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A baaic knowledge of aultiple regreaaion concept• 
pendt• further underatanding of path, factor, and 
liarel analy•••• Specifically, •tandardiaed partial 
re9r•••ion coefficient• (beta -.i9ht•) a• applied in 
path, factor, and liarel analy••• an pre•ented. Th• 
aultivariabl• .. thoda ha,,. in c011aon the general linear 
aodel and are the .... in ••,,.ral reapecta. Firat, they 
identify, partition, and control variana.. Second, they 
are bHed upon a linear combination of variable•. And 
third, th• linear -.i9ht• can be computed ba••d on 
•tandardiaed partial re9r•••ion coefficienta.

Multiple re;r•••ion or the general linear aodel approach 
to th• analy•i• of eaperiaental data in educational re•earch ha• 
becoae increuin9ly popular •inoe 1H7 (Buhaw and Findley, 1H9). 
In fact today, it hu becoae recogniHd H an approach that bdd9•• 
the 9ap betWffft correlational and analy•i• of Tarianoe thought in 
anawering nHarch hypotheH• (�il, Kelly, I NoNe.U, 1975). 
ltatiatical textbook• in paychol09Y and education otta preaut th• 
relationahip bet-..n data analyda with aultipl• regreHion and 
analyaia of Tarianoe (Draper , lat.th, UH1 Willi ... , 1t74a1 
l\oacoe, 19751 Sdwuda, U7t). Graduate atudenta taking an advanced 
atatiatic• cour•• an therefore prOTided with th• aultipl• linear 
regr•••ion fr ... work for data analy•i•. Qi..a their knowledge of 
aultipl• linear re9reaaion techniqu•• applied to uniTariat• 
analyd• (one dependent Tariable), their under•tandin9 can be 
extended to the relationahip of multiple linear ngreadon to 
variou• aultivariate atathtical technique• (!telly, hfl•, McNeil, 
with Bichelber99r I Lyon, 1969, PP• 228-2481 Newaan, 1988). The 
article therefor• expanda upon thi• under•tanding and indicate• the 
importance of the atandardiaed partial rec;reaaion coefficient (beta 
weight) in aultiple linear regr•••ion a• it·i• applied in path, 
factor, and li•r•l analy•••• 
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Multiple r•gr•••ion technique• require a b aeic underetandin9 of 
•ample •tati•tic• (n, .. an, and variance), •tandardised variable•,
correlation (Pedhazur, 1982, pp 53-57), and partial correlation
(Cohen , Cohen, 197!11 Bou•ton , Boldin9, 1974). In •tandard •core
fona th• au.ltipl• r•gr•••ion equation ie1
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The relationehip between th• correlation coefficient, the 
unstandardised re9re•sion coefficient and the standardized 
regr•••ion coefficient i•1 
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ror two independent variable•, th• r•gr•••ion equation with 
•tandard •cores ie1
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And th• etandardised partial regr•••ion coefficient• are computed 
by1 
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Th• correlation between th• original and predicted eaore• i• 
given th• epeaial n ... Nultipl• Correlation Coeffiaient. It i• 
indicated HI 
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And the Squared Multiple correlation Coefficient ie related a• 
follow•• 
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MOLTIPLJI: IUl:GUSSION BXAMPLE 

A multiple linear regreHion example uaing a correlation aatriz 
aa input (SPSSX tJHr'• Guide, 3rd Bdition, 1988, Chapter 13) ia in 
the appendix. The reault• are: 

2 .• 
R - b r + b r + b r

y.123 1 yl 2 y2 3 y3

- (. C23) .!07 + (.363) .cu + (. 0C0) .276

2 
R - .40

y.123

A ■yetematic determination of the ao■t important ■et of 
variable• can be accompli■hed by ■etting the partial regre■aion 
weight of each Tariable to aero. Thi• approach and other 
alternative methoda are pre■ented by Kelly, h99a, , McNeil et al 
(1969) and Darlington (1968). 

