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e, RI 02912Abstra
tWe present a method for extra
ting parts of obje
tsfrom wholes (e.g. \speedometer" from \
ar"). Givena very large 
orpus our method �nds part words with55% a

ura
y for the top 50 words as ranked by thesystem. The part list 
ould be s
anned by an end-userand added to an existing ontology (su
h as WordNet),or used as a part of a rough semanti
 lexi
on.1 Introdu
tionWe present a method of extra
ting parts of obje
tsfrom wholes (e.g. \speedometer" from \
ar"). Tobe more pre
ise, given a single word denoting someentity that has re
ognizable parts, the system �ndsand rank-orders other words that may denote partsof the entity in question. Thus the relation foundis stri
tly speaking between words, a relation Miller[7℄ 
alls \meronymy." In this paper we use the more
olloquial \part-of" terminology.We produ
e words with 55% a

ura
y for the top50 words ranked by the system, given a very large
orpus. La
king an obje
tive de�nition of the part-ofrelation, we use the majority judgment of �ve humansubje
ts to de
ide whi
h proposed parts are 
orre
t.The program's output 
ould be s
anned by an end-user and added to an existing ontology (e.g., Word-Net), or used as a part of a rough semanti
 lexi
on.To the best of our knowledge, there is no publishedwork on automati
ally �nding parts from unlabeled
orpora. Casting our nets wider, the work most sim-ilar to what we present here is that by Hearst [5℄ ona
quisition of hyponyms (\isa" relations). In that pa-per Hearst (a) �nds lexi
al 
orrelates to the hyponymrelations by looking in text for 
ases where known hy-ponyms appear in proximity (e.g., in the 
onstru
tion(NP, NP and (NP other NN)) as in \boats, 
ars, andother vehi
les"), (b) tests the proposed patterns forvalidity, and (
) uses them to extra
t relations froma 
orpus. In this paper we apply mu
h the same

methodology to the part-of relation. Indeed, in [5℄Hearst states that she tried to apply this strategy tothe part-of relation, but failed. We 
omment later onthe di�eren
es in our approa
h that we believe weremost important to our 
omparative su

ess.Looking more widely still, there is an ever-growing literature on the use of statisti
al/
orpus-based te
hniques in the automati
 a
quisition oflexi
al-semanti
 knowledge ([3,4,6,8,9,10℄). We takeit as axiomati
 that su
h knowledge is tremendouslyuseful in a wide variety of tasks, from lower-leveltasks like noun-phrase referen
e, and parsing to user-level tasks su
h as web sear
hes, question answering,and digesting. Certainly the large number of proje
tsthat use WordNet [7℄ would support this 
ontention.And although WordNet is hand-built, there is gen-eral agreement that 
orpus-based methods have anadvantage in the relative 
ompleteness of their 
ov-erage, parti
ularly when used as supplements to themore labor-intensive methods.2 Finding Parts2.1 PartsWebster's Di
tionary de�nes \part" as \one of theoften inde�nite or unequal subdivisions into whi
hsomething is or is regarded as divided and whi
h to-gether 
onstitute the whole." The vagueness of thisde�nition translates into a la
k of guidan
e on exa
tlywhat 
onstitutes a part, whi
h in turn translates intosome doubts about evaluating the results of any pro-
edure that 
laims to �nd them. More spe
i�
ally,note that the de�nition does not 
laim that partsmust be physi
al obje
ts. Thus, say, \novel" mighthave \plot" as a part.In this study we handle this problem by asking in-formants whi
h words in a list are parts of some targetword, and then de
laring majority opinion to be 
or-re
t. We give more details on this aspe
t of the studylater. Here we simply note that while our subje
ts1



often disagreed, there was fair 
onsensus that whatmight 
ount as a part depends on the nature of theword: a physi
al obje
t yields physi
al parts, an in-stitution yields its members, and a 
on
ept yields its
hara
teristi
s and pro
esses. In other words, \
oor"is part of \building" and \plot" is part of \book."2.2 PatternsOur �rst goal is to �nd lexi
al patterns that tend toindi
ate part-whole relations. Following Hearst [5℄,we �nd possible patterns by taking two words thatare in a part-whole relation (e.g, basement and build-ing) and �nding senten
es in our 
orpus (we used theNorth Ameri
an News Corpus (NANC) from LDC)that have these words within 
lose proximity. The�rst few su
h senten
es are:... the basement of the building.... the basement in question isin a four-story apartment building ...... the basement of the apartment building.From the building's basement ...... the basement of a building ...... the basements of buildings ...From these examples we 
onstru
t the �ve pat-terns shown in Table 1. We assume here that partsand wholes are represented by individual lexi
al items(more spe
i�
ally, as head nouns of noun-phrases) asopposed to 
omplete noun phrases, or as a sequen
e of\important" noun modi�ers together with the head.This o

