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A b s t r a c t 

We describe a search st rategy t h a t may be use­
fu l for a class of design prob lems by develop­
ing an example f r o m cancer r ad ia t i on t reat­
ment p l ann ing . Th i s app l i ca t ion p rob lem i n ­
volves t yp i ca l features of design problems such 
as const ra in ts , o p t i m a l i t y , a large search space 
w i t h cont inuous ly va ry ing parameters as well 
as discrete (non-numer ic ) parameters. There 
is no k n o w n me thod of compar ing elements of 
the so lu t ion space based on a s tat ic eva lua t ion 
f unc t i on . We have therefore developed a dy­
namic evaluation function, wh ich a t t emp ts to 
heur is t ica l ly compare a l l so lut ions w i t h one an­
other , as a way of i n te rp re t i ng the eva luat ion 
results. T h i s al lows us to use an analog of 
h i l l - c l imb ing w i t h a s imple SELECT-GENERATE-
TEST loop where exper t rules are used as "move 
generators' ' and a s im i l a r i t y met r ic is used to 
con t ro l or d i rect the app l i ca t ion of the rules for 
p lan mod i f i ca t i on . P re l im ina ry tests of these 
ideas ind ica te t ha t a p rac t i ca l wo rk i ng system 
can be b u i l t . 

1 P r o b l e m d e f i n i t i o n 

Design prob lems have received a lo t of a t t en t i on recently 
in AI research [Mostow, 1985]. Typ i ca l l y , design tasks 
present d i f f i cu l t p rob lems w i t h b ig search spaces and so­
lu t ions defined in terms o f cont inuous ly va ry ing pa ram­
eters. They usual ly invo lve const ra in ts and o p t i m a l i t y 
c r i te r ia . A n a l y t i c solut ions general ly do not exist and 
exper ient ia l "rules of t h u m b " are not suff ic ient. T h i s is 
because i t is of ten necessary to reason abou t complex 
propert ies of objects, such as the i r geometry, and incre­
menta l l y approach the best so lu t ion by d r a w i n g conc lu­
sions f r o m the explored var iants . T h e few ex is t ing sys­
tems such as: A I R / C Y L [B rown and Chandrasekaran, 
1986], P R I D E [ M i t t a l and A raya , 1986], VT [Marcus e t 
a/., 1988], or B T E x p e r t [Ade l i and Ba lasub ramanyam, 
1988], present ad hoe or pa r t i a l so lut ions to prob lems 
rather than a systemat ic methodo logy . 

*This work was part ial ly supported by N I H grant no. 
LM04174 f rom the National L ibrary of Medicine and con­
tract no. CM97282 f rom the Nat ional Cancer Inst i tute. 

The p rob lem d o m a i n we are addressing is rad ia t i on 
therapy p lann ing . T rea tmen t o f cancer w i t h rad ia t i on 
usual ly involves set t ing up several r ad ia t i on sources to 
f i t the pa t ien t ' s geometr ica l shape and medical status. 
T h e ob ject ive is to achieve a h igh , re la t ive ly un i fo rm 
dose to the disease area ( t u m o r ) , whi le keeping no rma l 
tissue dose w i t h i n tolerance constra ints [Bleehen et a/., 
1983]. An expert rad ia t i on therapy planner (cal led a 
dos imet r i s t ) uses graphic s imu la t i on programs (cal led 
t rea tmen t p lann ing programs, see [Kalet and Jacky, 
1982]) to ob t a in feedback on ten ta t i ve designs tha t may 
need considerable ref inement. T h e o u t p u t o f the s imu­
l a t i o n is a set of rad ia t i on dose contour p lots tha t are 
d i f f i cu l t to in te rpre t except by the t ra ined eye of the 
dos imet r is t . 

