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MULTIPLE LINEAR REGRESSION VIEWPOINTS 

VOLUME 17, NUMB!.R 2, FALL 1990 

Teaching ANCOVA: 

T he Importance of Random Assignment 

Ralph O. Mueller 

Unlver1lty of Toledo 

The purpose of this paper ts to present a simple approach to teaching 
the fundamental concepts underlying the Analysis of Covariance 
(ANCOV A) with particular attention to the assumption of random 
assignment. The main advantage of ustng ANCOVA tn experimental 
research Is the gain ln statistical power due to a reduction ln error 
variance. As a by-product, ANCOVA provides statistically modified 
group means • that compensate for . non-systematic group 
differences on the covariate. A continuing mtsconccptlon, 
however, 1s that ANCOVA "equates" previously unequal groups With 
respect to a covariate even 1f these preexisting differences are 
systematic ones. Teachers of research methodologies • arc urged to 
clart(y and expand · on the sometimes Insufficient presentations of 
ANCOVA to prevent further misapplications. • •• 

Introduction 

The Analysts of Covariance (ANCOVA) has long been used tn the 
behavioral sciences as an Important data analysis tool. In many 
contemporary text, on research methodologies an entire chapter 
Is devoted to ANCOVA. as, for example, tn Cohen and Cohen 
(1983), Hinkle, Wiersma, and Jurs (1988), Ho�ell , (1987), Keppel 
(1982), Kirk (1982), Marascullo and Serlln (1988), or Pedhazur 
(1982), to name Just a few. Usually described as an lntegratlon •• of 
Analysis of Variance (ANOVA) and Multiple Unear Regresslon·(MLR),; 
the ANCOVA model can be represented as a special case of the 

An earlier version of this paper was presented at the 1989 meeting of the Mld•Westem 
Educational Research AIIOClatlon In Chicago, llllnols. • The author thanks the editor and 
reviewers for their helpful suggestions and Mr. Tito Mendoza, Research Assistant, for 
helping with preparing the flnal document. 



General Llnear Model (OLM), Including model components of both, 
ANOVA an� ,MLR. The ANCOVA's· general goal can be Viewed as being

very similar to that of ANOVA: the technique helps answering the 

question of whether observed group differences on some dependent 

variable are attributable to sampling Ouctuattons alone or to true 
population differences between the groups (In fact, In a true 
experiment both procedures test the same null-hypothesis, Ho: µ1• 
µ:i-... • µk, as explained below). 

In experimental research settings ANCOVA has the main 
,. 

11 
,:.• � fL� , 

advantage of error . variance reduction so that true group 
differences , are easter to detect: that ·1s, compared to 1'NOV A,.• the . , 

'> • • ' 
c�" ' "' 1' 

'> • .-, • • 

Analysts of Covariance provtdes an . Increase In statistical power 
I 

• ' 
.,. •' ., 

', ,.• :\ . ' " f •. 

provided certain assumptions, are met (Keppel, 1982, p:, ,483). 
The error reduction Is achieved by adding one or more continuous. 

explanatory variables to the model,, called the couarlate(s}, that (a)
are related to the dependent variable as much as possible, but (b) 

• ':!'.! 

are unrelated to each . other and to the Independent vartable(a) that
j ,•.;· ,. ' f ' • ,;.;··.c, 

Indicate group membenhlp. A by-product . of the appUcatlon of 
ANCOVA 11 the calculation .!lDd aubaequent Interpretation of the 

a4Juatt1d means which are ,roup meana on , the dependent 
,- iJ 

variable that have been 1tattstically a(ijuated. for, preexiltln8 non•
l >l .. 

s11stt1mattc ,roup differences on the covartate(s) (Keppel, 1982, p. 
' • j '·· 

483). Generally, adjusted means can be Interpreted as predicted 

mean ,cores that would be expected If all group covariate means 

were exactly equal (to the ,rand covariate mean) rather than dlft'erent 

due to random sampling OuctuatJons. 

2 



Recognizing the advantages of ANCOVA. researchers s9on
began to apply the technique to data obtained from quasi- and non-,, ,:i' 1 

experimental research settings as well, and soon, first warnings

against the use of the Analysis of Covariance began to appear in the
' 'i 

literature: sec, for example, Cook and Campbell (1979), Elashoff

(1969), Lord (1967, 1969), or, more recently, Bultema (1980). One

of the focal points of the discussion continues to be the potential
- '• •• 

misinterpretation of adjusted means. Some authors argue that ".�c

analysis of covariance, which ls also used in experimental studies, ....
'' ;. 

' 
,,j 

ts a statistical method that can be used to equate groups �m one or 
• • •• � ,, .• , ,,,t. ,_,;,,:,.,. 4 

more variables" (Gay, 1987, p.254). But statements slmilar to .. the
, .  

• ' ' ' • ,i,. ,.- ,,, ;� ••. :� 

one above overstate and misinterpret the real advantage of ANCOVA
' ..< ',· } 

especially when used in quasi• or non-experimental research.
l ' J t:. 

Group differences on the covariate are likely. to be . systematic when

dealing wtth in-tact group1: ANCOVA. however, ls not intended to

adjust for systematic differences, Just for non-systematic ones 
·, /'; 

(Keppel, 1982, pp. 481-492). For an excellent and
comprehensive dllcuHton on interpretation problems aHoctated .

,, ., I 

with ANCOVA. consult Bultema (1980, chap. 7) who warned that
"In aeneral, ANCOVA 11 not an appropriate procedure for the

analyala of nonequivalent aroup studies" (p. 1&4).

Today, ANCOVA'a advantages are well known and Its

dl1advantaac1 and Umltationa are recogruzed and understood ,�Y ,

most, Some introductory texts in research methodology, ho��er, .
sUll mislead the research neophyte somewhat by stating in very
general terms that the use of ANCOVA will statistically . "equate"

previously unequal groups on the covariate (e.g., Borg & Gall,
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1989, p. 556; Gay, 1987, p. 254; Huck, Cormier, & Bounds, 1974, pp. 
134-136). Others make conflicting remarks'. regardtng'··•·the

Interpretation of adjusted means and the appropriateness ,: of

ANCOVA In quasi- or non-experimental research (e.g., Maraacutlo &

Serlln, 1988, p. 608 and p. 611; Wiersma, 1986, p. 354). The

Intent of this paper ts not to criticize specfftc textbook authors:

rather, ft serves to present a simple approach to teaching the

fundamental concepts of 'ANCOVA tn a beginning 'research

methodology or applied statistics course. Toe eniphasls here' ts on the

Importance of the· assumption of random assignment and the 'potential

misapplications of ANCOVA In quasi 'and non��erlmental research. '

Especially students of research , methods that do not ·apectaltze 1ri
4., ' '  ' · '  " "· the fleld need to be aware of common misuses ·of this widely used

technique.

The StaU.tfcal Model ad �tecl Ileana 

A suggested approach to teaching the underlying concepts Is to • 
' ' '  ' . ' begin with a presentation of the • General Unear Model • (OLM) 

expression of ANCOVA. Under c� staUsttcal ·usumpttons 1 (see 

Cook & CampbeU, 1979, Elashofl', 1969, or Hultema, 1980, chap;· 6), • 
' ' • I /\ � 

< . '!,./ � ,. J. \ r, 

the model for a one-way linear ANCOVA can be expressed as 

where Yfk denotes the tth score on the dependent variable In the 
kth group, µ Is the grand mean of the dependent variable, Ctk•{µk•µJ • 

Is the kth group effect, Pw denotes the regre111ton coemctent 

representing the Unear relauonshtp between the dependent 

q 



variable and the covariate, Xtk ts a score .on the covartate, µx ts 
the grand mean , or the covartate, and . etk denotes random error 

'{ l ' ! ' 
\ 1 ">• 

associated with each subject's score. 
Without loss or generality, . assume that two groups are being 

, ' , I ,, ; ) 

compared (k•2). Mean group differences �n the dependent variable 
can then be expressed as 

' ' . ' 

(2) #lYJ .:. #lY2 • {µ + aJ+ /Jw{µXJ - µx)J - {µ +
1

a2 + /Jw{µX2 ··- µx)J 
• (aJ -a2J + p.l,(µxi -µx2l

The last expression In Equation 2 shows that. observe.d sample 
, .•: 

differences cannot be uniquely attributed to group effects but could 
also be due to mean dtfferences • on the co�artate. Rewriting 
Equation 1 as 

(3) Ytk(cu;UJ • Ytk -/JwlXtk-µxJ • µ + aic + etk

where Ytk(cu;UJ denotes an acUusted ,core, and deftning the cu;Uusted 
nuran In the kth ,roup as 

proves to be helpful 11nce now differences between adjusted .means 
.\ ,· ' ··� "1 

can be attributed to group effecta alone: 

(5) llYJ(cu;fJJ -llY2(adJJ • (µ + aJ} -(µ+at}• aJ ..: cx2 

5 



,,i Additionally, using Equation 4, It can be seen that 

.... ,,, ·. :<t1(f'I . . , , .� 
dependent variable on the covariate In Group le. 1bus, dift'erences 

between adjusted means can also be Interpreted as dlfl'erences 

between regression Intercepts In the separate regressions a( the 
\ .l•,k }. l',q • 

dependent variable on the covariate (see Figure 1). 
·, ,·\:;.Jl ., , , 

i,, 's , 

FIGURE 1 , . . 
Error Reduction tn ANCOYA 

Maralnal ., 
dlatrlbutlona 

:,,or r

a 

1 

Conditional 
' dlatrlbutlona 

or rror a ,., 
' ·,1vcn value or X 

Aasum1na that /Jw • O, note the reduction. In error vartance u 

shown in Ftgure 1. When a covariate la included in the model. error 

vartance Is determined by the condtttonal. rather than margtnal 

dlstrtbutlon of Y. The former hu a smaller vartance estimate than 

6 



the latter dlstrtbutJon, that Is, E(Y-YJ2 / dJ Is less than E(Y-Yk)2 / dJ. 

where 9 denotes a predicted Y-score. It Is here that the main 
advantage of ANCOVA becomes apparent: appropriately used, 
ANCOVA provides more statistical power than a conventional 

.. 
Analysis of Variance design; the probability of detecting true 

differences on the dependent variable Is Increased by a· decrease 
In estimated error variance. 

U1es and Abuses of ANCOVA 
Figure 1 Wustrated the Analysis of Covariance then the null­

hypothesis of no difference on the covariate ls true, a consequence 
of a basic • but very Important • assumption of ANCOV A: random 
assignment of subjects to groups (Hultema, 1980, chap. 6). In 
Ftgure1 2a and 2b random assignment ls assumed; thus, µxk•µx for 

all k, It followe that the a�usted and una�ustcd populatton means 
are equal (uee Equation 4) and that ANCOVA and ANOVA test the 
1ame null-hypothesis, Ho: µy

J 
• µy2 • ... • µyk- Sample means on the 

covariate, however, need not be equal. The ob1erved differences 
arc due to chance alone and ANCOVA adjustl the Y•means for these 
non•eystemaUc • usually 1mall • difference• on x. "ila the deftnlUon 
of adju1ted •ample means, 'Vk(a4JJ ■ Vk • bwtf,c-JO, where the terms 

are ,ample e1t1mate1 of the corresponding terms In Equation ·4,�, 
F1,urea 2a and 2b Ulustrate that the analysis will lead to correct 

r?� 

conclusions regarding group differences on the dependent variable� .. 
provided ANCOVA Is used In conjunction with .random asslgnme.nt 

, .. , 1'.'. 

of subjects to groups. In such a case, 'the difference • between· 
adjusted sample means ls an unbiased estimate of what the 

7 
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difference between group means on the dependent variable would 

have been lf each group had equal covariate means. Only in this sense 

can one claim that groups ,were "equated" with respect to the

covariate (recall that population cova.rtate means were assumed to be 

equal). 

When ANCOVA ts used In quasi- or non-experimental 

research settings, It ts, o�en the case that the groups under study 

systematically differ on the covariate and possibly on other relevant 

variables, that ts, the randomization ass�ptton was violated. What 

effect will this have on research results based on an ANCOVA?. 

Huttema (1980, chap. 6 and chap. 7) provided a comprehensive .and 

detailed discussion on tt,ie consequences of assumption violation and 

there ts no need to repeat . his arguments here. However, consider a
, ' � - , ' ' ,: ; 

less technical treatment . , of the potential misinterpretation of an 

ANCOVA when Indeed the aroups dtffer on the covariate. 

At the beginning of this paper one possible way of 

expressing the general goal of ANCOVA was stated: to detect 

whether aroupa 1tgntftcantly differ on 1ome dependent variable, 

When large group dUTerencea on the covariate exist, ANCOVA 

might ml1lead the reeearcher reaarding thta general queatlon. 

Conatder F11ure1 2c and 2d. MlalnterpretaUons are po11tble. In 

two 1ttuatlona. Ftrat, although the two aroups are d(fferent '\\'Ith.
respect to the dependent variable, ANCOVA leads to a conclusion ,of

f!Qu.aUtr/ in a<\)usted means (indicated by equal regression intercepts 

In Figure 2c). Thia ts often Interpreted by stating that the covariate 

"explains" true differences, especially after a stgnUlcant ANOVA 

analysis. 1be fact remains, however, that in situations like this 

9 



ANCOVA will not Indicate differences between the two groups 

�venthough the groups differ on th� dependent variable. • Se�ond, If 
' ' ' '\ •>' ' C, ,' S ,' 

the groups are equal with respect to the ·' dependent' variable, 
ANCOVA··�an lead to the conclusion that they' d(ffer after,: covariate 

adjustment (Indicated by unequal Intercepts In Flgur�. 2d).
Situations ltke these are sometimes referred to as cases of "Lord's 

paradox" (Lord, 1967). In a very illuminating and critical paper 

Bock (1969) claimed that the "paradox" Is ' merely a 
misunderstanding: ANOVA and ANCOVA answer different questions 

since the former technique ts based on the marginal Y -
distribution, while the latter deals with the • dJstrlbutton of Y-scores 
conditional on the covariate. Note, however�'that ANCOVA.' Is not 

likely to provide unbiased adjusted means when 'used In 
nonequivalent group designs (Hultema, 1980, p; 142). The > difference 

between a<tJustcd ·sample means might be a biased estimate • of what 
the difference between group means on the dependent variable would 

! � . ..,, �., \'• ' f ./ ; �·· , .  , ,· : \ ,' 1 1, have been If each group had equal covanatc means.

The brief discussion ab.ovc - In addition to other potential 
Interpretation prc>blems (Huttcma, 1980) - Indicates that tt mJaht be 
of advantage to �et for dJft'erence1 on the covaz1atc u a prellmJnary 

step In the data analysts. If the hypothe1t1 of no dlft'erence 11 

rejected, ANCOVA might motivate falae (or at least mtaleadtn,> 
conclu1ton1 regarding group dlfTcrencci on • the;·. dependent vartable: 

If the hypothc1t1 11 retained, ANCOVA might be appropriate and lead 
to a more powerful analysts. But what arc the consequences of a Type 

I or Type II error In auch a preliminary test? In the ftrst altuatlon one 

would crroneoualy conclude that covariate differences exist and, 
10 



gtven the previous .,discussion, might not use ANCOVA for the data 
• ,, f ' 

•• '·" 

analysts, eyenthough It would haye been approprl�te; the loss . of 
staUaUcal .. power ts the consequence. Under the , second sltuatton -
that ts, falsely concluding that no systemaUc covariate differences 
are present - ANCOVA might . be used Inappropriately and lead to 
false conclusions. The latter ls the reason for testing group 
differences on the covariate at a more liberal level of slgntflcance, 

, 
. •., '. \ 

say , , 10 or .20; protection against a Type II, error seems • more 
• •. '.l. .,. �- . 

• 

Important than protection against a Type I error .. , .. 
" ,. 

Conchulo11 

The Analysts , of Covariance model can be represented as a 
' I / ; ' � ,1 ' '"i 

spedal case or , the General Linear Model; lt Includes both, Analysis 
. • . ' ' . �· . � 

or Variance and Multiple Linear Regression components. The main 
advantage or using ANCOVA ts a reductton In error variance achieved 
through the Inclusion of additional explanatory vartables 
(covartate1) when a11e111ng mean group dlfferencea on 1ome 
depende.rit variable.' Aa 1uch, ANCOVA provtdea a 1tatlstlcally 

� ' : ' ; ; t ,. ' 
,' ' ' 

powerful way ,of detecting true aroup difference• but can also lead to 
' ' .. " -� 

falae conclu1lon1 regarding theae group difference, when the 
u1umptlon of random uslgnment ts violated and groups 1lgntfl�antly 
differ on the covariate. Teachers are urged to dl1cu11 potential 

1'':,) 

mtaappbcat1on1 and discourage the use or ANCOVA when the random 
assignment uaumptlon ls not met. One tndlcatlon of possible misuse 
can be provided by rejecting the hypothesis of no difference between 

covariate group means at a Uberal levol of slgniftcance to guard 
against a possible Type II error. The best protection against 

11 



potentially serious misinterpretations of ANCOVA results, however, ts 
to restrict Its use to 'true - or nearly true - expe�ental designs. IIC" 
accordance wlth others (Elashoff, • : 1969; Hultema, ·•' 1980; 'Keppel, 
198.2), ''the • Analysts 'of Covariance Is not" recommen<Jed In 

> '�' , ,,, t � r , ' ' 

nonequivalent group studies.
ANCOV.Astfll Is an Important and powerful data analysts tool In 

a variety of appUed research situations. Nearly every comprehensive 
textbook on·: 'research methodologies Includes a discussion·, ·on · • 
ANc'<)VA and ···the tecbnfque Is presented In most universftycourses" • 
on appUed statistics or research design. However, . the Jecbnfque • Is , 
also frequently misunderstood; mfsconcepttons like . "ANCOVA. can 
equate prevtously nonequivalent groups on the covartate(s)", still 
circulate through some unb11ttated minds. Teachers: ·ot research 
methods and authors of textbooks are In the position' to • start the • 
Initiation ••• process - or should there be an alumni Initiation ftrst? 
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Corporate Manager's Leadership 

Style and Existence of 

Employee Health Promotion .Programs 

Elizabeth Kinion 

The Unlveralty of Akron 

ABS'lWC1' 

'Iha establishment and the quality of health pran:,tia, ptogtW depend 
a, supportive corporate management. However, there is a pau::ity of research·· 
inwstlgating the area of leadership in oorporatia,s as it relates to.health 
praiotia, programs. In ganeral., the research a, health pt'CID'.)tiai consists 
primarily of types of progrmm, oost effectiveness, and physiological . . .. · 
responses to specific health behaviors. 

'Iha p.u:pose of this study was to examine the relatiaiship of ... 
corporate managers' leaderahip style, determined by Likert•s Profile ot 
0r(Janizatiaial Olarac:teristica, and tha existence of eaployee health it,; 
prcm:,tia, program. a,a hurdred eighty-sewn corporate offioera in 
Northeutem Chio 0Clll)leted the quaatiainaini entitled Corporate Iaadanhip 
Styl• and the r.icist.l08 of Eaploy.e lfelllth Prall:ltia, Projp:allll vu.ch included 
QUNtiaw fraD Likert'• Profile of 0r(Janizatiaial Olarac:teristi011, venaraJ. . ,
informtiai, �c data, and queatiaw about the et'fecta of health 
prcm:,tia,, M.lltiple linear �ia, p,:ooeduta ware UNd to analyze the 
variance in predictinJ me variable to another. 'lbe F t.t wu awlied to 
dlltendne atatiatical •ignlticanoe at tho ,05 1 .... 1. - , :•:!' , ,, 

'lbe naulte ot hyp:,thellia testing for the ADplo iniicated i.adarahip 
•tyle, u NUUred by Llkart'• Profile ot OrganizatialAl. Olaract:eriatica, ·'i'.,, 
cba rot aid in predioting tha exiatenoe of an enployN health ptaD)tia, • �·
pr0911UD, IAladarahip atyl• of tha reapoudente in this atldy clustered arcmd. ,., 
Sylltm 2 and Syllt:an 3, Sylltan 2, tha benavolent-authoritatlve syatam, ·and ' •• , 
Syllt:a 3, tha oorwultive ayatem, ara intermac:Uate ayat:ana. 'llieae ayatena ,1:, ... •·""K(NNli>l• tha extrema fraD �ch they deviate. �, data fran a subset ot 
the Nlll)le (IMMglml fraD oorporntiaw with health pran:,tia, ptograna) ,rH.ti.:,1« '""i• 

iniioated Jcncwl� of leadanhip atyle 11111y be used to predict corporate '" •• •• 
otticar:a' pm;� a, that health prom:,tia, progra11& increase enployee m:,rale,c1;': 
In additioo, data fran this sumet indicated corporate officer participatia, 
in the decisioo to establish a health ptaJDtia, program leads to a �cti�s, 
relatiaiship that health praootioo prograns are <XlElt effective, increase 
enployee produ::tivity, and decrease absenteeism'. 

15 



• �CN ,

Historically, the practice of medicine mu, therefore, haalth care

was • disease ard acute care oriented. In the years between 1875 md 1924
• ? .·,:,.?c , · �tftt-': 2:�i ·, ;,�_ ... • ,..,, /;i' 

medical advanJes "'8.1:9 based Cll anviramantal factara .w::h as inp:oved
i , V ') C > ,, i 

" •� ,, '�-:' � \ 
sanitatiCll md antiseptic surgery. Fran around 1925 to 19501 di.aoavariaa of

sulfa md penicillin dec:reased the nmtality rate by providing a "cure" for

infectious diseases. Americans viewed the �ician as a per&al Y10 ccu1d

cme their ills. Medicine has continued to respald with cur., auch as open

heart surgery, organ transplant:a, mu pw:mcautical break � auch as

synthesis of h:u:m:iues md genatic � of c».. thtil. :recently, this

curative approech to health care has continued without acrutiny, in spite of

the
1
f# that 7 � the 10 leadmJ ca� of �;�in � Uu� stat. clJring

·' J ,) " 'i",.,, .. ,,t·f 1·, '-" ·-, 

the 1980's are mated, direct1y or indJJ:ectly, through risk fact.ors, to
' >J\,:'.') \ ? : 

behavior or lif..tyle (Brady, 1• 1983). ,, ,, ' 1, ' � ·r 1 \ • r,.:. f. ,_,_: ,· l 
As a natiCll1 w have aacpmldad large 8lll'lU'1tll of -..y for health care.