asionally 
auses problems, e.g., \
onditioner"was marked by our informants as not part of \
ar",whereas \air 
onditioner" probably would have madeit into a part list. Nevertheless, in most 
ases headnouns have worked quite well on their own.We evaluated these patterns by observing howthey performed in an experiment on a single example.Table 2 shows the 20 highest ranked part words (withthe seed word \
ar") for ea
h of the patterns A-E.(We dis
uss later how the rankings were obtained.)Table 2 shows patterns A and B 
learly outper-form patterns C, D, and E. Although parts o

ur inall �ve patterns, the lists for A and B are predom-inately parts-oriented. The relatively poor perfor-man
e of patterns C and E was anti
ipated, as manythings o

ur \in" 
ars (or buildings, et
.) other thantheir parts. Pattern D is not so obviously bad as itdi�ers from the plural 
ase of pattern B only in thela
k of the determiner \the" or \a". However, thisdi�eren
e proves 
riti
al in that pattern D tends topi
k up \
ounting" nouns su
h as \tru
kload." Onthe basis of this experiment we de
ided to pro
eedusing only patterns A and B from Table 1.

A. whole NN[-PL℄ 's POS part NN[-PL℄. . . building's basement . . .B. part NN[-PL℄ of PREP fthejag DETmods [JJjNN℄* whole NN. . . basement of a building . . .C. part NN in PREP fthejag DETmods [JJjNN℄* whole NN. . . basement in a building . . .D. parts NN-PL of PREP wholes NN-PL. . . basements of buildings . . .E. parts NN-PL in PREP wholes NN-PL. . . basements in buildings . . .Format: type of word TAG type of word TAG ...NN = Noun, NN-PL = Plural NounDET = Determiner, PREP = PrepositionPOS = Possessive, JJ = Adje
tiveTable 1: Patterns for partOf(basement,building)3 Algorithm3.1 InputWe use the LDC North Ameri
an News Corpus(NANC). whi
h is a 
ompilation of the wire outputof several US newspapers. The total 
orpus is about100,000,000words. We ran our program on the wholedata set, whi
h takes roughly four hours on our net-work. The bulk of that time (around 90%) is spenttagging the 
orpus.As is typi
al in this sort of work, we assume thatour eviden
e (o

urren
es of patterns A and B) isindependently and identi
ally distributed (iid). Wehave found this assumption reasonable, but its break-down has led to a few errors. In parti
ular, a draw-ba
k of the NANC is the o

urren
e of repeated ar-ti
les; sin
e the 
orpus 
onsists of all of the arti
lesthat 
ome over the wire, some days in
lude multiple,updated versions of the same story, 
ontaining iden-ti
al paragraphs or senten
es. We wrote programsto weed out su
h 
ases, but ultimately found themof little use. First, \update" arti
les still have sub-stantial variation, so there is a 
ontinuum betweenthese and arti
les that are simply on the same topi
.Se
ond, our data is so sparse that any su
h repeatsare very unlikely to manifest themselves as repeatedexamples of part-type patterns. Nevertheless sin
etwo or three o

urren
es of a word 
an make it rankhighly, our results have a few anomalies that stemfrom failure of the iid assumption (e.g., quite appro-



Pattern Aheadlight windshield ignition shifter dashboard ra-diator brake tailpipe pipe airbag speedometer 
on-verter hood trunk visor vent wheel o