We have prev iously repor ted on an expert system tha t 
makes the high- level decisions of r ad ia t i on therapy p lan­
n ing using p roduc t i on rules and pro to types as p lan bu i l d ­
i ng blocks [Kalet and Paluszynsk i , 1985], [Paluszyriski 
and Ka le t , 1987]. The next step was to use the know l ­
edge of the physical propert ies of rad ia t i on and the bio­
logical knowledge of the tissue response to rad ia t i on to 
make sure t ha t the const ructed t rea tment p lan is ac­
ceptable and o p t i m a l in some sense [Paluszyr iski , 1989]. 
T h i s is done by i den t i f y i ng defects in the p lan and t r y i n g 
to f ix t h e m by m o d i f y i n g some of the beams. Because 
o f the specific p rob lem w i t h compara t i ve eva luat ion o f 
cand idate designs (see section 2 below) th is step can 
on ly be effective to a l i m i t e d extent . At some po in t the 
knowledge-based " p l a n op t im i ze r " creates a lo t of pos­
sible p lan improvement suggestions and cannot suggest 
wh ich one offers the best chance of success. In sections 3 
and 4 below we demonst ra te a technique of augment ing 
such a knowledge-based reasoning system to make the 
o p t i m i z a t i o n cycle more effective and easier to con t ro l . 
We believe th is technique w i l l solve th is p rob lem and 
perhaps other s im i la r l y i l l - cond i t i oned ones. 

I t is d i f f i cu l t to create s impl i f ied or abst ract prob­
lem cases tha t w i l l exercise the ideas we have developed. 
There is no way to ver i fy a n y t h i n g w i t h a s t r ipped-down 
system which generates t r i v i a l plans. A lso , there is no 
poss ib i l i t y of bu i l d i ng a smal l scale p ro to t ype — the sys­
t em has to prov ide answers at least for some class of t u ­
mors. T h i s requires the fu l l capabi l i t ies o f the s imu la t ion 
and a l l the detai ls o f sophist icated rad ia t i on t rea tment . 
For example , we have had to incorpora te the hand l i ng of 
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the geometry of sh ie ld ing lead blocks, wedge f i l ters and 
so on . W i t h o u t th is , the knowledge of p lan improvement 
w i l l rare ly app ly . We have not imp lemented the complete 
system yet b u t have tested the ideas presented on some 
real pa t ien t cases. T h e p re l im ina ry results show tha t the 
m e t h o d is p romis ing enough to war ran t imp lemen t ing a 
f u l l p ro to t ype system [Paluszynski , 1989]. 

2 E v a l u a t i n g cand ida te so lu t ions 

In most prob lems where a r t i f i c ia l intel l igence techniques 
have been app l ied to search for a so lu t ion there is a way 
of eva lua t ing a cand idate so lu t ion as soon as, or even 
before, i t is f u l l y const ruc ted. In other words, j us t by 
l ook ing at a cand idate one can determine how good i t is. 
Such an eva lua t ion mechanism is cal led a static evalua­
t i on f unc t i on . Fur ther , one can compare the value results 
o f two candidates to determine wh ich one is "be t te r . " An 
eva luat ion f unc t i on wh ich provides such capab i l i t y w i l l 
be cal led scalar. As we w i l l demonst ra te here, construct­
i ng an eva lua t ion func t i on for rad ia t ion therapy design 
wh ich wou ld be bo th stat ic and scalar appears to be i m ­
possible. T h i s un fo r tuna te fact is the m a i n mot i va t i on 
for the approach presented here. 

2 . 1 S t a t i c e v a l u a t i o n 

A measure of "goodness" of a rad ia t i on t reatment p lan 
has to inc lude the d i s t r i b u t i o n of rad ia t ion doses in the 
cancerous target vo lume as wel l as w i t h i n the no rma l t is­
sue and especial ly c r i t i ca l organs wh ich are par t i cu la r ly 
sensit ive to r ad ia t i on . T h e eva luat ion pr inc ip le can be 
stated as fo l lows: 

A p lan which delivers doses w i t h i n ±5% of 
the prescr ibed t u m o r dose to a l l defined tumor 
area, and keeps the doses w i t h i n a l l c r i t i ca l or­
gans below their respective tolerance doses has 
the m a x i m u m chance o f cu r ing the pat ient . 

T h i s p r inc ip le defines the const ra in ts on the t reatment 
plans bu t in a d i f f i cu l t real ist ie case i t may be next to 
impossib le to f ind a p lan sat is fy ing t hem. I f an ideal 
s i t ua t i on cannot be achieved the physic ian may accept 
a s l ight underdose of the t u m o r (up to 10%), a narrower 
safety m a r g i n a round i t , or even overdosing a cr i t ica l or­
gan up to the po in t o f sacr i f ic ing the organ. The mech­
an ism of m a k i n g those subt le concessions seems to be 
impossib le to mode l using any ma themat i ca l func t ion 
comb in ing so lu t ion features. 