, i ":f;f,,/:.;· , 'l<.1.�t'f;t".f'• ,:<,,/);:., s;{,r:tt.!!!;?·�i l➔1C .�:r::�1t1t{'-·.,. -� , 
In the' )'8atll. frail' 1960 to 1978,''arn.al hu.lth c:at:9., expen:lituwa ira:HHd�f�,�·-'_,{,.- � ,:.�. bf:,;..·, . '. ,W:f.(�1,)·•t-1 't i)H>�:·:,.,''\�i:Q --.')',> �1:;1,.:<·,i.Jit,'..,.-..:1 }11 {1 

011W1r 100,. ll:l01allm\ (1984) mta1 that al� the natia,al inflatiCll nte
'. ,•i<i/ ,:r, ,) ';jf/t),-",'\'" ·, • ·-1s: -�J f,{!".•, 1: '\ � ·• <• ,, . 

declinld in 1983 arid 1984,'�tal roam c:mtaa·ilmuld irl '1981, 1982, and
( ·.,; '. 'it I l·!•d�' ,:.:· ;1.! Mit":,f:":i!'".;t •hf 4.r'� ':,, ,<, ' • <  

1983, 'Du. tuldred and �'billial dol.latw," or 10�5', ot tha Ol:'OM·1; :'l�t.J.r.}'r;'Jf". ,,,:i·�t:,,'t ,�1"j ,,, "h�.:.,�f .i'
,.

,.1,( �. ··.:,: 1 .'" ' 

Natirml Produot wa spent afhlilllth care in '1982. iih1a a:,etdl fedenl
,., \. '' ' ''J t :, ' ,, '(, \. � 

expll'ditm. t00UNd a, diAbility and d!WN, not � (Dlpart:mlnt ot

Hlalth, nl.alti01"1, and Walfar., 1979), Fielding (1984) � that hlalth

prrmtia, progt- do not Wt1c it not atra,gly aupporbld by top�.
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A naticndda survey (Health �,' 1973) of mrri�-ittoward 

better health and ways of Oll9t0CIDing them ccn:u:ted ma::nJ � ... 

aanplea of the American p.iblic, business, and labor l8llldara inclicatea that: 

in the real ¥Jrld, the actual level of participaticxl (in aapl.oyar 
spawared pr:avantiva health progr:w) lil0Uld depend en the quality and 
availability of the pcogtaas, as well as the quality of the ampdgn 
within the caapmy used to sell the eapl.oyees (p. ,82). 

It lil0Uld iqpar that Cmporate America is at:rivirq to inp:ova its 
:. f • 

caaptitivenesa and prodootivity in the ¥Jrld mmcet. :sA healthy lll'lrkforce is. 
• • ' r 

eaamti.al. aima high abaent:eaiam and poor perfm:manca due to � or

1lll!ll'1tal problalll diminish prodootivity. Cmporate JIIIU'llllgl!II is CX18 of-�
'•. 

kaya to the .,a,aes of health prrmtioo progr:w. 

PRlCl!DJRl!S 

'Iha pq!Ulaticxl for this stmy ircluded cmpm:ate mnagara of , , � .. 
,,, 

j. I 

IIIIUlllfacturirWJ cxmpnisa within lbrthaastern ado that haw 500 or llm9

eq>1oyw and ware idantitisd in the au.a Directxny of Mmlfaaturel11 ( 1986).

All 310 ccmpniea lhic:h mt tha ptaviol.wly atated criteria ware �.

'1bl total deaiql l8t:hod ('IUI) WU utllir.ed in c:xnh::t:in'J t.hJ.a BUl:WY•

DJ.u.n ( 1978) ll0tN thata

in ardc' to mxildN tha quantity and quality of ■urwy �, 
at:tattial ..-t be qiwn to f1VWY detail that miC)ht affect z:-■p01• 
behavior. '1bl '1DI reu.- a, a thloretioally buled viw ot ww people do 
and do not rNPCld to cpaticnnaiNa and a wall ccnfiz:mld belW that 
at:tattial to adminiatratiw detail■ ia -■ential to oandLl:Jtin; auz:wya 
(p. vW). 

ot tha 310 ccmpniea �. me tudred ei� � ware 

returnad, np:wtinq 60l 1:-■p01• rate. 

'Iha naearc:tl daaign that waa uaed wu ex pollt facto. 'lhia ex pollt 

facto atudy waa guided by hypot:haaea, Altamatiw or rival hypot:hallea are 

hypot:haaea thal ptop:,ae explanatiais for the effect other than the atated 
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a,es. Internal vall�ty of the design can be increased 1mSn mre of the 
• '' ' ' ;: , • '"· ' 

rival hypotheses can be eliminated. HCJwevar, Newman and Newman (1977) state: 

aie Jlllst still Jcaep in mini that by its very nature ax post facto 
research can never have total intsmal validity. . 'lharefare, causatial 
can naver be inferred (p. 125). 

i' ��' 

'lhe inst:r:ument used to identity the leadarship style .of c:mporate 

officials was the Profile of Organizatialal Characteristica. (POC). , 'lhia 

instrument "4uch measures IIIIIMg8rial styles was davel.cped by Rlnaia LiJcart, 

ard has been used axtsnsively in previous reeearch (LiJcart, 1978). Lilcart'a 

Profile of characteriatics identifies. four leadarship stylaai_. (a) Syat.em 1,

exploitive-autharativa; (b) SyBt.an 2, benevol.ent-autmrative; (c) Syllta 3, 

cxnsultiva; ard (d) SyBt.an 4, pm:t:icipative-group. 

LiJcart Aaaooiatea (peraanal CIClllll.ll"dctial, Mllrc:h 13, 1986) report the 

18-itan Parm s uaual.ly yielda aplit-half reliabU U:i.- in the .90 to .K

rmJB lodWl applying the spearman-arown fonl11.a for eatimtinrJ reliability

tram the!: between two hal .... of the fm:111. validity of the JIOC, tOl.l'ld the 

rank ardllr correlatia, (rho) beblaen POC � and pctut•a data tor a 

Wist 0:>Ut mnutecturing tinl wa +.61. Data tram 10 pun of plenta in 

Yuljp:lalavia and two firm in Japan llhcw cxrw!ata,t dittc■aa in sroru. 

between hi9h and low perfar.'IIWYJ p1anta or dlpnt:lllmta in the apect.s 

dJ.rectlal. 

Since t:hie J.rr.,,.tigator WM interNtad in the nl.at.ionlhJ.p of 

leadanhip style, parll0l"lal. charactc'iatica, and �c, variablaa to the 

exJ.atence of hNlth p:rmtJ,a\ pro;i:w thl POC wa Cl'\ly en etep:J1•it ot the 

quaatiCD'lll.ire. 'lhl POC WU repr,:4ad in booklet fm:111. 'lnnaiticNl. 

111:atamnt:a were UNd to facilitate trarwitial fran the POC � to 
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danogtapdo data and, finally, questia,s about health prcm,tian. 'lbe. 

questic:maire bcokl.et was entitled o.n.p.u.at.e Isaderahip styles and the 

Existence af Ellpl.oyae Health Prall:JtiCl'l Prt,gtaus. 

S'IM'ISI'ICAL ANALYSIS 

Specific researchbypotheses wm:e derived fJ.'Oll the follawin;J xeseard1 

questia,s. 

1. Are there differences in leadership styles (predictor variable) as
identified Cll Likart1a Profile af organizaticnal. •• c:haracteristic 
inatrulnernt, af nenagara in 00Iplt'c1tiCl'lS "4lith health prcm,tian
progtW and thcae in OOip.u.at.i.cns without such prc,gr:aus (critericln 
variable)? 

2. Are there differenoes in leadership styles (predictor variable) af
nenagara "4¥> favor health prcm,tian pr.ogtaii8 (critericln variable) and
thcae "4¥> do rxJt? 

3. Are there cliff� in leadership styles (predictor variable) af
mnagal"8 "4¥> haY8 always advocated the est:abl.ultmalt af health
prcm,tian pr.ogtw and these "4¥> wm:e rx,t initially favarable but
9\JA)Ott au::ti pr.ogiw (criteria\ variable) attar wing thm in • • 
operatia-\?

4. Do 1199, MX, ecb:latica, taiure in poaiticn, tame with the
c:mpm:aticn, or pr:eviol.a area af apecial izaticn within the ·,
c:mpm:aticn (pnldictor variablea) n.late to perceptiaw af health
prcm,tian pr.o;p: .. (criterica variable)?

G. Ia there a relat1cnhip batwNn the llllll'\lll9E'I leedll:whip 9ty1e
(pnldictor variable) and the llllll'\lll9E'I percapt1an af health �
pr.o;p:w (critericn variable)? • ·'' 

6. D>N the ori.¢n of tha idea for tha health praa::,tJ.a, pr.ognm, • · ',
(pNdiat:or variable) or tha IIIIU\alJlll''• puticipaticn in thl dloiaica
to pr.ovidll a hlalth pr.aaot!Cll ptogtam relate to thl JIIIIM\18t''• n;,., •,.,
pemiptia, (criterica variable) of thl pr.o;p:am?

/·?\. ··f., ••
'1tl8 l tMt WU UNd to tMt thl atatiatical •ignificanc» of,�-

,,J,.,1 j,,,) rt'1, 

pr.quaed mat.lcnahipa in the rwrc:h hypJt:lw. 'lha ! test wu �

bec::auM it ia very :rotmt. 'lbe IISSUll¢1a,s of rancbl aelectica of �ecta 

and normal diatributica af the variables can be violated without doing 

aericul harm to the prooaduxe. 
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ltlltip].e linear regreaaicri was used in analyzirq the variaooa in 
' . ,, " '" ( .. ' ' 

predict.i.BJ fxaD rm variable to anot:har an:l in· oovaryiRJ aana of the 

variables to test the alte:matf.ve" hyplt:lw. 1111.tiple linear ngreaaia'I was 

cmsen because 1t 1a JIDr8 flexible tbah\rad1t1aw. ana1yaisot varJ.aooa. 

With DUltip].e linear xagrmsial, me can writa the ·llrldala that reflect the 

specific reaeardl questicn bein;r asked. In additicn, Newman (1976) points 

out that with DUltiple linear regrwial rm can teat relatianlhipa batwNn 

catecprical variables, babeen -�� � GUrt:.iru,us variablee, ar 

between ca,tiru:Jus variables:' • .... i" • " , 

., • • , 

. !'·'/, __ 

'1wo tailed tests of ■ignifica?¥» ware _used to teat the relatiawhip 

of those m-!ablea where t:hii.' � dt' the 'correlation - t.n:artain. 'lhe 
,. ' ( . -� , ..... , �,. ' 

.05 laval of ■ignifican:,e was uaed am:,a it WU the opinia'l of the 

invaatigat:or that· the � of re;tecttnJ a true ....U � ware 

not 90 aeriou■ a■ ''t.o wunnt a iim:e•·�·- cantiden:» lewl • 
. ' '' �· ' . ' ' '' 

since tour leadanhip artylea wre bain; t.ted, a c:,grnctJ,cn tor 

llul.tiple �� was llllldll'ft\:J�'"owrai1 wa •�iciant�· N9Wam\ an:l.• .. , ''(' , . .,. . . . .... , .... � .. ,,... .· .· r ....... , .. _i •. " • 
N9wman (15177) rilpc,rt& ,

·
..,,�'• -� .•r,:•., ' • • 

lllC1 an CMnll l ia ■iQl'litic:lant and.there an m than two cp:oupa, the 
__ ,_ ot ...... thl dltterinci 

1

ili' 'al '' 'ariNI. � find out "--.,.,_ ....... , '' " ' ,,,, wya thl diffet'C110e ia, aw CJIIW'ally ,run■ Jlllltiple OCllpll'i■cnl bat.wll'I thl 
CJt'OUPII, 'lbat ia, Group 1 ia c:,capred t.o· 'Group 2, Ol'0Up. 1 ia ocapred t:o
Group 3, Group 2 ia ccmpred t.o ,Group ,? f �· Aa the rud:lc' ot 
CQIIIU"iacrw (t.Mta ot •i9nificancl) � \hJdl ... not illdll)lldlnt ot eac:tl
ot:har, ina,-.-, thl mre Ukaly cna Will find •!9dfiolncl (p, 221),

• ' ·' ,r<•'i <' ' '  

A variety ot correotJ.cN my be 'UNd t:o �i tor alltla Ct'Ol' t:Alildup 

� 1llllkirw;i llul.tiple 0Clll)arilaw. 'Dda 'r...archlr 'UMd _g_ 
!fl, 

- t 
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. Fawar analyw wre performed to detarmina the pt'Cblbility of making 

a Type U ermr. Effect size (£'") ws aubjectival.y Mt at .15 Ylich is 

defined as medium affect. 'Iba followuq fonula noted by Newman and Newman 

(1983) ws 1.118d to calculate pcwar: 

L • f'"v 
i'tare: N • rud:ler of replicatia,a 

v•dfa (�) 
u - � (lb. - Dia) ,, ' • . 

Jib. • l'lUld:ler of linearly indepm,dent vactara in full JDJdal 
ma • md::lar of linearly indapmldent vactara in r.t:rJ.cted JDJdal 

l\:Jwa1:' wu calculat:ed for the' lllSt • atringant IDdal case, that is, the 

case in Ylich power wuld be the lCJWll8t1 therefore, the pcwar eat:imtN that 

follow for this lltudy will be at least this high or h1ghar. '1btwe power 

Nt1mtee wre gi"M'l for -11 .02, madi.1111 .15, and laJ:91 .35 effect sizes. 

For this .lltudy, tharefm:e, power for effect air.a wuld be .15 if effect size 

wu truly llllllll for this p0p1lat.icxl. Medim effect •i• wuld be .85 em 
,,:,, 

' ,  

larva ett� wuld be ,92. 1 'lhirefore,' WI can be'tairly oertain that if a

.Um or larva ettect cma mat in the populaticl'l, this lltudy wuld be 

oeplble 1ot � it.· '1bia study has low powar em 00Uld dllteot a am11 

etteot •i• in a 'popriaticl'l 15 timN out 'ot 100. ll:Mllw, •inoe the 

l'M8llrdlar is lmt � in at 1eut .Um •i• etteota, the � 

t..i. the powar is ■utticJAnt tor th1I atmy. 

RESUl1l9 

A vut mjority ot cotpXate oftioara u. mle, bet:wwl era- 30 em 

59 1 and haw �tel.y 4 yurll mcperim M a 001:porate offJ.oer. 'Jbia 

mjority of cotpXate ottioara haw at leMt a bechalor'• ctecJt-, ot the 

caipniea ntuming CXJlll)l.ted cpaticnviina, 88 ofter haalth pcamtia, 

p;og..w em 99 do mt offer haalth pcamtim p;og..�. 
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Of the respcnients, 163 (881) favor health pranatim at the llaticaite. 
•'.l, 

'Iha majority of the :r:espondents in this atudy went clmtered in blo syat.aia. 

Systa& 2, benevolent-auth:lrativa, am System 3, consultive. 'lhis atudy 

aa:h'essEld sbc :r:eseardl. questicm. � frail the entire sanp].a (!! • 187) 

went used to answer Researc:h � 1 am 2 am ralated hypot:heais. A 

subset (!! • 88) of the sanp1.e :r:esponsee frail CXJll)Ol:atiaw with health 

prrmtial pr:og:r:w went used to answer Research OJesticnl 3 tlu'augh 6 am 

:r:eJ.ated hypotheses. 

Hypotheses 1 thrcu;ih 10 relate to Research Quest1a, 1 • .; 1twae 

hypotheses am rmul.ts a:r:e st:ated in Table 1. An mamdnatial of table cne 

:r:avaals that there is not a significant differaoa 11111:nJ leaderahip atyles in 

predicting nt:ha:r:' a w:r:po:r:aUcn has a haalth p:cmtian p:og:r:u. IMdanhip. 

styles a:r:e not •ignificantl.y diffetWlt CMlr am abow oo:r:pw.ate officer 

title, aga, ar gander, tMme in cur:r:ent poaitia'l, tMme with crrp:rrat.ial, 

ecu:atia'l, m1 a:r:ea of apecializatia'l in ca:r:poratial prior to ClUaW1t 

poeitia'l. 

� 11 rel.at. to RINaJ:dl o-tiCll 2 m1 � 12 m113 

relate to RINaJ:dl �·3. �;l'lypothlNa an:! naul.ta an dlta11ed a, 

Table 2. An axaminatia'l of Table 2 nwala the thm:11 itl not a aignitiolnt 

ditferenoa 11111:nJ leadllnhip atyl.N of IIIIIMlj1ar8 t.h:> favor hNlth p:'Clll0tJ.cn
·, 

pt.'OIP,W at the lrm'bite an:! th:IN t.h:> do not. Nor itl thin a aignitiolnt 

ditferenoa am:nJ leadllnhip atyl• in � t.ho alway. advooated the 

� of hNlth praaot:Jai pt'09tW an:! th:IN t,ho initially Wl:'e not 

in favor of the 1Jt'09t•, mt now S\JA)0t't 11'1.dl a p:og:r:u. 
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Hypot:heees 38 through 42 :r:el.ate to Raaeardl Questia'I 5. 'Iheae 
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Hypothaaea 43-50 relate to Rasearch o-rtiat 6. 'Dleae hyp::rt:heaes and 

:resulte are detailed a1 Table 7. 'lbere is not a significant difference in 

,mere tha idea far a health prcm,t:iCXl pr.o;p:am llrlginates and tha JIIID'lllg8r81

percapt.ial ot lihathar tha pcog.:am la cost effective, iJ1Cn111sas mp1ayee 

mrale, increases eapl.oyee productivity, and decr8!lses ablent:eeism. 
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nwre is not a significant difference in 'ldle.te the idea for the 

health prcmticXl pcogtam originat.ed and the anagar's parceptiat of the 

pcog.:am. Nor is there a significant diffrm in the managers' parceptiat 

that the pcog.:am .increases 8lll,)l.oylle mral.e, 'li&l the JlllmagBr participates in 

the decisicn t.o establiah the pcog.:am. lblaYar, there is a significant 

diffrm in the managers' pm::capticn that the pcogtam Wl!IB cost effective, 

increased 8lll,)l.oylle prodlx:tivity and decreased 8lll,)l.oylle absent:eaia 'li&l the 

IIIIU'lllg8r. perticipat.ed in the decisim t.o establiah the pcogr.am. 
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Abstract 

Scatlarplot smoolhing Is a simple but a very useful lool for data analysis. A smoolh curve superimposed on Ille 
scatterplot greatly enhances the visual Information, especially, the bivariate association between the prediction variable 
and the response variable. In this article some smoothers are reviewed with respect to consistency and sensitivity to 
discontinuities on Ille underlying functions. Robust centered span smoothers produce smooth and consls18nt curves but 
they tend to smooth over or blur Ille discontinuities. Non-centered span smoothers are sensitive to Jt,e discontinuities but 
they lllnd to be rouoh and lack consistency. Two stage smoothing Is proposed as a technique that provides consistency as 
well as sensitMty to dscontlnulties. 

Key words: smoolher, undertytng function, discontinuity, consistency, centered span, non-centered span 

1. Introduction.

Scatterplots are a very �ef� tool for analyzing a bivariate relationship between two variables, say X and Y. 

The observed bivariate data points, 

(x1 ,Y1 ), (x2,Y2), .... • (xn,Ynl,

constitute acatterplots. They visually explain the relationship. It was pointed out by Cleveland (1979) that the extreme 
• ' j • 

points In the point doud ol acatterplots dlatract the eyes and they tend 10 miss the structure ol the bulk ol the data. M a 
' ''! :'- ';1;.).i'.�J 

llffled'/,1catterplots are smoothed, then the visual Information Is enhanced and the UIOCiatlon between the two variables Is
I ,1 ,4° .i, '• ( p ,'i,:'r,f 

clartfted. Unfortunate!';, If dl1conllnulUn are presenl the smooth curve may tend to conceal this fact. If the smoothers are
,(t!f 

sensitive lo dileonUnulllea they lend lo be somewhat rough. Two atage smoolhing Is proposed as a technique that lends to 

PnMde smooth fits wt1h detection ol dlscontlnulllea. 

Scatterplot smoothing Is a procedure that operates over the bivariate data points to decompose the observed Yi 
�:1::,,: :1;:·r·..1 t,Jr;,;,tt1� t1C 

values Into two parts, System (or Smooth) and Noise (or Rouoh). That Is, the l·lh observed value al Y can be written as 
( J d) 01 f tn:H:,, 

, .,;'�,;,,�·; t!;f.!t,.f:•i ,f\.f''.:t�}.:':-4 ¼�'\ft'i�� ,t;:?:�i(} � 
where s ls a system or a smoothing function and r1 ls a residual (or rough). Here, we assume that Yi Is generated from an

undertytng function and noise with a certain distribution. That Is, 
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The undertytng function f(,cj) Is estimated by s(,cI) In the smoothing procedure. The requirement of I good smoother Is 

that It should not be affected by occasional outliers and the output results should be smooth regardless ol lhe Input data. 

In this regard, Cleveland (1979) proposed Locally Weighted Regression Scatterplot Smoothing ("LOWESS") which 
·. . 

meets the robustness condition of good smoothers. Friedman (1984) proposed a variable span smoother In which local 

cross validation Is used to estimate the optimal span as a function of the abscissa value. McDonlid Ind Owen (1984) 

proposed a split linear flt smoothing algorithm that can produce discontinuous output It can be, used for smoothing wt1h

edge detection. One faabJre of the split linear fit method that dlstingulshes It from most of the oiher smoothers Is that It 

uses non-centered spans. 
,�·_;;11·: ,·,� ',;; ' " {th"' 

One 11 the problems encountered In smoothing scattarplots Is how lo estimate, 11 closely IS possible, the f(x) by 

s(x) using the given scatterplots. Therefore, a good smoother should' be robust and consistent. When the unde,tytng 

function, f(x), Is smooth (continuous) most of the centered span smoothers perform well. However, If l(x) 11 

dlscontlnuous or kinked, the centered span smoothers usually blur the discontinuous points and produce I smooth QJM; 

while the non-centered span smoothers are CJJll8 sensitfw lo discontinuities. 

In this study, the smoothers sensitive to the discontinuities, namely, the non-centered span smoother, running 
'. ql�'.(f\f 1 '. "}'::t:� 

medians of three, and Tukey'a 3RSSH, are compared tor consistency. Also, 1n exploration WII made of I two-stao• 

smoother that Is more cons1tent but 11 the ame time can produce I dlscontl� curve. 

For computational economy, the updating formula of the ��p�
1
vartance p�d lri a11kr. II al (1980) WIii

' ,.
used to update the regression parameter estimations. 

