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Abstract. This paper discusses machine learning ill ellgiueerillg design knowl­
edge acquisition. To illustrate the use of macbine learning ill design, two knowl­
edge acquisition processes are d(::-cribed ill the area of COllC(!ptual design of wind 
bracings ill stell skeleton structures of I all buildings. These processes were con­
ducted on examples prepared by eXJlerts illld 011 examples representing optimal 
(minimum weight) designs whidl were genera.ted by SODA. a computer system 
for the analysis, design, and oplillliza.lion of !'ltee! st.ructures. All experiments were 
conducted using DataLogic, a leaming syst.em hased on the theory of rough sets. 
The development of the representation space for both collections of examples 
is discussed. Also, tbe examples of (Iecisioll rnIes produced are given and their 
verification, based on the o\'erall (!lIlpirical error rate. is reporled. The paper con­
tains also conclusions and sUAAel'~ioll!i reganlillg fulure research on applications 
of machine learning to knowledge aC<Juisit.ioll ill cngilleeriug design. 

1 Introduction 

Machine learning in engineering cau h(' used for d~igll knowledge acquisition t.o acquir!.' 
formal knowledge for the use in \'ario\ls knowledge-based designsl1pport tools. However. 
the practical engineering applicatiolls of machine learuillg are still difficult, if not im­
possible, for several reasons, including limited experience, the lack of a methodology for 
the use of machine learning in knowledge acquisitioll, and because only few demonstra­
tion projects on design knowledge aC(luisition have been conducted. Therefore, researdl 
on machine learning in design knowledge acquisit.ion was initiated by the author in tiu' 
mid-80's. Its objectives are to study various forms of machine learning in engineering 
design and to determine their feasibility, including the advantages and disadvantages of 
the individual learning algorithms aud learning systems based on them. 

The research is conducted using pxamples and background knowledge from the area 
of structural engineering. This area was selected because of the author's experience' 
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and becallse of the genNal technical r .. a:-;()II~. SI ructuml engi "I'!'ring is a suharea of civil 
engineering whose subjects are varioll:-; :-;trII cturaI sy:-;tf'JI1S of huildings. bridges and other 
civil engineering objects, modeling of Ilwir hehavior. and analysis and design. Structural 
engineering as a science has been U11l11.'r lkvplopnat'llt ror more t han hundred years. and 
significant knowledge has been acquired in thi::; proc~~ss. This knowledge is available as 
various formal theories, e.g., the tlu'Ory of elasticity, t IIC theory of plasticity, etc., and as 
e.-.:amples of actual designs, and it C<tll he collverted into forlllal knowledge-based design 
5upport tools. Because of the abulldallcl' of existing design examples and the relative 
ease to prepare additional examplt's for resmlrch purposes, structural engineering is all 
excellent testing environment for luachilH' karning ill dt'sigll kllowledge acquisition and 
any methodological results obtaiul'd ill t hi:" <lrt'f\ should be relevant to other similarly 
developed engineering areas, as for example. IIlPchanical or chelllical engineering. 

Engineering design involves tilt' {"(,"cept,lIal and detailed design stages. In the con­
ceptual design stage, all needs, con:"trailll.;o;. alld ilvailahle kllowll'dge are used to produce 
a class of design concepts, i.e., ahsl r(lrt d('sniptioll8 of the ellgineering system being 
designed. This design stage is usually fonductl'd ill a II inforrnal way, and the designer's 
experience is used to find concept.s. Thesp cOlln'pl.s are t.lwn all(llyzed, designed. alld 
eventually optimized ill the detailed llt'sign stag~', where the final design is developed. 
Present engineering design practice <"<Ill be characterized by five distinct features con­
cerning knowledge and computer progralllS for design: 

1. 	All commercial computer prograllls art' ba=-etl on behavioral models from available 
formal theories. 

2. 	 All computer programs are fO,r th., dl,tailpd dpsign stage. 
3. Knowledge 	in the form of exalllph·:-;, or extrarled from eXalllples, is usually not. uti ­

lized. 
4. 	 No commercial computer \lfograllls art' availabl.' to support the conceptual design 

stage. 
5. Conceptual design requires mort' iLb=-lract, knowledge than availahle behaviorallllod­

els. 