A great deal of research has been done on t r y i n g to 
const ruct such an eva luat ion func t i on [Wolbarst et a/., 
1982]. I t is desirable for two m a i n purposes: ( i) for 
ob ject ive eva lua t ion of t rea tment p lans, for example in 
order to decide whether to accept one or not , and ( i i ) 
for subject ive eva lua t ion , for example to decide which of 
two cand idate plans is a bet ter mate r ia l for fu r ther op­
t i m i z a t i o n . I t is in teres t ing to note tha t these purposes 
are pa r t i a l l y con t rad ic to ry , at least as far as the radia­
t i on therapy design is concerned. Objec t ive evaluat ion 
requires more e laborate results to be useful. For exam­
ple, i t is ha rd to te l l w h a t needs improvement in a p lan 

w i t h the evaluat ion result o f 0.6. B u t th is type of s imple 
and concise evaluat ion results are ideal for the subject ive 
(comparat ive) eva luat ion. 

2 .2 D y n a m i c e v a l u a t i o n 

Th is led us to abandon the search for an evaluat ion 
scheme which wou ld be bo th stat ic and scalar. Instead, 
we developed two evaluat ion mechanisms and the system 
uses the results which it cur rent ly needs. The f irst phase 
is stat ic evaluat ion wh ich , after ana lyz ing the s imulated 
dose d i s t r i bu t i on w i t h i n the pat ient 's body, produces a 
l ist of trouble spots. These are locat ions of doses being 
in v io la t ion w i t h the evaluat ion pr inc ip le stated above. 
They appear as either cold spots or hots pots, depending 
of the d i rect ion of th is v io la t ion . These results are used 
d i rect ly by a knowledge-based system which a t tempts to 
" f i x " any defects in a t reatment p lan . 

The second evaluat ion phase, called dynamic evalu­
ation, uses the results of the first phase. For any two 
given plans, i t tr ies to determine wh ich one is bet ter . 
Such a quest ion can only occasionally be answered in 
a categorical way (otherwise evaluat ion of plans would 
not be so hard) . Therefore we in t roduce some heurist ics 
to guess which p lan is l ike ly better and we also al low 
this quest ion to remain unanswered. In other words, the 
evaluat ion func t ion described here w i l l be pa r t i a l . Th i s 
is unavoidable bu t , since th is func t ion determines the d i ­
rections of search, hav ing too l i t t l e i n fo rma t ion we may 
end up exp lor ing many unnecessary candidates. How­
ever, the search technique presented below (section 4) 
also works w i t h incomplete evaluat ion results. When 
the i n fo rma t i on is not avai lable for a given po in t in the 
solut ion space i t looks in the immed ia te ne ighborhood. 
The more i n fo rma t i on is available the more eff iciently 
can it be used. 

The actual fo rm of the evaluat ion results is a collec­
t ion of vectors in the so lut ion space. Plans are compared 
pairwise w i t h respect to several heurist ic measures of 
"p lan goodness" and the results of these comparisons 
are stored in each p lan as un i t length vectors which 
po in t toward the "be t te r " p lan . A n y t rea tment p lan 
can have a number of such evaluat ion vectors associated 
w i t h it. Plans hav ing a lo t of inward po in t i ng vectors are 
those which compare favorably w i t h a lo t of other plans, 
and vice versa. Aside f r om such clearly "successful" or 
" fa i l ed" plans the vectors carry much more i n fo rma t i on 
in them. For example, a p lan which has a few of bo th i n ­
ward and ou tward vectors can be ident i f ied as being on a 
successful op t im iza t i on pa th i f a lo t of i ncoming vectors 
come f rom one general d i rect ion and a lo t of ou tgo ing 
vectors po in t to another general d i rec t ion . I t can also 
exh ib i t no clear d i rec t iona l i ty . In section 4 we describe 
how these evaluat ion results are in terpreted and used to 
ident i fy most p romis ing areas of the so lu t ion space. 

Figure 1 shows schematical ly a s i tua t ion where p lan B 
compared favorably to p lan A and unfavorably to plans 
C and D. P lan E d id not give a clear answer to compar­
isons w i t h any other p lan . Th i s example uses two de­
sign parameters (plans represented in two dimensions) 
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and j u s t one heur is t ic compar ison c r i te r ion (at most one 
eva luat ion vector is present for each pai r of p lans) . 