Next. we discus, smoothers with two different types ol sp�n�'1nd consider de�on of the dlacontlnultin ol 

l(x), 

2. Centered Span Smoother.

The centered span smoother Is the most commonly used smoother. To estimate f(xI) take a number of 

observations around xt 10 that xI Is a center ol the observations. These obseMllons constitute a 1p1n for xt· Cleveland's 

LOWESS, Running Median, Moving Average, and 3RSSH are e,camples of the centered span smoother. Here, as a 

cenlllred span smoother, we use a robust fixed span smoother which Is similar lo LOWESS. The basic procedure Is: 
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(a) And lnfflal fitted value Yi for xt by using local linear regression.

Flt a simple local straight line lo the dma In the span for Xj, I ■ 1, ... ,n.
Then, find the Initial smooth value ,i, I ■ 1, ... ,n(Updating formula can be used with unit weight)

(b) Dependng on the IISldual (r1 ■ y1 • Ji) for each xi, assign a weight

A weight for each xi Is based on each r1. 

Let m ■ Medlan(lr11, I ■ 1, ... ,n}, and let d1■ r{(6*m). 

Then, the weight for the k-th observation In the span for x1 will be 

( 1 • d12)2 for ld11 S 1

o otherwise.

(c) Based on the new weigh� flt a locally Mlghted straight regression fine.

(d) Repeat step! (b) and ,(c) un�I the convergence cr iterion, lyold • Ynewl/lyold' < a Is satisfied.
In this llufjy,a■10"5181JS!d, . , •

' . ',: • 1,'� • ., ,, r ' ', 
', ' '. • ' > ' This procedure 18 applied for three different sizes of spans In ()(der lo give points on the boundaries of the span 

Im weight than the points In the center. So, three values (l.e.,111, y21, y31) for x1 118 computed. The weight for each

ettlmata 18 glyen depending on the span size. Let w1, W2, and w3 be wel(Jhts for each of 3 spans. Then, the final s"mooth 

value for x1 wtn be obtained by, 

)l • W1111 + W2y21 + W3)(1i, 

whel8 W1 +W2+w3• 1, 

If the relatlonlhlpa among the apw 118 

span 1 < span 2 < IIJlll 3 . 

In this llud'J, the three spans used are 18, 20, and 22, respectively . 

The advantages of this procedure 111: 

(1) It 11 computationally effective In lllrms of number of operations.
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(b) It Is more robust than a simple local straight line fit.

(c) Using a straight Une raduces computational cost and makes the updating easier.

M seen In Figure 1, this smoother blurs the discontinuous points and produces an overall smoolh CIMY8. Rumlng 

medians of three (referred to as "3R') and 3RSSH 111 also simple centered span smoothers. They 111 quite sensltiw to 

discontinuities but produce rough (or bumpy) fits to the data. 

3. Non-centered Span Smoother.

Unlike most of the smoothers, spans for x1 are not set up such that Xj Is the center oh span. For example, 

McDonald and o.ven·s (1984) split linear flt smoother Is such a smoother. They pointed out the weakness of the cerulld 
';' ,;1' f; 

span sm«nhers and proposed a smoother lhat can be used for smoothing with edge detaction. The Idea Is to mlkll SMral 
linear fits for xi: some of them 111 left-sided fits, some are central fits, and some •�· rfght'..sided fits. In practice, three 

linear fits (one for each type of flt) are enough. Then, the three estimated values from the' three types of fits 111 
assessed depending on the basis of the mean squared residual about the Hne fitted ove�an"ot the data except Xj (referred 

to as '!JMSE1, Any fitted value wtlh Pt_.1SE greater than the average PMSE for xt Is Ignored. Weights for the 11m1inlng 

fitted values are based on the squared differences between each PMSE and the average PMSE. Using thne remaining 
fitted values Ind their 11spectlve weights, a weighted average la computed as a fitted value for x1• ,. ' I • '•di''� . . . ,.,· 

Tills smoother II very sensitive to discontinuities but there la a tendency for 11111 smoother to product a CUM 

with a 10mewhat fagged appearance. Thia problem can be solved to aome extent by applylng tilt abOVI algorfthm 

repelltlvely to Its own output. In this study, It Is 11peated once to avoid possible digression of the fitted CUM from the 

underl'flng function l(x). See Figure 2. In 11111 study, the span size tor this smoother Is 20. 

4. Measurement of Consistencies.

To compare the consistencies of smoothers It Is necessary to quantify them. A posllble candidate to measure 
consistency II the average of the sample variances of the B fitted values for each x1. Efron (1990) pmented an example 

for a bootstrap esttmata for the variance of regression coefficients. A similar Idea la applied In this study•• follows. 

first, assuming that the undariylng function Is not known, apply a smoother on I generated data set Ind find 



. l(Xj) and r1 .� y1 - s(x� , I • 1, ... ,n.

Then, 

(a) Construct � by assigning 1/n IS the weight for the residual, r1 .. ,

(b) Draw a bootstrap data set

Yj° • S(Xj) + r,-, I• 1, ... ,n, 

where r,* 's are 1.1.d. from �. 

are compwd on 

(c) Independent!>/ repeat step (b) B times; obtaining "bootstrap replications,

1 •.·, 2 : B : � ..
•• (•1), •• (x1), ... ,s• (xI), I ■ 1 ,. .. , n.

Then, compute 

... 

,*(x,) • _
B
l l:(.r*•(x,)J,
•·• 

Md 

where/ la the llldert/ilo function. 

•• , •. ·:1,,, .,,,,,.,,,s,at:•i1,r.·1i••1'•�rJ1l1'� 
CM1 measurea the oonsislencles (varaUon) of the smooth CUM around the mean smooth CUM and 'cw measures

the conslsteas around the underlytng function. CM2 ls ;easurab; ri��'wiien' the ��,r��:i:tt'�lt
, l '"' '_::,}" qft/:,:,'-.:;;.•l.-,)�1�] .,J:�l�,j'(>';�'I 

underlytng ftilctlon Is known, It Is more reasonable to use the ej's rather than r1•s and f(Xj) rather than S(�) for step (c) In
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the above procedure to compare consistency. The reason Is that the values of the r1·s depend on the sensitivity of

smoothers to dsconllnuities. In Tables 1 • 4, such measures are computad for comparison of the consistency of smoothers. 

5.Smoothing with Detection of the Discontinuities and Improved Consistency

We have seen that the non-centered span smoother Is sensitive to the discontinuities, while the centered span 

smoothers blur them. By using this fact we can detect discontinuities simply by plotting the differences of the two 

smooth values estimated by the non-centered span smoother and by the centered span smoother. Agure 3 presents the 

two smoolh airves for the purpose of visual comparison. The llllle� function in Figure 3 ls a sawtooth flrlcllon. • 
j .  ' 

figure 4 presents the difference plot. A discontinuity is suspected at the local maxima or minima.' In the figure, a 

discontinuity Is suspected around x ■ 50. Also, the difference plot shows the owrall pattem of the discontinuity. 

We are Interested In consistency and, at the same time, In the detection of dlsconlinlMles., If a smoother his both 

properties, the computed values of CM1 and CM2 for that smoother will be lower than those of other smoottie11. From 
, ;, ��' I ..j/. �• • ,,, l ' 

Tables 1 • 4, we see that the robust centered span smoother has better consistency than the non-centered IPlrl amoottier, 
;,ft' :.i 

' 

but the latter has more sensitivity to dlscontlnultles. The problem Is how to combine the two deal11bie properties. One 
' 

,:) ,., 
solution II to use two-stage smoothing. In the ft11t step, discontinuities are located and the original data set II split such 

,., r 

that each discontinuity serves 111 splitting point In the second step, the robust centered span smoother la applied to 
, 

;,i.•11" ·• , .. 1,1· ' 

each of the apUt data sets. The consistency measurements of this smoottier are shown In Tables 2 and 3 and tlll smooth 

CUMS produced by tliS method II shown In Figure 5. 
' ' 

6. Discussion.

In this study, the consistency measures of vartous 1moothe11 are compared. The mull show that 
,, 

(1) The non-centered span smoother 11 sensitive to discontinuities and Im consistent than the rob11t centered span

smoother, 

(2) The robust centered span smoother lacks sensitlvtty to discontinuities but It Is very consistent

(3) Other sensitive smoothe11, such as Mning medians ol lhree or 3RSSH, produce quite rough CUMS and lack

consistency; and
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(◄) The l'M>-stage smoother Is conslstant and produces smooth curves �th edge deteetion.

The detection and the location of the discontinuities on the x-axis are dependent upon the span size of the 

smoother. The determination of the span slie Is very important H the span size Is la�. then the robust centered span 
smoother wtn blur the discontinuities. H xI Is close to a discontinuity, then the difference between the values estimated by 

the non-cen18red span smoother and the robust centered span smoother wtll be large. If the non-centered span smoother 

has a wide span It lands to Ignore the discontinuities, while a narrow span wtll make It umecessarily sensltlYa and may rasijt 

In false detection of discontinuities. If there are more than one discontinuity on the underlying function the distance 
t 

'1 

between any two discontinuities must be larger than the span size In order to be detected. 

Sometimes outliers make the detection of discontinuity very dif ficult Outllers near the discontinuities may 

cause confusion ard lead to poor �Ions. One possible remq Is to apply the n,,ning medians as a ftlter befo11 the l'M>-. . . 

stage smoother Is applied. The two-stage smoother works well when the dlScontinultlea are separated enough and the 
. ' 

' ' { ';) 

functional form of the undert,lng function Is not compllcallld. It works best when the undertytng function Is smooth but

broken by �ooltles:·for wmple, a saw tooth function. When no dlscontlnultlea 111 dellle111d the two-stage smoother 
��·-,: ,,,,,:i l,:uL·;·· ,.d_ 

;;!<.:1 ,.,, ,,, 
Is the same as the robust centered span smoother. The two stage smoother has the advantages of being able to detect 

dilcontlnijtiea II wen a being very consltlllnt. 
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Appendix.

A,Tables 

Table-1. ,. 
( f(x) ■0.02x, m� Increasing "'1cllon) 

smoother 
Robust Centered Span 
Non-centered Span 
3RSSH • ti· ;\/! !�; 

3R .. � 

.. , ..

cw. CM2 
0.05721 •0,07972 
0.13593 0.17323 
0.47333 0,84698 
0,49887 0,71918 

'-/·.,,..,:,�:.;1,�i ��.,;' 

;,,,,,;. i" T bl 2 >MJ,i•/', ,, • .,. • 
,r, 1 ,;( �jj,;, tf; �M- ••. I � , >•�>,,>· �;.·;,,IJ,i,,.(i,,-,,,. 

( f(x)■0.1x, for xS:50, f(x)■0.1x(x•50), for X>50,
• •'i'lwmoll, f111c11on) ·'·;1&11'.\jfl�./:·,,\i)i, 

,11,-------,..
------

... 
. 

... 

... 

, ..
IN 

, .. 

IN 

., .. .

.... 

♦ 

., .. ,_.,... __________ �It N N • N N N N N *

Smoother 
Robust Centered Span 
Non-centered Span 
3RSSH' 
3R 
Two•ltage 

w 
0.06482 
0.20362 
1.63010 
1.68922 
0.05871 

CM2 
o. 78905
0.39049
2.14755
2.34655
0.31377
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.Table-3. 
( f(x)■0.2x, for xSS0, f(x)■80/(x•40), for X>50, fin• 

shaped fll1ctlon ) 

100 

100 

tOO 

Smoother 
: "' cw. CM2 

RobustCenteredSpao :.0.08246 0.47491 
Non-centered Span 0.20740 0.23504 
3RSSH , ,_,i,fe?0,37348 o.49477 
3R ,, 0.352H 0.51385 
Two�Itaoe • ·�·11 0.07788 0.10850

Table-4. 

( f(X) .. ln(2ft(1-X) UJ, IICpandlg C)"Cllcll f\llc1lon) 

, ... 
....
l,N 
, ... 
, ... 
.... 
. ... 

., ..

., .. 

♦ 

♦ 

♦ 

·••1,4-•-.......... l,N-...... -... _.-, ... --.... .,..-.. ,...,.""-.. "'! .. � ....

arnoatber 
Robu1t Centered Span 
Non-centered Span 
3RSSH 
3R 

,W 
0.06248 
0.20740 
0.37348 
0.35298 

CM2 
0.47491 
0.23504 
0.49477 
0.51365 
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The Case Against 

Interpreting Regression Weights 

Keith McNeil 

University of New Mexico 

Abstract 

One ot the major problems that has occurred in the use of 
th• regression statistical procedure, ·is the tendency of 
individuals inappropriately interpreting regression weights, The 
purpose of this paper is to discuss and to clarity problems that 
can arise from such interpretation, 

Introduction 

Although most :multiple regression texts argue against 

(J<erlinger and Pedhazer, 1973) , "not very clear. how these values 
; 1 � 

are useful" (Ward and Jennings, 1973), "acquire more :meaning./. 
\, '•r,i4·.,fs\',· 

than statistically appropriate" (McNeil, l<elly and McNeil, J., 
,, ,: ;i1,,1U,� 

1975)), some statistics text authors and researchers still want 
lrO'·'..."' • >: /:,• ,:,,j 'l't�$,,;J •• �.J...,,) 

to place some sort ct importance or meaning on the �agnithd� .'��;, 
' /,."')"'' :.,·,, c' ;·\d' J,.,iv�f",•r&.:;;t;:r 

relative magnitude of th• regression wei9hts. ,'.l'h.� 'p�rpose '�l· .,, 
, :,. • x· ··"

l

.�., 
.L.;/ •;,/·.:/:, t'-�:,,:r�t·\J�>t

this paper is to provide various reasons tor why such 

interpretations are not appropriate, Two c�ses·will be discussed 

in which the interpretations do not have to do with "importance," 
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, ' 
Reasons for not interpreting regression weights include: 

l) degree of predictability in the population is less than

perfect, 2) regression weights fluctuate from sample to sample,

3) assignment of weight is arbitrary, 4) regression weights would

probably be different in a manipulated situation as compared to a

non-manipulated situation, 5) the purpose of the test of

significance is unrelated to interpretation of weights, and 6)

the purpose of using multiple predictors.

Orthogonal Predictors

In the situation where the predictor set is orthogonal, 

regression weights are indeed estimates of the population means. 

A subsequent sample would probably produce a different set of 

weights, but each set is an unbiased estimate of the population 

means. But in no case would one want to rank the regr•••ion 

weights to "find the moat important.variable." The:variable with 

the h�gheat 'regreHion weight hH ·t'lie �i'qheat .•••'pl• me��. but 
j '; f.'', [ •tJ'\ s:i;J,�/ • / fi '.''!!' ',1c •!'fj, •1 C 

that highest mean doesn't make it "the moat important," 

Non-Orthogonal PrecUcton 

R2-1, 0, It the 'R2 is 1, 00} r. lr
t
'th:

:.
popl.il�tion then the 

• /· , 1"1 •...i1�, ?·if>.,,, rry;>�,-� ·t'i_,. 1 ·t. ,. 

weight• would be stable troni sample' t.ci • ■ample b,ecauH there would

be no sampling error. Newton•• l�w of 9�avity D • 1/2 CT2 was 
. , ,. ., l . . , . 

shown to be derivable trom regreHion technoloCJY (McNeil, 1970), 

But what doH the wei9ht 1 • coetti�ient" of;l/2 mean? Similarly, 

Circumference• Pi• Diameter, but what·doea Pi mean? Pi is 

simply the weight, which, when multiplied time• the diameter, 

yield• the circumference, 



R2 leas than 1.0. 
• ,,· 

When the R2 is leas than l.0, 
,. 

successive samples from the same population, especially with 

correlated predictors, will yield quite different regression 

weights. Since these weights bounce around, the term "bouncing 

betas" has been coined (Kerlinger and Pedhazur, 1973). 

Furthermore, when attempting to increase R2 or a particular 

sample, the addition of non-orthogonal (correleated) predictors 

will change the magnitude of the regression weights. When the 

population's functional relationship has been"111apped the weights 

will be stable. Even when correlated predictors are used, 

weights may be stabilized even then. 

An axtreaa caae of perfectly correlated predictors. 
''!,,'.·, >/ ••• • 

One cannot use weights to assess the "importance of a variable", 

because when predictor variables are correlated both variables do 

not "get the weight" equally. In the extreme case when two 
,;:· .. ,:1 

variable• are perfectly correlated, one would "get the weight" 

and the other would get a wei9ht of zero. C�rtainly one w�ui'c1· 
. •. ;'¥ 

not want to attach "no importance" to the variable that got a 

weight of 1ero. It i• th• ca•• that thi• variable does not 

provide any new information over and above the perfectly . "''' .... ,.n 

, <� ,: t/rr.t 11,/ • ., .. 
correlated variable, but the luck of the draw aaaigned the weight 

·• , it{l:'cio 
to the other variable. 

Control, or Upaetting the Prediction 
, . ,,,Ji'f::i2l�t:1 

Th••• applications where once a high R2 is obtained that 
• " '�rlil'.l 1111( 

the goal then become• one of "upsetting the prediction" (for
"-' • =11i:;1l:.-� 

example attendance predicting GPA). One tends to manipulate one 

or more predictor variables in an attempt to alter prediction. 



But one must remember that until manipulation has occurred, one 
-

' ,  > 

cannot know for certain the effect of such manipulation. Once 

variables are manipulated, other, correlated or uncorrelated, 

variables may have a different effect on the criterion. The 

magnitude of the beta weights do not give any clue as to what may 

happen. Some predictors will be more amenable to manipulation 

and some manipulated variables will have no differential effect 

on the criterion. Finally, manipulating one predictor will 

certainly have some possibly unknown effrct9, I.��,. 
s�me of the other

predictors. 

Interpretation of Statistical Test■ 

When one tests a reg�ession �ei1�t, one is usually teati�g 

the restriction that the weight is equal to zero. It 

significance is determined, then one can reject the null 
-1: ., 

hypothesis weight (ai • O) and accept the research hypothesis 
•t';}jl ':,,,) ' ,-< \ ,,' H:::-�\,:t' Y•,,, <• ' 

that weight ai • O) (non-directional) or weight a1 • o or 
-,�·· •'· !· :;�., , 1. 4-i�!• -,!\,.; , ' '-�..... ;, ")•;,r�;'I, t'i ,' .. , -. :.-�= 

wei9ht a1 < o ·(directional) .. In neither Qa■• .is th• conclusion 
f;" . .3-t) )' -�!,; '; ·:- 1t��;!;'£ \ ·, ·, ,' ·"'"' t:1 :1'�i ,•,,J f',J ··,.:· "":'', f,• i. , 

"the re9reaaion wei9ht is the ■ample value, ••Y 1.34." 
iL " 1 \!, 't � ,,Jrt, ,, \�,:t,: \).ft 11 C,'JJ:,,1 t., 

Th• virtue ot teatin9 non-zero restrictions such•• wei9ht 
! ._, , r. ·,,; l , , ,·· .. , , ... -jJ· �� £. .", 

ai • 1.34 has bHn delineated (McNeil, in preparation), But it 
. , i _, , , ·: , , ',,, 1-�' •" .'.f •. ·,} : . 1

, 

ai9niticance i• tound with thia teat, then one can only conclude 
; ,h 

that, say ai > 1.34, If significance is not obtained, one 
-�; ',( •t', ; 

cannot conclude that ai • 1.34, but that we tail to reject th•
' ,.,l ', •� ·; t , ! 

1 

hypothesis that ai • 1.34, We not only cannot interpret the 

weight,• but we don't know the exact value of the population 

weight. (When R2 equals 1,00 we may "know" the weight.) 

113 



Purpose of Using Nul.tipla Pradictora 

The moat compelling argument against the interpretation of 

regression weights is that when one utilizes MLR one is taking 

the stance that behavior is complexly determined (complex in 

terms of a large number of predictor variables). The goal then 

is to account for the variation in the criterion by obtaining as 

high an R2 as possible by that set of predictors. To try to 

isolate the "moat important variable" in that set is not related 

to the goal of maximizing the R2 which is what MLR produces. 

'l'be Inverted u Bxmlple 

suppose data were obtained as .. in Figure 1, where there is a 

systematic second degree function between X and Y. The linear 
fl":J 

correleations ares r
xy 

• .oo, r
xy 

• .21, rx2x •,.96 when 
) �' . 

both X and x2 are used in a multiple regression model, the 
.� • • 

resulting R2 is 1.00, and the function of beat fit 1• Y • 5 * U 
' , 

•12 • x + 5 • x2 . In no way is x2 "more,important" than X,.

It take• the unit vector, x and x2 to account,for the variation

in Y. Each var�able, x, u, and x2, contribute.• "over and 

above" the other two variables, 

Although the variable X illustrates the typical "•uppreaaor 
' ' t ' '. .'.111 {., ', 

variable", (correlating o.o with Y, correlating hig�.witfthe 

other predictor, and having a negative weight) the tact remains 
; ,J J. t., ;.,i ((4:,: ik;{{ "i'.� 

that Xi• as necessary in the equation as x2. 

weight are similar, but opposite in sign! 



The following Appendix A is presented for the purpose of 

identifying a sample of a large number of authors who have made

statements related to problems and concerns,�ith the 

interpretation of regression weight• and prominent authors who 

actually interpreted beta weights. Let'• hope that these

examples will increase the sensitivity of individuals who read 

the interpretation of regression analy■is re■ults. 

l) 

i·L 

Appendix A 

Draper and Smith (1981) p 117 
i -'J;''la,i; • , ., ... ·, 

If multiple samples of the same variable are obtained, b is 
f. '•f', � • .... , j, 

• ; 
.e 

an unbiased estimate of the population b only if the postulated

model i• the correct �odel (i.e. R2.;. 1.00). If it i■ not the 
, , , , •• ,•1 1 ·" , , :iz t_,� 

correct model, then the estimates are biased. 'l'h• extent of the 
t • ,,, ,> � ·( ..,,, , S:i \; ."t 'l, ::.� , . '''/ ::·, , , ,� , 

bias depends ... not only on the postulated and true models, but 
',. ,, " .,f \{ ; ,:•··-tJt"'.· t .11;·; ,, ,,, \jf ¥'.1../ 

also on the values of the X variabl••••• 

2)
'.,' J 1JJt►'.:,•;�'}t' ,,;1·1 ,'1� �,.,:-,:,t /. 

Cooley and Lohn•• ;(1962) p 40 • .. 
I Y<":·•�}:,,,i't•»r'f•'• ', J ,fl )ti ,\.� .i..: t'( ,it)�_' ' 

"The.beta weights.'�. indicate that .•• ·1■ th• moat UHfUl 
, t»-/� lf,-'i"�Ji-1:·:·t.'', � ,, 

in the battery, followed by ..• and .•• 
) ,' 

3) Williama (l9S9) p 31-32.

The aignificance'teated l■���tually that' ot the additional
, 9·, r:1. , .., � , 

amount of variation (in the criterion) accounted tor by the 
.,!·' 

(predictor) variable, .. above that accounted tor by the remaining 

variables, 
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\ (, 

4) Ward and Jennings (1973) pg 271.