upant en-gine tyrePattern Btrunk wheel driver hood o

upant seat bumperba
kseat dashboard jalopy fender rear roof wind-shield ba
k 
lunker window shipment reena
tmentaxlePattern Cpassenger gunmen lea
et hop houseplant airbaggun koran 
o
aine getaway motorist phone meninde
en
y person ride woman detonator kid keyPattern Dimport 
aravan make dozen 
ar
ass shipment hun-dred thousand sale export model tru
kload queuemillion boatload inventory hood registration trunktenPattern Eairbag pa
ket swit
h gem amateur devi
e handgunpassenger �re smuggler phone tag driver weaponmeal 
ompartment 
roatian defe
t refugee delayTable 2: Grammati
al Pattern Comparisonpriately, \
lunker").Our seeds are one word (su
h as \
ar") and itsplural. We do not 
laim that all single words wouldfare as well as our seeds, as we pi
ked highly probablewords for our 
orpus (su
h as \building" and \hos-pital") that we thought would have parts that mightalso be mentioned therein. With enough text, one
ould probably get reasonable results with any nounthat met these 
riteria.3.2 Statisti
al MethodsThe program has three phases. The �rst identi�esand re
ords all o

urren
es of patterns A and B in our
orpus. The se
ond �lters out all words ending with\ing", \ness", or \ity", sin
e these suÆxes typi
allyo

ur in words that denote a quality rather than aphysi
al obje
t. Finally we order the possible partsby the likelihood that they are true parts a

ordingto some appropriate metri
.We took some 
are in the sele
tion of this metri
.At an intuitive level the metri
 should be somethinglike p(w j p). (Here and in what followsw denotes theout
ome of the random variable generating wholes,and p the out
ome for parts. W (w) states that w ap-pears in the patterns AB as a whole, while P (p) statesthat p appears as a part.) Metri
s of the form p(w j p)

have the desirable property that they are invariantover p with radi
ally di�erent base frequen
ies, andfor this reason have been widely used in 
orpus-basedlexi
al semanti
 resear
h [2,9,10℄. However, in mak-ing this intuitive idea someone more pre
ise we foundtwo 
losely related versions:p(w;W (w) j p)p(w;W (w) j p; P (p))We 
all metri
s based on the �rst of these \loosely
onditioned" and those based on the se
ond \strongly
onditioned".While invarian
e with respe
t to frequen
y is gen-erally a good property, su
h invariant metri
s 
anlead to bad results when used with sparse data. Inparti
ular, if a part word p has o

urred only on
e inthe data in the AB patterns, then perfor
e p(w j p)= 1 for the entity w with whi
h it is paired. Thusthis metri
 must be tempered to take into a

ountthe quantity of data that supports its 
on
lusion. Toput this another way, we want to pi
k (w; p) pairsthat have two properties, p(w j p) is high and j w; p jis large. We need a metri
 that 
ombines these twodesiderata in a natural way.We tried two su
h metri
s. The �rst is Dun-ning's [1℄ log-likelihood metri
 whi
h measures how\surprised" one would be to observe the data 
ountsj w; p j,j :w; p j, j w;: p j and j :w;:p j if oneassumes that p(w j p) = p(w). Intuitively this will behigh when the observed p(w j p) � p(w) and whenthe 
ounts supporting this 
al
ulation are large.The se
ond metri
 is proposed by Johnson (per-sonal 
ommuni
ation). He suggests asking the ques-tion: how far apart 
an we be sure the distributionsp(w j p)and p(w) are if we require a parti
ular p level,say .05 or .01. We 
all this new test the \signi�
ant-di�eren
e" test, or sigdi�. Johnson observes that
ompared to sigdi�, log-likelihood tends to overesti-mate the importan
e of data frequen
y at the expenseof the distan
e between p(w j p) and p(w).3.3 ComparisonTable 3 shows the 20 highest ranked words for ea
hstatisti
al method, using the seed word \
ar." The�rst group 
ontains the words found for the methodwe per
eive as the most a

urate, sigdi� and strong
onditioning. The other groups show the di�eren
esbetween them and the �rst group. The + 
ategorymeans that this method adds the word to its list, �means the opposite. For example, \ba
k" is on thesigdi�-loose list but not the sigdi�-strong list.In general, sigdi� worked better than surprise andstrong 
onditioning worked better than loose 
ondi-