I l l brief, in th is sect ion we described some ways of eval­
ua t i ng the inheren t l y ha rd to evaluate rad ia t i on t reat ­
ment plans. We showed t ha t by g i v ing up the scalar 
p roper ty of the eva lua t ion results we can have very 
mean ing fu l and i n t u i t i v e results wh ich are d i rec t ly use­
fu l in the t rea tment p lan o p t i m i z a t i o n cycle ( to generate 
p lan " f i xes" ) . We also in t roduced the no t i on of a dy­
namic evaluation function and showed how t rea tmen t 
plans cou ld be compared in a mean ing fu l way. T h i s 
f unc t i on gives on ly an i nd i ca t i on of wh ich cand idate solu­
t ions are bet ter bu t does not prov ide the absolute scores. 
W h i l e we know tha t i t can in many cases be computed we 
have not yet shown how i ts outcome can be in terpre ted 
to cont ro l the search (see section 4 be low) . 

3 Search space and t he s i m i l a r i t y 
m e t r i c 

Our approach to the p rob lem described here requires an 
exp l ic i t representat ion of the so lu t ion space. We need to 
see the po ten t ia l therapy plans as po in ts in th is space 
and to have a " s i m i l a r i t y m e t r i c " for dec id ing whether 
two plans are " s im i l a r " or no t . 

In pr inc ip le i t is not ha rd to define such a met r ic when 
deal ing w i t h con t inuous ly -va ry ing parameters. However, 
our search space is somewhat compl ica ted by the pres­
ence of some discrete parameters l ike the rad ia t i on type 
or wedge f i l ters and blocks inserted in the beam pa th to 
mod i f y the dose prof i le in some desired way. A lso , deal­
ing w i t h plans w i t h di f ferent number o f rad ia t i on beams 
causes the so lu t ion space to have a va ry ing number of 
d imensions. (Each beam has a number of character ist ics 
l ike a par t i cu la r d i rec t ion , cross sect ion size and shape, 
rad ia t i on t ype , energy, t rea tmen t t ime , etc. ) . 

T h e s im i l a r i t y met r ic , compu ted accord ing to the 
above f o rmu la , is the m a x i m u m of the scaled parame­
ter difference over a l l the parameters. T h i s way, i f two 
dif ferent plans have a number of parameters s l igh t ly dif­
ferent then they can be considered s imi la r whereas i f 
even one parameter is s ign i f icant ly di f ferent then they 
are no t . W h i l e a l l parameters are scaled some also re­
qui re add i t i ona l special t r ea tmen t . For example , beam 
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angles must be ad jus ted m o d u l o 360° . W h e n one p lan 
has more beams t han another then ex is t ing beams are 
compared to non-ex is t ing beams. In such case a l l pa ram­
eters in the non-ex is t ing beam are taken to be the same 
as in the ex is t ing beam, except beam in tens i ty (mon i to r 
un i ts ) wh ich is taken to be 0.0. Th i s way, i f one p lan only 
differs f r o m another one by a beam of smal l in tens i ty i t 
can s t i l l be found to be close to the other one. 

One d i f f i cu l ty in th is scheme is in dec id ing wh ich are 
the "co r respond ing" beams in two plans being compared. 
Of course, compar ing di f ferent beam pairs in two plans 
w i l l give di f ferent results. We decided the proper way to 
t rea t th is case is to compute the distance for a l l possible 
beam combina t ions and t a k i n g the m i n i m u m distance. 

In summary , we needed an exp l ic i t representat ion of 
the so lu t ion space to be able to see groups of s imi lar 
t rea tmen t plans. There is a measure of "d is tance" (a 
met r i c ) between po in ts in th is space. T h i s metr ic con­
veys the same no t ion of " s i m i l a r i t y " as the candidate 
generator and does not have to correspond in any way 
to the s im i l a r i t y of the results ob ta ined f r o m each can­
d ida te . A l t h o u g h each p rob lem class l ike th is one needs 
to have specific de f in i t i on of a search space and a met r ic , 
the approach we describe should app ly in general. 

4 T h e s i m i l a r i t y analys is o f t he 
s o l u t i o n space 

T h e elements of our r ad ia t i on t rea tment p lann ing sys­
t e m , described above and elsewhere [Paluszyr iski , 1989] 
are: 

* a l i b ra r y o f P R O T O T Y P E S for rap id l y approach­
i ng a reasonably- look ing so lu t ion in many com­
m o n cases of cancer, 

* a SIMULATION S Y S T E M c o m p u t i n g the raw dose 
d i s t r i b u t i o n results, 

* a S T A T I C E V A L U A T I O N F U N C T I O N wh ich p in ­
po in ts t roub le spots (const ra in t v io la t ions) in 
a p l an , 

* EXPERT I M P R O V E M E N T RULES ( t r iggered by 
the const ra in t v io la t i on results) for selecting 
the next mod i f i ca t i on to achieve some desired 
effect in the ex is t ing p l an , 

* a DYNAMIC EVALUATION FUNCTION program 

for heur is t ica l ly compar ing two di f ferent t reat­
ment plans. 