Some questions, however, that arise in natural language

form almost defy translation. Examples are the questions: 

1. Which predictor variable is the moat important in

explaining the criteria? 

2. What are the relative contributions of the various

predictors to the prediction of the criterion? 

"articles by Darlington (1968) and ward (1969) do _describe 
,( 

ways of calculating values to reflect answers to these questions. 

Although it is usually not ��ry clear e��ctly how these ��lues 

are useful ... " • 

5) Rerlinger and Pedhazur (1973) pg 63.
) fl., .. � 1 

"The relative sizes of the band beta weights seem to
'• �' '" 

indicate that .. ." and. . • contribute about equally, and that ... 
,,,,; I. • ,, ; 

contributes little, but such interpretations are shaky and 

Another difficulty is the instability of regression 

coefficients. When a variable is added to a regression equation, 

all the regression coefficients may change from sample to sample 
l '(;f '.,lit .,, 

as a result of sampling fluctuations, especiaU,Y when th•.
' • j ' '/.1•:1 i,\,I{ 

independent variables are highly correlated, (Darlington, 1968). 
• 

'."" ''If' :�''-:1.•�� 

All this means, of course, that substantive interpretatlons of -
,. ,it 1,ttt�#,1�}° i.tJ.,��} 

regression coefficients is difficult and dangerous, and.it 
,, , ' ,:,;f 

becomes more difficult and dangerous as predictors are more 
. • : ' . ,1, '•;:;, , i., ,, l!l!f-0,,l: 

highly correlated with each other. 
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That the use or nrultiplc linear regression requira � sevmJ assurnptlom lw 
' ' .s:' ; ·' +I" • 1,�)>� 

seldom been disputed. HOWfflf, assessing whether one has md. Important assumptions Is 

not always easy, and� the llmlted lime ava.llablc lo lnst.ructors In a typical multiple rt· 
Qression course, the techniques available for checklnQ assumptions are often not tauQht, or. , 
mentioned only bridly. The purpose of this paper Is to compare the most easily avallable 
techniqua for chccldnG auwnptlon, from two ol the mod popular slat1dJu padcaoa, In uu 
today, SAS (SAS lnstitutt, 1985) and SPssX (SPSS, Inc., 1985). It Is hoped that the attached 
uamples will make the mulUple rtQrtsslon course Instructor's job wlcr by provldlnQ con­

crete wmplcs of computer Input and output that Illustrate the testlnQ of assumptions. 
A condition that should be md. lor the use of mulUple rtQrasion, but which Is not, 

strictJy spealdnQ, an assumptlon, Is that there be� ·�sence of�- ,Multlcol­
llneartt.y Is defined as the alstence of substantial correlallon amonQ a set of Independent vari­
ables, and Its presence cnates three distinct problenu: 

• the substanth, 1nterpretallon of partial rtQresslon coefficients,

• the sampllnQ slablllt), of these coefflclenls
and
• computallonal accuracy of the regress��-

Thus, alUIOU(lh absen« of multkc>IJlneart Is not' a �C8ftsslon assum� failure to wure 
• ' .. 

": 
! .,�- :,-� � f- / ' 

thal predlctorvarlables an nol mu1Uco111near can result In faulty lntffpntatloN of analyses, 
, rr,., ,. ·�•1"�- ?'•'·;.'If';, ;' , 

rcQrcsslon cqualJons that carinol.be wed for prtdlcUon, or both. 
In tmna or actual thcorellcal assumptions for ualnQ multJplt n,rtalon analyMs, tr• 

rors of the pndldlon or ralduals from utlmated values of tht ,_...ion provide tht butt 
for �the adequacy of the model (Cohen A Cohen, 1983). SptdflcaUy, It la wumtd 
thalcrrors 

m arc normally dfstrlbut,d 



----------------------------------�'
1,,i

·• 

' _, . , � ,.,. ' ,. ; '� i -., _J .' '. ; , ' \ . I , •• ,, \_� . <, ,, 
(2) art Independent or one anothtT (thal ts;' errors wodated v.4th one obser-
vaUon Y1 are not correlated with mors assoc:fated v.4th any othcr'obsmatlon •• ' 
vp 

(3) art ldcntlcally dlstrtbutcd ·(thal Is, are sampled from the WM dlstrlbuUon
and have corutant varlancts,also known u·the assumpUon of
homaccdutlctt,)

(4) have a mean or mo
and

..,,, ,,,/,\::1·�.;}•�· ·,,,, . • 
• 

(5) are W1COnelaled with the Independent variables (X's).
In addlUon to these usumpUons about ttro�� 1i'1s �r � that.

, . , .: ·\"�· 'V·.l !":· ; ; , •. ;-� ,.✓ , ·"tr, .. : 

(6) the Independent variable� (X's) ire fixed and measured without error 
, ,. t '.)C ':· � '.;. ". 

' 

(7) the rtQresslon or Y on X Is Unear • 
and .. , 

,, :''. ,; ,! i,,'( t,;1:,,j-::,'. , l ;- : > 'i ", �� ''. \ 

(8) Y Is a � varllblt composed of two components: a fixed component,
a + bX, and a random error 'I-

i ·'",Jt ,··, • ,,,,:1,.:-,_':, •' ) • ,._, :. _' . t '. 

� condlUons under which thac wumptlons ibout residuals fall to be met occur. 
\'I'/-,•' 

when 
' • 

• the retrcsslon ory on X (or X't) It cwvlJlncar (so that condltJoc, 7 lbcwt It 
nol met) 
and 
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SPssX. Tht foltowlnQ paQes proYldc annotated output from these two pacbQcs, � we 

will dCJCribc In the next. sedlon. 

DcscrlpUon of Output 

Tht first assumption about errors Is that the residuals arc nonnally distrlbulcd. This 
assumption can be wwcd by tumlnlnQ Im residual scattnplot In �• UAS and the 
normal probability plot and sWistical analyses shown In �c 6.SAS; sfmilar plots and staUs-

" i"t ,: 

tics arc produced by SPSSI, as shown In Flpc 4.SPSSI, �c 5.SPSSI, and �c 

6.SPSSI. If residuals arc normally distrlbu1ed, the plw � (+'s) and the asterisks (-'s) wUl
,. ,-,, .;;' 

coincide In the SAS normal probabilfty plot (or the asterisks l*'s) and dots ( •'sl In the SPSSI
:X[,., ·� ,_ 

normal probablllt, plot). Also, a stallstJcal lest for normalH), Is provided In SAS In �c
,> ' • ,'.·,c.i 1,'. 

· &.sAS; In this case, W:NORMAL • 0.948682, p■.471. It should be noted that s�·· CON-
, '  ,,,I \ ' 

DESCRIP11VE procedure roullncl)' docs not provide a comparable stallstJcal lest. All of these
• I 

plots and tests from both SAS and SPSSI Indicate that the usumpUon about nonnally

distributed residuals has been mcl.

That residuals arc lndcpcndcnl of one another or errors wodatcd with one ob1trva• 
,,'' j J,?»ij)' . 

• ,, ,.�, 

tJon art not correlated with errors associated with any other obsmatlon Is tht MCOnd as- ,,. . 
sumplJon to be tat.cd. Tht Durbin-Watson D � shown In "-1n 3.SAS and Plf.art 

,' • 1 � /I 'l. '''. ,� I � ' 

3.SPSSI t,sts for nonlndcpcndcnct of errors whtn tht order of wa Is � . For this 
'., ,,.'"\ 

data Ml, tht Durbin-Watson D atat1stJc Is lrrclevanl Tht rttldua.l scatt,rplou In "-'1• ,4.SAS 

and F!Qurc 5.SPSSI show that tht residuals an lndcpcndcnt. 

Tht third awmptJon Is that rulduals an � distributed. Thia mtW that the 

errors an wnpled from the umt dlslrtbuUon and have constant variance, also known u 

homoKcdutJcff1. EumJnaUon of the rtsldual scatlcrplots In� 4.SAS and� 

5.SPSSI lndlcalts that the usumptJon of homosccdasUclt1 has been mcl 
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AssumpUon 4, that the nslduals have a l11Wl of zero, an be detennfncd by tumin-. 
' ' ,, ,, < ' , 

lr1Q �e 6.sAS or �e &SPSS'. For .this data set, the mean Is -7.UlE-10 (PtaJure 6.SAS), 
which Is considered mo for our purJ)OSU, or .000 {F"$Jre &.sPSSI). 

The correlaUon matrix •� the correlaUons betwml, all of the independent vari­
abla and the residual should be used to, assess assumption 5, that the residuals are uncorre-­
laled with the independcnl variables. ExamlnaUon of the correlation matrix for this� set, 
as found In �e 7.sAS or�• 7.SPSSI lndlcaw a correlallon betwmt each or the six 

'_j/ ' 

independent variables and the�� to mo.-� ' 

1bat the rt11resslon of Yon X Is linear, assumption 7, an be determined by creallnQ 
' '✓�:.i: , .. 

bivarlal, scatterplots for all predictors with the crtt,rion. One aample Is shown In FllP!re,,, ., 
. ! ¥ •• t,�", .• , .. ' ,,, ,, 

5.SAS and another In"-'" I.SPSS'; both show the rtlatlon betwml Y and X1. AU six pre-
• 

-� 1 '·. ,( ' ' } ,, 
f 

dlctors In this data set are Unw1y related to the criterion Y. 
,,,� � 

Flf,Jre 1.sAS and � 2.SPSSI show a check for multJcoUlnearlly. Low tolerance 
value and hWt condition number with WIit variance proportlonfor two or more variables 
may lndlcat� multJcoUlneartty. Variables Xs and Xe In this� set.may be multJcolllnear with

• • ... ·:, <U-t 
{\( 

ti 

previous 1fflna In the modeL
P1tP,lrc 2.sAS has two Indicts to check for outliers. A studentlzcd residual valu, In tx• 

:i ' ,' , l,1,·, ,;,., 

cw of •100 may lndlc:alt a univariate outJlcr (l'abachnldc a Fidell, 1989, p. 67). Also, a data 
' ' J � ., 

point with a Cook'• Distance value arwr UW\ 1.00 Is swpect.ecl of btlnti an ouUlcr. Cook's . , 
. ". ' '.' :J. 

Dlabnct lsdltcuued In depth In Tablchnlck i FldtU (1989), p.130, and Klclnbaum, Kup�1c,.1 

i Mulkr (1988), p. 201. Also not, that In FilP!N 3.SPSSl a similar wcwlst plot appears, as 
wcU u a lbllntland a hlstotlramof standardlacd residuals. 

Discussion 

Allhou(dl the output of the nQresSlon modules and related descriptive st&l1stJcs pro­
cedwu for SA, and SPSSl are quit, similar, there are a few dlffmnccs worth notm,. First, 
SPSS' Includes a hlstotram of standardized residuals to mak•the spoWnQ of oulllers some-
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,. . 1, 't:•,•ll , ,_ 

what easier, the prOQram aJso has a normal ·probability p(ot that Is a IIUJe wiff to rad than 
that provided In SAS. SPSSZ aJso provides swtdard mors for the skewness and kurtosis val­
ues for the variables analyzed In the CONDESCRJP'l'1VE module; these values are not printed 
In the SAS output. ,On the other hand, SAS pfOYldes a slaUstkal tat ol normality when re-

. ' �· 

quested through PROC UNWARIATE, as well as stem and leaf dlaQrams and boxplots of dis-
tributions, thrOUQh the wne PROC. It Is aJso wy to obbln Cook's D values thrOUQh SAS's 
PROC REG; It Is somewhat. more dlfflcult to Qet similar staUst.lcs from SPSSZ, reqwrlnQ'ttie 

·f• , '/\·'•.\ ', r�/1!'5"" ,.'.', ·:, \,:};)_.� 

use ol a RESIDUALS subcommand. In most other respeds, output Is comparable for the 
·" I •• '1'1·· 

data and rt11resslon analyses shown here. Por inonadvanced rt11rtsslon applicallons, It Is 
;,. .�•,'' '· ., .. ,-,f :_... , ' ""•.'.J1iti','f-,:,1 .. ,:··' 

solllftNl wftr to obbln levmQe (partiaJ ft1lrtsslon residual) plou for Qmcral linear h,-
,i: ;,' .�. "'. , i ·,;,°' . 

' , 1' _.,l \ 

potheses, used In uswlnll deQret of flt, nonflWnQ points, and multJcolllnwlt, (Sall, 1990) 
from SAS (via an option In PROC REG) than from SPSSZ, which pr<>duca "partiaJ ;.eulon 

' . / ' ,:,.' : \ ;: ,'',I
,:,

' 

plots" th� a PARTIALPL<Yr subcommand. It should be noted, howMr, that some 
. . . ·:.-,:;::; ',,,' anomalies recently have been detcdtd In SAS'• ft1ll'Wlon and GLM procedures for models 

.-y/, 1•.,,•, I < ;k/,,'� ;• ' 

uslnQ different types of Intercept tmns (se. Uyar i Erdem, 1990). Plnally, � It Is 
'. • : .• , .• � .. •fl/••:.,\: 

somewhat more dJfflcult to obtain several � staUstJcs from SPSSI, the paclcaQe sup: 
,.·•;�'J,f .' ,'•�'t;<J!_;-:� ,,, •.. '·,.. '·llf,·:, .. ' l,i.> \ ,'\I}•·· ....... � 

plements Its retiresslon module with an atwfvc and flalblc MANOVA procedurtthatal-
, 1 t ·t· L,;, ,' •':·�,,: , · ,-1 ,7'">1'{«i'-' I• 

lows one to wily build advanced retiresslon models. With lhcM idvantlQ«sanddlsldvanta,es 
•\' ,° ', ,,'.,,; /.:•• • • ,f /''.#.f '°• f' !( I ' ; 

In mind, It should be posslblt.for the reader to chooM which comput,r pack,Qe la mo,t ap. 
proprlate fo� apatUcular � 1n1lysk;",H 
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Abatract 

The molt common method& of variable aclcctioa (forward, backward, all pouiblo aublcta) were coaaldcrcd. 
Critidams and commoa mlaUICI of atcpwlao method& were picacatcd. Sugcatioaa were made for each method 
coaccralaa appropriate procedurca to foUow la rwuilaa computer progruna and the laformatioa that ahould be 
reported with tho rcaulta.· A1J. eumplc waa preacntod which abowed bow propcraclcctlon ahould be doac. When 
varlablca arc aoloctod (or I roaroulocl _mode� the atepwlao method can be belpl'ul If the laltlal choice of varlablca 
la ch01Ca u much u poalblo ualna theory, the deraulta of tho computer program uaod arc not uaod 
automatically, 111ore than one computer rua la doae ualna different variable aclectlon 111ethoda, and tho final 
111oclcl la ch01Cn throup III latelllpnt proc:caa, not automatlcally ualna the final 111odel pnoratod by tho 
co111puter proaram, When tho model la doacribod, all aubjectlw dedalona 1111de In the model aclcct1on proccaa 
abould be reported, . ' • • ' • • • I ' "4' • \ 

Aa earllcr wraloa of tbla paper waa preaontod at the annual moetifla of the American Educatioaal Rcaearch. 
Aaodatlon In Bolltoa, Mauacbuaotu, April, 191)(), aa part or prea1dent1al addreas .• 

,.

67 



Multiple regression is one or the most popular statistical techniques used In behavioral ldencc research. 

There arc three ways In which It is typically used: 

1) Testing a run mode� Interpreting the model and each or its components. 

2) Adding components to a model and Interpreting the value or the Increment. 

3) Using a stepwise method In which variables arc added or deleted Crom a model In sequence to come

up with a final "good" or "best" predictive model. 
. ; � 

This paper deals with the third or these meth� the stepwise ,method.. 
ii ' <  • ' <·:' 'Ii 

Dcfioioe 1be term •stepwise• 

In considering the stepwise method It Is ncccuary. lo contrast the stepwise method used IS a computer 
•• •''•i/\ ' ' ', · 

program with the stepwise method used IS a methodological procedure and to note the different ways In which 

the stepwise method can be used. 

Many computer programs arc called •stepwise• programs because they CID be used to build model& using 

a stepwise method with dcrault or uacr-apcdfied altcrnati� c;ootrolling ractora or the selection proc:cu lndudlag 

the criteria ror entering and removing variables. 
"�' '·t ., t,, i I, 

Stepwise computc�proaram• CID bo uacd Ill rour,wa)'I: ,, 
' ' �, ,,., ' .' ".; / ' j •ti�-f\';,i • ,. ' 

' ,�_,.,J, . "., ' ' ·.•. . ,,. ·t11� .• ' ' 
1) • The pr.oar�:�,I� a model a�t.�e'�ticallJ,� �!'11 th� .�r��t, values. ... 

,,�Tf,.�·t-,-10.:'.•• 1 , ,f'. -.v·' ·• t,,,1�•!t,.,.,, ,.,:;..,. ·. . .,, .... 
2) The proai;" :�1cct, a model .a�!9�.a�� �.�o ,�i �.�r-•pedflcd, �u°:' Ill placo or derault 

al '·:,ti.'. ... ·, i:i1n/!iii,(;/, ;, ,,, ,, i· v uca. 1,,. .. , .. , ,., ,:1:1>,isi; '(,i(llt:!fiO,u,,:.c.,};1;. ,, •. ,,, ,i11 
3) ·no rcseudier'� the output''of th;•;;��' io lielp"..;'ioloctlq a moclol, 

◄) The propam la uacd to make 1pcdflcd lncromcatal tCltl by addlaa oac or more variable, to other 

varlablca, 

Method& one and two arc, almoct .itho11t 'oxccptloa, tho moth� lllcd Ill jouraa1 artldca that claim to bo 

ualna the •,tcpwlac method", However, rew of them 1pcclty what 1tatlst1ul criteria are uacd for add1111 and 

rem<Wlna variable,. la m01t case, the default valuoa arc probably IIICd (method one), CrltJa of the stcpwlae 

method 111ually crltldi.e tho use or stepwlac propam1 Ill either of the two automatic: ways listed (mctboda one 

and two). 

Since method three uacs the prorcaloaat Jud,ment or the rcacarcher Ill the aelcctioa or the rlllll mode� tbla 

procedure will be auggcstcd u the appropriate use of the ltepwlac method la tbla paper. Method rour uacs the 

stepwise computer program, but It la aot a use or the stepwise method ao will not be conddcred here. 
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The stepwise method u a procedure can be used to clcacn'bc at least four different variable aelcctioa 

auatcgica. 

1) Forward method

The aelcctioa begins with DO variablca la the model and variablca arc added one at'� time If they 

meet the statistical criterion for catering variablca. 

2) Backward method

The aelcctioa begins with all variable& la the model and variablca arc removed one at a time If they 

meet the statistical aitcrioa for removing variablca. 

3) Forward atcpwiac method 

Tbla la a variation of the forward method la wbic:h at cac:h step, before any variable la added, 

variable& already la the model arc comldcrcd for removal If they meet the 
0

llatistical criterion for • • 

removing variablca. 

4) Backward stepwise method
•i. ' ' ' ' ',! 

Tbla la a variation of the backward method la wbic:h at eac:h atep, before any variable la rcmOYcd, 

variable& not la the model arc conaidercd for addition If they meet the atatlatical aitcrioa for catering 
,,, 

varlablca. 

Uaually la Journal artlclca the method uscd la Juat called •atcpwlac• with ao ladlcatioa of wblc:h of the four 

Dletboda or proccduroa la uscd. The method that la uscd la moat caaca la probably the fo,;,.,.,d atcpwlac method 

which la the default proccduro for moat atcpwlac computer propama. 

Cdtldaro• a( tbo uopwl,o roolbad 

Tho atcpwlac motbod bu boon froqucatly crit1dzod by motbodolopta (DaYidaoa, 1988; Huberty, 1989; 
.. 

Tbomp1011, 1989) and almoat all authors of textbook& oa multiple repcaloa (Lo., Derouen et al., 1983; 
• , c - #1'.l; .� P-1,./l\',J(.,t

CbatterJoo A Price, 1ffl; Cohen A Cohea, 1975; Draper A Smith, 1981; FreUAd A Mlllton, 1979; Ouut A 
,. ,js 'i'1 

Muoa, 1980; KJolabaum A Kupper, 1988; Morriaon, 1983; Myera, 1986; Neter et al., 1983; Pcdbuur, 1982; 
. V ,.'::CJ) J :/f,tr 1M ,IJ:l!:'•1:'''''!I' 

Wlttlllk, 1988; YOWl&er, 1979). Tbo c,ltlclama 110 both 1eaeral and 1pedf1c. Two examplca of aeneral crlt1cwm 

arc: 
, .'!. • I ·,'' '.<f",,','.'i ti•k,Ailfl"I\: 

Someone bu c:haraderized the uacr of atepwlac rcgreulon u a penon who c:hecb bia or 
. i ·,

· 

her bralll at the entrance of the computer center. (Wittlnk, 1988, p. 259) 

69 



,tiiJ ',\ 

Stepwise regression is probably .the most abused coll!put� .�aldtical tedmique e,er

devised. If you think you need atepwise regression to solve a particular problem you bavc, it 

is almost certain that you do not. Professional atatistic:iana rarely. use. automated atepwisc 
,, •,fs•'\<1"' •�; \� '�;, ;; '. i,:; ,' � ' ',Ii 

regression. (Watkinson, 1984, p. 196) 

Critics of the stepwise method susgeat the following eonsideratioaa for selecting a subset of predicton for 

a prediction model: 

1) Selection of variables for a regression model should not be an automatic or mecbanlcal proceu.

2) No one method will consistently select the "best" model.

3) There is no one "best" model according lo any common criterioa such as the muimum R2, 
( ;, ' .  (•., ' 

4) The atepwisc method should not be used to build models. for explanatory research. 
,': ., ' ' _i'.,;,v�1s:.1�<ilJ/1" �l� t�,-t:i\.('l ·'.Ji;'

5) The llepwisc method has limited usefulness when predicton are hlahly correlated, If a key set of 

variables V10rk In combination, or when suppression cmta.

6) The order In which variables enter the model should aot be used u an Indicator of tho value of tho

variable as a predictor. 

U a atcpwlao method is used to select a model In the automatic way that is molt commonly found In the 

literature, It is quite likoly that: 

1) Other models wlda the 111110 a�bor of predictors may �ry Mll bavo a larpr R2;
, ·?��.;.:r< , ·, ·: ·: �"'i&it.,d·���1..,� 1}·''.· ·'', , �·

2) Smaller models may very well predict an equlvaloat R2,
··••"\'I�"•'' J.' 

3) Variables not laduded la tho model may be Juat u aood or bettor predlcton than IOIIIO of tho varlabloe 
; 

"' ,, ',#. ··'"· • •  ' , ' ', 
' 

. la the model, 

4) The variables will probably not enter tho model la order of dlolr lmportana, In tho llnal model.