In ■ummary, regre■aion techniquea han been ■hown to be robuat 
(Bobrnatedt, Carter, 1971)1 applicable to contraat coding (Lewi• 

, Mouw, 1978)1 dichotoaoua coding (McNeil, Kelly,, McNeil, 197!)1 
and ordinal coding (Lyona, 1971) reaearch aituationa. Multiple 
regreeaion can al■o be Tiewed aa a apecial caae of path analyaia. 

•ATB ANALYSIS

Sewall Wright ia credited with the deftlopment of path analyaia 
aa a aethod for ■tudyin; the direct and indirect effect• of 
Tariablea (Wright, 1921, 193,, 1960). ••th analyei• ia not a 
aethod for diacOftring cauaea, rather it teat• theoretical 
relationahipa called "cauaal aodelin;". The ■pecified aodel 
eatabliahea cauaal relationahipa uon; the •ariablea whens 

•• teaporal ordering exiat•
b. covariation (correlation) i• preaent
c. controlled for other'cauaea

Model ■pecification ia neoeaaary in exaainin9 aultiple 
Tariable relationahipa. In the abaenae of a model, aany 
different relationahip■ -on; Tariablea can be po■tulated 
with many different path coefficient• being ■elected. ror 
example, in a three •ariable aodel the following four relationahipa 
could be poatulated1 
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The four different model• have been con■id•r•d without reveraing 
the order of th• variable•. Bow can one decide which aodel i• 
correct? Path analyai■ do••n't provide a way to apecify the model, 
but rather e■timat•• the effect■ once the model baa been apecified 
"a priori" . ••th coefficient• in path anal31'•i• take on the 
value■ of a product-moment correlation and/or atandardised 
regr•••ion coefficient• in a model ("olfle, 1977) . .  �or example 
given aodel (d)a 

X 

2 

X 

1 

'l'Hmfl 

b • p 
1 y1 

y 

b • p 
2 y2 

r • P
12 12

A path model i8 •peoified by the HHarcher baHd on theory or 
prior rHearch. Variable relationahip• once apeoified, in atandard 
a core fora, become •tandardi■ed • regre••ion coefficient• . In 
multiple regr•••ion, a dependent variable i• regre•••d in a aingl• 
anal yd• on all the independent variablH. In path analy•h one or 
more multiple regre••ion analy•e• are performed. Path coefficient• 
are computed baHd upon only the particular Ht of independent 
variable• that lead to th• dependent variable under con•ideration. 
Aa in regr•••ion analy•i•, path analy•i• can u•• dichotomoua and 
ordinal data in th• cauaal aodel (Boyle, 19701 Lyon■, 1971). 
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Path aodele permit diagruaning how a particular Ht of 
independent variable• lead to a dependent variable under 
conaideration. Bow the patha are drawn determine whether the 
independent variable• are correlated aau••• (unanalysed) , aediated 
cauaee (indirect), or independent cau••• (direct). The aodel can 
be teated for the aignificance of path coefficient• (Pedhasur, 
1982, pp !58-62) and a goodneaa-of-fit criteria (Haraacuilo , Levin, 
1983, pp 169-1721 'l'ateuoka , LohnH, 1988, pp 98-100) which 
reflect• th• eignificance between the original and reproduced 
correlation matrix. Thia procee■ i• commonly called decompo■ing 
the correlation matrix (Aaher, 1976, pp 32-34) according to certain 
rule• (Wright, 1934). 

PATH »IALYSIS BDMPLl!l 

A four variable path analyeia program i• in th• appendix. In 
order to calculate the path coefficient• tor the model, two 
regreaaion analyaee were performed. The aodel with the path 
coefficient• iaz 

X p • .423 
1 Yl 

p - -.071
p - .224 31 X p - .040 y 

21 3 Y3 

p • .!593 
32 

p - .363
Y2 

X 

2 

'l'he original and reproduced oorrelationa are preHnted in 
matrix form. The upper half repre■enta original oorrelationa and 
the low.r half th• reproduoed oorrelationa which include the 
regreaaion of patha linking independent variable• to the dependent 
variable. 