W h a t is s t i l l needed is the me thod of i n te rp re t i ng the 
dynamic eva luat ion results. T h e outcome of th is analy­
sis is needed to select the next most p romis ing t reat­
ment p lan candidate to be op t im i zed , or decide tha t 
no such p romis ing cand idate exists. We can then op­
erate a SELECT-GENERATE-TEST cycle to eff ic ient ly con­
s t ruc t bet ter and bet ter p lans. W h i l e we have already 
described h igh ly specialized components to per fo rm the 
GENERATE and TEST steps the SELECT quest ion needs 
e labora t ion here. 



A s imple scheme to answer th is quest ion is described 
below. We f i rst in te rpre t the dynamic evaluat ion re­
sults to classify a l l explored t rea tment plans as either 
successful or unsuccessful by s imp ly count ing the incom­
ing and ou tgo ing dynamic eva luat ion vectors (see sec­
t i on 2.2 above). The proposed modi f i ca t ions are repre­
sented as unexplored po in ts in the so lu t ion space, along­
side the explored and evaluated po in ts . We then define 
two distances wh ich we ca l l : s imi la r -p lans range ( A ) and 
essential ly-same-plans range (6). T h e n , for a given po in t 
X we on ly analyze the su r round ing areas (actua l ly n-
cubes because of the s im i l a r i t y f o rmu la ) of size A and 
6 consider ing the prev ious ly explored points exist ing in 
those areas. T h e fo l low ing 5 cases are recognized: 

Case 1 Explored points exist w i th in δ. 
> Pr ior i ty : M E D I U M 

Plan X probably does not represent much improvement 
but is worth pursuing in the final fine tuning phase. On 
rare occasions a small change in a parameter value can 
result in a big improvement in dose. 

Case 2 No explored points wi th in 8. Some successful ex­
plored points wi th in A. 
l> Pr ior i ty : H I G H 

This is a promising unexplored area. 

Case 3 No explored points wi th in δ. No successful explored 
points w i th in A. Some unsuccessful explored points 
wi th in A . 

Pr ior i ty : L O W 
This is an unpromising area. Explore it only after all 
other possibilities failed. 

Case 4 No explored points wi th in δ. No successful or unsuc­
cessful explored points wi th in A (there can exist some 
explored points but they could not be clearly evaluated 
as successful or not successful). 
t> Pr ior i ty : M E D I U M - L O W 

No useful information seems possible to extract from the 
existing plans. Do not waste t ime unless all other places 
are just the same. 

Case 5 No explored points wi th in 6 or A. 
l> Pr ior i ty : M E D I U M - H I G H 

This is a new area which wi l l be worth exploring as soon 
as we are done w i th the hot places. 

The above procedure is ac tua l l y on ly a s impl i f ied ver­
sion of a more e laborate heur ist ic we are current ly i n ­
vest igat ing . On the one hand , one can use a pa t te rn 
classi f icat ion procedure (such as clustering, see fDuda 
and H a r t , 1973]) to guide the exp lo ra t ion of the solu­
t i on space by the clouds, or clusters, instead of f ixed-
size ranges. Pr io r i t ies wou ld then be assigned to clusters 
and any new proposed plans w i t h i n h igh -p r io r i t y clusters 
wou ld be explored f i rs t . On the other hand , even more 
i m p o r t a n t l y , we are t r y i n g to extend the above scheme 
to take more advantage of dynamic evaluat ion vectors. 
W h i l e cur ren t l y we are i n te rp re t i ng them only as i nd i ­
cators of success or fa i lure of plans we would also l ike 
to use the d i rec t i ona l i t y of the vectors (see section 2.2 
above) to fu r the r improve the efficiency of the search. 