This situation requires improvement for two re<lsons. First, t he conceptual design stage 
is crucial for the quality oCthe filial dC':'igll. Thcr(~fore. the devl"loplllellt of design support. 
tools for conceptual design is important. not ollly frolll the research point, of view, but will 
also have a significant practical illlpa('\. ~I~xl, cornplltl'r systems for analysis, design, <'lOd 
optimization in the detailed design slagI' :m' rt>lati'wly easy to apply. and therefore their 
use often results in insufficient attenl ion being paid t.o the concept.ual design stage. As a 
result, design concepts are often dew\olw(1. or selertC:'d. without sufficient understanding 
of the entire design problem, inchiding knowledge aVllilable ill the forlll of exalllples of 
earlier designs. This problem is parti<-ularly acut,t> when inexperienced designers use de­
sign and optimization computer sysLCl1Js: t,heir lack of t'xperienre in the form of abstract. 
knowledge may lead them to desigu of st.ructural systems which could be significantly 
improved through simple changes in the design concept, for example, changes in the 
structural configuration. 

At present, the development of knowledge-based design support tools for conceptual 
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design is feasible. However, abstract. kllowledg\' ahout rOil ("cpt lIal desigll of engineering 
systems must be acquired. and this is a lIIajorprohklll. Traditiollallllelhods of knowledge 
acqui:;ition are insufficient in complex t'1l~illet'rillg d('lIlains [H]. and this knowledge ac~ 

:)quisition bottl~lleck has already delaYl'd the developillen!. of kllowledgl"~based tools for 
conceptual design. Therefore. autolllal.t,d kllowl~tlgc acquisit.ion is considered the possi~ 
ble solution, and a number of researdl pro.il~cts 011 allt.olllaLcd acquisition of conceptual 
design knowledge have been recently illitial.ed. Also. ill COlllpllter science research on 
machine learning has led to the developillent of a nUlIlber of both experimental and 
cOlllmerciallearning systems, that nwalls compllter programs which use machine learn­
ing methods to produce decision rules frolll ('xlImplf's of previous decisions. Such systems 
are particularly appropriate for design kllowl('<ige t1('quisil,ioll hera lise of the complexity 
of engineering design and the availahilit.y or a Imgt' 1Illlllht>r or l'\'aluated examples of 
previolls designs. The use of decision slIpP')rt sy:::If'IIIS haSf't1 011 rules is also much more 
cOllvenient and convincing for engineer:" Ihilll or Ih(' systt'lIIs Il(lS('d on suhsymbolic learn­
ing, such as genetic algorithms [7, 9J or III'Uralllf'tworks [8], part.icularly that knowledge 
ill the form of rules is "transparenC. a!H1 rail Iw e1\....ily colllprdteuded by the system's 
users. 

There have been several previous stlldies 011 III!' applicatioll or machine learning to 
knowledge acquisition. Gero [10] usell an ('xperillll'lIl.al leamillg system based on a de­
cision tree learning algorithm (lD3) to acquir!:' ardlill'rtural d("Sign knowledge. Reich 
[19,20] implemented BRIDGER, an applinllioll of till' dllsleriug algorithm CLUSTER, 
BRIDGER was used to acquire bridgl' d ..'sigll kuuwll'llgt'. Rf'ieh alld Fellves also studied 
knowledge acquisition for floor system '\f'sigu ill huil,lillgs [11] ltsing all experimental 
syst.em based on t.he learning systf'1lI SOA n. ~lat.lH'r has 1)('('11 working on automated 
acquisition of preliminary design knowledge [12] in which t'OlIr('ptual c1ust.ering is aug~ 
men ted by numerical methods of linear regrf's;;ion Ilnalysis alHI prohabilistic approaches 
to pattern identification. A genet,ic algorithm \\'as wwd by Griersou and Pak [9] in a 
syst.em for the optimization of configurat.iolls ill th(' fOliceptual design of skeletal struc­
tures and by Hajela for structural SYHI,hesis [7]. ROP(al. " learning system based on 
the theory of rough sets [16,17]. wa:> 11:>('(1 by Arciszew;;ki alld others [3.15] for design 
knowledge acquisition ill the area of :1ilrllt'tural dcsigll of wiud bracings ill tall buildings. 
Garrett and Ivezic [8] describe an experilllcutal learllillg system. NETSYN, based on 
a connectionist learning approach, for t.ll<' arquisitioll of conceptual design knowledge. 
Also. Adeli and Yeah [1J used a neural network to It'arn ellgiul'ering design principles. 
Whitehall, Stepp and Lu [24] applied lIIachine It'arnill).!; t.o dt"l<ign knowledge acquisition 
using several experimentallearnillg syst.erns. The AQI'i and AQ17 learning systems, em­
ploying the STAR methodology [13J, were applied hy Arciszewski [15] for learning design 
rules in the area of conceptual design or wind bracing:; in st,ed skelet.oll structures of tall 
buildillgs. 

