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MULTIPLE LINEAR REGRESSION VIEWPOINTS
VOLUME 17, NUMBER 2, FALL 1890

| Teaching ANCOVA:
The lmportance of Random Assignment

Ralph O. Musller
University of Toledo

------------------------------------------------

The purpose of this paper is to present a simple approach to teachlng
the fundamental concepts underlying the Analysis of Covariance
(ANCOVA) with particular attention to the assumption of random
assignment. The main advantage of using ANCOVA in experimental
research is the gain in statistical power due to a reduction in error
varfance. As a by-product, ANCOVA ’provides statistically modified
group means that compensate . non-systematic group -
differences on the covariate. A continuing misconception,
however, 1s that ANCOVA ‘“equates" - previously unequal groups with -
respect to a covariate even {f these preexisting differences are
s stematic ones. Teachers of research methodologies are urged to -
g and expand on the sometimes insufficient presentations of
VA to prevent further misappllcatlons

Introduction

The Ana.lysis of Covarlance (ANCOVA) has long been used In the
bchavloral sclences as an important data analysis tool. In many "
contemporary tcxto on research methodologies an entire chapter "
is devoted to AN_COVA. as, for example, in Cohen and Cohen
(1983), Hinkle, Wiersma, and Jurs (1988), Howell . (1987), Keppel
(1982), Kirk (1982), Marascuilo and Serlin (1988), or Pedhazur
(1982), to name just a few. Usually described as an lntemtlon of
Analysis of Variance (ANOVA) and Multiple Linear Regresslorium'.ﬁ

the ANCOVA model can be represented as a special case of _ﬁtf:e' |

An earlier version of this paper was presented at the 1989 meeting of the Mid-Western
Educational Research Association in Chicago, liiinols.:The author thanks the editor and
reviewers for their helpful suggestions and Mr. Tito Mendoza, Research Assistant, for
helplno with preparing the final document.. -



General Linear Model (GLM) lncludlng model components of both,
ANOVA and MLR The ANCOVA'a general goal can be vlewed as being
very slmllar to that of ANOVA the technlque helpa anawerlng the
question of whether observed group differences on some dependent
variable are attributable to sampling fluctuations alone or to true
population differences between the groups (in fact, in a true
experiment both procedurea test the same null-hypothesis, Ho: yt 1=
p2=...= i, as explatned below) | S _'
ln experlmental research aettlnga 'ANCOVA haa the main
advantage ol‘ error varlance reduction “that true group |
dlfl’erencea ‘are eaaler to detect. that ts. compared to ANOVA the"
Analysis of Covarlance pmvldes an tncreaae tn statlatlcal power___
provlded certain aaaumptlona __are met (Keppel. 1982, p ‘_483)_.
The error reduction is achle\red by addlng one or more co-;ntlnuons..
explanatory variables to the model, called the covartate(s), that (a)
are related to the dependent vartable aa much as posslble. | but (b)
are unrelated to each other and to the lndependent varlable(e) that
indicate gronp:_ memberahlp A by- product of the appllcatlon of _ |
ANCOVA 18 the calculatlon and eubeequent lnterpretatlon of the‘
adjusted means whlch are group _means on - the dependent
variable that have been etatlatlcally adjueted for preexlatlng non-
systematic group dlﬂ'erencea on the covarlate(s) (Keppel 1982 p'
483). Generally, adjuated meana can be tnterpreted as predlcted
mean scores that would be expected if all group covariate means
were exactly equal (to the grand covariate mean) rather than different

due to random sampling fluctuations.
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Recognizing the . advantaéea of ANCOVA. reaeatchers soon ,‘
began to apply the technique to data obtained from quasi- and non- #
experimental research settings as well, and soon, first wammga_; _‘
against the use of the Analysis of Covanance began to appear in the ‘4
literature; see. for example, Cook and Campbell (1979), Elaahot‘f N
(1969), Lord (1967, 1969), or, more recently. Huitema (1980) One |
of the focal points of the discussion continues to be the potentlal'
misinterpretation of adjusted means. Some authors argue that "the
analysis of covarlance, which Is also used tn expertmental atudtes.
is a statistical method that can be used to equate groupa on one or
more variables" (Gay, 1987, p.254). But statements atmllar to the
one above overstate and misinterpret the real advantage of ANCOVA
especially when used In quasi- or non-experimental reaearefh,_._‘,{
Group differences on thecova_i'tat\e are likely to be systematic when
dealing with in-tact groups; ANCOVA, however, is not intended to
adjust for systematic differences, just for non-systematic ones
(Keppel, . 1982, pp. 481-492). For an excellent and
comprehensive discussion on interpretation problems aeeoctateél) .
with ANCOVA, consult Huitema (1980, chap. 7) who warned that
"in general, ANCOVA {s not an appropriate procedure for the
analysis of nonequivalent group studies” (p. 154). I

Today, ANCOVA's advantages are well known ahd its
disadvantages and limitations are recognized and unders}tooq__;hy_
most, Some introductory texts in research methodology, howeyer. K
still mislead the research neophyte somewhat by stating tn _very
general terms that the use of ANCOVA will stattstlcall} - “equate”
previously unequal groups on the covariate (e.g., Borg & Gall,