Sigdi�, Strongairbag brake bumper dashboard driver fenderheadlight hood ignition o

upant pipe radi-ator seat shifter speedometer tailpipe trunkvent wheel windshieldSigdi�, Loose+ ba
k ba
kseat oversteer rear roof vehi
le visor� airbag brake bumper pipe speedometertailpipe ventSurprise, Strong+ ba
k 
ost engine owner pri
e rear roof usevalue window� airbag bumper fender ignition pipe radiatorshifter speedometer tailpipe ventSurprise, Loose+ ba
k 
ost engine front owner pri
e rear roofside value version window� airbag brake bumper dashboard fender ig-nition pipe radiator shifter speedometertailpipe ventTable 3: Methods Comparisontioning. In both 
ases the less favored methods tendto promote words that are less spe
i�
 (\ba
k" over\airbag", \use" over \radiator"). Furthermore, the
ombination of sigdi� and strong 
onditioning workedbetter than either by itself. Thus all results in thispaper, unless expli
itly noted otherwise, were gath-ered using sigdi� and strong 
onditioning 
ombined.4 Results4.1 Testing HumansWe tested �ve subje
ts (all of whom were unawareof our goals) for their 
on
ept of a \part." We askedbook building 
ar10 8 7 820 14 12 1730 20 18 2340 24 21 2650 28 29 31hospital plant s
hool10 7 5 1020 16 10 1430 21 15 2040 23 20 2650 26 22 31Table 4: Result S
ores

them to rate sets of 100 words, of whi
h 50 were in our�nal results set. Tables 6 - 11 show the top 50 wordsfor ea
h of our six seed words along with the numberof subje
ts who marked the word as a part of the seed
on
ept. The s
ore of individual words vary greatlybut there was relative 
onsensus on most words. Weput an asterisk next to words that the majority sub-je
ts marked as 
orre
t. La
king a formal de�nitionof part, we 
an only de�ne those words as 
orre
tand the rest as wrong. While the s
oring is admit-tedly not perfe
t1 , it provides an adequate referen
eresult.Table 4 summarizes these results. There we showthe number of 
orre
t part words in the top 10, 20,30, 40, and 50 parts for ea
h seed (e.g., for \book", 8of the top 10 are parts, and 14 of the top 20). Over-all, about 55% of the top 50 words for ea
h seed areparts, and about 70% of the top 20 for ea
h seed. Thereader should also note that we tried one ambigu-ous word, \plant" to see what would happen. Ourprogram �nds parts 
orresponding to both senses,though given the nature of our text, the industrial useis more 
ommon. Our subje
ts marked both kinds ofparts as 
orre
t, but even so, this produ
ed the weak-est part list of the six words we tried.4.2 WordNetWordNet+ door engine 
oorboard gear grille horn mirrorroof tail�n window� brake bumper dashboard driver headlight ig-nition o

upant pipe radiator seat shifterspeedometer tailpipe vent wheel windshieldTable 5: WordNet ComparisonWe also 
ompared out parts list to those of Word-Net. Table 5 shows the parts of \
ar" in WordNetthat are not in our top 20 (+) and the words in ourtop 20 that are not in WordNet (�). There are de�-nite tradeo�s, although we would argue that our top-20 set is both more spe
i�
 and more 
omprehensive.Two notable words our top 20 la
k are \engine" and\door", both of whi
h o

ur before 100. More gener-ally, all WordNet parts o

ur somewhere before 500,with the ex
eption of \tail�n", whi
h never o

urswith 
ar. It would seem that our program would beex
ellent tool for expanding Wordnet, as a person 
ans
an and mark the list of part words in a few minutes.1For instan
e, \shifter" is undeniably part of a 
ar, while\produ
tion" is only arguably part of a plant.



5 Dis
ussion and Con
lusionsThe program presented here 
an �nd parts of obje
tsgiven a word denoting the whole obje
t and a large
orpus of unmarked text. The program is about 55%a

urate for the top 50 proposed parts for ea
h of sixexamples upon whi
h we tested it. There does notseem to be a single 
ause for the 45% of the 
asesthat are mistakes. We present here a few problemsthat have 
aught our attention.Idiomati
 phrases like \a jalopy of a 
ar" or \theson of a gun" provide problems that are not easilyweeded out. Depending on the data, these phrases
an be as prevalent as the legitimate parts.In some 
ases problems arose be
ause of taggermistakes. For example, \re-ena
tment" would befound as part of a \
ar" using pattern B in thephrase \the re-ena
tment of the 
ar 
rash" if \
rash"is tagged as a verb.The program had some tenden
y to �nd qualitiesof obje
ts. For example, \driveability" is strongly
orrelated with 
ar. We try to weed out most of thequalities by removing words with the suÆxes \ness",\ing", and \ity."The most persistent problem is sparse data, whi
his the sour
e of most of the noise. More data wouldalmost 
ertainly allow us to produ
e better lists,both be
ause the statisti
s we are 
urrently 
olle
tingwould be more a