VAl\l.ULIII y Xl X2 X3 
. 

y 1.000 ,!507 .481 .276 
Xl .423 1.000 .224 .062 Original 
X2 .362 .224 1.000 .!577 Correlation• 
X3 ,040 -.070 .!593 1,000 

l\eproduced 
Correlation■ 
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Th• original correlation• can be completely "�roduced" if all 
effect.a: direct. (DZ), indirect. (D), apurioua (S) and correlated 
(C) are.included., l'or examples

! • '  .,,, 

). 
r - p ,· - .224
12 .12

C 

r - p + p p - .062
13 31 32 21

DZ IS 

r - p + p p - .577
23 32 31 21

DB s 

r - p + p p +p p +p p p - .507
lY n Y2 21 Y3 31 Y3 32 21 

DE IS IS IE 

r - p + p p +p p +p p p - .481

2Y Y2 Yl 32 Y1 21 Y3 31 21
DI: II: 8 8 

r -
p + p p + p p +p p p + p p p - .276

3Y Y3 Y1 31 Y2 32 Y1 21 32 Y2 21 31
DB 8 8 8 8 

In auamary, path analyaia can be carried out within the context 
of ordinary re9reaaion analyaia and doe• not. require th• leamin9 
of any new analyda tecbniquH (Aaher, 197', p321 Willi ... , 1t74b). 
Tb• advantage of path analyd• ia that it enable• one to apecify 
direct. and indirect. effect.a uon9 independent Tariabl••. In 
addition, path analyai• enable• ua to deaoapoae the correlation 
bet.ween any two TariablH into aillple and coaplex path• of which 
aOIH are Manin9ful. ••th coefficient• and the nlationahip 
between the od9inal and rep.:oduced co.:nlation aatrix can alao be 
teated fo&- ai;nificance. 
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FAC'l'Ol\ .AHALYSIS 

Path models and th• uaociated test of aignificanoe between 
original and reproduced correlation• are uaed in confinuatory 
factor analy•i•. ractor analy•i• aaauae• that the obaerved 
( .. aaured) variable• are linear combination• of •oae underlying 
aource variable (factor). In practice, on• eatiaat•• population 
par ... tere of th• -••ured variable• from a •ample (with the 
uncertainti•• of model specification and .. aaureaent error). A 
linear combination of weighted variable• relate• to multiple 
regreaaion in a aingl• factor model and to a linear cauaal ayat-■ 
(path analyai• - "multiple" multiple regreHiona) in multiple 
factor modela. Path diagrama therefore permit repreaentation of 
th• caueal relationahip• among factor• and obaerved ( .. aaured) 
variable• in factor analyaia. 

In general, th• firat atep in factor analyai• involve• the atudy 
of interrelationship• among variable• in the correlation aatrix. 
!'actor analyaia will addr••• the question of whether th••• •ub••t• 
can be identified by on• or more factor• (hypothetical conatructa). 
Confirmatory factor analy•i• ia used to teat specific hypoth•••• 
regarding which variable■ correlate with which conatructa 
(Long, 1983). 
FACTO!\ MODSLS 

!'actor analyaia aeaua•• that aoae factor•, which are ... 11er in 
number than the number of obeerved variable•, are reaponaibl• for 
th• covariation aaong th• obaerved variabl••• ror example, gi-..n 
a unidiaenaional trait in a aingl• factor aodel with four variable• 
the diagram would be (It.la, Mueller, 1978a, p 35)a 

d• .735 
y y 0 

b • .677 r 

y 

d• .917 
X 1 0 

1 1 
b• .402 

r 1 
d• .100 

b • .800 X 2 u 

2 2 2 

d • .843
X 3 u 

b • .535 3 3 
3 

WHSUa 

b - atandardised regr•••ion coefficient
i 

! l 

f. 



•• .. /�e ,rariance of each obeerv9d variable ie therefore coaprieed of
· t.h• 'proportion of variance detenu.ned by t.he comon factor and t.he
· .. proportion ... detenu.ned by t.h• unique :factor, • which topt.her equal
. the >.total ,rariance of each obeerv9d variable. 'l'here:fore s

2 2 
8 • b + 

i i. 