The research reported here was initiated in t.ht> mid-80·s. This part.icular area of 
structural engineering was selected for the experimellts for St"veral rea.SOllS. First, it is a 
continuation of research on the analysis and design of wiud bracings in tall buildings, 
initiated by Arciszewski in the early 70·s. This research resulted in a good understand­
ing of the taU buildings domain, in tlw general cla.c;.'Sification of wind bracings [2], and 
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ill the development of t.he initial reVfCSI'lIl:lt iOIl ",pan'. as (li!'.'cII"""d in Section 3, Devel­
ojll.llellt of Represent.ation Space, The rortlwr Ph. D. :;'llIdent at WaYlw State University, 
~loham(ld M\lstafa, who was also iuvolwd ill Ihl' rpsl'arch. has I'xpcriem'e directly related 
\0 t.he design of wind bracings ill t.all huilding:". Tili" ,,{rollg dOlliaill hackground made 
the research easier and less dependellt 011 nlll1'r dnlilaill eXI.lt'rt". 5ecol1<1, designing tall 
buildiugs is Ollt' of the most complex domaiu" of strllctural engim·ering. and designing of 
the wiud bracing:'! i particularly difficull alld t illlt'-COIISlIlIlillg. At. present. the analysis. 
desigll and optimization of wind bracillg:;. ill Stl.l! sk,·lptoll st.ruC'l·ures call be conducted 
Il:;.illg computer design and analysis p;u'kag"s "lIcll as SODA. STAAD 1fI, etc. The use 
of these packages makes the detailed (ip"igll nr willd hracillg:" ('<lsi('r. hut it still does not 
eliminate the need for a paper concl:'pt.1Iai dt':-;igll. 1I1l1h'rl'tood Itt"rf' as the selection of the 
right. wind bracing type for a given dp:-;igll ca:o;l'. This sl'lect.ioll Illust be based, as before, 
011 the designer's experience, and tht'rt:'fort' acqui"itioll of COllCt'pt.ual design knowledge 
alld its ut.ilization in decision support. tools is Ii challenge which has to be met if there 
is 1.0 be progress in both tall buildings design and ci\'il engineerillg cOlllPuting. 

The learning system DataLogic [lS] WHS !'.'(,If'cll·tI for the sludy for several reasons. 
Good cooperation has been established hct\\"t'€'n tilt> (lut.hor alltl REDUCT System, Inc. 
of Regina, Canada. This company has IlI'l'll supportive of machille learning research in 
engineering, and has provided the ant.hor wi 1.11 11 1H1l1lb",r of experimental and commer­
cial learning syst.ems. Over the period or till' Im;t. ,,('veral YI'HrS, good methodological 
experience has been built up in the IISI' or IIll'St' ",y:-;II'l11s. They are user-friendly and 
they were developed to meet the re>t'ardl and (,radical nef'tis of engineers, The final 
decision to use DataLogic ill the stlldy \\'a:-; ha:-;t·d 011 t.he Sillgh' fact that it is the first 
cOllllllerciallearning system known to 1111" authors which has a hllill-ill cOlllPonent for au­
tOllmtic knowledge verification. Forlllal kllowlpd;,;p wrificatioll was absolutely necessary 
in lhe project because of its pragmal.ir nbj"ci VI'. Tlwrt-forp.. Data Logic was particularly 
attractive for the research reported her!'. 

2 Knowledge Acquisition Process 

The research is a continuation of earlier w(lrk by t hI' author alld Mohamad Mustafa 011 

automated knowledge acquisition in t Iw (,OIKt"pI1l1l1 tlt'sign of willd bracings in tall build­
ings [15] and on a general engineering IIIcthodolQgy or autonll~t,ed knowledge acquisition 
[4]. Therefore, when this project was initiated the aut.hor had a. good understanding of 
both the domain and the methodology of automated knowledge acquisit.ion. For this rea­
son, 110 extensive domain and methodological studies were necessary to begin knowledge 
acquisition, which was planned as a fi ...t.....stage process: 