3



1989, p. 556; Gay, 1987, p. 254: Huck, Cormier, & Bounds, 1974, pp.
134-136). ‘Others make ‘conflicting remarks  regarding the
interpretation of adjusted means and the appropriateness “of - °
ANCOVA in quasi- or non-experimental research (e.g., Marascuilo &
Serlin, 1988, p. 608 and p. 611; Wiersma, 1986, p. 354). The
intent of this paper is not to criticize specific textbook authors; -
rather, it serves to present a simple approach to teaching the -
fundamental concepts of ANCOVA in a beginning ‘research
methodology or applied statistics course. The emphasis here 1s on the
importance of the assumption of random assignment and the potential
misapplications of ANCOVA in quas! and non-experimental Fesearch. "
Espectally students of research’ methods that do not specialize iri -
the field need to be aware of common misuses ‘of this wldely used
techmque | | A
' The Statistical Model and Adjmt’eil Means i ol
A suggested approach to teaching the underlying concepts 1s to *
begin with a ‘presentation of the General Linear Model" ‘(GLM) -
expression of ANCOVA. Under certain statistical ‘assumptions ‘(see
Cook & Campbell 1979, Elashoff, 1969, or Huitema, 1980. chap 8).”
the model for a one-way linear ANCOVA can be expresoed as

4

(1) Yikwu + ap + Bw(Xieux) + etk

where Yk denotes the {th score on the dependent variable in the
kth group, u ts the grand mean of the dependent variable, ai=(uk-u)
ts the kth group effect, By denotes the regression coefficient

representing the linear relationship between the dependent

L
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variable and the covariate. Xikc 18 a score on the covaﬂdfe. BX 18
the grand mean . of the covarlate. -and etk denotes random error
associated wlth each subject’s score | ,

Wlthout loss of generallty assume that two groups are being
compared (k-2) Mean group dm‘erences on the dependent variable

can then be expressed as

(2) un FYz'l}“‘al*ﬁw(ﬂX] ux)I Lu+a2+ﬁwauX2 ux)l
= (a1 - a2) + Buwlux) -#Xg)

The last expression in Equation 2 shows thag‘:obeerve_d e&nple
differences cannot be uniquely attributed to group effects but could
also be due to mean dlfference_s ~on -the coi»;ariate. Rewriting
Equation 1 as - S -

(3)  Yik(ady) = Yik = BwlXc = px) = u + ak + etke
where Yik(ad)) denotes an acUusted scom. and deﬂmng the adfusted

mean in the kth group as -

(4)  uyplads) = Hyg = PuwlXy ~HX) =p + ak

proves to be helpful since now differences between dd]deged ‘means

can be attributed to group effects alone:

(5)  Wyylad)-MYolad) = G+ at) - o ag)may ~az
5 |



Addltionally. uslng Equatlon 4 lt can be seen that

'fa .. . . %.. . 't‘t;r“ WEE
(6) “1’;1(04!) ""Yzladl) ={y; - ﬁwuXJI - (uYz ﬁwﬂX2’ = q]-a2

RN . £
- -‘J'» Yot g -! . ‘-, s ek

& !

where k tsjthe int'.er'cept term " for the regresslon of the
dependent varlable on the covarlate ln Group k. Thus. differences
between adjusted means can also be lnterpreted as differences
between regresslon tntercepts tn the separate regresslons of the_

dependent variable on the covariate (see thure l)

FIGURE
Error Reduction 1n MCOVA

S
R Y

:.Conditloml
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. “* t V " L.’l ) \
‘{ 1

Assumtng that Bw « 0, note the reduction in error variance as
shown in Figure 1. When a covariate i included in the model, error
variance is determined by the conditional. rather than margtnal
distribution of Y. The former has a smaller vartance estimate than
6




the latter distribution, that 1s, X(Y-$)2/df 1s less than Z(y-Yi)2/df.,
where ¥ denotes a predicted Y-score. It is here that the main
advantage of ANCOVA becomes apparent: ‘approﬁrtately used,
ANCOVA provides more statistical power than a conventional
Analysis of Variance .deslgn: thé pi’ébabﬂlty of mdetéct.lng‘true
differences on the dependent variable is increased by a decrease
in estimated error variance.

Uses andAbuscs of ANCOVA :

Figure 1 {illustrated the Analysls of Covariance when the null-
hypothesis of no difference on the covanate is tme. a consequence
of a basic - but very unportant - assumptlon of ANCOVA. random
assignment of subjects to groups (Hultema. 1980, chap. 6). In
Figures 2a and 2b random asslgnment is assumed; tl'_x_us. KX =KX for
~ all k. It follows that the adjusted and unadjusted’ population means
are equal (use Equation 4) and that ANCOVA and ANOVA test the
eame null-hypothesis, Ho: pY; = uYg =...= uY).. Sample means on the
covaﬂate. however, need not be equal. The obeerved differences
are due to chance alone and ANCOVA adjusts the Y-means for these
non-systematic - usually emall - differences on X via the definition
of adjusted sample means, Yk(aq[) o Y- bw(fk’b where the tcrihs
are eample eestimates of the corresponding terms in Equatlon 4.
Figures 2a and 2b {llustrate that the analysis will lead to correct
conclusions regarding group differences on the dependent Va‘l'!.,a?le, ‘
provided ANCOVA {s used in conjunction with random 3881811_!!19}1!}
of subjects to groups. In such a case, the difference 'betwe.eﬁ;

adjusted sample means is an unbiased estl;nate of what the

1
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difference between group’ means on the _dependent_ variable would
have been if each group had equal covariate means. Ohly in this s‘en_se”
can one claim that groups were "equated” with respect to the
covariate (recall that population covanate rheana were assumed to be
equal). | | | | | |

When ANCOVA s used in quasi- or non-experimental
research settings, it ts"often the case that the groups under study_
systematically  differ on the' covariate and posslbly on other relevant |
variables, that is, the randomization assumption was violated. What |
effect will this have on research results based on an ANCOVA?
Huitema (1980, chap. 6 and _chap. 7) provided a comprehenstve and
detailed discussion on the consequences of assumptton violation and -
there is no need to repeat his arguments here. However, conslder a "
less technical treatment ot' the potential misinterpretation ot' an
ANCOVA when indeed the voups differ on the covariate.