Mlsvaca of tho ucpwllQ method 

In spite of these criticisms 111d augoatlom, there arc ltlll many roacarch ltudlca reported In the roceat 
�,�,/(<,;' I 1' . q \ T 

•, 

lltcraturo In which thoao pldcllnes arc violated. Molt of thoao. lludlca bavo the followlnt dwactcrlstlca: 

1) Models aclcctod by the computer were called tho "beat" or "optimum" model for mulmlzlaa the

explained variance (R2) with tho minimum number of predictors (k), 

2) No description wu alven of tho proceu by which the model was aolected other than the term "tho

atcpwlse method was 111Cd", In mOlt cases an automatic forward atepwlao proc:oaa was probably used.
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3) Explanatory lnterprctatiou were made by defining "good" prcdicton u thOle ID tho modd and "poor" 
•:lj. •\t 

predictors u thOIC not ID the model

4) The IDtorprctatloa oi' th�,;� -IDdudcd uwing or tho,Ylriab� 1a· the modd ID terms of bnportucc • • 1 

based OQ order or entry.

5) No molltio� wu made of the lntcrrelatioaahip or the Ylriablca ID the dcac:riptioa o( tho pr�ur� used

or ID the Interpretation or the final model aelec:ted.

Eummea 0[ misuw 

Specific eumplca or theae UICl/mu'uaea of atepwiae resr• found ID the educatioaal literature ID 1988 

ud 1989 ladudc: 
, !l '1, (1},, , . , ., \ 

1) We found tbo •moat c:ouiatent Ylriablca that are moat doaely usoclated" with the criterion.

2) Variable A � pkked u ti;;• ._;..in predictor.• 
,. '. '''. ;,� '-'· ', ' 

'' 1'11 

3) Wo wanted to fmd tbo •optimum equation.• 
";, '. '. -�· ' '! ' 

4) Tho ua1yala yielded u "optimum predictor oquatloo with u few predicton II poai'blc." 

5) "Thia allowa the moat c:oaalatont vulablca that arc moat �ly �tc:d � 1oanalDg to be Identified.•
.. .., 3.,,.;,.,,tsz:;.1 , ,, .• H:/ ... · ... -,. .1� • � ,,(,,.) �., ,� _ �1 . ,.-. • . .r 

6) ..-..0 UICI or (variable A and variable BJ II predictors roYCaled that (vuiablo A) predicted (variable Y).
' 'I � , , , ,.l .. . .'"•J-'w,' j ,;') '1 •·.•� t'J },, . ,/; ., , f, , : ,:, · } ' ., 'l 

(Variable BJ prOYOCI to laclc alplfkant predictivo utility." ID tbla artlc1o a tab1o roponed that the zero-

order �o�-bo�� 'v :c1 �bb'A J;i B �o ,49 �A� Variable B c11i'�'appear ill 

the llAa1 model. •• : •
,' '• - •ot 

Shguld ueu mclbod.t he YM47 
' '' ',,, ' ; ,' _,' ,, ' ,,;, . ' < ·'. . !, -� 

Altboup moat, If IIOl all atat1atlclau would lpOO that atopwlao mothoda abou1d IIOl bo uaod MIOD ID . 
; ,.. • {� ,·· 1,,. \ . .-,,,.; ,,)::• -. \·1"}«�.t"w-�1rr 

explanatory modol la doalrod, It la cocamoo to MO r1110arcb artldoa wboro 011plaaatory IDlorprotatloaa aro, made 
' , ' »,',. ,· ,: •. ,i ,:,, A'it:t,ii,/'"!'\ '.,W�· t;zy>'.�;(t 

lo a modol tbat la oa1lod a "prodlcdoa• model Bvea If a prodid1vo model la bollla aoloctod, dotormbalaa tbo value 
· , . ':;. w.·••!r:J� ''•0::; ,:l:";1;,.�")1r,t1' 

or oacb or tho prodlctora ill the prodlcdoa model roqulrea more t.1wa what tbo atopwlao method pr� Order" 
•i, 1•·1-· ._-,. «' .,.,; 1 !tth'Jfit-'(; wiii 17 ,•r1i��)Jt$:. 

of oalry lhould IIOl bo uaod for tbla pu,poao. Stopwlao motboda abould IIOl bo uaod lo dctormlao tho aumbor of , 
' '. ' . ,, . :<,, '. ;,,,:,,,;.a ti• .. 1f.1r,,tmi,1 � 

vulablea la tho flaal model. U multlcollllloarlty exllll la tbo data 1et, atopwlao mothoda arc oapcaally •�poct,l • ; 

In moat woa, oltbor tho multlcolllnoarlty abould bo removed by ro.mcwloa variabtoa;'�=;;t��1}!cf.it� !�
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•� ! f.J•�c \ ,':;.�"\;,, 

Since Crom the critics' point or view the stepwise methods are usually used in aa inappropriate manDCr, the 
f 

, , i":' •1 :; <; 
l � , , • 

_I 

question then ls whether the stepwise method should be a recommended technique ror statistical ualysla, and 
:,_- ,: •. • ' ,., , • •i:1 .( �,,, l:1\,, ,:_; , · , · ; 

iC so, how should It be used. 

The objective or this paper ls to consider the conditions under which variable selection procedures such u 
' '! 

• 

stepwise procedures can be used appropriately In educational research. ·• 
,,,

yaluc or usin1 stepwise methods 

The stepwise method ls appropriate for situations In which a prediction model la desired, not aa explanation 
' ' ' ., '� 

, 

! �. J; 

model. In these situations, it la best used for exploratory analysis where little theory la available to guide In the 
,, 

selection or variables for the prediction model (Wittink, 1988). 

Stepwise methods are very helpful iC used properly when a 1ubaet or predictor variables la needed to be 
,;/Lit.{' �i1 ::._-;. ,:(· }"; :''.-,:<I " ' 

selected. A major advantage or stepwise methods la that by eumlnlng tho output or each stop or the model 
1 

·
-,:�)-,J,:J <;J;_,....,;;: 1 .,, b;,.1_.·1 . .,: ·" ,: 

building proccu tho researcher can ace bow each ,variable ac:ta In different combinatiou which can be used to
_..,:,;' 1 e t i,�, ,, 

help the rc:scarcher to select tho variables for tho linal model 

Observing the change In the partial correlatlou (and/or regrcaloa eoeffidoall) u varlabtea arc added and 
• 

t; ·' - .  ,: . , :,; . ..,il�i 't--' ' < '. 

deleted glve1 a feel for the variables that la difficult to get In any other way. U both forward and backward 
, iJ.JJ f·•-_'JI, , ,

( 
.•' }•,, '' 

, ,
·

l < s',., � ,, ! r. _' · , /J' ; 
" 

1tepwlac methods arc used la coojuactloa with an all poulblo aubaoll program 1uch u BMDP9R, • great variety 
1 

.,,-
'L· fi,t.I. tp',I I •'i• ';' 1' t,,' • 

,·, ' ' { ,:.,(;•� , •·t:':•t>. 
1 

'i ;, .• 

of •aooct• modola can be examined. Aa earlier study by Thayer (1986) showed that tho backward stopwlao and 
j f. 

all poulblo aubaell methods frequently pvo different modela than.tho forward llepwiao method, la IOIIIO cuca 

with much higher R2 valuca with tho 111110 or allgbtly moro prodlc:tora,, 
i, .1 (;--.'),il';. '4 .,,\,Ntt '.); 111:.,,;,;;·, " ) 1 ,',,,� �t'""� - ,, ' 

\_;; _1,' ,� ,' 

Tho valuo of oach potential predictor CID bo examined by comparlaa tho r.ero-ordor corrolatlou with tho 
� \ 'i ·O, • , 1 '. l ,, \ , 

partial correlatloaa at each step la the stepwlao prOCOII. U tho partial corrolatlou romala bJ&h rolatlve to the 
... ,, ·, ' :  ,,:;", ,' "' ' 

r.cro-ordcr correlatloa, then the rcaeucber CID bo confident of tho 1tabWty of tho varlablo la many prodlctJoa 
'f ', ' � 1 I 't ;fl,¥{' 

• 

1ltuatloaa. IC tho partial correlatloaa change mukodly, then It will tako aomo ldlyala to determine tho dynamlca 

Involved, partlcululy noting which vulablca acem to bo causing tho cbugca. 

How aot co MAC ,ccowfao roclb® 

If 1tcpwlao methods arc used tho foUowlag procedurca should bo avoided: 

1) Stepwlao methods should not be used alone u the only procedure, capoc:lally If the reaearchcr la look.Ina

for the "belt• or •optimum" prediction model. Aa all poulblo 1ublell program 1uch u BMDP9R should 

be used In conjunction with stepwlao methods. It la also very dcalrable to use both the forward and 
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badward stepwise, methods to cuminc alternatwe model&. When ODe method I& used the temptation 
< 

> ' :, ,; ·'t"' ",·1, ,, "' ., •'· ' . 1, •, .., ', • ' ' ' ' I& great to use the model that the computer aclccu u the final model. Tbc final model should be

aciccted u a rcault of muy coaaldcratloas, not only the atatiatical critcrloa � by the atcpwi&e

program.

2) Stepwise mctboda abould not be used automatic:ally llliag the default values. Tbc default valuca of P(or

p)-to-eoter 111d P(or p)-to-rcmow arc acldom. appropriate for good model aclcction. Whether the

default valuca are used or aot, they should be apcdficd In the reporting of the results.

3) The p values given for the Increment& at each atcp should not be taken at "face• value. Huberty (1989)

augcats that "the tall probabilitiea • ; . abould not be taken too acrioualy. And one should certainly not

refer aucb probabilities to conventional algnificance � to determine the 'algnif'ICIIICC' of Ill entered

or rcmowd rcaponac variable."

How 19 run stepwise pro,r•rn• 

U a atcpwi&o program I& uacd to prOYidc data to the reacarcbcr for model aclcctlon, the following augeatlona 

aro offered: 
" 

' , � ', ' ' , ; ,' < • .-1) Reduce tho number of variablca to work with to a a1ic that will allow you to do 111 •a11 poulblo aublcta"
; ' ! ,. --�� '..., '·' ,., ' . . . ', , 

(BMDP9R) nm. If computer memory permit&, do a backward atcpwi&o run to find the beat rt (or

number that can be run by an all poulblc aubleta program). U there are too muy variablca to do a

backward rua, then do a forward l'Wl with a wry low P-to-eater, forcina In all thooretic:ally lmportut

¥lriablca to find tho "beat" rt (or ao),

2) Allow theoretically Important varlabloa (variable& that baw boon shown or aro hypotboalzecf to be

'cauaal" Yariabloa) to be entorod flnt by fordna tbom In iho model or allowing 'thom to be eu,lblo for

entrance If tboy aatlaly tho ltatlatlcal aiterloa for entorloa varlabloa.

3) Set low P•to-cntor or blah p-to-enter value&, 1ucb II P ■ 0.00-ioo fYl p • ,tO.i.00 (Myen/1986;
' .>l'''' ,, "� t,. ',.'("' 

Wlttlak, 1988). Th1a will allow tho computer to enter moro Yariablca (If forward) or deloto more. .

variable& (If backward) tbon doalrod for a final mode� In order to conaldcr more varlablei t1wa you will

IIIO In tho aelodod model. Tbo major advantaae of thla la to� mo'rlciimbbiatlouol vu'l':bloa to

be couldercd when the roaearcber aelccta the final model. '· !' :•.,.:i ,;;.! l,!,i,•:!'lll' ,s!/1,iUJi;l!:i,�,}

4) Run both forward ud backward atepwi&o ud all poulblo aubtiets proceci� In :W'cler'' t6�der

alterutiw models and to eumlno the pcrformuce of tho variables bi different model&. • ' '
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�- The forward stepwise method &e,qucntly give& smaDC-:.�odcls than the�� ate� m�

and the researcher can observe changes occurring In the partial correlations (and/or rca,caloa 
, • ,·• •. l ,•� • • ,  , :.,.,. )I '": 

cocffidcnts) of variables which give a feel for the stability of the variable (Thayer, 1986). 

The backward stepwise method has an advantage O\'Cr the . forward stepwise method bcc:amc . , . -� ' 

combinationa of variables that work together but not alngly uc conaldcrcd. The forward stepwise 

method will miss them (Thayer, 1986). 

The all possible aubscta mcth� encourages CJWDlnatlon of 111orc than one model. by providing 

statistics for many models of varying sizes, many of which uo almost equivalent la atat1at1cal dcairabllity, 
' • 

• ' < ·'-·' ' • 

.5) Cross-validate altcrnatlve models suggested by the atcpwlac and all pouaolc subset& 1'11111. Thia can be 
" •" .• ·,.,. t 1 ; 1 

done either by gcncratlng an cquatlon &om half of the data and cross�validatlng It on .the other lwf, or 
·,
1
f,' R',- .tj. ""• ,,,'•Q•'•;·;t ;.,,,,, 

by aclcctlng another umplc for tho cross-validatlon. 

6) Select the final model Intelligently by ualog II many of the followiaa crltc?!'.�, �le:

Each variable la the model abould contribute a mcanlnaful amount to the total R 2ot tho moclol (the

Incremental R aquucd of that varla_blo � addition to tho othcra la tho model), . .. !'1th a larp N tho

"boat" model may be a smaller model than that augoated by conaldcrla, only tho p valuot of. tho 
,, ' •• ' ·' "'

-'
Ii ,,,,,,., , ). ,,_ ,, .. . •, ' 

varlablca.; 

. The variable• aolocted about� � m,ucb u poalblo be thoor�Y, m� varlablol. 

Tho variable& aolcctod abould u much u poalblo ba��. ��Iona (and ropNllon

cocffidonta) wblcb aro relatively atablo la tho varloua 1tcp1 or wkJa dlfforont modota. M varlabloa are 
' •l , 

, .�, ;·,',: ," " •
,1

, • • •  ,;:� .. , ;.t. v , i�1/y_ · , 

added or deleted la tho atepwlac pr_� It tho alp of tho partw, corrc� ud ropouloa eooftldont 

for a predictor chanaca, that varla�!!' may not perform woU la a �o,ta"!l'ldatlon akuatloa, U a partial 

correlation (ud ropoulon cocffldont) become& lupr aa tho_ model lacreuea la alze, tho varlablo 

ahould be atudied doaoly to aoo whether there la IIOIIIO 1upprouloa o, multlcolllnoarky la tho data that 

need, to bo conaldored In tho soloctlon of tho final model. 

Tho vulablca &elected ahould appear In muy "aood" modcla. Vulablca tbat only work la a few 

comblnallona would bo unlikely to work woU In a prediction model with new data. 

Tho model should bo one of the beat models conaldorcd In torma of crou-validatlon. 



How to report atcpwlse rcsuhs 
' ' •• , ' ( \ ' ,. '' ·  ' • , ,, f ' ' 

• ' ·� 
'· 

u stcpwlsc procedure& arc Uled properly, many decisions must be made coacerniog bow to run the stcpwlsc 

program and bow to select the Ylriablea for the ful� mc>clcl: It· 11 Important that th�"dedsiou ahould be. 

included In the � report. • 

The following procedure& used aboulcfbe report� 

1) F•to-entcr/rcm� �,/p-to-entcr/rcmOYC values•�"

2) Stepping method used: forward, forward atcpwlsc, backward, or backward stcpwlsc. 
¥ '' •• �. , ,, ' ... ; 

3) Default or aubatitutc vaJui:a uied. • • •' ' 

4) Wblcb altcrnatiw m�la were mined.

5) Reaulta or stepwise mcthoda compared to those or the all pow'blc aubleta mdbod.

6) How aubjectiYe Judpent (theory, etc.) wu ulCd In. aelccting variables for the model.

The following atatiatical reaulta abould be reported: • ••• 

1) For each �hie t.OU!dcrcd: 

Zero-order' conclatlou and partial conclatlona :with thci depend�nt varlabl� at each step. ' 

. 2) For each variable selected: 
• • • _', '.II;..,,. � ' 

Why I
t 

WII selected. 
," ·,,•, "� T',._.,. ,, ··,� , : � ... ., '· ~· •., . i, ,, · .� , .·., ', ,f , , � 

• The atabWty of lta rqriialoa coefficient, b or a, (or lta partial conelatlon) In different models. 

•• 3) 'Po,·oach variable�· .;;!oded: 1' '. ' • .,

Why It waa not aolocted. 
.,.,,' ,i V'\ • � 

Wbotbor tho varlablo waa • aood predictor la other comblaatlona of varlablca teated or a 1ood ·, 

predictor alone. 

lumma 

Whoa model aoloctlo11 la belaa clone, tho atepwlao method cu be belplul II tho Initial choice � mlablca la 

chOIOII .. much .. poalblo ualaa theory, tho defaulta ate not Uled automatically, moro than oao run la doae 

ua1q dltrore11t vulablo aolcctlo11 methoda, and the final modol la cboae11 tbtoup an �telligcnt�proceu, not 

automatically ua1q tho final model aeaerated by the computer program. 

&.um1k 
l : , . . , l ,,� � 

Appendlcea A·C report computer printouts and models of tbtcc variable .. selection computer runa: forward 
, ,,¥A1v·, ·,,.,,_ 1J 

1tepwlsc, backward stcpwlsc and all pow'ble 1ubacta, using the BMDP2R and BMDP9R computer programs on 
.. '. " '• ',1,.·\> ·•. ,\ ', 
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where appropriatei illustrate most or the points presented In this paper. 
" )•,•1•1 .. ,< . .<>,;�J ,�,( l,•i<J • ' "-, ,' ,,,,,,.,,,... ,,;'<!-H, "'� "I� 

To make Interpretation easier, the BMDP2R listing In Appendix A la a combined forward and �ckward nm 

but the variables catered and removed arc In the IIIDC order u they Mrc with ruaa done using the rorward 
�{;� • I : , �' J t I, '• ,' "' ''. ,. , . . ', ',' .' I 

stepwise and backward stepwise methods using F-to-catcr/rcmO\'C valuca or 2HJ/1.99. 
' ' ,«1 ._ .,,. ! '• ,, 

Table 1 reports a �ummary or the models selected by the. forward and backward stepwise methoda dcacn'bcd 
.· ., ,' . ,,,, , , .. , .,.,., ,·, " ' 

in more detail ia Appendix A. With the forward stepwise method, variable 2 wu the first variable entered. U 
i 1', l , ·, 

the derault F•to-eater value or 4.00 bad been used, variable 2 would not ha"" catered and the 0-prcdlctor model 
a "f,•, .• -,,, ' l.-•• ' •�-

would ha"" been selected .. 

Using F-to-cater /remO\'C values or 2HJ/1.99, the automatic; forward stepwise method aclec(ed a 2-prcdlctor 
')-• .. ,· •• ,_ � ::., ,..yA,..;u .,M-At i:. •,,,;, ·,A,..

1 !4,.,
:>.:·�,,-·<l �\•,....�,.l",,,. •A;., ·_·,. , 

model with an R2 or ,1495 which wu the 111De u the beat 2-prcdlctor model foWld using the all poalble aubacta 
,,v'*/�i,,•,,. 1 , l ,j ,,\a�iJc,.)\ .,,:·,;._,,>, ,,, ,t�''.., ,'\,,,, .,,;,,,' ' • 

method. Ir the rorward llepwisc method would ha"" been allowed to �uc ad� �.,�,I;• below 

2.00, the larger modcla selected became progrcal�ly WOl10 compared to thCMC identified u the "belt" of the 
,�' ,1.;. ..,,-,,�, ' '� ,,., .,,. ' ,, .  '', � . ,,., ' ,,·•,,, ·,Ji, 

IIJDe model abc by the all poulble aubacta method. 

The model selected by the backward stepwise method wu a 7•prcdlctor model whlda wu the 111110 model 
• '/h el'{ t .,,;.-.{If l,; "!.,"< 

chose� 0by th�.�,ffl'!�l!,•u��.,� � � mode� o,£, �t�• JI �allor :�eta.ha�.�� �C:"°a with the 

backward atcpwisc mel)iod, they would �•"" become propoaalwly poorer tball .. the "belt" model of the aame abc 
', ' • ', , .-<,,,,,,,t •••"'ij:, I', W •,"1•"-'•"-':J.1,,, ".'�,,' ,/ I ' 

aclectcd by tho all poalblo aubacta method. Forward atepwleo pw better amall modela wb1lc j>ec:kward atopwleo 
r ,F,., ,,!,,,', �,,,,, , • 

pw bettor larp modola.. 
' ' a\l-'l..»ff ;l'JJ<'\4$,,,•, ' 

Summary or Modcla Selected By Forward and Backward Slopwl,o Molhoda 

Prcdjctor1 llQI Method .. ,Y•ri•hlet lo the Model .C.. 
2 2 Forward • 2 4 •' ., • ,1495 
2 26 Backward 2 13 . 1, .C>903 

4 4 Forward .2 4 
6, 8 

�-'I 
,10 .2108 

4 24 Bacbard 2 13 15 .1783 

s s Forward 2 4 8 10 12 .2428 
' 23 Bacbard 2 6 12 13 15 .2289 

6 6 Forward 2 4 8 51 10 12 .2649 
6 22 Bacbard 2 ' 6 12 1315 .2966 

7 7 Forward 2 4 s 8 9 10 12 .2963 
7 21 Backward 2 s 6 9 12 13 15 .3472 
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Appcaclix B reporU the printout of the BMDP9R all possible aubsets nm on the A6 data. One -4-prcdictor 

model, four 5-prcdictor models, II 1caat ten �predictor models, and at least tcn7•prcdictor models bad c;, valuca. 

lower than the .recommended m�um'flluc (k+l where le ls the number of predictors in"thc'inoc1cl): Tbc 

model with the loweat <;, value WIS 1 7-prcdictor model. Although this model wia Identified as'thc "beat� model 

by BMDP9R, all of the modela with lower than minimum <;, valuca could be conaidcred to be "good enough" 

modela. The beat 2, 4, S, 6, and 7 predictor models along with all other modeli with 1cccpt1blc <;, Ydica �th 

thcac model al7.ca arc reported la Appendia:a A-C. 

Table 2 eomparca the models aclccted by the all pow'blc subacta method with those of the ro.:W.,d atcpwiac 

and backward atcpwiac mctboda. The three mcthoda Dc\'Cr ga\'C the IIIDC models with 2, 4, S, 6, or 7 prcdictora. 