1. Methodological preparat.ion. 
2. Development of the representation ::pace. 
3. Preparation of examples, 
4. Learning decision rules. 
5. Knowledge verification. 
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The first stage, Methodological Preparat.ioll. wa." relatively <.'il.sy. Domain knowledge 
was available. and DataLogic was silllilar to t Iw ~oft.ware lIst.'d ill the previous learning 
experiments, which were conducted wit.1t \"(\riolls rOllgh sets-hased learning systems. The 
major decision as this st.age was to purpose a two-track knowledge acquisition, which 
would be based on the use of two differt'llt rollert.ions of eXHIII plt>s dealing with the same 
problem of conceptual design of wind brarillgs ill tall buildiugs. The reason for this was 
twofold. In the earlier research [15], ollly exalllpies manually prepared in cooperation 
with domain experts were used. Tht'se exalllples llIight contain sOllie lIlisclassifications, 
which were very difficult to find considering t.ilt>ir subjective liCIt-lire. Also, such complex 
decision rules were obtained that they wt"rt> tlinicult 10 interpret and verify by the domain 
experts, and, since no formal verificatioll wa.'" conducted, the rt'~lIlts of the earlier study 
were inconclusive. For these reasons, it was d"ritied t.o Illake two significant improvements 
in the research. First, it was concluded t.\tat (\ wllC'('lion of cOllqmt.er-generated examples 
would be necessary and that these eXlllllples sJ,,·,uld be bOI.1t objective and verifiable. 
Second, it was decided to repeat the earlier work with expert-gt>lIerated examples, this 
time using DataLogic, which has an autOlllaleod knowledge verification capacity. As the 
result of decisions made in the first stagt:'o all tht, relllaining stages were conducted as two­
track stages. In each parallel process of kuowlt'dgt' acquisitioll. a different collection of 
examples \Va.'> uSt'd: expert-prepared aut! compuh'r-generatcd t:'xillllpies. All these stages 
and their results are described in the sect.iolls IltrI:'f' through six. 

Development of Knowledge Representation Space 

III the case of expert-prepared examples, 1.1\1' r<'presclltation space developed earlier and 
reported in [151 was used. It was based on a Ilill~-at.l.ribute description of a wind bracing 
in a three-bay steel skeleton struc •.ure. which was proposed by Arciszewski [2, 3] for the 
classification of wind bracings. These attributes describe the individual structural com­
ponents of a wind bracing and therefore define its type. This multi-attribute description 
was necessary to discriminate among all types of wind bracings which are presently used 
in steel skeleton structures. This initial description was expanded by the two nominal at­
tributes. These attributes were added to identify t.he recolUmended lower (attribute ten) 
and upper (attribute eleven) height range for a wiud bracing type which is defined by 
first nine attributes. The attributes and their nominal values IIsed ill this representation 
space are sho\vn in Table 1. 
In the second case of computer-generatl'd f'xalllpies. nol. all types of wind bracings were 
considered. Because of the computational Iimita' iOlls of SO J)A. only a relatively small 
class of truss and frame bracings could be analyzed. designed. and optimized. and exam­
ples produced. Therefore, some attributes Were irrell'va.nt for tlte class of wind bracings 
considered, and they were eliminated. However, sOllie addit.iollal attributes had to be 
added to cover important design factors which might affect the results of an actual 
structural design. For example, The Importaflce Hlcior was added. which represents the 
effect of wind zone on the structural design. Also, the Steel Unit Weight attribute was 
introduced. which represents the nominal goodness of a given structural design as mea­
sured by the relative unit weight of the wind bracing structural system, considered with 
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!l\blc 1. Knowledge representation for cxpcrf-IHeparcd example!' 

.\ttrihutes Au.riullle v;liut::-< 

1. sl a.lic character of joints rigid hinged rigid &.: 

2. 1lIIIlluer of bays used by bracing !. !. 

~. Xumher of vertical trUl:h.~es 0 :] ;J 

l. Xlimber of horizontal ~russes 0 "2 ;J 

:J. ;.iumber of 
,;ystclIIs 

6. Core material 

horizontal truss 0 

nOlle "teel 

"2 

concrete 

3 

i. :';nmber of cores 0 1 

S. Structural character of external 
IlICIll bers 

!l. Static character of bottom exter­
nill joiut.s 

10. )'liuilllum recommended height 

COIUIIlII S 

aud bealls 

110 lie 

<III 

(:ahles Shear 
(rames 

rigid rigid &: 
hinged 

111- iii 16-".H 24-J2 32-40 40-60 >60 

11. ).(axilllum recommended height <HI 10-16 16-24 :H-:Jl 32-40 40-60 >60 

respect to other wind bracing design examples of t.he l'il:lllle height.. This modified descrip­
tion of wind bracing in t.erms of nOlllillal attrihut.1'S alld their valllt'S is given in Table 2. 