2 

d • 1 
i 

'l'he correlation between a common factor and a variable 
iet .. •• 

r • b 
l',X i 

i 

'l'he correlation between .a unique :factor and a variable 
ie: 

r • d 

u,x i 
i 

'l'he correlation between obeerv9d (aeaeured) variable• 
eharin9 a c0111111on :factor iet 

r • 
X ,X 

i j 

b b 
i :, 

And finally, the variance attributed tot.he :factor ae a 
reeult of t.h• linear cOllbination of variable• iet 

2 

b • 

2 

I b 2 

i. "

---- r.1234
" 

Wheres M • number of •ariabl•• 

2 
b • •quared factor loaclin91t 

i 

2 

Notes ab • eigen•alu• 
i 

2 

b • co.aunality 
i 
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l'AC'fOI\ »GLYSIS SXANPLS 

A ■ingle •.• f'aotor analy•i• proeJram with f'our variable• in ·a 
correlation matrix f'omat i• in the appendix. 'l'be path dia9X"am i• 
the .... u above (!Ci.a� Mueller, 1978a, p 35) with the INlight• aa 
f'ollow•: 

b � .677 b • .402 b • .eoo b • .535 
Y 1 2 3 

And, f'aotor •core• computed aa: 

l'•bY + bX + bX + bX 
y 1 1 2 2 3 3 

Multiplying the coef'f'icient• between pair• of' variable• give• the 
f'ollowing correlation matrix: 

VAIUABLB y Xl X2 X3 

2 
y b .27 .54 .36 

1 

2 
X1 .27 b .32 .22 

2 
2 

X2 .a, .32 b .,3 

3 

2 
X3 .3C5 .22 .43 b 

., 

'l'be common tact.or vad,anoe .t.aa 

2 
2 I b 

I\ • i • .... + .u + .,, + .2P • .JP
r.123, ---- ---------------------

N 4 

The unique tact.or Tarianoe i•• 

2 

2 I (1 • b ) 
1 - I\ - i - .s, + ·" + .36 + .71 - . fl

r.123, --------- ---------------------

M 4 

.. I 

I 



In summary, f'actor loading• (irariable weight■) are ■tandardiaed 
regre■■ion coef'f'icient■• . A■ ■uch, linear weighted combination• of 
irariabl•• loading on a factor are u■ed to compute factor ■core■ 
(ICim , Mueller, 1978b p 60). 'the weight• are al■o the correlation 
between th• ob■er,red (aeaeured) ,rariabl•• and the factor 
(hypothetical con■truct). If the ,rariable correlation■ (weigbta) 
are squared and ■ummed, they de•cribe the proportion of variance· 
determined by that factor. 'l'bie i• traditionally known a• an 
eigenvalue, but termed comunality in factor analy■i■• When all 
variable• are ■tandardised, then the linear wei9bte are called 
•tandardised regre••ion coefficient■ (regre■•ion analy•i•), path
coefficient• (path analyei■), or f'actor loading• (factor analyeie).
'l'he factor analy•i• approach i• di■tinqui•bed froa regre••ion or
path analy•i• in that obeer,red variable correlation i• explained by 
a common factor (hypothetical con■truct) . In factor analyeie
therefore the correlation between ob••r'V'ed ,rariable• i■ the reeult
of •haring a common factor rather than a variable being the direct
cau•• (path analy•i•) or predictor of another (regre••ion
analysis).