urate, but also be
ause larger num-bers would allow us to �nd other reliable indi
ators.For example, idiomati
 phrases might be re
ognizedas su
h. So we see \jalopy of a 
ar" (two times) butnot, of 
ourse, \the 
ar's jalopy". Words that appearin only one of the two patterns are suspe
t, but to usethis rule we need suÆ
ient 
ounts on the good wordsto be sure we have a representative sample. At 100million words, the NANC is not exa
tly small, butwe were able to pro
ess it in about four hours withthe ma
hines at our disposal, so still larger 
orporawould not be out of the question.Finally, as noted above, Hearst [5℄ tried to �ndparts in 
orpora but did not a
hieve good results.She does not say what pro
edures were used, but as-suming that the work 
losely paralleled her work onhyponyms, we suspe
t that our relative su

ess wasdue to our very large 
orpus and the use of more re-�ned statisti
al measures for ranking the output.6 A
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O
r. Frame Word x/5853 3069 author 5*23 48 subtitle 4*114 414 
o-author 4*7 16 foreword 5*123 963 publi
ation 25 10 epigraph 3*9 32 
o-editor 4*51 499 
over 5*220 3053 
opy 2125 1961 page 5*103 1607 title 5*6 28 authorship 213 122 manus
ript 245 771 
hapter 5*4 14 epilogue 5*69 1693 publisher 4*16 240 ja
ket 5*48 1243 subje
t 5*2 2 double-page 0289 10800 sale 012 175 ex
erpt 245 1512 
ontent 5*16 366 plot 5*3 10 galley 257 2312 edition 3*8 123 protagonist 4*3 13 
o-publisher 3*6 82 spine 5*13 360 premise 111 295 revelation 230 1390 theme 23 16 falla
y 253 3304 editor 5*9 252 translation 244 2908 
hara
ter 5*23 1207 tone 28 218 
aw 256 4265 se
tion 4*15 697 introdu
tion 5*47 3674 release 12 5 diarist 03 22 prefa
e 4*6 140 narrator 4*8 276 format 23 25 fa
simile 03 26 mo
k-up 15 111 essay 235 3648 ba
k 5*6 194 heroine 4*7 300 pleasure 0Table 6: book

O
r. Frame Word x/572 154 rubble 0527 2116 
oor 5*42 156 fa
ade 4*85 456 basement 5*100 577 roof 5*9 23 atrium 4*32 162 exterior 5*28 152 tenant 112 45 rooftop 4*49 333 wre
kage 17 20 stairwell 5*30 250 shell 014 89 demolition 014 93 bal
ony 5*10 60 hallway 5*23 225 renovation 04 9 janitor 110 62 rotunda 5*36 432 entran
e 3*7 37 hulk 082 1449 wall 5*23 276 ruin 037 572 lobby 5*12 120 
ourtyard 4*3 6 tenan
y 013 156 debris 19 83 pipe 232 635 interior 3*219 6612 front 4*7 58 elevator 5*11 143 eva
uation 12 2 web-site 02 2 airshaft 4*2 2 
orni
e 3*47 1404 
onstru
tion 29 115 landlord 114 285 o

upant 1129 5616 owner 117 404 rear 3*25 730 destru
tion 115 358 superintendent 13 11 stairway 5*6 72 
ellar 5*3 12 half-mile 037 1520 step 5*10 207 
orridor 5*39 1646 window 5*2 3 subbasement 5*38 1736 door 4*4 31 spire 3*Table 7: building



O
r. Frame Word x/592 215 trunk 4*27 71 windshield 5*12 24 dashboard 5*13 30 headlight 5*70 318 wheel 5*9 21 ignition 4*43 210 hood 5*119 880 driver 16 13 radiator 5*4 6 shifter 137 285 o

upant 115 83 brake 5*5 12 vent 3*6 18 fender 5*3 4 tailpipe 5*8 42 bumper 5*11 83 pipe 3*7 36 airbag 5*108 1985 seat 4*3 5 speedometer 4*3 6 
onverter 23 6 ba
kseat 5*64 1646 window 5*28 577 roof 5*2 2 jalopy 033 784 engine 5*20 404 rear 4*4 19 visor 3*6 68 de�
ien
y 075 3648 ba
k 22 3 oversteer 110 216 plate 3*9 179 
igarette 13 13 
lunker 07 117 battery 5*18 635 interior 3*19 761 speed 111 334 shipment 05 73 re-ena
tment 03 18 
onditioner 23 18 axle 5*11 376 tank 5*6 125 attribute 018 980 lo
ation 171 6326 
ost 15 88 paint 4*4 51 antenna 5*2 5 so
ket 02 5 
orsa 06 151 tire 5*Table 8: 
ar