each example has three major COIl1\>OI1('l1t.::;: 1) a dpscription of the building for which 
a given hracing i" <lesigned (desigll cas€' or de;igH requirements). 2) a description of the 
wind bracing structural system, and :0 all 1'\,Hlnal iOIl of the st.ructural worth of this 
,:;ystel11 measured by the unit weight. of st.N-'1. DC'8ign requirt>ments are identified by the 
first three attributes, attributes four through seven describe t.he structural system of 
wind bracing itself, and the last attribut.e, Sled UI/il Weig/d. idelltifies the unit weight 
of stell of a given wind bracing. This last attribute was converted from an interval into a 
nominal attribute. The actual steel uuit weight rauge ofmriatioll was det.ermined for each 
building height considered ill our study. and the unit weights or individual wind bracings 
normalized. Next. the normalized (0;1) range was divided into three equal subrallges and 
nominal assigned to these subranges: low. medium. and Iligh. which represent the relative 
unit steel weight of a given wind bracing t.ype in respect to other types designed for a 
given building height. For example. Low means the low relative unit steel weight which 
is ill the range of variation 0-0.33, while Higl. lUeans a high relative unit steel weight 
for a gh'cll wind bracing type under a given S('t of design requirC'llJcnts. in the range of 
variat.ion 0.66-1.0. The nominal value -jurt'Millle" means that for a given design case a 
particular considered type of wind bracing caunot he lIsed for structural reasons. 
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Table 2. Representation space for cOl1lpllter·):;ent~ralt-d eXiullplcs 

Attrihut.es "II rihntc vililles 

1. Numher of stories 6 I:.! 18 '14 30 

2. Bay Iclt.gth (feet) ·.W .W 

3. Importance factor l.Ui 1.11 

4. St.atic character of joints rif.iid hin;:..~d rigid k 
hillg(~d 

5. :\ limber of bays IIsed by bracing 1. 3 

6. ~nll1ber of vertical trusses 0 2 3 

i. N1I111hcr or horizontal t rus~es 0 2 3 

8. Steel nnit weight low a.\'era~e high infeasible 

Preparation of Examples 

III t.he first case of expert-prepared ex alii piN'. illdividual typ('j-; of wind bracillgs were 
discllssed with t.he selert.ed domain experts. Ai' t/I<' rf':mlt.. of I hl'Se discussion of these 
discllssions. two collC:'ctiolls of examplE'S. ('ad! of 1.0-1 rasps. WN(, prepared. Each example 
ill the first collection contained a descriplion of 11 I.YP'" of wind bracing which is rep­
resented in this ('xample (indepel1df'llce att.rilmll's) alld the 10,,"l'r bOllnd for its height. 
range, which was rcpresellt.ed by the decisioll or dl'lwlltient. att.riL)IIte. This recommended 
height range wa."; arbitraril~' prepared aud wa:, 11'1";1'(1 1Il0stly IllI' domain understanding 
and experience. Similarly. t.he second rolleet iOIl (.r .'xalllples eOlllaiued the same types or 
wind bracillgs, but. t.lIe decision variahle r<'l'rp";I'lIh·d I.he IIPlwr houlld for wind bracing 
types, also subjectively assumed. For illSI allel'. for a willd br:lcillg ill the form of a one­
bay rigid frame with one horizontal truss sil.llall-'d al the top, tilt' following two examples 
were prepared: 

Example No.1 

WHEN: 

* the static character of the joints of a wiJld brarillg (at.tribute 1) is rigid. 
* the number of bays entirely occupied by bracing (attribute 2) is one, 
* the number of vertical trusses (attribute :l) is zero. 
* the number of horizont.al trusses (attribllt(' 4) is Olle, 
* the \lumber of horizontal truss syst.emi' (Ht.t.rihllt.e !» is zero, 
* no cores material is to be used (atl.ribllt.e 6). 
* the number of corE'S (at.tribute i) is zt.'ro, 
* the stl'Uctural character of the external elelllt'lIl:; (att.ribuLt" Ii) is co\ul11ns and beams, 
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• lite sLat,jc character of the external joillls (a II rihll tf' ~J) is hingp.l' 

I'll EN: 
till' lIIillillllll1l recommended height (attribllte IU) is less than \.('1\ stories. 

{jail/file No.2 

II BE.\': 

• tile static character of the joint,s of a wiud hrariug (at.t.ribute I) is rigid, 
, the number of bays entirely occllpit'd by hracillg (attribu\(' ::!) is one, 
• the number of vertical trusses (attributl':J) is "ero. 
~ the number of horizontal trusses (attribute '\) j" Olle. 