LISR!:L 

Linear atructural relationahip• (li■rel) are often diagrUIINd 
by uein9 multiple factor path IIOdel• where the factor■ 
(hypothetical contruct■) are viewed ae latent trait• (Jore•kog, 
Sorboa, 1986, pp I .s-1. 7). 'l'he lierel aodel conaiat• of two partaa 
the aeHureaent aodel and the ■tructural equation aodel. 'the 
aeaeurUlent aodel ■pecifi•• how th• latent variable■ or 
hypothetical conetruct■ are aea■ured in tenui ot the obaened 
c--a■ured) variable■ and de■cribee their .. a■ureaent propertie■ 
(reliability and validity). 'l'he atructural equation aodel 
•pecifi•• the cau•al relationehip aaon9 the latent Yariabl•• and i•
ueed to de•cribe the cauaal effect• and the aaount of unexplained
variance. Th• li•r•l aodel include■ or encoapa•••• a wide range of
aodela, for exa11ple1 uniTariate or aultiYUiate regre■•ion aodel•, ·,
confirmatory factor analyaia, and path analyei• aodel• (Jore■kog,
sorboa, 1986, pp 1.3, :a:,t-l.12). cut.tance (1913) pre■ent• an
overview of eev-eral li•rel ■ubaodel• with diagr... and
explanation•. Woltle (1H2) preHnt• an indepth preHntation of a
single aodel to introduce and clarify lierel analyei•. 'l'he li■rel
pro9ru therefore perait• re9reHion, path, and factor analyaia
whereby aodel specification and .. a■ureaent error oan be a••••••d•
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HBA8VIURGDIT DJ\01\ 

l'uller (1987) ext:en•i-..ly ccwer• li•rel and factor analy•i• 
model• and eapecially extend.a re;r•••ion analy•i• to tbe ca•• where 
tb• variable• are --••ur•d with error. Wolfe (1979, pp 48•!51) 
present• the relation•hip between liarel, regre•aion and path 
analy•i• eapecially in re9arda to bow aeaaureaent error effect• tb• 
re9r•••ton coefficient (path coefficient). &rror• of aeaaureaent 
in •tatietic• hav. been •tudied ext:en•i-..ly (Wolfe, 1979). Cochran 
(1968) •tudied it from four different aapecte: (1) typea of 
mathematical aodele, (2) •tandard technique• of analy•i• which take 
into account aea•ureaent error, (3) effect of error• of aea•ureaent 
in producin9 bia• and reduced preci•ion and what remedial 
procedure• are available, and ( 4) technique• for •tudyin9 error of 
aeaauruaent. Cochran (1970) alao •tudied the effect• of error of 
aeaauruaent on tbe •quared·aultipl• correlation coefficient. 

LISUL-l'ACTOI\ .UOU:.YSIS 11:XAMPL& 

A LISUL factor analy•i• program with a correlation aatrix a• 
input i• in th• appendix. The factor analytic model in matrix 
notation i•s 

Wheres 

X • L x + q 
X d 

X • obaerved variable• 
L • atructural wei9hta (factor loading•) 
x • latent trait (factor) 
q • error variance (unique variance) 

d 

The LIIUL reaulta ares 

a. L • LMGSDA X <•tructural wei9ht••factor loadin9a)

t • .f77 x • .402 x • .eoo x • .s,s 

1 2 3 

b, q • TH&TA Dl:LTA (unique factor vadanoe) 
d 

Y • .54 X • .84 X • .3f X • .71 

2 2 

1 2 3 

a. b • LAHIDA X (common factor variance)

Y • .46 X • .16 X • .64 
1 2 

X • .29 
3 



. The concept or aodel apecirication and 9oodneee or rit pertains
:to .:the :ori9inal correlation aatrix and the ••tiaated correlation
•aatrix., '.'; Th• ••tiaat•d correlation aatrix i• 1 ,, ·: • • 
G@�-tttwr,:·';,1t ·�, • � -,1, 

''''.\( 1. ,, .272 
.\c'iYsO i • .542 .321 

.362 .215 .427 

The.original correlation aatrix iaa 

8 -

.507 

.481 .224 

.276 .062 .577 

Th• 9oodneH or fit index (CD'I) uain9 the unwei9hted leaat 
aquar•• approach (OLS) i• then computed aaa 

2 
CD'I - 1 - 1/2 trace (8 - C,)

', ,''.< ,�i ., 2 
CD'I - 1 1/2 (1.308 1.02) 

CD'I - 1 - .041 

CD'I • .959 

LISUL-UQUSSION .ANALYSIS BXMGtLB 

A LISUL r•;r•••ion pr09raa with a correlation aatriz u input 
i• in th• appendix. Th• re�••ion aodel in aatriz notation ia: 