At the begtnnthg of this paper one possible way of H
expressing the general goal of ANCOVA was stated: to detect
whether groups significantly differ on some dependent vnrtable.
When large group differences on the covariate exdst, ANCOVA
might mislead the researcher regarding this general queetton. N
Consider Figures 2c and 2d. Misinterpretations are possible in
two situations. First, although the two groups are d{fferent wlth N
respect to the dependent variable, ANCOVA leads to a conclustehl #ht‘ |
equality in adjusted means (indicated by equal regression tntereepts
in Figure 2c). This is often interpreted by stating that the covanate |
"explains” true differences, especially adfter a etgnmcant ANOVA

analysis. The fact remains, however, that in situations like this

9



ANCOVA wtll not indicate dtt‘ferences between the two groups
eventhough the groups differ on the dependent ‘variable. Second if
the groups are equal with respect to the” dependent va.rtable.”
ANCOVA can lead to the concluslon ‘that they differ after ’covariate
adjustment (indicated by unequal tntercepts in 'thure 2d).
Situations like these are sometimes referred to as cases of "Lcrd'
paradox" (Lord, 1967). In a very illuminating and crttlcal paper
Bock = (1969) claimed that the “paradox” 1s merely a
mteundera_tandtng: ANOVA and ANCOVA answer different questtons'
since the former technique ls based  on the marglnal Y-
distribution, while the latter deals with the "dismmuonf'c}? Y-scores
conditional on the covariate. Note, however, that ANCOVA 1s not
likely to provide unblased adjusted means when used ~ in
nonequlvalent gmup designs (Huitema, 1980, p. 142). The '"dlt't'erence "
between adjusted sample means might be a blased estimate of what
the dlﬂ'erence between group means on the dependent variable would
have been ff each g)'oup ‘had equal covariate means. !

The brief discussion above - in addition to other potential
lnterpretatlon problema (Hultema, 1980) - indicates that ft mtght be
of advantage to test for differences on the covariate as a prenmtnary
step In the data analyets. If the * hypothests of no difference s
rejected, ANCOVA might motivate false (or at least misleading)
conclusions regarding group differences on the dependent variable;
If the hypothesis s retatned, ANCOVA might be appropriate and lead
‘to a more powerful analysis. But what are the consequences of a Type
I or Type II error in such a preliminary test? In the first ettuatlon one

would erroneously conclude that covariate differences exist and,
10
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glven the prevlous dlecusalon.rmlght not use ANCOVA for the data
analysis eventhough it would have been appropriate; the loes of
statistical power is the consequence. Under the eecond altuatlon .
that is, faleely concludlng that no syetematic covariate dlffereneee |
are present - ANCOVA might be used lnapproprlately and lead to
false conclusions. The latter is the reason for testing group
differences on the 'cpvanate at a more liberal level of significance,
say . .10 or .20; protection against a Type II error seems ' more
lmportant than protection against a Type I error._::'»- t o

4 - Lo . . h
&, ; o o W . N Rk

- The Analyele of Covarlance model can be represented as a
epedal case of the General LInear Model it lncludee both, Analysle
of Variance and Multlple Unear Regresa!on components. The main
advantage of using ANCOVA is a reduction in error vartance achieved

oy
&

through the Inclusion of addl‘t'lonal explanatory variables
(covariates) when assessing mean " group differences on some
dependent vaﬂable. Aa such, ANCOVA provides - a etatletlcally
powerful ww of detectlng true group differences but can also lead to
false conclusions regarding theee group differences when\ the
assumption of random assignment is violated and groups elgnlﬂcantly

differ on the covariate. Teachers are urged to discuss potentlal'
misapplications and discourage the use of ANCOVA when the random
assignment assumption is not met. One indication of | possible misuse
can be provided by rejecting the hypotheeie of no dlfferenee be&een
covariate group means at a liberal level of al@lﬁcance to gnard
against a possible Type Il error. The best protection against

11



potermally serious mlslnt’erpretatlons of ANCOVA results, however. is

to restrict its use to true - or nearly true - expertmental designs. In™"

accordance with others (Elashoff, 1969 Hultema, * 1980 Keppel
1982), " “the - Analysls “of Covarlance 1s not ' recommended In’
nonequ!valent group studies. R SRR
ANCOVA still is an important and powerful data analysis tool in
a variety of applied research situations. Nearly every comprehensive
textbook  on ' research ~methodologles includes a discussion” on =
ANCOVA and the technique is presented in most university courses -
on applied statistics or research “design. 'How'ever. ‘the technlque s -
also frequently misunderstood; misconceptions like ."ANCOVA .can
equate previously nonequivalent ‘groups on the covariate(s)" still
circulate ' through some ‘uninitiated minds. Teachers :‘of research
methods and authors of textbooks are in the position' to start the "
initiation ‘process - or should there be an alumni initiation first?

Frggnn A';g‘,'i-:)<- ) i .
[ . - : D -
s g . :
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Corporate Manager’s Leadership
Style and Existence of
Employee Health Promotion Programs

T

Elizabeth Kinlon ' O D
The Unlversity of Akron

..........

U

The establishment and the quality of health pramtion programs depend ..
on suppnrtive corporate managament. However, there is a pauci
investigating the area of leadership in corporations as it relates to health
praxtion programs. In ganaral, the research on health pramtion cansists
primarily of types of programs, cost effectiveness, and phyaiological T
respraes to specific health behaviors.