• the number of horizontal truss fiyst.ems (at,lriilutf> Cl) is zero. 
• 1I0 core mat.erial is t.o be used (attribute G) . 

.j< I he number of cores (attribute 7) is Zero. 
it the structural character of the external dellll>III.:; (attribut.c 8) is columns and beams, 
~ f he static character of t.he external joints (HI.I rihllte 9) is hiuges 

TfIEN: 

tilt' maximum recommended height (aurihu\(> II) is grl'at.er than ten and less than 16 
"tories. 

III the second case of computer-general.t,d t>xaillph·s. the preparation of 366 examples was 
IlIlICIt more complex. In this case, each C'xampl!' r(~prt'~('nts a minimum-weight (optimal) 
de::;ign of wind bracings in the steel skelet.oll :;truct.llre of tall huildiugs. All examples 
lI'ere prepared under identical design assllluptiollS for at.hree-bay skeleton structure. An 
"jght-attribute descriptiou. of the design prohlem and the willd hracillg itself was used, 
which is discussed in Section 3. The attrihutes Ilsl~d are sufficient to describe various 
Iypes of planar frame, truss, and truss-frame hracings (brac.ed rigid frames) which are 
;I[lpropl'iate for buildings in the six- to tbirt.y-story height. range considered in our study. 
This limitCltion on the height of the building!' illlillyzl'd ill our sl.ucly was necessary due to 
the limitations of our software and hardwI\Ct' wwtl ror t.he gC'nerat.ioll of xamples. All de­
tailed design assumptions regarding loads, dillH'lI:-;iolls. sf.eel grad!? et.c. were determined 
it) cooperation ,vith practicing engiueers. AC!'lIallllillimum-weight designs were produced 
lIsing SODA, a computer system for t.he alHllysis. d,>sign. and opt.imizat.ion ofsteel struc­
tural systems. The preparation of t.hese examples was I?xt.relllel)· t.ime-consullling, and it 
took nearly two years to complete this stage or !.he knowledge acquisition process. An 
example of a minimum weight design of a wind bracillg in the rorm of a rigid frame is 
shown below: 

Example: 

* For a six-story office building (attribute 1),
* with a narrow bay length of twenty feet (attribute 2),
* located in all area where the importance factor of I.he wind (attribute 3) is 1.07, 
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* the design of a one-bay (attribute 1») willd brarillg i"ystt'lll 

composed of the following structural C0Il1110lll'III",: 

* static character of joints (attribute 4) is rigid.
* t.he number of \'ertical trusses (attribute 6) i:, Zt'ro. 
* and the number of horizont.al trus,<;("S (atlrihllt., 7) is Zt>ro 

THEN: 

high steel unit weight (attribute 8) is expecled. 

5 Learning Decision Rules 

Learning was conducted using the cOlUlllercial systl'lIl Dal.aLogic, which was developed 
by REDuCT Sy!>tems, Illc. of Regina, Canada, Data Logic is a general-purpose software 
syst.em for automated knowledge acquisition allll ror building classification expert sys­
tems. The learning component of the syst.t'lll is basl~d 011 a learning methodology derived 
from the mathematical theory of rough sets [16. Hi]. Two learning processes were con­
ducted. In the first process, expert-prt'pared f?xalllpips were lISt"d which concerned various 
types of wind braciugs and t.heir lowt.>r recomllll'lHkd height ranges. In the second case 
all computer-generated examples wert' uLilized. III bOl.h case the same learning strategy 
was followed: all examples were llsed at once, illld ollly titf? final results were considered. 

An example of a decision rule produced is gin~1I below: 
Decision Rule: 

IF: 

* the number of bays entirely occupied by hr<lcillgs ill t.hrec·,
* t.he number of vertical trusses is zero, 
* t.he uumber of horizontal tru8...'<eS is onl' or two. 

THEN: 

the minimum recommended height rallge is t,PIl to sixteen st.ories. 

Structural Interpretation: A wiud bracing sysl,elll composed of a. t.hree-bay rigid frame 
with one or t.wo horizontal trusses is recollllllellded by experts ror buildings in the height 
range of ten ti si"{teen stories. 

As the result of learning conducted 011 expert-prepard E'xal11ples, 68 decision rules were 
produced. These rules were difficult to interpret. and some were ('ven incorrect from the 
domain point of .... iew. This result. was no surprise. because it was expected that the 
examples would be insufficient, considering t ht:' 1I1111111('r of at\.rihutes and the domain 
complexity. Also, errors of misclassificat.ioll ill SOIllt' example:; were suspected, but be-­
cause of their subjective nature these errors could nOI. be easily found. An example of a 
decision rule proceduced is given below: 
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IF: 
• the nUlIlber of bays entirely occupied by hracill~:-; is three, 
• I h~' numher of vertical trusses is zero. 
· I he number of horizontal trusses is olle or I woo 

rtlC.\": 

/11" llliuilllum recommended height rang(' is tnl 10 sixteen stories . 

