case the optimization trajectory
@ 12000 . ends up nearer to the common reference configuration; so, in
2 10000 this case there seems to be a “good” direction leading from
§ the null initial condition to low-lying minima, and changing
~, 8000 1 frequently the direction of motion oA worsens the result. In
= 6000 other words, from the chosen initial condition, with all pencil
s beams zero, there appears to be a groove available towards
é 4000 low-lying minima, such that the best strategy is to deviate as
2 5000 little as possible from the groove. In fact, the chosen initial
condition is special in that it selects a wide subspace of the
0 pencil beams which should ultimately be zero because they

0 1 2 3 4 5 8 X Y PE
Optimization stage point towards an OAR, and the optimization process has to

monotonically increase the modulation for the pencil beams
Fic. 6. Number of evaluations of the cost function needed to complete thehitting the target until the required constraints are satisfied.
different optimization stages. The averagsgmbols and the standard de- ' . . -
viations (error bars of the needed steps are computed over the 91 minimi- The latter process would be visualized as sliding along the
zations of Fig. 5. groove, while any move erroneously trying to increase the
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Fic. 7. Distributions of “refined” op-
timized histories at different stages
starting from the same initial condition
(xo=0). (& The centroids of the dis-
tributions (white symbol$ and the
mean of the modulationgblack sym-
bols) are reported{ ¢ )—stage 0, ini-
tial condition (not visible for the cho-
sen x-scalg; (<l)—stage 1, A
=0.0625; (>>)—stage 2, A=1/2;
(*)—stage 3,A=1/2. Dotted line—
linear fit as in Fig. %a) where p;
=0.5082+0.0056, p,=8.587+0.055
andy,i,=3.3150+ 0.0002.(b) Depen-
i II(T;(F;P Rectum ] dence of the radiobiological quality of
_A_ NTCP Bladder | | the optl_mlzed pl_ans on the tumor radi-

osensitivity, as in Fig. ®). (c) TCP,
bladder NTCP, and rectum NTCP ver-
sus the optimization stage as in Fig.
5(c). One hundred optimization histo-
ries are used.
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modulation of the other pencil beams would amount to tryingdeed, one is led to try performing a small number of optimi-
to climb the walls. zations, averaging the end-point modulations and using the
As has been reported by various authors, an informe@verage as the tentative solution of the optimization problem.
choice of the initial condition could greatly reduce the com-Figure 8 illustrates to what extent such a strategy works in
plexity of the optimization problem. In order to clarify this the case at hand.
point a fluence field based on the shadow projected by the Forthe same optimization trajectories of Figvéhite and
tumor along the beam directions has been analyzed. The oblack symbol§, at each stage we also plot in paral the
tained results are very similar to the case of a null startingonfigurations resulting from averaging two by twiaght
modulation(data not shown also in this case a subset of gray symbols and four by four(dark gray symbols all
pencil beams are “frozen” in the good starting position, andmodulation vectors. It is seen from pan@) [(c)] that the
the optimization process wanders in a narrow subsgéee distribution of the success probability in this case is compa-
above groovewhere only the remaining degrees of freedomrable to that of Fig. 5, so that picking at random any two
have to be adjusted. For this reason it is possible that bottfour) light (dark gray points would provide a good solution
the null initial condition and the uniformly modulated pencil even in the worst case.
beam on the tumor shadow are in fact a good initial condi- So, when no clue on a good initial condition is available,
tion in most cases. it is tempting to assume that a good strategy would be to
Panels(b) and (c) in Fig. 7 illustrate the radiobiological perform a few optimizations starting from random initial
assessment for the present case. The probability of successnditions, and adopting as the solution the average of the
[panel (b)] is improved with respect to the random initial final set of modulations found.
conditions (Fig. 5): high probability of success is reached
more quickly, and the sensitivity is lowered. The TCP and
NTCP estimates clearly show the implication of the peculiarCONCLUSIONS

initial condition: both start with a zero value, as they should We have demonstrated that, for the case of a prostate

gifven (tjhat r?o.(;Jolse isdq§liver(id, tohl:_)ehcgnt;]asted Witg the CASKIRT therapy optimization, the multiplicity and distribution
of random initial conditions, for which both TCP and NTCP of suboptimal solutions can be estimated, and the impact of

start near 100%. such distribution on the clinical quality of the treatment can

be evaluated. As a byproduct of the analysis, we have also

devised a way for quickly estimating near-optimal solutions.
The presence and relevance of local minima in TP opti-
In the preceding analysis we consistently observed that, ahization problems is a much debated subfecand the

a given stage of the optimization process, the average modujualitative indication is that, when beam orientations are not

lation over many sampled histories constitute a better modunvolved in the optimization procedure, local minima are

lation choice compared to all the single ones. This observapresent in general, but do not pose a real probléhOther

tion suggests a strategy for obtaining good approximat@authors, however, have long applied stochastic approaches

solutions with a reduced computational effort, compared tdike the simulated annealing to TP optimization problems,

stochastic approaches such as the simulated annealing. lkrown to efficiently deal with the local minima problem.