. The pumse of this study was to eamine ths relationship of |

corparate managars’ leadership style, dstarmined by Likert’s Profile ot
Organizational Charactaristics, and the existence of employee health ...
praotion programs. One hundred eighty-eeven armnrate officers in
Nartheastern Chio corpleted the quastiamaire entitled Carparate laadarehdp -
Styles and the Existence of Rrmployee Health Pramtion Programs which h\cluhd
questions from Likert’s Profile of Orpanizational haracteristics, genaral .
information, damgraphic data, and tions about thes effects of haalth
pramtian, mltiplo linsar on rocadires were used to analyze the . .
variance in predicting one variable to ancthar, mrtutmappllodto
detarunine statistical significarce at the .03 level. e

'n\o results of hypothasis testing for the sample indicated hadanhi
style, as smasured gx umm Profile of Organizational Charactaristics, ;..
does not aid in Mﬂanhhn.n:mmpcm-tnalmmdm ‘
progran, laadarship styles of the clustered around
Systam 2 and System 3. Systam 2, the benavolent-authoritative systam, and
System 3, the consultive system, are intarmadiate systams. Thaese systams .. e
resable the ectrarm from which thsy deviate. Howgver, data from a sutset of
ths sanple (managare from corparstions with health pramstion programs) ., ..c.c. ..
indicated knowl of laadarship style may be used to predict—oorporate A

. officers’ that health pramwtion programs increase employee morale. .-

In addition, data frum this suhset indicated corporate officer participation
in the decision to establish a health promtion program leads to a pmdictive st
relatianship that health pranmstion programs are cost effective, increase -
employee productivity, and decrease absenteeism.

15
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Histaricany, thepracticeotmadicme and, themfm, haalthm
mdiseasemﬂam&mm?xx&d m‘ﬂamtsmmnammu
Wmmma:wmmtmm”w
wﬂtatimardmtlsapdcanwy rxmammnzstonso diminot
sulfa and penicillin derressed the mortality rate by providing a “cure" for
infectious diseases. Americans viewed the physician as a parsan who could
cure their ills. Medicine has aatimed to respond with cures, such as open
heart surgary, argan trarsplanta, and gharmacertical break througte such as
synthasis of hormones and geetic exginearing of DNA. Until recently, this
mtivaagnoadxtoknalthmhasm%ﬁmt-auﬂny :l.nllpitaot

£ . i’Aﬂ’ 334,«,

ﬂufwtﬂnt?otﬁnlomqummotmmmﬂnwwmm
s e

the 1980’s are zalated, din::tly or hd.!.mctly, ﬂutnjl tink tactan, to -

bahaviar ar lirestyle (Erady, 1963). |

Asanpttcn yphnwo@uﬂadlazgammbotmtcrmmm.-

. . B L8 R S NG N SN N P o SN i
‘In th. yaan fmn 1960 to 1978, armual hpalth can o:p-ndibxn- imnnd
Farg SRRNRE R ¥ 35.3(,& NS Ch AR b SRNTU T F OB 2w

over 700%. !boknm (1984) mta- that altlnx;h tho mtimnl :l.ntlat.lm nt.

f'l:(‘! ) 8

wlh"d 1n 1983 and 1984 "apltal zoan m hmuod 1.n 1981, 1982, Uﬂ o

e w1 @i YA R RS

1983, 'mm mﬁu and Wﬁ}nnm dol]:arl,m: 10,88, ot the Gross
Nat.iaml Product m spent m hnlt.h aanin 1982.“ 'mh on-h tnd-nl
outlays for Mm by mrly 3150 billim“and awraqu oul: to 81, :!65 per
person, orsldommaninnal. 'Ibalarqoc:tmt, Vﬂnm
o@-uimtocmcdmdhabintymm mtpnmt.tm (Ompartment of
Health, Bducation, and Walfare, 1979). rmcung (1984) x-p:xu that health

mﬂmmmdomtmitmtmlywwmpm
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Amtiauddas\mmy(!halthmm 1973)o£harrimmm
mmlmmmotwmugmmmww'
samples of the American public, um,mlwmwmmt.

Mﬂamlmld,ﬂnammwotpntddpatim(inw

sprsarad preventive health programs) would depend on the quality and

mﬂahili:yotﬂnmm,aswanasﬂnqmlityotﬁnmim

within the company used to sell the employess (p. .82).
Itmﬂdagaarthat@muntehmimiss&ivimtoimits P
a:ptiuvumsarupmdmﬂvityinﬂnmldmﬂmt Ahealthywxidozmis
ﬂmdnlshmhmmmimmMpartmdmtoMor
mental probhlems diminish prodxctivity. cnrpuratemuguvthaaoftln
keys to the suxess of health pramtion programs.- . .- i

'numhtimforthhmﬂyincl\xhdmmot
mutmingmni-wiﬂdn&nﬂmmnd\ioﬂutMSOOOtm
erployes and ware idatified in the Chio Directory of Mamufacturers (1966).
All 31omu~wmmmmu1ymmmmmm
'nutataldaaimmﬂnd(lw)muulimmmmhqwnmwy
Dillman (1978) notas thati

mmwmdm«tmqmndtymwityotmwym,
attantion mst be given to every dstail that might affect resporsa

bahaviar. The TIM relies on a thmxaretically based view do
and do not respavd to qustiovaires and a well confirmed that