.-Irllcillml Interpretatiou: If a wind hraciug syst'>111 rom posed of a three-bay rigid frame 
\Iilh olle or two horizontal trusses is to be uSf'd. it is recommended by experts fol' build-
IllbS ill the height range of ten to sixteen slori!'s. . 

III t he case of computer-generated ('xamplC';o;. forty derision rules were obtained. These 
were divided into four categories: Reeolllliit IId,/ f 1111/ /lilieS, Standard Ru.les, A Iloidance 
/:lIles. fwd Infeasibility Rules. The division WilS hast>d on the nominal value of the de­
'l"iOIl attrihllte Unit Steel Weigl.t. For RecOllll/lflltifltioll Rules this value was low, and 
II indicated t.he low normalized ullit st.eel weight. whirl! was between 0 and 0.33. These 
ruleS. then represent various combillationl:' of imkpelldent attributes and their values 
(design rules) which are associated with the 1110st desirahle (lowest) weight of wind brac­
jllg. For 'Standard Rules the nominal value of tltl' dt'fision attribute was at1erage, and the 
..alue of the normalized unit steel weight W11S 111'1 \\'("'11 n.:I:} and 0.G6. These decision rules 
are associated wit.h the average weight of wiud hracing. III the case of Avoidance Rules, 
rhe lIominal value ohhe decision attribute is high. alld Ihe actual value of this attribute 
j:< hetween 0.G6 and 1.0. These rules. t.hen. idclll iry all combinations of independent at­
I ributes and their \'alues which should be avoided. bt'cause they are associated with the 
least desirable (highest.) weight of braj:illg. lIlJ(fL.~i"ilillJ Rules identify combinations of 
independent attributes and their values for which no feasible designs could be produced, 
lIy SODA under present assumptiolls regarding dilll(~lI:;ions, loading, steel grades, etc. 
Ollt.' decision rules of each category is show" hellow: 

RfC() III mendation Rule 

IF: 

j< the number of vertical trusses is one. two 01' I.hn.'l'. 

* the number of stories is greather than or equal to t.weh·e and less than or equal to 
thirty stories 

rIfEN: 

a low unit steel weight of wind bracing should bt> ('xI>t'ct.ed. 

Structural Interpretation: When wind heacings wit.1I vt'rt.ical trusses are used in buildings 
of twelve to thirty stories then a low ullit steel weight of wiud bracing should be expected. 
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Strwdard Rille 

IF: 

* the number of sLories in grea.ter than 1wei\'(' "t ories, 
* the number of bays entirely occupied hy hra('illg i8 three,
* the number of vertical trusses is zero. 
* the number of horizontal trusses is z('ro. alit' '.Jr two, 

THEN: 

all average unit. steel weight should be expected. 

Slrllchlral Inferzl1'etalioll: When dCl'igning thl'l'I'-hay wind bracings without vertical trus­
ses and with maximum of two horizollt.al t ruSSI'" for buildings with the number of stories 
greater than twelve, then an averag(> llllit st.l'd weight. of wind bracing is expected. 

A!loidallCf Rule 

IF: 

* the Humber of stories is greater than or eqllal to eighteen stories, 
* the bay lengt.h is less than or equal to tWPllty [f'Pt, 

• the number of bays entirely occupied by bracing is one, 
* the number of vertical trusses is zero. 
* the number of horizontal t.russes is one or two. 

THEN: 

a high unit steel weight of bracing should be expected. 

Structural Interpretation: 'Yhell uesiglling huilding:, in the height range of eighteen t.o 
thirty stories with narrow bays with It one-bay wlud bra.cing system with one or two 
horizontal trusses and with no vertical t.rus:,es. lllt'u a hight ullit weight of steel in wind 
bracing should be expected, 

bl/easibility Rule 

IF: 

* the number of stories is thirty, 
* the number of bays entirely occupied by bracing is one, 
* the number of vertical trusses is zero. 

THEN; 

wind bracing will be infeasible. 