The models aclccted by the forward atcpwiac method wc�c ldcntif'tcd by the all possible· aubacta mcthoda u" . ', ' 

the beat 2-prcdictor mode� the 2nd beat -4-prcdictor mode� the 5th beat 5-prcdictor model and 110( la the top 

ten 6 or 7-prcdictor modela. The modela aclccted by the backward atcpwiac mcth� Mrc ldiatificd by the all 

poaiblc subsets metboda u the 4th beat ·2-prcdictor mode� not la the top ten 4 or S-prcclictor lll�C� the 2nd 

beat 6-prcdictor mode� and the beat 7-prcdictor model 
\ ' .,, ·,· 'l 

Variablca 4, 8 and 10 were three of the firat four variabl� entered la the forward atcpwiac method but they 

were alao three of the firlt fi\'C rcmCMd in tho btckward atcpwlac method. Udnithc order of entry altcrloa 
\ '':• '' �- ,, ,.'' ;., � •,• ·� 1' 1, 

for Importance would Indicate that ·4, 8 and 10 ..,,i,c IOmC of the beat variablca If you uacd the forward atepwiac 

method or aome of the worat variablca If you uacd tho backward atcpwiao method. • ' 

If tho forward atcpwiao method would bavo been uacd to aclcct the "beat" model and order of entry wu uacd "· '··" 

to lndlcato Importance (wblcb abould not bo doao), variable 2 would bo called tho 'mOlt Important• variable 'and :,,rn., 

variable 4 tho 'IIOld mOlt Important•. If bettor modela bad boon uaod, 1ucb u tbat0'abOW11 la Appendix C: � • 

eoatrlbutloa to R 2 WIS uacd u tho crltorloa for Importance, variable 2 would bavo boca the 'mOll lmportut•

la evory mode� but variable 4 clld Dot appear la uy of the modela. 

·Variable S wu the IOCOlld boll variable la two of tho four "beat' modela (with 5, 6, 'and 7 prcdictori) 'bi ,,t; '\l<i 

Appendix C and Table 3 but the lout Important variable la tho other two modela. Since tbeac modcla'iiegcic,d 

competitor, for tho "beat' model u cxplalaed later, It CID bcca ICCD that evea uabig'coatrlbutloii'to R2 1i"Ukely,i,jt.-, 

to mlalcad la ladicat1a1 tho Importance of varlablca, dnce It can be 10 heavily dependent oa what other variablca 

are la the model. 
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. The listing or the partial correlations (or each variable for each llep pea an Indication of the stability of 
• ' ·• ' ,, J "' , • .,t ' • , , • � / l', . , � , , ,-,, ., •. , , ·- .< , . ,' ·• 

the variables. Variable 2, the. •m� lniportant variable, Is w:ry stable, while other variat,lea_are sh� to vary 

somewhat. None or the .variables changes algns while In the model (indicated by as asterisk In the printout). 
• .�., ' • • • ""• ' -�. •• .•;, < ,' • ' 

< ' I• l • 

Table ,2 ,. , . 

.. , Models Selected By All POSSJole, Subsets, Forward Stepwise and Backward Stepwise Methods 
• , •,:• ·,• ', � • N , • 

:\ 
'", • • < • ' l ,. 

tccdisa12u Mclbll:d �11ciAhl 
2 All Possible Subsets 2, ,4 
2 Forward ... 

.. 
2 4 

2 Backward 2· 

4 All Possible Subsets 2 4 5 
Forward 2 4 8 

4 Backward 2, 
1· 

. 6 ' 

5 All Possible Subsets 2 5 
5 Forward 2 4 8 
5 Backward ,. 2 6 

6 All Possible Subsets 2 3 5 
6 Forward 2 4 8 
6 Backward 

'.'( j ,-
2 � 6 

7 All Possible Subsets .. 2 5 6 

7 Forward ,, .. . (• 2 4 5 8 
7 Ba�d �,,i .c:,,,5 6 

' )� 

'13 

9 
10 

,13 15 

9 .. n 12 13 
10 12 

.. ..,12.1315 

,' 12 13 15 
9 10 12 

12 13 15., 

9 '.121315 
9 10 12 
9,, 12,13 15, 

� 
.1495 

',1495 
-�

·.2108
,,, .1783 ' .. 

,.:1f'IJ9 

.2428 
.2289, 

.. ,3000 ,, 
,2649 
.2966 

.3472 
.2963 

All POSSJole 
B11nkia1 

' 1ll 
.4th 

, 

2nd 
Not _In top 10 

• ,c•' 

5th. 
.Not In top .10 

Not In top 10 
2nd 

.,
Not bi top 10 

;,1'472. ,.,: ,' : ' lat 

Dlareprdln1 theory In the acle�l<>9 <>f_ m_pdcla, _Ibero .we�o four !'lodcla with 5, 6, .. aacl . 7•prcdlctora that 

appear to be worthy o( aclcC!J.!)D .u .�N,�•, me>4�t�� '1atcdJn Tab� �. , Moro complete infOt'lllallon oa tho 

modela la prOYidod In Appen� <;:, .\; i;,,: .. • )•f :1. , , , , • .

Variable• 2, 5, 12, and 13 ,ppcar, !n .all o{ lbcao modcla, �blo 15 In four of tho modola, variable 9 In throe 

of tho model&, and varlabloa .3 and .6 In only two of tho modcla. la tho llat ol partial conolalloaa at each atop 

In AppcndiJC A It la cloar.tbat variable 6 la a better prodlctor In matt altua� and tboroforo would be oapoctod 

to do better In croaa valldatlon. Tho boat 5, 6, and 7 pr�dlclor model& arc tboa tbot0 with utorlab by tho R2• 

valuoa la Table 3, The choice between tbcao modela could be dono after crou-valldatlon and couldoratloa of 

other criteria not dlacuaacd la tbla paper, 
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Number of Prc;djgog 
s 

6 

6 

7 

• "beat" modela

Table 3 

�tea r� "Beat" M�I 

l' . ' 

YtdabJCil 1g the Model 
2 5 91213 

.2 3 s 12 13 1S 
2 S·6 ·'12 1315

2 ·i s 6 9 12 13 1S 
2 3 s 9 12 13 1S 
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•2- • ITEPIIIII IEGIEIIIOII 

;RAN INSTIUCTIOIII 

iut fll .. •e6•. 
f-t•free. 
varlllbl"•1S, 

1rna .,,..,.,,t•1, 
lrldependlnt•2 to 15, 
enter -0,01 ,SOO, 
r-0,00,499. 

I 
nt pert. 

Appendix A 

forwrd/lack111rd ltlp,he leeulta 

1ER 0, CAIEI HAD ••••••• • , •••• • so 

UAILE ITAIIDAM> CQEfflCHNT INALLEIT 
NANI! NEAN DIVIATIOII Of VAIIATIOII IICEWEH ltUIITOSII VALUE 

X(1) 0.3162 0.0482 0.152482 0.5209 •0.3210 0.2210 
X(2) 177.9060 6.7031 0.037671 0.0684 0.0559 163.1000 
X(3) 71.3524 '11.4614 11.146369 0.3066 ·0.7693 54.2800 
X(4) 40.9520 • 1.5161 0.038730 •0.2923 •0.3913 37.2000 
X(S) 21.1060 1.4372 0.051134 0.0975 0,1141 24,2000 
X(6) 90,6200 5.9709 0.06Sl90 0.2624 •1,0669 I0,5000 
X(7) 16,1300 6,1019 0,371293 0,0703 •0, 1614 J,5000 
X(I) 73.0IOO 12,9107 0,176666 0.4533 •0,5277 50,0000 
X(9) '74,6000 1,1140 0.108767 •0.2439 0.9651 41.0000 
X(10) 6.zaoo 4,JI01 0,697469 0,1519 0,4212 0,0000 
X(11) 193,3400 0 25,4547 0,131651 0,7104 0.7753 146.0000 
X(12) 114,9400 10,3990 0,090473 0,6146 1,4691 91,0000 
X(13) S,4800 0.3637 0,°'6360 •1, 1197 J,7250 4.0000 
X(14) 4,1740 0,5642 0,135163 0,1375 •0,2559 3.0000 
X(15) 1S,76IO 7,3521 O,SSS991 0,6392 •0.2236 2.0100 

cLATIOIII 

X(Z) X(J) X(4) XC5) X(6) X(7) X(I) X(9) )((10) 

I I 4 5 6 1 I 9 10 
I 1,000 
I 0,635 1,000 
4 0,654 0.666 1,000 
' 0.,16 0,647 0.SIZ 1,000 
6 0,416 0,119 0,154 o.szz 1,000 
., o.zu O,H4 o.zos O,I01' 0,Jff 1,000 
I •0, 112 •0,164 •O, 161 •O,JU •0,246 •0,006 1,000 
' •0, 117 •0,051 •O, 14' 0,141 •O,OOI 0,049 0,234 1,000

10 •0,11'6 •O,S'/6 •0,1'14 •0,1SI •0,454 •0,670 o.,ss 0,054 1,000 
11 0,111 0,450 0,161 0.354 0,141' 0,201' •0,064 •O, 165 •0,3SI 
12 •0,1'1 •0,111 •0,042 •0,141' •0,065 0,144 O.SZI 0,1" •0,101 
1J 0,116 •0,0SJ o.zoz 0,041 •O, 162 •O,IOI •0,300 •O,JZ1 O,JZ4 
14 •0,119 •0.161 •0,145 •0,129 •O,JZI •0,"6 0,001' 0,134 0,11J 
1S o.164 0.110 O,J29 0,414 0,1'17 0.143 •0,09J o.04'1 •0,619 
1 0.111 o.os, •0.094 •0,056 •O,OJZ 0.1JZ 0,163 0.141' •0, 151 

XC1S> X(I) 

15 
1S 1.000 

1 0,165 1.000 

WGEIT INALLHT LARGEST 
. VALUE ITD ICIIIE STD ICOIE 

0.4270 •1.9745 2.Z9a1 
193.5000 •2.2088 2.3264 
102.2600 •2.0990 2.0847 
43.8000 •2.3656 1.7956 
31.6000 •2.7171 2.4312 

101.2000 ,c,•1.6949 1,7719 
32.0000 •2.0699 2,6008 

104,0000 •1,7177 2,3949 
90.0000 •J.2713 1.1980 
20,0000 •1.4331 3.1323 

272,0000 •1,1591 3,0902 
147,0000 •2,3021 3,0830 

6,0000 •4,0698 1,4299 
5.5000 •2,0809 2,3503 

32,6300 •1.5993 2,5655 

)((11) xcm xcm X(14) 

11 12 13 ' 14 

1,000 
1,000 ,,' 0,101 

1 �ooo· \/,.,.;�•0.031 •0,473 
•O,J1S • •0.011 •0,022 1,000 
0,301 . 0,098 •O,IOS •0.405 
0,160 •0,076 •O, 149 •0.053 

i\ 

1 

obi• I had tlle 111.,._t ._..., _,..Iott- 111th act>, the� _,able. Vetlllbl• 7-11, _1J and Hall...;_, allltlar wt-· •. · 

'ING ALOOIIITNN. , • •  , • • • • • , • • • ,P 

«>ENT VAIIAILI, , • , , , , • , , , , , , , 1 X(1) 

tM ACCIPTAII.I f TO INTH • , , , • , , , , 0,010, 500,000 
U ACCIPTAILI f TO IIMCMI, • • , • • • • , 0,000, 499,000 
U1 ACCIPTAILI TOURANCI, , • , , • • , , • 0,01000 
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STEP NO. 2 

VAR IAILE ENTERED 

IIJLTIPLE I 
IIJLTIPLE l·SGUARE 
ADJUSTED R·SGUAIE 

STD. ERROR Of EST. 

ANALYSIS Of VARIANCE 

4 X(4) 

''. O.Sl67 
0.1495 
0.1133 

0.11:'54 

IUII Of ICIUAIEI 
REGRESSION 0.170l3600E•01 
-RESIDUAL 0.96174410£•01 

Of • NEAii ICIUAIE 
2 0.8516802£•02 

47 0.2061158E·02 

VARIAILEI IN ECIUATIOII FOR X(1) 

f RATIO 
4.13 

STD. ERROR STD REG f 

VAIIAILEI NOT IN ECIUATIOII 

VARIAILE 
(Y•INTEICEPT 

COEFFICIENT Of COEff COEff TOLERAIICE TO IEIIOVI! LEVEL. 
PARTIAL 

VAIIAILE COIi. TDLERAIICE 
, 

TO ENTEi 

X(2) , 2 
X(4) . 4 

0.20221 ) 
0.00357 ' ci.0013 0.496 0.57190 

·0.01272 ,0.0054 ·0.418 ,0.57190 
7.71 
5.53 

Thia _.l - the _.l Nlected by f_,,. atipllN 
... 1,_. an f•to-anter of .�:00· '; ,· , 

IT!P NO, 21 
······ ........ . 

VAIIAILE IIMCMO 7 IC(7) 

IIJLTIPL! I 
IIJUIPLE l•ICIUAIE 
AOJUITCO l·SCIUAII 

,Jt.,· k 
J..f/.' f, ,fN, "jt �;;1 .. /J 

ANAL YI II Of VAIIIANCI "'i � \,{ti�r, _. \:�1:: - <':.��.tt,,(.t:.;,41 .J;f; j!,v:; ·i�:f'.�1<>·1i1,,,,,·;- f':':�1'�l 
11#1 Of IWII ' , ,. ', o, ' 1

'. .. All IGUAII ' ,, ,, IIATIO 
IIGRIIIION O,J9S49630l•01 "' 7; 0,96499481•02 ' '., i, J, 19 ,: 
alllOIIAL O, 743'4JIOl-01 4Z li,,0,' 

17'704381,:0Z ,./ 1 

YmAILI 
(Y-IIIHICl,r 
m, 2 
IC(S) ' 
1((6) 6 
1((9) • 
K(U) 12 
X(IJ) 1J 
XCIS) " 

VAIIAILH 111 IOUATfON' FDR 'xco· 
l, ' ' ,-;1 

lfO, IIIOR lfO HG 
COUFICIINT Of COlff com TOLIIIAIICI 

0,97124 ) 
0,00423 0.0012 O.,U 0,'3011 

•0.01570 0,0061 •0,4'1 0,47030 
•O,OOJ18 0,0016 •O,J93 O,Jlffl 

0,1S119t•02 O,IJl8l•OJ o.us 0,77996 
•0, 167621•02 0,69881•0J •0,362 0,61420 

•0,04Jl1 0,0208 •O,HO 0,6J093 
O,OOZSJ 0,0012 O,Sl6 0,43940 

,, 
TO HNOVI 

11,711 
6,62 
J,17 
l,U 
,.n 
4.43 
4,11 

. 
• 1 , IC(]) :S 0.03034 0,4871:S 

1 • X(5) 5 •0.14554 0.58742 
0,04 
1.00 

, X(6) : 6 �0.01457 ,0,611557 0.01 
• X(7) 7 o. 11971 0.94419 0.67 
, X(8) • 0.20199 0.96277 1,96 
• 1((9) 9 0.19794 0.96429 , ... 

• 1((10) 10 •0.15485 .0.90860 , 1,13 
• 1((11) 11 , 0.02914 0.65395 . 0,04 
• X(12) 12 •0.02049 0.97184 '0,02 
• IC(13) 13 •0.19154 0.94707 •1,79 
• 1((14) 14 •0.06840 0.9Sl61 
, IC(15) 15 0,14"1 0,85272 

.•• 0,22 
0,96 

VAIIAILII IIOT Ill IOUATION 

uvn: 
PARTIAL ,

VAIIAILI COIi, TOLIIIAIICI TO 111TH 

1 : ICCJ) J •0,1111' o.om2 o.sz 
1 • 1((4) 4 •0,0'411 o.um 0,12 
1 • 1((7) 7 •0,11517 0, 180St 1,46 
1 , 1((1) I 0, 14141 0,61554 0,15 
1, 1((10) 10 0,14081 0,4ZH1 O,IJ 
1 • 1((11) 11 0,109'6 0,98912 0,90 
1 , 1((14) 14 •0,09643 0,79427 O,JI 

Thi• •• the --· that - Nlectad by liecberd ltipllM ..... an ••to-anter of 2.00. 
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LEVEL 

' 1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

LIYIL 

1 
1 
1 
1 
1 
1 
1 



, NO • 22 
. ............ 
AILI IINCMD 9 11(9)

·1PLE I 0.5447 
I PLI I• ICIUAAI 0.2966 

ISTID l•ICIUAAI 0.1915 

EIIOII 0, HT. 0.0432 

JIii Of VARIANCE 
IUN 0, IQUAIIEI DF MEAN ICIUAIIE 

IEGHSIIOII 0 .Jll'902SOl ·01 6 0.5651709£·02 
IHIOIIAL 0.80117760!·01 4J 0.1163204E·02 

VAIIIAILEI IN IQIIATIOII FOIi 11(1) 

VARIAILI 
NTERCEPT 

2 
s 
6 

12 
1J 
15 

ITD. HIOI 
CQEFFICIENT 0, CCEFF 

0.75675 > 
O.OOJ64 

•0.01199 
•O.OOJS2 

0.0012 
0,0059 
0,0016 

•0.1SIOll•OZ 
-o.osm 
0.00261 

0,71481•0J 
0.OZOI 
0,001J 

ITD HG 
CQEFF 

o.s06 
•O.JS7 
•0.436 
•O.J41 
•O,J94 
o.J98 

TOUIAIICE 

0,56993 
O.SJOSJ 
O.J94S1 
0,6881S 
0,66426 
0.4J996 

f RATIO 
'J,02 

• VAIIIAILII NOT IN ICIUATIOII 

, ><PARTIAL ,

TO IENOYE LEVEL, VAIIIAILI COH, TOLEIAIICI TO ENTEi 

1.92 1 , ll(J) J •0,1J16Z 0.07290 0.74 
4.14 1 • 11(4) 4 •0,08029 O.J712J 0,27 
4.59 1 , 11(7) 7 •0,11157 0,1IOIS 1.55 
4.19 1 , 11(1) I 0.19456 0.64908 1.65 
6.JO 1 , 11(9) 9 0,26112 0,77996 J.25 
4.26 1 , 11(10) 10 0,17102 0.4JOSS 1.27 

• 11(11) 11 0,06474 0.60J07 0.11 
, 11(14) 14 ·0.04708 0.11680 0.09 

Thia fa Ille 6 predictor aadll tllat _,lei hew i-n Mlactacl by liacbllrcl atlpflM 

NO, ZJ 
........... 

,all IIIIOVIII 

PL( I 
PLI l•IQUAIII 
,110 l•ICIUAAI 

!IIOII Of HT, 

111 o, VAIIAIICI 

IIGaHIION 
IHIOIIAL 

S ll(S) 

0.4714 
0,2219 
0.1412 

0,0447 

1111 Of IGIIAIII 
0,160697JOl•01 
O,lffllllOl•01 

Of 

I 
44 

>'i/ • 

MAN IQUAII 
O,SZ1J94Sl•OI 
0, 19HJZSI-OZ 

VAIIAILH Ill IQUATION POii 11(1) 

ITD, IIIOII ITD 110 
�IIAIU COCFPICIINT 0, coc,, COi" TOLIIAIICI 
r11e1,r 0,61171 ) 

I 0,002S0 0.0011 0,341 0,7113' 
' •0,0042' 0,0017 •O,SZ6 0,4140J 

12 •0, 121761•02 0,716Sl•OJ •0,16J 0,7JJe7 
1J •0,047J7 0,0114 •O,JS7 0,67J07 
IS 0,00245 o.oo,s O,J7J 0,44171 

f RATIO 
1.61 

VAIIAILH IIOT Ill ICIUATIOII 

, . PARTIAL ,

TO IIIOII LIYIL, VAIIAILI COH, TOLIIAIICI TO INTII 

4.99 1 : IICS> J •0,19981 0.07141 1.19 
'·" 1 , 11(4) 4 •0,16J24 0.40909 1.11 
1.19 I , IICS> 5 •0,29'47 O.SJOSJ 4.14 
4,90 I , 11(7) 7 •0,16202 o. 11150 1.16 
J.SI 1 , 11(1) I 0,22115 0.66399 2.J6 

, 11(9) 9 0, 14120 0,17914 0.17 
, 11(10) 10 0,07498 0.46620 0.24 
• 11(11) II 0.05971 0.60J11 0.1s 
, 11(14) 14 •0.02641 0,11998 . o.os 

Thia ta the S predictor aadll that ..,,c1 hew i-n Mlactacl br ._...rd \tlpflM. 
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ITEP NO, 24 

YARIAILE IEIICMD 

MULTIPLE I 
IIJlTIPLE l•IQUAH 
ADJUSTED l•IQUAIIE 

12 11(12) 

0,4222 
0, 1713 
0,1052 

STD, ERROR OF HT. 