?wwmuwmunmummw

p. vild

Of tha 310 capmnies surveyed, mmdwmm
retirned, cwreamting 60% response rate.
mmuimﬁutmmdmupo‘tfm 'mhncpoct

facto stixly was guided by hypothemes, Altmntiworrivalmpﬂ—nm
hypﬂmmthatmuplmtimsforﬂaeﬂectoﬂnr&mﬂamm
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am‘ Intazmlvalidityotthdeaignmbaim‘vtmmotﬁn
rivalhypﬂmsmbeeﬂmhmted m,mmmmvn state:

cnemststill)ceapinnlrﬂtlutbyitsvarymmmmcpmttacto -

mﬂ mmﬂxpm:;;)hmm validity. 'nmatom, camation

mhmtmedmidmﬂtymlmmctylaotmpmm

officials was the Profile of Qn;anizatia\al marn:&risﬂas (POC). .
hmtmidxmmetylesmdmﬂqnibyww,.
and has been used extensively in previous research (Likart, 1978). Likart’s
Profile of chara—teristics wies_‘tcm:_ leadarship styles:.  (a) Systam 1,
eqloitive-autharative; (b) System 2, berevolent-autharative; (c) Bystam 3,
ansultive; and (d) System 4, participative—group.

Likart Asacoistes (parsanal cammication, March 13, 1986) report the
18-item Porm 8 usually yialds split-half reliabilities in the .90 to .96 -
range when epplying the Spmarverv-8rown farmila for estimating reliability
fram the r betwean two halves of the form. Validity of the FOC, found the
rank ordar carrelation (rho) bstwesn POC scres and parformance data for a
Wast Coast mamufacturing firm was +.61. Data from 10 paire of plants in
Yugoslavia and two firms in Japan ahow oconsistant differences in pxoufiles
butimen high and low perfarning plants or departmetts in the @gectad
smmwmmmwmmMu
wpmu,mmum,mwomm-mm
wmotmmmwummmmmcmmlymmmtdm
Qquastigmaire. The POC was reprudrmd in tooklet form. Transitional
mMMMmtmlimmiﬁmtmmmmm
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denographic data and, finally, quastios about health pramtian. 'me
Quastiamaire boklset was entitled Corporate xaadamhipstylesamm o
Existaence of PErployee Health Pramtion Programs.
. STRTISTICAL ANALYSIS o
spacific research hypotheses were derived :mmt.ra following resaarch

Quastions.

1. mﬁmdittmmxmip styles pmdir.tarvatiahh)
idmtiziedm[ﬂart'ul’roﬂleotargmdm dntu:ud.stja .

, of managars in corporations whith health pramtian
m)uﬂt}mmoamﬁus-wtmmm (critarion

2. mﬂmedittminlmdamhip styles (pndk.tarvariabla) ot
mnagars wo favar health pramtion programs (critarion variabls) and
those wo do not?

3. mﬁmdittminlemship styles (pmrm.farvudabh) ot
mnagars who have always advocated the estahlialmesit of health . -
Mmp:og:muﬂﬂmewnmmtinitiauyfmbhmt
nmta@-progrm(critarimminbh)atﬂmminqﬁmin

4. Doup, m, .dmtim,tnminpoaidm tamwiu\ﬂu
tion, or previows area of specialization within the . D
muttur(pndmtm-variablu) mlatotopuwumotmm
prawtioy programs (critarion variable)?

8. Is theare a relationship bwtimen the managurs

landarwhip
(predictar variable) and the managars paxasption of hnalth pzmim
pograms (critarion vnriablo)?

6. Douﬂuoriqinofﬂnidnaforﬁutualthp:mﬂmm
(predictar variable) or the mnager’s participation hrtrrdnchlm
tovavldoahnlthpumtimpmmmautomm'l E
puronption (criterion variable) of the program? ks

mrt-tmmmwtmmumm-mzmum o

s “'w‘ e

Wmmamup-mmmnywm mrtutmdam
mitiumymh.t 'nnmwtiauotmﬂ:naehcdmotlubjecu
and narmal distribution of the variables can be .violated without doing

seriocus harm to the procedure.
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nntiplelimarmimmmedinmlyzh\gﬁnmmuin
p:edicdn;tzmmevariabletoamumandinmrthmottha
variables to test the altm\at.lva hy;nﬁmaa lmltiple linear regression was
dmmtamaeitismﬂadhlethantnditiamlmlynhotmim
withmntiplalimatmg:usim,macanwitathamuﬂmtnﬂwttha
speci.ficxmmhq\mtlmmhqaded 'In addition, Neumn (1976) points .
mtﬂmtwithuﬂtiplelimarngmmimmecantutmhdanhipam
.mwvm,m@mwmmmm,
Mtnihdtastsotligruﬂwummedtotastﬁnnlaﬂauhip
otiﬂmewimmmdjmumotﬂamhﬂmmmm. The
.oslmlotligrutimmemmedchmitmﬁnophﬂmotﬂu A
Mqatarﬂutﬁnmmotnj&ﬂmamnnlwwﬂmnm
mt-ouriomg-tounrmtammw\tomtmum -
shmimlamwpltylumwmw,amdmtw
wbt o Fopg

multiple a:lmrha- was made ft t awnu Z s .1guﬂq.m Nunn and
Newman (1977) up;m R Ty M i

umanamllghliw\iﬂathﬂmmmﬂm,mczw,ﬂu
question of whare the difference is, alweys arises. To find out whare
ﬂndi!tmh mmllymnntiplo'jmrhqumm
groups. That is, m1hmwmz,m‘1h'mm
mpa,mah to Group ), etc, As the mmber of
a.unrhcu(t-t-ot icance), \hich not indspendent of each
hmuu,tmmwnlymuintuﬂlwﬂm—tp 221).