O
r. Frame Word x/543 302 ward 5*3 7 radiologist 5*2 2 trogran
i
 03 9 mortuary 4*3 9 hopewell 017 434 
lini
 5*3 11 aneasthetist 5*18 711 ground 116 692 patient 4*33 2116 
oor 4*68 5404 unit 4*44 3352 room 211 432 entran
e 4*19 1237 do
tor 5*15 1041 administrator 5*6 207 
orridor 4*25 2905 sta� 3*35 5015 department 5*7 374 bed 5*2 11 pharma
ist 4*100 23692 dire
tor 5*5 358 superintendent 3*3 89 storage 3*20 5347 
hief 24 299 lawn 24 306 
ompound 029 13944 head 03 149 nurse 5*2 33 swit
hboard 4*3 156 debris 014 5073 exe
utive 22 35 pediatri
ian 4*17 7147 board 113 4686 area 14 416 
eo 25 745 yard 215 6612 front 3*8 2200 reputation 13 190 inmate 14 457 pro
edure 22 42 overhead 014 6315 
ommittee 4*5 875 mile 015 7643 
enter 12 46 pharma
y 4*4 518 laboratory 5*16 8788 program 12 48 shah 029 25606 president 23 276 ruin 1Table 9: hospital



O
r. Frame Word x/5185 1404 
onstru
tion 25 12 stalk 4*23 311 rea
tor 3*8 72 emission 3*10 122 modernization 12 2 melter 3*19 459 shutdown 16 62 start-up 041 1663 worker 222 844 root 3*17 645 
losure 022 965 
ompletion 026 1257 operator 4*12 387 inspe
tion 221 980 lo
ation 219 856 gate 3*2 4 sprout 3*4 41 leaf 5*26 1519 output 23 20 turbine 3*12 506 equipment 3*4 51 residue 12 5 zen 03 22 foliage 4*8 253 
onversion 08 254 workfor
e 18 309 seed 3*17 1177 design 4*9 413 fruit 5*23 1966 expansion 25 131 pollution 250 6326 
ost 124 2553 tour 024 2564 employee 5*29 3478 site 140 5616 owner 3*9 577 roof 4*49 7793 manager 3*41 6360 operation 3*6 276 
hara
teristi
 121 2688 produ
tion 3*3 48 shoot 032 5404 unit 16 337 tower 15 233 
o-owner 12 13 instrumentation 3*8 711 ground 23 69 �an
ee 05 296 e
onomi
s 17 632 energy 2Table 10: plant

O
r. Frame Word x/5525 1051 dean 4*164 445 prin
ipal 5*134 538 graduate 3*11 24 prom 3*7 12 headmistress 4*16 61 alumni 3*19 79 
urri
ulum 5*4 5 seventh-grader 3*8 22 gymnasium 5*25 134 fa
ulty 5*3 3 
rit 013 87 endowment 3*8 40 alumnus 29 57 
adet 011 82 enrollment 25 18 in�rmary 4*3 5 valedi
torian 4*8 52 
ommandant 075 1462 student 5*56 1022 feet 010 100 auditorium 5*4 15 jamieson 05 26 yearbook 3*8 71 
afeteria 4*28 603 tea
her 5*4 17 grader 22 2 wennberg 02 2 je�e 07 65 pupil 3*21 525 
ampus 4*11 203 
lass 5*17 423 trustee 3*8 115 
ounselor 4*7 108 benefa
tor 25 56 berth 05 60 hallway 4*7 130 mas
ot 3*39 2323 founder 12 4 raskin 06 112 playground 4*105 8788 program 3*16 711 ground 3*6 120 
ourtyard 3*25 1442 hall 4*17 837 
hampionship 13 20 a

reditation 26 135 fellow 12 5 freund 04 53 re
tor 26 144 
lassroom 4*Table 11: s
hool