ANALYSIS OF VARIANCE 

0,0456 

1111 OF SCIUAREI 
IEGRHSION 0.20304410£•01 
RESIDUAL , : 0,93603600E•01 '. 

DF MEAN ICIUAIE 
4 0.5076102E·D2 

45 0.2080080E·02 

YARIAILEI IN EQUATION FOR 11(1) 

YARIAILE 
(Y-INTERCEPT 
11(2) 2 
11(6) 6 
11(13) 13 
11(15) 15 

, 
I 

ITD, EHOR 
• 'COEFFICIENT. ' OF COEff 

0.33a32 ) 
• 0.00250 
••O.OOJ61 
•0.03077 
0,00207 i" 

''(;j;, 

0.0011 
0.0017 
0.0194 
0,0013 

STD IEG 
COEFF 'TOI.HANCE 

0.341 
•0.447 
•0,232 
0.31S 

I 

o.n1J6 
0,43646 
0.15029 

, 0,45494 

f RATIO 
2.44 

YARIAILEI NOT IN EQUATION 

f PARTIAL ; ,
TO IEIIIM LEYIL, YARIAILI COIII, TOI.IIWICE TO INTEI 

4,71 
4.11 
2.s1 
2,41 

1 , 11(3) 
1 , 11(4) 
1 , 11(5) 
1 , 11(7) 

, 11(1) 
, 11(9) 
, 11(10) 
, 11(11) 
, 11(12) ,; •• ,,. 11(14) 

ii 

• 1 ; • , J •0, 13532 0.01226 0.12 
I al, '4 •0,21741 '0,43907 ,,,. 2.11 

S •0.21616 0,56571 ,, 2, 16 
r '. 7 •0,20628 0, 19016 , 1,9' 

I 0,09J03 0,11411 O,JI 
9 o. 14000 0.11999 0.11 

10 o.04373 o.4mt o.oa 
11 0.01111 0,62425 0.01 
12 •0,24111 0.73Jl7 2,19 
14 •0,01307 0,12206 0.01 

Thia ta the 4 pNdlctCN' _., tllet NOUld haw liNn Mlected by ...._,. at .. lM, 
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LEYIL 

1 
1 
1 
1 
1 
1 
1 
1 

1 
1 



,MTIAL QlllELATIOIII 

IIAILEI 2 1((2) 3 1((3) 4 )1(4) 5 )1(5) 6 1((6) 71((7) I 1((1) 9 )1(9) 10 1((10) 11 X(11> 

0.2223 0.0562 •0.0938 ·0.0559 •0.0311 0.1324 0.1631 0.1473 ·0.1515 0.1595 
0.2223• •0.1129 •0.3245 •0.2356 •0.1434 0.0871 0.2122 0.1971 •0.1036 '·0.0365 
0.3761• 0.0303 •0.3245• ·0.1455 •0.0146 0.1197 0.2020 0.1979 •0.1541 0.0291 
0.3975* 0.0704 ·0.3113• ·0.0974 0.0223 o. 1131 0.2020* 0,1632 •0, 1804 0.0192 
0.3121* ·0,0310 ·0.3397" ·0.0846 •0.0460 •0.0057 0,2211* 0.1616 •0.1804* •0.0300 
0,3513* •0.0544 •0.32W •0.1081 •0.0496 0.0388 0.2934• 0.1705 ·0.2240* 0.0111 
0.3754* ·0.0866 ·0.3271* ·0.2068 •0.0762 0.0221 0.2693* 0.1705* •0.2244* 0.0286 
0.4204* ·0.0064 ·0.2414* •0.2068* •0.0243 0.0651 0.2137" 0.2442* •0.2151* 0.0606 
0.4444* ·0.0245 ·O. 1903• ·0.2474* •0.0717 0.1104 0.1164* 0.2220* •0.1155* 0.0611 
0.4462* •0.2154 •0.1743* ·0.2124* •0.2324 0.0115 0.1711* 0.2241* 0.0083• 0.0822 
0.4536* •0.0807 •0.0300* ·0.3116* •0.2324• ·0.1459 o.11� 0.2243* 0.0866• 0.1410 
0.4489* -o.on1 0.0063• •0.3217" -o.2n1• •0.1459* 0.0859* 0.2320* 0.0755* 0.1419 
0.3634• •0.0794 0.0392* ·0.3500* ·0,2936• -o. 1461* 0.0745• 0.2516* o. 1154• 0.1419* 
0.3671* •0.0794• o.060r ·0.3304* -o.119r •0.1419* • 0.0719" 0.2497" 0.1013* o.1,5r 
0.3611• ·0.0715* 0.0549* ·0,3321• •0.1196* ·0,1440* o.om• 0.2537" 0.0942* 0.1219" 
0.3671* •0.0794* 0.0607" •0.3304* ·0.1197" •0.1419* 0.0719" o.249r 0.1013* o.145r 
0.3142* •0.0645• 0.0607 •0.3326* ·O. 1805• •0.1323* 0.0930* • 0.2442* 0.0867" 0.1354• 
0.3951* •0.0645 0.0392 •0.3731* •0.3213* •0.1417" 0.0862* 0.2417" o.1oer o.136r 
0.4111* •0,0542 0.0586 ·0,4059* •0.3506* •0.1521* 0,0862 0,2613* 0,1551* 0.1311* 
0.3992* -o.oan 0.0097 •0.3172* •0.3470* •0.1150* 0,1179 '0.2791* 0.1351 0.1093* 
0.4770* •0.0811 ·0.0050 •O.� •0.340J• -o. 1152* o.m5 0.2651* 0.1045 0.1093 
0.4680* •0,1122 •0,0544 •0.3691* •0,2906* •0.1152 0.1424 0.2611* 0.1408 0.1097 
0.4146* •0.1516 -o.oeos ·0.2965* •O.J105* •0.1116 0.1946 " ' 0.2611 0.1710 0.0647 
o.s191• •0.1991 ·0.1632 •0,2965 •0,3591* •0.1620 0.2211 ' 0,1412 0.0750 0.0597 
0.3099* -o.ms ·0,2175 •0.2162 •0.3097" •0.206J , .• 0.0930 0.1400 0.0457 0.0112 
0.3321* o.0Js2 •0.2502 •0.2051 •0.2167" 0,1024 ' 0.1099 • 0.1414 • •0,0946 0.0125 
0,2636* •0.1745 •O.J154 ·0.2652 •0,2167 0.0333 0.1657 0,1459 •0.0212 •0.0051 
0.2223* ·0, 1129 •O.J245 ·0.2356 •0, 1454 0,0871 0.2122 '·' 0,1971 •0.1036 0.0365 

laod laod L• laod 
Al.,.. ... u Al- Cln!lllot Ill 

Al- XC15) 

,unAL CORHLATIONI 

<IAILH 12 X(12) 1J 1((1J) 14 X(14) 15 1((15)

•0,0756 •0,1495 •0.0525 0,1650 
•0,0437 -o.2on •0.0110 0.0925 
•O,o.?05 •0,1915 •0,0684 0,14:U 
•0,1511 •0,1451 •0,0611 0.1,oa 
•0.2016 •0,0700 •O,OJ4J 0,0443 
•0.2016* •0,1411 •0,0312 0.0587 
•0,2087" •0,1071 •0,0517 o.ono 
•0,U63* •0, 1746 •0,0971 o. 1194 
•0.1136* •0, 1746• •0.1150 0,1444 
•O,JOZI• •0.1922• ,o.om 0.1444* 
•0,1513• •0,2726• ,o.on, 0.2626* 
•0,3280* •0,2123* •0.0841 0.1111• 
•O,SSZJ• •0,1970• •0,0481 O.l904* 
•O.S,99* •0,197J* •0,0467 0,3000* 
•0,3554• •0,1983* •0,046r 0,1910* 
•0,J599* •0.1975• •0.0467 O,JOOO* 
•0,3631• •O,SOOI* •0,0534 0,3119* 
•0.3511* •O.JIZZ* •0.0524 O.J059* 
�o.,szo• •O,'JJoe• •0,0625 0.1274* 
•0,1298* •0.J041* •0,080J 0,JOIO* 

·,;,_ •0.3156* •0.3131* •0,1021 0.3064" 
•0,3471• •0.3090* •0,0964 0.3020* -:L•0,Sl96* •O.S57'• •0,0471 0,3004• Jli •0.2412* •0,3166• •0.0264 o.mr 

1 •0.2412 •0,2291• •0.01J1 o.221s• 
•0, 1992 •0,2622* •0,0756 o.zm <i

' 

•O, '517 •0,2072* •0.0072 0.0291 •,:i:. 

•0.0437 •0,2072 •0,0110 0,0925 

laod laod laod 
Larte L ..... L ..... 
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ltNWY TAILE 

SUP VARIAILE .,, 
NO, : , ENTERED •,A, IIEIIOVED 
1 :2 xm ,,,,, 
2 4 X(4) 
l 8 X(8) 
4 10 X(10) 
5 12 X<12) 
6 ·· 9 X(9) 
7 '5 X(5) 
8 13 X(13) 
9 15 X(15) 

10 ·6 X(6) 
11 7 X(7) 
12 11 X(U) 
13 l X(3) 
14 14 X(14) 
15 
16 
17 
18 ,,, ' 
19 
20 
21 
22 
23 
24 
25 
26 
27 

14 X(14) 
4 X(4) 

'd X(:S, 
8 X(8) 

10 X(10) 
"11 X(11> 
. ,1xm 

9 X(9) 
5 X(S) 

,, 12 X(12) 
15 X(15) 

; .  • 6 X(6) 
11 X(13) 

r. IIJU IPLE CNAIIGE F TO 
; '· ·n R ISO , ,IN IISO INTER 
;•· 0,2223 0.0494 0,0494 : 2,50 
·; O,J867 0.1495 O, 1001 :1� 5,53 
, 0.4292 0.1842 0,0347 ., 1 .96 

0.4591 0,2108 0,0265 1,51 
0.4928 0.2428 0.0321 1,86 
0.5146 0.2649. 0.0220 1.29 

.0.5441 0.2963 0.0314 1.88 
o.5637 o.:ma 0.0215 .,. , 1.29 
o.5762 o.mo 0,0142 o.es 
0.6067 0.3681 0,0361 2.ZJ 

•, 0.6177 0.3115 0,0135 0.83 
0,6277 0.1940 0.0125 • 0,76 

"", 0,6307 0,3978 O.OOJI 0.23 
o.6318 o.3991 0.0013 o.oa 
0,6307 0.3978·0,0013 

• "- 0.6289 0.3956·0,0022 
',, ,, 0.6269 0.3930•0.0025 
1 ,o.6233 o.saa5-0.0045 

0.6141 0,3771·0.0114 ',"� 
,, ,0.6079 0.3696-0.0075 ,, .. 

,, 0,5892 O.J4n•0,0224 �\ • 
0,5447 0,2966·0,0506 V>d 
0.4784 0.2289·0.0678 

, ; 0.4222 o. 1783-0.0506 
0,3647 o. 1JJ0·0.045J 

. 0.3004 0.0903-0.0427 
0.2223 0.0494•0,0408 

F TO , .. 1NQ,OF VAi, 
REIIOVE INCLU>ED 

o.oa 
0.13, 
0,15 
0,28 
o.n· 
0.41 
1.46 
3 25"' 
,:14"' 
2,89 (.., 
2.41 ::, 
2.27 i; 
2.11 

86 

1 
2 
J 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
13 
12 
11 ' 
10 ,, 
9 
8 '{\t·' 
4 
l 
2 
1 



,, • • . ,,.,,,, Alt Po .. tble SU.eta OUtput 

11 • All POIIIILE IUISETI IEGIIEISIOII 

•AN INSTIIUCTIOIII 

,t fft .. 1861• 
f-t•frH, 
varlablff•1S. 

·na dapenclent•1, 
tndapandent•2 to 15. 

I0ENT VARIAILE. • • , , • •  
.R OF 11EST1 aEGIIEHIOIII IEPOIITED • 
:T1011 CIIITHIOII • 

.R OF CASES HAD. , • • , , • , , • 

CP 

1 X(I) 
5 

50 

..,;•,�J,t:;;,' �.;J� \�! � 

t,r·': ; ·"·H:;J' 'H:�r:, 
· ,,- ·,,�, 

' ,/ i:f 

J .t � 

' • %�, ,.. ., ,,,, • 
ACM IUIIET SELECTIO IY YOUII CRITHIOII, THE a•SGUAaED, ADJUSTED l·IGUAAED, IIAI.LOWS1 CP, AND THE VARIAILE NAMES ARE 
ED. THE HGIIHIIOII COEfflCIENTI AND T·ITATIITICS ARE PRINTED TO THE llGNT OF THE VARIAILE NAMES. ,IIAIIY OlHEII IUISETS NAY ALSO 
PORTED TNAT ARE NOT ACCCN'ANIED IY lEGIIHIIOII COEfflCIENTI AND T·ITATIITICI, 'IQME OF THESE IUISETI NAY IE QUITE GOOD 'ALTHCIIGH 
AH NOT NECHWILT IETTH TNAN ANY IUISET TNAT MAI NOT IEEN PRINTED.;, 

ADJUSTED 
.oAaED l•ICIUAIED 

149539 0.11»49 

02208 0.064004 

'92249 0.053621 

'90255 0.051543 

ADJUITIO 
�HD l•IQUAHO 

·zmo o. 15919J 

•1om o. 14062J 

AIIJUITID 
IUAllD l • IQUAIID 

169171 0, 18'910 

mass o.1'7953 

l47051 0, 1'1496 

l44140 0, 159026 

242145 0.156804 

IUIIETI WITH 2 VARIAILH 
............................ 

CP 

5.54 KCZ> K(4) 

1,29 KCZ> , ·""• KC$) 

a.11 iccz, 
"HO ,· 

KCI) 

1,99 KCZ> xcm 

IUIIETI WITH 4 VARIAILII 
••••••••••••••••••••••••••• 

CP 

,.,. xm ICC4) IC(S) KC9) 

S,97 XCZ> 11(4) K(I) KC10> 

IUHITI WITH S VARIAILII 
••••••••••••••••••••••••••• 

c, 

4.SJ VMIAILI COlmCIINT T•ITATIITIC 
I KCZI 0.0042'862 J.4J 
S KCI> •0,0169603 ..... 

9 KC9) 0.001"49J 1.94 
11 KC12) •0.OOIJ9123 •1,96 
11 xcm •0.0408527 •1,91 

m1ic1PT 0.29494J 

s.,a xm K(J) KC1Z> xcm KC15) 

S,16 MCI> KC4) KC5> K(9) xcm 

5,99 ICCZ) KCS) KCI> xcm xcm 

,.10 xm K(4) ICCI> XC10) JCC12) 
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,• ·tt,'·� 

lleCblaNt ltapwlM 2 P ..... fctor llodel 

,t� ;t H; 
a;: :;;1� '.:,.J -4 41-!J�,.•t,t Ii 

,_,,. lttp1IM 4 , ..... tctor,llodel.il t,4)!.HL,. " �" ' 
......... lttp1IM 4 , ..... tctor llodel • • • 
.. t L11ted •" ._t Ten 4 ,,...,lctor llodel1 .. • 

Forwrd ltapwlM 4 , ..... ,ctor llodel 



:,;;;-. •: ,, ADJUSTED 
R•SGUARED. R•ICIUAAED 

D.299565 ' 0.201130 

0.296645 0.198502 

0.291666 0.192821 

0.290071 0.191011 

u·'
·'..tl\'.)Jt. .. 0 J, 

IUISETI IIITN , 6 VARIAILES ............................. 

C, 
-1\:i. 

<;,-
'"'.', 

4.80 VARIAILI CXIIIFICIENT T•ITATIITIC 
·a X(2) 0.00469512 J.44 
,J X(3> •0.00285065 •2.19 
, 5 )1(5) •0.0103034 •1.69 
12 )1(12) •0.00161170 •2.lJ 
1l xcm •0.0488981 -2.:sa 
ts 11c15> 0.00369285 a.JO 

INTERCEPT 0.404160 

4.97 11(2) 11(5) )1(6) )1(12) )((13) )((15) 

5.26 )((2) >C(3) X(I) )((12) .11(13> 11(15) 

.. 5.35 )((2) 
,,,.,, ' ,.',. 

. )((4) )1(5) )((9) )1(12) )((13) 

0.211310 }�189004 , '>:,'S.45 11(2) 
' ·, �. ' '.  � • ',' ,, 

11(5) 11(1) ·,· ; , •�9> ;: ' 11(_�2) :'.•cm
0.217008 0.117520 5.53 11(2) )((5) )1(9) )((12) '11(13) 

0.285008 0.185242 \, 5.65 11 (2) IC(]) )1(5) 11(9) 11(12) 

0.212175 0.112242 ,. s.eo 11c2, 11(5) )1(9) 11 (12> 11cm 

0.212021 0.111846 

0.281706 0,181479 

ADJutTID 
a• IQUARID a• IQUARID 

0,J47206 O,ZJ8407 
�.¼<,'¼�� 

, l·-· 1;,,,; ;l,t,,I>:,,; 

0.J46S99 0,U7699 

, _5.12 11 (2) 11(5) '11(7) 11(9) •• 11(12) 

,, 5;14" 11(2) 11(5) 11(6) 11 (9) 11(12) 

IUIIITI IIITN 7 VARIAILII 

CP 

4,02 VMIAILI 

- .. ,,, • *•: :m
-: ,· 11 (6) 

'11(9) 
1211cm 
1J 11(1J) 
,, )1(1S) 

INT1ac1,r 

4,06 VAIIAILI 
a11m 
J m, 
511m 
')1(9) 

11 )1(12) 
,s xcm 
1S 11(15) 

IN1HCl'1 

CCIPPICIINT 
0,00422721 
'•0,0156974 
•0,00317676 
0,00151294 

•0,00167624 
•0,04Sl1Z0 
0,0025J197 

0,571242 

CCIPPICIINT 
0,OOS1J44Z 

•0,0081951 
•0,0141461 
0,00146501 

•0,00111720 
•0,0409863 
0,OOJ4'44J 

0,267485 

T•ITATIITIC ir,.; 
J,4J 

•1,57 
•1,97 
1.eo 

•1.40 
•1,11 
a.as

MTATltTIC 
J,71 

•1,M 
•l,U 
1,74 

•l,49 
•1,99 
1.19 
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')1(15) 

11 (15) 

11(14) 

11 (13) 

11(13) 

� at.,t .. 5 Pndtctor llodal 
lot Llated In ._t Ten 5 ....,.lctor llodala 

• r! '� :,;,,, { '.•;; 

lacbard lt .. lM 6 ...... ,cter llodal 
"•' 

·•j t ,/ ,."> : ' 
;-,,•>:i),f1 � d'':i' 

• ;;.) l(l', 

forwrd lt .. lM 6 Pndlctor lllldal 
lot Ll■ted In IN� Ten 6 Pndlctor lllldal■ 

� '.t <' ' 
' 'J)}

) 
' �l '" l 

f-rd lt .. lM 7 Predictor lllodel 
lot Ll■ted In INt Ten 7 Predictor lllldal• 



llodll 1 •• All Poealble IIAIMt1 ... t 7 Predictor llodll & leckwerd ltePflH 7 Predictor llodll 

,TICI FOlt 11EIT 1 MSET 

IS' Cl' 
,o 1111.TIPI.I COIHLATICII 
'LE COIHLATICII 
rED IICIUMED 1111.T, COIi, 
JAL MEAN IICIUMI 
IRD IIROlt Of Ill. 
r1snc 

ITOlt DIGIIHI OF FIEEDOII 

4.02 
0.54721 
0,58924 
O.ZJl41 

0.001770 
0.042077 

J.19 
7 

42
0.0084 

I NATOI DEGIEEI Of FIEEDOII 
FICANCE (TAIL PICI.) 

!NAT THE AICM! F•STATIITIC ANO ASSOCIATED SIGNIFICANCE TEii> TO IE LIIEIAL WIIENEIIEI A IU8SET Of VARIAILEI 
,ECTED IY TNI Cl' Olt ADJUSTED l•IQUARED CRITERIA . 

................................... 

!AILI IEGIHIICII ITANOARD ITANO, T• 2TAIL' TOI.• 
COIITII• 
IUTICII 

NAME ClllfflCIENT IIIOlt cm,. ITAT, SIG, EWCE TO l•IG 

IEICEPT 0.571242 0.275920 11,9" 2.10 0,042 
(2) 0.00422721 0.0012J16J O.SII J.4J 0.001 o.530117 o.1as10 
(5) •0.0156974 0.0060N80 -0.468 ·2,57 0,014 0.410301 0.10297 2nd 11.,_t Caltrlbutlon to ■·• 
(6) •O,OOJ17676 0.00161419 -o.m '•1,97 0.056 O.Sll951 0.06020 
(9) 0,00151294 o.oooasaaza 0.255 1,IO 0.011 0,719956 0,05056 
(12) -0.00167624 0.000698809 •O.J62 •2,40 0.021 0.684202 0.0894J 
(13) •0.0431120 0,0208095 •O.JJO •2,11 0,041 0,6J09J5 0.06890 
(15) 0.00253197 0.0012J3J9 0.316 2,05 0.046 0,459403 0,06550 

ONTIIIUTICII TO l•IGUARED FOi IACN VARIAILI II TNI NWNT 1Y WIIICN l•ICIIIAIED ll0UU) H REDUCED If THAT VARIAILI WEIi 
ED FIOM THI HGIIIHICII ICIUATICII, 

llodll 2 •• All Poatlblo Witeta l••t 6 Predictor llodll 

me, FOi 11CIT I IIUIIIT 

fD 1111.TIPLI COIIILAflOII 
,LI COIIILATIOII 
,11D IQUARIO IU.T, COIi, 
UAL ICAII IQUARI 
• AID IIIOI Of HT, 
1IIITIC 
<ATOI DIOHH Of flllOOII 

0,199S6 
O,S47SJ 
O,I011J 

0,001855 
0,04J07S 

S,07 
6 

4S 
0,0131 

II NATOI OIOIIH Of fHIOOII 
1 PICANCI (TAIL NOi,) 

HAILI IICIIIIHIOII ITAIIOAIO 
IIMI COlfflCIINT IIIOR 

�, .. ca" 0,404160 0,141218 
•<Z> o.00469Sn 0.00156419 
•CJ> •0,00215065 0.001J0277 
M(5) •0.010JOJ4 0.00608455 
•<tZ) •0.00161170 0.000721680 
M(1J) •0.0418911 o.ozossn 
M(15) O.OOJ692115 0.00160697 

COIITII • 
ITAIIO, T• ITAIL TOI.• IUTIOII 

COIF, ITAT. 110, IIANCI TO l•IO 

UIS 1.65 0,111 
0.6SS S.44 0.001 0.452141 O, 19JOO 

•0.671 •Z,19 0.054 0.169656 0.07799 
•0.307 •1,69 0.098 0.495200 0.04671 
•O.J6S •I.SJ o.ozs 0.672JJJ 0.08845 
•0.569 •1,31 0.022 o.,m56 o.09216 
0.56J 2,JO 0.026 0.271283 0.08602 
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Model 3 •• lackward ltepwlH 6 ,redlctor Model 

SQUARED IIJI.TIPLE COHELATION 
IIJl.llPLE CORIELATION 
ADJUSTED SQUMED IIJl. l, CORI. 
IH IDUAL MEAII IQUAIIE 
ST AIIOARD HIOR OP EST, 
F•STATISTIC 

D.29664 
0.54465 
0.19850 

0.001863 
0.043165 

3.02 
6 

43 
0.0148 

IIIKRATOR DEGREES OF FIEEDOM 
DENCNINATOR DEGREES OF FIEEDCM 
SIGNIFICANCE (TAIL PROB.) 