A heuristic approach to reducing the uncertainty of
the solution
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1® : ' ' ' ' " 190 & o-(a)+o Fic. 8. Distributions of “coarse” opti-
| _ 80t - a=(a) ¢ mized histories at different stages
14F 0 2 v a=({a)-c starting from random initial conditions
| 8 sl ¢ as in Fig. 5 when modulations are
I 9 & grouped 2 by 2(light gray symbols
12 1 4+ 9 and 4 by 4(dark gray symbols Other
| <% ’ § 4op symbols and optimization stages as in
I a Fig. 5. (a) Dotted line on light gray
;10 r : . RER | 20¢ B 1 symbols—linear fit over the distribu-
9 | + N N tion centroids of the histories grouped
=gl S i 0———= » ' ' ' 2 by 2 on the last five optimization
X | '+' 100 stages: y=p; logx+p,, where p;
x | ..{,. 'l><l A oc=(oc)+ca =0.835-0.018,p,=12.12+0.15, and
Y S ﬁ# 1 & 80~ a=(a) Yimin=3.460+0.018; Dotted line on
(I _.*\'F . Lt v a=(a)-o, dark gray symbols—linear fit over the
S 8 ol 4 by 4 centroids of the last five opti-
4r '_Nﬁ_.# « 1 8 mization stages wherep,;=0.808
:‘A»‘“ 2 o +£0.018, p,=10.91-0.17, and ymy
ol | > |l s =2.524+0.014. (b) and (c) Suscepti-
I % A. D ol C bility to the tumor radiosensitivity of
Im the plans quality versus the optimiza-
0 ,g " " " . o0l & & & . . . tion stages, respectively, for histories
10° 10 10 107 107 10° 6 1t 2 3 4 5 6 grouped 2 by 2 and 4 by fsee Fig.
F(x,) (a.u) Optimization stage 5(b) for details.

Probing complexity of the cost function using a large will be relevant of course to check the extent to which the
number of random initial conditions for the optimization pro- method and the results extend to other pathologies and are
cess is an established strategy in the wider domain of optirobust against all the sources of variabilitiariable anatomy
mization theory? The analysis of the results in a suited bi- among different patients, the same patient in time,)etc.
dimensional spacédistance from a reference modulation Planned improvements include using a more accurate dose
versuscost function allowed us to introduce a complexity delivery algorithm like a Montecarlo simulation.
index for the IMRT plans. In agreement with other authors, If proven to hold in other cases, the method could serve as
we found a high degree of degeneracy in the solutions for tha basis for a pathology-based evaluation of the need for re-
studied prostate cagél?’the local minima have very simi- fined and computationally expensive optimization proce-
lar cost function values, even if the corresponding beanduresvs the gain in terms of the radiobiological quality of
modulations can be quite different. In addition, our workthe treatment.
proves that neglecting such differences, and then the pres- Another relevant issue relates to the actual precisonl
ence of local minima, significantly affect the radiobiological reproducibility with which a prescribed IMRT modulation
quality of the TP, if a reasonable variability of the model profile can be implemented by the multi-leaf syst&f’
parameters is considered. After we completed the presesince this sets the scale below which any differences in sub-
work, Ref. 14 report a qualitatively similar approach to optimal solutions are ineffective.
evaluate the radiobiological impact of the optimization pro-
cess in presence of Ioc_al minima; the_authors compare errols- . \ GWLEDGMENTS
due to being trapped in a local minima to those due to a
wrong choice of the convergence criterium. The context of We are indebted to M. Benassi and S. Carpino for making
the analysis in Ref. 14 is quite different from ours, oncethe CARO software available to us. Many discussions with
neither IMRT nor DVH-based cost functions are taken intoM. Benassi and S. Marzi were very helpful at various stages
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On the other hand we also found that the computationallgritical reading of the manuscript.
expensive option of simulating annealing and similar ap-
proaches is not necessarily a mandatory choice. Indeed, wgElectronic mail: mattia@iss.infnit
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