Amiotyotauwua-myhmdmmltorummhnmup
Mmmummum.mha-. 'This ressarcter used '!i
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| _Rnarmlysesmpettanadbodatam:atmmbiutyotmkbq
aqybanm. Effect size (ﬁ)mamjecmuyutatasmu”
dathndulndimeftect 'metollowhqtotnnammabymmm
(1983)mmedhomlc~natepaar

L=f2

M= mmanmlyhd@mmmnmw |
Ia = mmber of linearly imiepmxient vectars in restricted modal

Runrmm]mlatndtorﬂamstctrbwntmdalcuc,tmth,
mchﬁdd:mrwndbaﬁnlmtxﬂmstm,ﬁnmrmm
tonawtortm-mnywinbeatlmtﬂuahighorhiglut Three powvar
-t.inm-mqivm tormll.oz, madium +15, and large .35 effect sizes.
!'orthiscuny ﬂmtm,pwurtarattectsiuwﬂdba.lsitattectuu
mtmlymllfortm-mum }bdiunattectoiuuwmbe.ssw
Mvacttoctuuﬂdba.n. nmtm,wcmbtairlyarmnﬂntua
mdimotluwdtwtmwstinmm:nadm,ﬂdsmmah
uap-buotawunqit. This study has low power and could detact a small
dtmoininamladmlsumlwtotmo. Howvar, sinoe the
mhmmmatmwmnumm,mm
feals the powar is sufficient for this study. '

RESULIS

A vast majority of caxrparate officers are male, betwean ages 30 and
59, and have appraximately 4 years earience as a corparate officer. This
majority of cxrparate officers have at least a bachalor’s degres. Of the
apmniee rvamming capleted quastiamaires, 88 offer health pramtion
progzmammdomtottertnnmmimm:ogzm.
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Otthnmpnhnts 163 (88%) favar health pramtion at the warksite.
Mmjwiwotmwmmsmmammmm
Systamz, mmmuve,mms,mnuve This sty
‘add:misixtmdxq@ﬁas mmmmﬂmm(n-mv)
mmedtoml@&n:h@ﬂiaalmzmmmh. A
subset (n = 88) of the sample responses fram carparations with health
‘gramtion programs were used to answer Research Questioe 3 tiroxth 6 and

Hypotheses 1 throush 10 relate to Research Question 1. . These .
ypotheses and results are stated in Table 1. An eamination of tahle one
Teveals that there is not a significant difference amwng laadarehip styles in
predicting whether a corporation has a health pramtion program.  Laadarehip
styles are not significantly different over and above corporate officer .
title, age, or gendar, tamme in current position, tamme with axparation,
education, and area of specialization in axrporation prior to corrent .

‘Wum&-mmmzmmpﬂ—nmn
mw-mmmq-m: Mwmmummm
Table 2. Mo@mﬂmdmzmmmhmtlawm
dutmmqlwpltyluotmwntmhuthm
mmatmmiuuuﬁmwnmmt Nor is thare a eignificant
mfmmwpmmmmmummm
M&Mﬁ\mﬂmmm&mmimuummm
in favor of the program, but now suppart such a program.
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Teble 1
Results of Hypotums 1-10

Wothes s B LRe . df - Agha F. P e
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1/ B JTH a0 W
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Pull Mokl <420 B LM 2N W
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e M o s e 1 W
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Tble2  n in niigomals e L0Z S G L.
foaiits of Wpotemm 11, 12, od 13,

ypothesle

%‘&f Ré ' WW“WMLW&"&

Full Mol .
Rastricted Ml

gww ﬁ%ﬁ!’#&"m»

fuumﬂ Dt e
Restricted Mxhl ..

oy - B e
e _! W 5 A ;

o WM s e s -

Wuﬂmﬂhmmmma-&

Anaminntimof'mbl-_

35 e i Ve ot Bl dift in ‘“Q*Y"

shd

Muutoﬂnottim'mdmotmtdtwdmotmmm'

aik
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Table 3

Wothemis ¥ - B

Wyothen (e s .

. pce of axarts for 9 sigif| of varlace
G S e e |

Reatr icted Mokl Lotg VB B 31 .

null Mokl B
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Full ol
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 hestrictd bl 0 w8

Full Kok 2 xm s 67 60 e
Reetr icted Mockl 0
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Table 4

Mpothesis 24 - B3

Aestricted Mokl

¥ d  Ape F P em
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m. o' Emm' """%W of .
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Hypotheses 38 through 42 relate to Research Question 5. Thase
hypothesas and results are detajled in Table 6. An examinatian of Table 6
reveals that there is not a significant difference amang laaderahip styles in
pmdictbqﬁnnna@rs'pa!mpdmottmlthp:wdmmogrmmcoat
effective, humimmplwaem:ﬂvity,ormw .
There is not a significant difference :In laadanhlp ltyles of ootpctate
offioamwnpazﬂcipatedinthechcisimtosubuahahealthmﬂm

pmogramamtmsewmdidmt lbuevur, :lsalign.ttimtditfm

Ainth W et in 39!“\
e Af“ér 4

amang laachmhtp stylee in pmdicting t.ha m' p:tzpdm ﬂntlnnlﬂx
e e ﬂ ’iﬁw ,

R Mt ‘- w

Yd.‘ % § o x 8y 4t v
Hroduals L | Apha - P - e

"R i R,

full Mot : ‘ S e R,

ety lcted Kbl W W & @ m m
». 10 & glgn di - e

kR m R ReaaAr

ull Kol

raatr icted b ‘s W B a0 o3
40, fs @ olgn it otyles e '

w‘ malﬂmcﬁh_ m‘m&mm i}

il ok .