VARIAILE 
NO • .  NAME 

INTERCEPT 
2 X(2) 
5 X(5) 
6 X(6) 

12 XC12) 
13 xcm
.15 X(15) 

IEGRHSION 
COEFFICIENT 

0.756732 
0,00364014 
•0,0119911 

•0,00352246 
•0,001511083 
•0,0522187 

. . 0.00261129 

' ,  .·' 
SQUARED IIILTIPLE CORHLATION 
IIILTIPU CORRELATION 
MIJIJITED SQUARED IIJI. T, CORR, 
IHIOUAL !CAIi SQUARE 
IT AIIOARO IIIOR 0, 1ST, • 
P•ITATIITIC 

CONTI!• 
ITAIIDAID ITAIID, T• 2TAIL TOL• IUTION 

ERROR COEF, ITAT, IIG, EWCE TO l•IQ 

0,264225 15,695 • 2,86 0.006 . 
0.00121855 0.506 2.99 0,005 0.569933 0, 14597 
0,00589071 •0,357 . •Z,04 0,048 0.530530 0,06ffl 
0.00164422 •0,436 • •2, 14 0.038 0,394513 0,07507 

0.000714826 •0,341 •2,21 0,032 0,688146 0,08000 
0.020805:S •0,394 •Z,51 0,016 0.664260 0, 10304 

0.00126449 . o.:s98 .. 2.01 ... o.045 0,439962 o._06976 

0,26988 
0,51950 
0,18691 

�� <:�: .:/�,J{l/) f'JWt 

0,001890 
0.043476 

J.25 
5 

44 
o.01sa 

IU4HATOR OEGREH OP FIHDCM 
OEIICNINATOR OEGHH OF FIHDON 
IIGNIFICANCI (TAIL NOi,) 

',�4,<1� " ( ,  i ? \, i � ., ,, , .-;,, -•�, COIITII• 
VARI AILI HGRHIION ITANOAID .. ITANO, T• ZTAIL.. TOL• IUTION 

NO, NANI COIPFICIINT 111011 • COIF, ITAT, IIG, ''. IWCI TO l•M 
•, 

INTIICEPT , 0,294943 0,253049 ,.m 1, 17 0,250 
Z X(2) 0,00425862 0,0012410I 0,592 J,43 0,001 O,H7S6e 0, 19558 
s xm 1 . •O.G169'0J O,OOH9221 •0,506 •Z,11 0,006 0,5J7929 0, 11748 
9 X(9) 0,00166493 0. 000859501 0,180 .:. ,1,94 . 0,059 0,793121 0,06226 

12 k(IZ) •0,00139223 0. 000709751 •O,JOO :.•1,96 0.056 0,708111 0.06J85 
1J X( 1J) •0,040ISZ7 0,0205961 •O,JOI •1,91 0,054 0,687627 0,06529 
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MULTIPLE LINEAR REGRESSION VIEWPOINTS 

VOLUME 17, NUMBER 2, FALL 1990 

Alternatives In Analyzing 

the Solomon Four Group Design .... 
, . . ' ,, '  

leadore Newman and Carolyn Benz 
The u�iveislty of Akron 

John' Delane Wllllam, 
Unlverthy of North Dakota 

Abetract 

Thie paper dealt with an alternative approach or a Solomon tour 
croup deai&n, Earlier writ1n&• or Solomon and others have indicated 1. 

that there ahould be a •ore aophiaticated approach to the 
etatiatical analyeia or thie reeearch deatgn, The euggeated 
approach presented in thie paper allow• one to take advantage or 
pre-teat ecorea when they exist, thereby reducing the error term ..
and makin& the analyl11 more powerrul. 

• • 
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Introduction 

Solomon (1949) first introduced the Four Group Desian,

-citin1 the paradoxical situation presented by the experi■ental
.',,;n! •e <' • 

1roup-�ontrol 1roup comparison strate1y in use at that ti■e; 

i,e,, that comparisons of poattest scores on an experimental 
. . . �-"·". I ' .. .. .: .. ' . ·. , .. 

1roup. havin1_ taken. a pr_eteat 'with one control aroup which has

the ,pre'test actually ■ay r�duce ti�; treatment effects as they 
,:t1,1/i '·tf'.·•f'-) :·,::-"•,,_. ;·' :·o� 'f·'A w,-',f:f":.;i 

were bein1 measured, Solomon noted that "■ore sophisticated 
(•.(:(�<·� t·,,· \'l�ft·'.-1'\!to'�\I 

< : ; ,f ��J;�:;} 
�;./;.',:.

)

\:'>:->:' 

statistical proce�urea, su�h,1�� an ,.,.�9,-P}�tion ot the analysis ot

covariance,, ,in particular the''mathe■atioal nature ot,, ,the 
''./. 

lnt�_raotion term, nee·d• to be inveati1ated " (p, 148), Thus he 
,t;_;t,lk 

' ),�;"H ,.' 

,, v,.i,au11ested what ha• come to be known as the Solomon Four Group 
{, 

'. 

)'ii':(", '-'·� r_:;,r JJ._:,'t' '" 

'. Dt1al1n� .,dia1rammed below: 
1,. <�:!-�St.�i�.1-�l c··;q:t, �t :·, 

1\,.' 
,;, 

Campbell and Stanley 

R 

R 11 ·, 

o, X 

'03
H, 
, ... ,; 

Oz 

04 

\. './,�,.·:i'),."x t'alJ,:.a �, 
::,1-.'.'.\.!i'J, H.:· f:f;;' '°'+lf1�14 0 _, 

tJ;:"t<l'r �1; f'1!'.,1/ i / � /I ,lI,:fi,i'.t/'Jk R (' �llf· ,l.?foi'C, ,,,,1,,1'1 0 6 
•

i. ,:,111,,.;tdj''.F/!',t:,•iw<'', 
(l9631 olle1thi• deai1n as the first 

consideration ot ext!rnal .Y�H�f.�t.
1

!�.�.�or�, , and J:.hat ltboth the

mal n etteot.a ot teatiri« a�cft'he i�t�rao�'idri',:or 't.ea'un, and X are 
\f •\ ' '''* ,, 

., 

deter11l nable" (p; 25), Thia ;;b'1,o'we'rt1.1'1 'd�111i1n' h�• beoo■e 

frequently uaed , and orten reteren�ed,. It ,wo�ld appear that 

there ha■ tended to be ■ore written and diaouaaed on the deaian
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than on the atatiatical analyai■ utilized to anawer the questions 

that ·can be 'reflected by this de■iln, 

Purpose 

The purpose here is to demonstrate alternative ■trate1ies to 

analyzinl the four iroup de■i1n that can.add to the questions 

researchers may wish to investi1ate, For example, when (only) a 

two way analysis of variance is used to analyze Solomon .type data 

there i■ much information available that is not beini 

■tati■tically addres■ed,

Alternative approache■ are.herein ahown that utilize more of 

the information and ■ay be able to refl�ct que■tions not, 

considered previoualy, The analyae■ presented are baaed upon a 

conceptual work completed earller.by theae authora,(Newman, Benz 
, ,,, ., ', ' ,, ,, . .  , 

l Williama, 1980), Solomon'• 1949 atatement is perhapa even more

relevant today; i,e,, that the 

Control aroup deai1n aeema to have awaited the development 

of atatiatical ooncepta which allow for the characterization 

of 1roup performance• in term• of meaaurea of central 

tendency; and, paychololi■ta aeem to have been alow to 

oombine atatiatical aophiatioation with experimental deal1n, 

( p, 137) 

Perhapa a more "atatlatically aophlati�ated" (in Solomon'• t�rmal 

analyala can be au11eated that adda to both the utility and the 

effectlveneaa of thla research deai1n, 
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New■an et al, (1980) earlier con■idered a repeated ■ea■�re■ 
" , �· .'·". .1 l re : \ ;. • i , �.: ; � ' 

de■i1n while conductin1 t-teata amon1 ■ubjeota, ao■e of whom who 

had been pretested and some of whom who were not pretested, That 

research demonstrated an 'inore·a■e in ·power uain1 what' was ter■ed 

the "independent-dependent simultaneous t-te■t," While this 

presentation is not concerned with t-teata, conceptually there is 

a similarity with the Solomon Four Group Deai1n atrate1iea,

includinl wri tin( models' that' retlect' the research queatlon uain1 

■ore of the available information than has typically been done,

Williama and Newman (1982) earlier'�onaid�red th� Solo■o� Four

Group Deailn to be a three:::.way'analyaia of:variance,with two

empt7.0ella,

It ia uaeful to addreaa the data a■ both a two way analyaia 

of variance (experi11ental/control arid preteated/.not preteated) 

and al■o aa a pauedo-analyaia of covariance, albeit the covariate 
,, 

both analyaea ,··, 
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i 
TABLB 1 I 

Data for Analyzing Solo■on Type Data for Two Way 
:l 

Analysis of Covariance and a Psuedo-Analysis of Covariance :-..,.. .: �.,,, ,, '·'.·1' ,., '7,- i., ,,. 

Pre y Xl x 2 � X4 X5 x6 

5 15 1 0 0 0 1 1 

7 12 1 0 0 0 1 1 

5 10 1 0 0 0 1 1 
12 17 1 0 0 0 1 1 

6 11 1 0 0 O' 1 1 
5 8 0 1 0 0 0 1 

4 7 0 1 0 0 0 1 
4 8 0 1 0 0 0 1 
6 6 0 1 0 .0 0 1 
6 6 0 1 0 0 0 1 

0 11 0 0 1 0 '1 0 
0 8 0 0 1 0 1 0 
0 10 0 0 1 ,0 1 0 
0 9 0 0 1 0 1 0 
0 12 0 . '0 1 O' 1 '0 
0 9 0 0 0 1 0 0 
0 8 0 0 0 1 0 0 
0 6 0 0 0 l 0 0 
0 3 0 0 0 1 O· 0 
0 4 0 0 0 l 0 0 

_. 1\ 

Where 

Pre • the pretest ■core if pre■ent; 0 lf no prete■t score;

y • the po■tte■t ■core; 

x, • l if a 11e1nber of the experi■ental irot.tp that h

prete■ted, 0 otherwhe; 

X:z • l lf a ■e■ber of the control iroup that i• prete■ted, 0

otherwl■e;

X3 • l if a ■e■ber of the experimental aroup that h

prete■ted, 0 otherwl■e; 
I 

I I 
: I 
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x
4 

=.n, 1 . if ,a member of the control 1roup that is not 
. '< ') ( t, ,f� ',I ' ). ' I 

pretested,· 0 otherwise; 

X5 = 1 if a member of either experimental 1roup, 0 

otherwise; and 

x6 = 1 if a member of either pretested 1roup, 0 otherwise, 

One of the various ways �f accomplishinl a two way analysis 
' 

of va�iance i� t� useJfour �i�ear models:

y = i.bO :t"blXl +
I' 

y = bo +(b 5X5 ·+ 
l ,.., 

)'.: b o+,'.b6X6,+ 

v = ho +·:b sXs· + 

t) fv' 

�2X2 + b3 X3
r, 

•2;' ,, ' :' '··11
{l 
�3; • and

,6x 6 + e�,

(lJ 

(2) 

(3) 

,,,(4) 

ihere thi bt are re1re■■ion coefficients and are .,unique to 

each equation: 

Focu■in1 on the ■um■ of ■quares, ss
1 

.= 150,00; ss2 • 125,00; 

883 • 20�_00; •'.'d 884 ■ 145,00, Al■o s9.r • 224,00 and s9w • 

74,00, The interaction aum of aquare■ ia 1iven by ss
1 

• ss4 • 

l�0.00 . .;.•l.45,.QO, �,Ji,00, ThHe reaulta can easily be incorporated 

into a au1111ary table; aee Table 2, 
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TABLB 2 

Summary Table for the Two Way Analyaia of Variance 
of Poatteat Data in a Solo■on Deaian

Source of Variation df ss HS F 

Bxperi■ental-Control 

Preteate.d-Not Preteated 

Interaction 

1 

1 

1 

126 .oo

20.00 

6,00 

74.00, 

126. 00

20.00

6.00 

4.626 

27.03 

4.32 

1.08 

Within 16 

The thruat of the Solomon deaian h focuaed on teatina the aecond 

and third liated aourcea of variation, whether or not a aroup waa 
� ; {, 

preteate·d' and the interaction. So■e ■iaht claim that the 
' ' .. ) : ' ·: • "

interaction, effect may even be the ■ore i■portant teat in a 
t i" i '� ,, ,! '} .:,. ' ,', , 

Solomon deaian, 1i·i• worthwhile to focua on the hypotheaia 

teated aa the interaction: v
1 

- Y2 � v3 
- v

4
• A

repara■eterization of equation 1 (a full ■odel I h aiven: 

l 5 I

then the hypotheaia, in term• of the re1re■aion coefficient• in 

equatlon 5 h: 

bl - b 2 • b 3 - b4 or b1 ■ b3 + bz - b4 •

lmpoalnl thl• re■triotion on equation 5 yield■: 

y ■ (b3 + b2 - b4IX1 + bzX z + b3X3 + b4X 4 + e,:

Y ■ b z(X z + x,, + b3(X 3 + x,, + b4(X 4- x,, + e,. 

Lettlna v1 ■ X 2 + x 1, v2 ■ x
3 + x1and reparameterizin_a by lettina

b 4 • 0 , Y • bo + bz vl + bl Vz + e 5, ( 6 J
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The-use of equation 6 yields ss 6: 145,00, so that the
,'<� '• � '-, ,l; ;, ; , •� 1' i ('. , \ •; 

interaction sum of.squares would be ss1 - ss6 = 150,00 - 145.00 =

5.00, yieldina the same sum of squares as previously found for 

interaction, 

Considering a Psuedo-Analrsis of Covariance 

One approach to simultaneously usina all the data is to use 

the pretest as a covariate for those individuals when a pretest 

is available, The linear model can be siven as 

(7) 
\ i 

What are the outcomes of us1ns this psuedo-analysis of 
\ , .,f ·; ,, 'l't)' 1 ·A :• ., '·•�·i) '� .. /. ) '/, ,4,� 

ClO\'ari;.nce? The preteat-p�a'i:."t.eat effect is partially, nested in 
�t • ,., ,, , 

.
·
;., J !/. ·'1 ·.3 . ,' .�· ' 1. ·: ' ,.:

, 
",, //J..l'� ,?Jj}

4�1.:f�\, ? ', :; 
the covariate, If interest is centered on the adjusted. means,

'\ 
.,., Ji;J�i'�_iJd1< .�q-·,.1.·i 1ft, 

adjustina for covariate differences for the sroups that are 
', • '! <' .• .. /j .. ,:. 'i) 

{
·

;
·t�k

s,4
,

. ·' 
fl/ '·/'.1'.'.,�- '-', :11),-J.d/·�·t .. l�.¼.i•l.,J\f ,:,<:'?;,�!('."); 

pretested, but havinl th�;non-preteated sroup lef� alone, �he 
,; . . ,· 'j '"' , :, ,, ·. 

i 4 ' • 'i' '., 1,,,; .1 i►N�':i
_
''fi,J�I

_
, ·J.!_pt} ' t, t, !; 

··.,. - , f1 ; .·,•;:,. ' t ;"•, \'f} ;•'' lU \ :;, 0- ;;1 -it r•'j • ·.,'' '/'./' , � 

adjuRted means are Identical to the adJuated means were the 
. · '""""'£ '.! :le'

. 
i l•

_
kl_,;:,_"l' ,_1, .. 

_ 
'1 ,, . x __ ,;Ni

_
.li,

_
J

_
p,if:itl °lf\. _1;1n_;;;,,,;,;'::·•,' 'fi( ·/ 

.,_ ,�fri,,., ,,,, •,\1'.!1t),i�-•,1i .1i,o-· it --!!\. t
·
, 'k,.{(t-'1,.,,.i{L;4i,.1\• .. ?•rt} "11t :�,,.· ,,,,,.'\._, 

non-pretested ,�o�pa completelf eliminated from the analysis: in 
, , 1 1,, 

• 
•ii�.j,,�ir,�f

"._1. -i:'tr1.¥. + .f :, ·'... • 
either Q�se, iho wlthin re1ression coefficlent i• ,55264, In 

i , ¥· ,11 �t"J { �t +..-� _ {�{�,-:{�-. ·�, ,�,,'1;�; .. �,·\,i; -·�i_'/j. :').) 'f\ :� 
1: l '.':I 

' ,-

mak l n, th��e nov�riat� adJuatments, oare ■uat be taken.to avoid 

mflnhftnlonllf aasumln, that those who havo not benn protested have 

a pretest score of ze�o and adJust aocordinslr (some computer 

pro1rams in raot ml1ht do thlsl, Anr multiple oomparlaon of 

interest oan be done in the preseno� �f the covariate for those 

prtttested, If the lnterantlon hypothesis la of lntereat, V
1 

• V
2

• v3 - v4 whloh as before, translates to b1 • b3 + b 2 • b4• A

repnrameterlzed full model ls 1lven in equation 8:
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y = b 1 xl + hi X 2 + b 3"3 + b4 \ + b pPre + e6 . (8) 

When the restriction b1 = ·h:J· + bi'- b4 1■
1 

"i•�•ed, 

Y = Cb;, + bz - b 4)X1 + bzX2 +' b3X3 + b4X 4 + bpPre + e7, or 

.Y ·: b2CX2 + X1) + b3C"3 + X 11 +'b4CX 4 - X1) +'bpPre + e7,

Lettinl V 1 : X2 + X1 and V 2  : X3 + X1 and r�para■eterizinl by 

lettin1 b 4 = 0 (all aa before) 

(9) 

The h:,potheaia for overall experimental-control· difference■ 

ia liven by Y1 + Y 3 = Y2 + Y 4'( 'in ter■a of the re1reaaion · 
,.., 

coefficient■, bi+ b 3: b 2 + b4'or b1 = b2 + b4 � b3. •I■poain1 

thie reatrfction on equation 8 :,ields Y : Cb2 + b1 - b;, IX1 + b2X2 

+ b3X3 + b4X4 '+ bpPre :+ e8, or Y : bz (X2 + X1) + bj(X 3 -'x�j +

b 4CX 4+X1I + bpPre:+ ea; Lettin1 V1·= X2+ X1.and.V 3 t:"x3 -cx1, 

and repara■et;ri �iri'1 by ''lett.1��-- b 4 = i O' 

t, :,· .,, ,f" ',. ' '"" .· 

To addresa the preteated-not pretested effect, the 
,. ,. " '  ,-1, 

(10) 

restriction, b1 + b
2 

•· b3 + b4 , or b 1 • b 3 + b 4 - b2, 

correapondinl to 'the hypothHia v
1 
+ v

2 
• i3 + i4 , can be placed 

on equation 8, yieldinl Y: (b3 + b4 - bz)Xl + bz"2 + b;,�3 �,.b4�4
+ ·bpPre + 89, ';'�d Y • b z(Xz • X 11 + b3 (X 3  + X1>, '♦ b4 (X 4 + ,x.,,:♦ 

bpPre + e
9

; lettinl v4 • ,x 2 
- x1, Vz • X 3 + X1 and. .,.,.1,..:1 

repara■eterhin1 by lettinl b4 • 0, ,,, , t 

It should be pointed out that, thou1h thia teat can be 

aooo■pllshed for the data at hand,' a ■ore u■eful 't.est 
0

of rtht's' n 
;, , l,, ,.,,, '.,.,;,�',.','§'("l·\�1�1: 

hypothe■h could be completed if an :independent 'covariate or· ••• • 
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� ! : i ;-1 } '�':1 ·11 ·J {�:. I 
,,� .  

cov�riatea are .available: ,if the pretest is .used as 1a covariate, "' F,, .' I ,· , • J.. ,,, ,, . ,,, ,¥ ' •� 
.\., ', 

the 'pretestinl effect is partially. nested in .. the pretest scores 
", , '; ·1 ; '' I ·, \ ·f '·' ,' ' . •1 C 

used as,,�· covariate. A .. ,model .for the covariate can :also be ,1 ven: 

':.J 12] ,. 

A summary table for this psuedo-analysis of covariance can be 

formed; . see Table 3, In Table .. 3, SSw = 62. 39 from the use of the 

t�H,1,111���?,t (e�':1!-'.t.�-�n J}: �!17 .,:=, 161 .61,. For the interaction,

s�INTERACTION �;�s 7 - �s.; (w�ioh .. 71elds 16.L61 -; 160 .. 72, or

8!1NTERACTION, ;,1 • 89

ss = ss -:<,.EXP/C0NTRC>L ··, ;•7 ,

fo�
j 

the, experi■ental control ,di,fferenoe, 
:'' .. , ,. \.,' . � 1-•: ';1 ' ' .,. 

. 

' 

8�10 = ��EXP/CONTROL ,=1 16.LU .. ,. 74•.2J. = 87,4o .•
Th1 P!'�te����• efhct is,

1 
•� ... ,n., b7 ss7 .. � s;,11 ;: .�61,6� .,:-, 16?, 1�. =

} ,, ., ' .I,. " t • • ' ' ' " :•.'\ \".> .' 

1,111. T�e su'?,of �quaus for Jhe,covariate h.,iven ,�7.SS12:!'._,,,I / ?! ,, , ''l 
1/ ·', °!$;!,. ,,. , '!' 

, . 'f ABL�, �,t (/ ,,.
f', "'� •:'h;.V,1tt\1·'¥,,f;J1�) 

,1,,1,1su,aias:1 ,� Tabl� ,,,,fof ,t�! .. ,P!���9:-�n,1r•is.,,9f i 
.
. iilJl\ll;,.,r l '.�covariance· with ··•solo■on'',Desi,n 'H, 'CHU" 

' 
Bxperi■ental-Control , r• ., l ,,.f 11:40 :··:e1!40'

Interaction 

Within· 

'f.\ ii, f ,< , t ;' 1 ( I. ' i � >' � I � 

,89 1 • , 89 

4,18 

21,01 

,22 

It ■hould be clear that the ■ummary table for this 

psuedo-analysis ot covariance is not additive, Finally the 

adjusted mean■ for the pretested ,roupa can be found: 
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f1(adJ) 

Y1(adJ) 

= 

= 

V1 
13 

- bw(X 1 -

- ,55264(7 

Xr> or 
; �1 ,''. 

- 6) or 12,45: for 

f2(adJ) = 7 - ,55264(5 - 6) or 7,55,

Diaou11ion and conclusions 

An essential isaue for the Solomon Four Group Desi1n is in 

re1ard to the experimenter'• expectations in choosin1 the desi1n. 

Is the,desi1n chosen a■ a panace� to rid the anal7sis of unwanted 

alternative interpretations, i,e,, doesn't this desi1n come with 

certain "warrantiea?" If so, choosinl this desi1n (or an7 other) 

is Just another ■isatep in aearchinf for the "holy frail," 

Alternative i�terpretationa of literally any data analyais would 

seem not only to be a conatant, but alao a welcome constant, 

particularly to those who aubacribe to Popper's view (aa cited in 
\ . ' / ,, . 

Griffin, 1988) of aclentiata who actively ■eek evidence to refute 

their pet theoriea, Our own recommendation re1ardin1 data 

analyala (includinl the Solomon Four Oroup Desi1n) is to first 

formulate tho roaearch proceaa ao that the prociae question■ of 

intereat QI.D. bo answered, Then state hypotheaes and linear 

model■ that preciaely addre•• thoao quoationa, Beyond thla, alao 

re001nlze that a myriad of other iaaues can diatort 

interpretation■, In addition to tho iasuea addreaaed in Campbell 

and Stanley (1983) and Cook and Campbell (1979), other concern■ 

that may have different readinl• by other dili1ent inveati,ators 

have to be conaidered, includinl laauoa ro1ardin1 the criterion 

(or crlteria)--do they in fact ■oaaure what they are claimed to 
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