Y•GX+s 

Wheres Y • dependent �riable 
a• 9 .... aata:ia: (beta wi9hta) 
X • independent �riabl•• 
• • error• of prediction (error ..-arianoe)

Th• LISUL reault• are th• .... aa in the previou• re;r•••ion 
pro9raa1 

2 
ll • G r

y.123 1 yl
+ G r 

2 y2 
+ G r 

3 y3 

ll • (.423) .507 + (.363) .481 + (.040) .276
y.123

2 
ll • .40

y.123

- .
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CONCLUSION 

The appropriate atatietical method to uae i• often an iaaue of 
debate. It •oaetiaee requir•• more than one approach to analyzing 
data. The rational• for chooaing between th• alternative .. thoda 
of analy•i• i• uaually guided by reaearch bypoth•••• or queationa. 

Th• aultivariabl• methoda di•cu•••d have in 00111111On the general 
linear aodel and are the eUte in eeveral reap.eta. l'irat, they 
identify, partition, and control variance. Second, they are baaed 
on linear combination• of variable•. And third, the linear weight• 
can be computed baaed on atandardized partial re9r•••ion 
coefficient•. 

Th• aultivariabl• methoda however have different application•. 
Multiple regreaeion ee•k• to identify and ••tiaate the amount of 
variance in the dependent variable attributed to one or more 
independent variable• (prediction) • Path analy•i• •••Jc• to 
identify relationahipe among a ••t of variable• (explanation) . 
!'actor analy•i• •••Jc• to identify aubaeta of variable• from a much 
larger ••t (c0111111on/ahared variance). Liarel determine• the degree 
of model apecification and measurement error. The different 
methoda were derived becauee of th• need for prediction, 
explanation, co111111on variance, model and .. aeurement error 
a•••••aent type application•. 

Multiple regr•••ion technique• are robuat except for aodel 
apecification and measurement error• (Borbn•t•dt, Carter, 1971). 
Multiple regr•••ion technique• are al•o uaeful in underatanding 
path, factor, and LISUL applicationa. LISUL peJ:mit.• regr•••ion, 
path, and factor analy••• whereby aodel apecification and 
meaaurement error can be a••••••d. Li•r•l alao pez:ait• univariate 
or aultivariate leaat aquar•• analy•i• in either aingle •ample or 
multiple •ample (acroH population•) reeearch ••ttinge. An 
underatandin9 of aultipl• reqrHdon and general linear aodel 
technique• can therefore qreatly facilitate on•• underatanclin9 of 
the teetinq of reeearch queation• in 11Ultivariabl• aituationa. 



AP:PBNDIX 

MOLTI:PLB UQNgSSION :Pl\OGRAM 
,:'If;� 

'l'ITLB IUl:GlUl:SSION WITH COIUUl:LATION MATRIX IN:PtJT , .'., · H . 
COMKBN'l' VAIUABLB MEANS•0, VAP.IANCl:S•l, CONSTANT•Ct "". ' ' 
MATRIX DATA VAIUABLBS•Y Xl X2 X3/N•100 ,/ r,,1>, 
BBGIN. DATA 
1.000 

.507 
.481 
.276 

1.000 
.224 

.062 
J:ND DATA 

1.000 
.577 1.000 

IUl:GIUl:SSION MATRIX•IN(*)/ 
MISSING-LISTWISJ:/ 
VAIUABLBS•Y Xl X2 X3/ 
DJ::PJ:NDJ:N'l'aY / 
J:NTD Xl X2 X3/ 

l'INISH 

:PATH ANALYSIS Pl\OGRAM ONJ: 

A. . V.UUULB 3 IUl:GIUl:SSJ:D ON V.UUULBS 1 AND 2 • :
' .,. • ).' 

TITLB PATH ANALYSIS SXAMl'LB WITH COIUUl:LATION MATRIX IN:PtJT 
COHNINT VAJUDLB H&AHS•01 VAIUANCSS•l1 CONSTANT•0 
MATRIX DATA V.UUULBS•Y Xl X2 X3/N•100 
BJ:QIN DATA 
1.000 

.507 1.000 

.481 , .224 1.000 

.276 .062 .577 1.000 
SND DATA 
IUl:QIUl:SSION MATI\IX•IN(*)/ 

NIISINQaLISTWISJ:/ 
VAJUULH•'lC Xl X2 X3/ 
DUSNDENT•X3/ 

l'INISH 

- ..