Aoatrictad ol W e B W -
AT o | prdicting

ull il oS

Aaatr {ctad Kbl s We B m T .-
Q. e 8 0igni

i, LSS S e Lo

Full Mockl )

Aaatr lctad tochl G W ® M am =
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Hypnﬂmn-sozulatatomws. 'nmehypﬂ:-asmﬂ
results are detailed on Table 7. _'namismtasigni.tiamtditfetmin
umﬁamroramummumpogzmmgimwmﬁum"
m@ttmddnﬁarﬂnpmgmmismstattecdw, hmasesqplayae
mrale, increasess employee ;zud\.r_tivity, mmm

Table 7
prtasie 43-50

43. There lo [ “ﬁmgﬁ Wm a: M.w% of

futl rodet : oo T N Co
4, There [g o signifi m h.h:.“.-lg‘d :

full rodel S m L .

Mstricd ol ey L0 (v ) .08 1.419 2% -

Ve R 2

Reatr {ctad Mol S Y
Ml Ml 6 L
Reetr icted Modsl 0 ® e, ,.'4 .
. fe p sigM L ] (] the '
EUCRAT TR AR TR
il rodl 15 -
mmmu | o W 0B RBas W .
B S T TR SR | o
) : L e s
Ml (S 01 "
uummn o W ““,\
" SR R S R e
protet ity
full rodet L8
a-u-tcunm o Im

29 R e
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tnalthpzumtimmmorigimtaduﬁﬂam'apmwﬂmdﬂu
program. Norisﬁmeasigniﬂcantditfminﬁnm' @arasption -
ﬁmtﬂuptogzmhmease@lmmle ulmﬂnmparticipatesin
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difference in the m' percaption that the program was cost effective,
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Two Stage Smoothing of Scatterplots R
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Donald T. Searls, Ph.D.
University of Northern Colorado

Abstract

Scattarplot smoothing is a simple but a very useful tool for data analysls A smooth curve supedmposed on the
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 consistancy and sensitivity to
discontinuities on the undarlying functions. Robust centered span smoothers produce smooth and consistant curves but
they tand to smooth over or blur the discontinuities. Non-centared span smoothers are sansitive to the discontinuities but
they tand to be rough and lack consistency. Two staoe smoothlno ls pmposed asa w\niqm that pmvidas mlsmw a
well as senslwtytodsconﬂnums : ,

Key worts: smoother, undertying function, discontinuity, consistancy, centered span, non-centered span - -

1. Introduction, ..

Scatterplots are a very useful tool for analyzing a bivariate rolatlonshlp botwoen two vadablos. uy Xand v
The obsorved bivariate data polnts ' b S

(x1|Y1)l (xon2)- AALLN ] (Kn.yn). ‘ ‘ . . o ) i
constitute acatterplots. They visually explain the relationghip. It was pointed out by Clovoland (_1978) mat me extreme
points in the point cloud of acatterplots diatract the eyes and they tend to mm the struclure of tho bulk 01 the da_t; Asa

sided

remedy.scatterplots are smoothed, then the visual information is enhanced and the usochﬁon bctwun the two \ndabies ls
clarified. Untortunately, if discontinuities are present the smooth curve may tend to conceal thls fact It the smoottm? a{o '
Sareitv to discontinites they bnd 1 be somewhat ough. Two stage smoothing s propased as a technique that ends to' |

provide emooth fits with detection of discontinuitiea.

Scatterplot smoothing is a procedure that operates over the bivariate data polnts to decompose the obsewed y,' k-l Iy
PR i u;mm ‘
values lnto two parts, Systom (or Smooth) and Nolse (or Rouoh) That Is. the l th obsemd value ofYaan be wdtran as \
S rxuumr-ummwmse*’“ L
i 80x)) # 1 " ‘. |
A Rl AR uﬁﬁ‘m%ﬁ %{“ _
where 8 Is a system or a smoothing function and r; Is  residual (or muah) Hm, we assume mat yls oanemad trom an
R AR E D, A f’”: ST TR mf“ S
undertying function and noise with a certain distribution. Thatis,

1



Y| = '(!J + CI . . e Y

S S 3
4 . # B .;‘Pf 4

The underlying function f(x;) Is estimated by s(x;) in the smoothlno pmcodura The requirement of a good smoother is

that it should not b atfected by occasional outliers and the output results should be smooth noam ol the Input data.
In this regard, Cleveland (1979) proposed Locally Weighted Regressldn Scatterplot Smtiomlho ('LOWESS') which
meats the robustness condition of good smoathers. Friedman (1984) proposed a variable sban smoother in which focal
cross validation is used to estimate the optimal span as a fun‘ctloh of the abscissa value. Mcbomid and Owen (1984)
proposed a split linear fit smoothing algorithm that can produce discontinuous output It cnn be usod fot smoothlno Mm
odge detection. One faature of the split linear fit method that distlnoulshes it from most of mo olhor smoomm is ﬂut it

,.,s 4',“1 " ' B {w
One of the problems encountered in smoothlno sattarplots ls how to esﬁmate. s closcty &8 pasibh the f(x) by

$(x) using the given scatterplots. Therefore, a good smoother should be robust and ooﬁi!':ten& When the undedylno
function, {(x), Is smooth (continuous) most of the centered spah" smoothers perform well, Hoivmr_. if f(x) (s
discontinuous or kinked, the cantered span smoothers usually blur the discontinuous points and produce a :moom curve;
while the non-centared span smoothers are quite sensitive to discontinulties. |

it

In this study, the smoothars sensitive to the dlseonﬂnumes. Mmoly. the non-contmd mn :moottm mmlno

o W ‘L‘ o AN

medians of three, and Tukey'a JRSSH, are compared for conslmncy Aiso, an ox;\)‘i,bratlm wis mado of a two- moc

smooather that is more consistent but at the same time can produce a discontinuous curve. g e
" For computationa economy, the updating formula of the samplo riance pmpoud by can, T ol (mo) wore
used 10 update the regression parameter estimations. et A
Next, we discuss smoothers wlth two different types of sp‘ﬁ;{ind consider dJMm of the discontinuities of

RO

f(x).