Structural Illterepretaiioll: In the case of a thirty-story buildings with a one-bay wind 
bracing systems, any wind bracing without vertical t·russes will be infeasible. 
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6 Knowledge Vertificatioll 

Til.> knowl€'dgf' acquired ill the form of filial d€'{'ision rules was verified using the overall 
",tl[)irical enor rate calculat.ed by th€' leave-ont'-out resampling. The overall empirical 
"nor rate is defined as: 

Eov =number of errors/number of tests, 

\\\tere: An error is a misclassificatioll of a tf'sli ng example, and the number of tests IS 


I ht' Hllmber of classification tests. 

III I he case of the leave-one-out cross validat.ioll, olle example is removed frolll the col­

leci ion of examples and is used for test.ing, wltile tht' remaining examples are used for 

leilrlling. The r('sampling is r€'p€'ated for all eXllmples from a given collection of examples, 

dlld the final error rate is calculated as an an:'rage for tests conducted on all examples 

.~ ')'1][.).~. . 

The fillnl values of the overall cillpirical error rates for bot.h collections of examples, 
,:\jlrrt-prepared ilnd computer-gell€'raled, at.- ,,!town above in Table :1. 

Tahle 3. Overa] error rates, tIte leave-olle-out cro",,-,·a.lidation, expcrt-a.nd computer-generatcd 
cxa III pies. 

Error RaLc~ 

Expert, prepa.red examples 40 

C'olllpnter-gencmted exa.mples 4,75 

,\ si;;nificant difference between to overall I.'llIpirical error rates produced Oil decision 
1'1111'<; ext.ract.ed from the two collect.iolls of ('XiII 11 pit'S call be observed. A 40 percent error 
fall' for the decision rules gellerat€'d fro II I thl' expert-prepared examples indicates that 
til(' learning process was far from complt'lion and that t.he number of examples used was 
insufficient to complete the learning prorf'Ss. til contra.... !.. a 4.76 percent error rate for the 
dpcision rules extracted fr0111 computer-g('lwrat.ed examples indicates that the learning 
[ll'oce:';s was dose to completion when lerlllillatt'd. 

7 Conclusions 

The feasibility study reported here was the first of its kind in the area of tall building 
dcsign. Therefore, significant effort went into the development of the representat.ion space 
'Inc! of the methodology of automated knowledge acquisition, including verification of the 
knowledge acquired. Also, much more time than expected was necessary to prepare the 
collection of computer-generated examples us('d in our research. 

In the case of expert-prepared exalllpies. the decision rules produced are interesting, 
;\fIt! provide a good glimpse into experts understanding of the conceptual design of wind 
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bracings in I,all huildings. However. th€'se deci:;ioll rules are illconsistent. a\ld this clearly 
dcmollslmt€'s the insufficiency of the examples used to produce completely useful results. 
This was expected, considt"ring the number of examples compar€'d to ..he number of at­
tribul es and their nominal vailles, and the complexit.y of t.he problem being analyzed. III 
the second case of computer-generated exalllpies. the knowledge acquisitioll process pro­
duced a class of decision rules which are clear and could be used as directives in the area 
of cOllceptual design of wind bracings for all t.all buildings whose design requirements are 
wit.hin the representation space considered. These rules could also be used as heuristics 
for other design cases, but. their general applica bility has yet to be determined. 

A significant difference was observed between the overall empirical error rates pro­
duced 011 decision rules extracted from t.wo collection of examples: 40 percent versus 
4.76 percent. This difference demollst,rates the import.ance of the representation space 
amI t.he Ilumber and quality of examples in aut.omated knowledge acquisition in engineer­
ing. It also shows that the rules of learning call be vcry good in terms of the empirical 
error ratt.'~, and this is especially encollraging for research Oll the applicat.iolls of machine 
learniug iu engineering. Therefore, it could be concluded that learning systems are use­
ful knowledge acquisition t.ools in engineering, particularly when a sufficient number of 
"clean" examples is used. In this case, good result.s can be expected in terms of both 
the comprehensibility of decision rules and the performance of the learning system as 
measured by the overall empirical error rate. 

The study was conducted using a siugle learning system, DataLogic. Therefore, it is 
difficult to generalize our methodological results for other learning systems, and more 
feasibility studies utilizing ot.her learning syst.ems are suggested. It is particularly impor­
tant to compare and evaluate performance of various If'arning systems on the same data, 
with the performance evaluat.ion done using t.he same methodology and several empirical 
error rates, including commission and omission error rates [23]. In general, a method­
ological foundation for using learning systems in engineering should be developed, which 
would make t.he practical applications of such systems feasible and would eliminate the 
need to conduct extensive methodological studies in each case of engineering applications 
of learning syst.ems. 
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