SNTSI\ Xl X2/ 

u



PA'l'H ANALYSIS PROGRAM 'l'lfO 

B. VlUUABLB Y UQRZSSSD ON 'VAIU.ABLBS 1, 2, AND 3

TITLB PATH ANALYSIS BXAM!Lli "1'1'B COJUUl:LATION MA'l'lUX INPtJT 
COMMENT VAIUABLli Hll:ANS•01 VAIUAHCBS•ll CONSTANT-0 
MA'l'lUX DATA VAIUABLBS•Y Xl X2 X3/N•100 
BBQIN DA'l'A 
1.000 

.50'7 1.000 

.481 .224 1.000 

.2'76 .062 .5'7'7 1.000 
am DA'l'A 
UQNgSSION MA'l'RIX•IN(*)/ 

MISSING-LISTMISB/ 
VARIABLBS•Y Xl X2 X3/ 
DUll:ND&NT-Y/ 
BN'1'D. Xl X2 X3/ 

!'IHISH 

!'J\CTOI\ .AHALYSIS l'I\OG'RAM 

TI'l'LI: l'J\CTOR ANALYSIS EXAMPLE WI'l'B COIIULA'l'ION Hl.'l'lUX INPO'l' 
COMMENT VAIUABLB Hll:ANS•01 VAIUANCl:8•11 CONS'l'AN'l'•0 
Hl.'l'a?X DA'l'A V.UUULBS•Y Xl X2 X3/N•100 
UQIN DA'l'A 
1.000 

.507 1.000 

.481 .224 1.000 

.2'76 .062 .57'7 1.000 
DID DA'l'A 
l'ACTOI\ VIJUMLBS•Y X1 X2 X3/ 

MADIX•IN(COR•*)/ 
CIUTSJUA•l'AC'l'OIUl(l)/ 
BXDJ\CTION•ULS/ 
I\OTA'l'ION•NOROTA'l'll/ 
PRINT CONUl:LA'l'ION DST INITIAL �ION I\OTATION/ 
l'ON0.'1' 801\T/ 
PLOT l:ICDN/ 
l'INIIH 



LISUL l'AC'l'OR »a.LYSIS Pl\OQlUU! 

TITLE 'LISUL l'AC'l'OR ANALYSIS WITH COD&LATION MJlTIUX 
INPOT PROGRAM 
NUHll:RIC DOMMX 
END l'ILB 
END INPOT Pl\OQlUU! 
USEIU'ROC NAMB•LISUL 
DATA !'OR GROUP OD 
DA NG-1 NI•4 N0-100 
LA 

'Y' 'Xl' 'X2' 'X3' 
at SY 
1.000 

.507 1.000 

.481 .224 1.000 

.276 .062 .577 1.000 
HO NX•4 NlC•l TD-DI,ft l'B•S'l' 
Lit 
' l'AC'l'OR' 
PA LX 
4 * 1 
OU ULS SI: TV PC u VA rs ss NI 
END USER 

LISU:L U:<DSSSION ANALYSIS PaocaAM 

'l'ITLB 'LISUL U:<DSSSION ANALYSIS WITH CORULATION lm.TIIUC' 
INl'tJT p� 
NUHSIUC DUNff 

BND l'ILB it"'" .. 
mm INPUT PI\OQI\AN ' 1 .:.'\1 . 

USSQI\OC IQKl•LIIUL 7i,:; 
DA'l'A 1'01\ QI\OU. OD 
DA N0-1 NI•4 lf0-100 
LA 
'Y' 'Xl' 'X2' 'X3' 
at SY 
1.000 

.507 1.000 

.481 .224 1.000 

.276 .0,2 .577 1.000 
HO NY•l NX•3 •s•DI 
OU ULS SI: TV •c M VA 88 NI '1'0 
mm USER 
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