T h e process described here is a l i t t l e l ike a numerical 
search procedure where new po in ts are in t u r n gener­
ated in the so lu t ion space, evaluated, and some po in t 

selected for fur ther generat ion. Unl ike the numer ica l 
methods, however, the new points are generated by a 
specialized rule based expert system which recommends 
qua l i ta t i ve ly the " r i g h t " f ix for any p rob lem. So the na­
ture of the traversal in the so lu t ion space is di f ferent. 
Nevertheless the whole process represents a comb ina t ion 
of a rule based approach, which gives a good representa­
t ion of the planner 's expert ise, w i t h numer ica l methods 
tha t reduce the amount of search in a way tha t is com­
plementary to the symbol ic knowledge. 

5 Resu l t s a n d conc lus ions 

We are in the process of imp lemen t ing the whole system 
w i t h a rule base for head and neck cancers and t reat­
ments by the rad ia t ion therapy machines avai lable at 
the Univers i ty of Wash ing ton Cancer Center. The ra­
d ia t i on t reatment s imu la t ion programs we ut i l ize [Kalet 
and Jacky, 1982] are used rou t ine ly by human expert 
dosimetr ists as an a id in the process of designing t reat­
ments for Univers i ty Cancer Center pat ients. These pro­
grams and the numer ica l procedures for the p lan evalu­
a t ion are w r i t t en in Pascal whi le the symbol ic reasoning 
system is w r i t t en in C o m m o n L isp. The whole system 
[Paluszyriski, 1989] is meant to be eventual ly used in 
a id ing the physicians in ob ta in ing therapy plans in da i ly 
pract ice. Physicians would s t i l l be able to use the plans 
as they wish, bu t the p rogram wou ld save them f rom 
doing the most t ime-consuming task, namely, exp lor ing 
al l the available opt ions. 

Wh i le the f inal results w i l l not be avai lable un t i l the 
full-scale system is coded and tested on the most d i f f i ­
cu l t cases, we have tested al l i ts elements as separate pro­
grams on a smal l sample of t rea tment plans for 5 pat ient 
cases. As expected, the p roduc t ion system, even un­
der the most favorable condi t ions, generated some n u m ­
ber of dead-end plan improvement candidates. These 
dead-ends were at f irst easily prevented f rom fur ther 
exp lora t ion , as long as al l clearly better opt ions were 
open. When they were f ina l ly explored they blocked 
fur ther search around them because either they were 
un-evaluable or evaluated to fai lures. More i m p o r t a n t l y 
however, there were many cases where the p lan s imi lar­
i t y played a ma jo r role. Whenever there was a promis­
ing plan A and an unsuccessful mod i f i ca t ion of i t B, the 
process of exp lor ing the close ne ighborhood of A wou ld 
invar iab ly lead to exp lor ing a corresponding neighbor­
hood of B because the same rule tha t generated B in 
most cases also appl ied to a l l plans around A. However, 
whenever the f irst p lan in B's neighborhood was evalu­
ated and determined to be a fa i lure al l the others were 
also au tomat ica l l y prevented f rom being evaluated. Th is 
behavior is very desirable and resulted in the greatest 
saving in search t ime. 

Several questions have come up tha t warrant fur ther 
exp lora t ion. The scheme we describe works best if a 
dynamic score can be generated tha t is complete and 
rel iable; i ts performance gradua l ly degrades when the 
results become more and more sparse. I t wou ld be i n ­
terest ing to ob ta in some quan t i t a t i ve measure of th is 
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degradat ion (eg. how many more unsuccessful plans are 
explored i f the evaluat ion results are only available in 
10% vs. 50% of cases). 

The dynamic evaluation technique is an open ground 
for exper imentat ion. As mentioned above, in terpret ing 
the d i rect ional i ty of success/failure vectors leads to more 
pr io r i t y levels and thus better control of the search. Bu t 
since the current evaluat ion funct ion is based on simple 
heuristics there is a great potent ia l for fur ther ref ining i t . 
Such a funct ion would be invaluable in rad ia t ion oncol­
ogy not only to speed up the treatment p lanning process 
but even to develop and study new approaches to rad i ­
at ion t reatment . Developing new treatment approaches, 
such as 3-D treatments is most ly constrained by di f f icul­
ties in evaluat ing such treatments by humans. 

The pract ical impl icat ions of creating a therapy de­
sign system that performs well are clear, in that a much 
greater range of plans can be considered for each pa­
t ient , in searching for an acceptable or op t ima l p lan. 
Furthermore, th is approach can easily be generalized to 
apply to other mul t i -d imens ional , heterogeneous and i l l -
condit ioned design problems and we can also expect to 
achieve good results. 
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