2. Centered Span Smoother. -

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

observations around x, 80 that x; is 8 canter of the observations. These observations constitute 8 span for x;. Cleveland's

LOWESS, Running Median, Moving Average, and JRSSH are examples of the centered span smoother.. Here, as 8

centared span smoother, we use a robust fixed span smoother which is similar to LOWESS. The basic procedure is:
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(8) Find initial fitted vaiue y, for x‘ by using local linear regression.

Fnadmplelocalstnlomllnebﬂndatzlnthospantm X, |= 1. .n
Then, find the Initial smooth value y;, | = 1... .n.(Updating formula can be used with unit weight.)

(b) Depending on the residual (1 =, - ) for each x;, assign a weight.
A weight for each x; Is basad on each r;.
Letm = Median{irl, | = 1,...n} , lnd let d,- t((ﬁ'm)
Then, the weight for the k-th obsomﬁon in the span for xl will be
(1-dtorigy 1

;.W- RO
0 otherwiss.

() Based on the new weight, fit 2 locaily weighted stnlorp regression line.

(d) Repm stm (b) and (c) until the eonmoonce criterion, "old YoawDoid! <018 gatisfied.
mm mu oell’ "‘busod

" Ths p'rbcddurd"k' apbued'idr vee irsotsizes o $pans In order to give points on the boundaries of the span
less wiloht than the points in the center. So, three values (Le.,y1;, y2;, Y3)) for X are computed. The weight for each

estimats is given dapending on the span size. Let w1, w2, and wa be weights for each of 3 spans. Than, the final Smooth’
valug for x; will be cbtained by,

N = Wiyl| + WeyR, + Wa)d,
wmmmmﬂn.

nd
wirw2>w,

i the relationghipa among the apans are
$pan 1 cspan2.<epand.

In thig study, the three spans used are 18, 20, and 22, respectivaly. .. - - .o il s e
L]

The advantages of this procedure are: R

() It is computationatly effective in tarms of number of operations. -
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(b) It is more robust than a simple local straight line fit. | o
(c) Using a straight ine raduces computational cost and makes the updating easer. -

As seen in ngn 1, this smoother blurs the discontinuous points and pmdms an ovmll smoah cune. Rumlno
medians of thm (ntomdto s '3R ) and 3RSSH are also simple centered span smoothors Thoy are qum sensitive to
dlsoonﬂnumes but produce mugh (or bumpy) fits to the data.

3.  Non-centered Span Smoother.

Uniike most of the smoathers, spans for x; are not set up such that X I Is the cenm oh span. For example,

McOonald and Owen's (1984) split linear fit smoother is such a smoother. They polnbd out the mlmss of the cetered

span smoothers and proposed a smoother that can be used for smoothing with odoe dotnctim. The ldu Is to make sevenal
linear fits for x; some of them are left-gided fits, some are cantral fits, and some are 'ight-sided fits. In practice, three

linear fits (one for each type of fit) are enough. Then, the three estimated values from the three types of fits are
assessed depending on the basis of the mean squared residual about the ke fitted aver a o the data except x, (referred

to a8 "PMSE’). Any fitted value with PMSE greater than .the average PMSE forx; Is jgnpnd.._;Wolotvm for the remaining
fithed valuas are based on the squared differences between each PMSE and the average PMSE, Using these remaining
fittad values and their respective weights, a weighted average is computed asa ﬂuod _ynly;e!grix.. SV

This smoother is very sensitive to discontinuities but there Ia a tendency for this smoother to produce a curve
with a somewhat jagged appearance. Thia problem can be solved to some extent by applying the above aigorithm
repelitively to its own output. In this study, it is repeated once to avold possible dlon;sslon 6! tho fitted curve from the
underlying function 1(x). See Figure 2. In this study, the span size for this smoother is 20. o |

4, Measurement of Conslsténcles."- |

To compare the consistencles of smoothers it is necessary to quantify them. A possible candidate to measure
eonsls_tenw I8 the average of the sample variances of the B fitted values for each x;. Efron (1990) presentsd an example

for a bootstrap estimats for the variance of regression coefficients. A similar idea is applied in this study as follows.
First, sssuming that the underlying function I not known, apply a smoother on 2 generated data set and find
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80 and ) =y;-sx), =1
o,
(a) Construct P ﬁylsslonino ’1lt)! the woiqht forthe’ :usidUal. e+
(b) Oraw a bootstrap data set | N
Y =8(x) +ﬁ',! = 1.....5.‘ |

- where r,“safel.l.d.from l". R B TR LA TR W e g Fe e
Ten,

FEltn

: . e A T N T R
o . . AR : e o o i e

yi',lﬂ.....ﬂ{ B LA DEL L e AL e

(c) Indcoondormv repeat siep (b)BtImes.obtalnlna "bootstrap repllcauons S T e
b "(x.) re(xp .s‘“(x.)l 1. 0
o T SR L T S e 0 E T

Mmm “

. ?&w

CM1= —-f:zls"(x,) -$ (x,)]’

L TTRTY]
S(X,)-—t[s”(x)] ‘ ' oL it

O-I : Tl

w
R

Ad

R bt is)

CMZ-—-iZ[s"(n) J{t3) SR “s '”
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the above procedure to compare consistency. The reason Is that the values of the r;'s depend on the sensitivity of

smoothers to discontinuities. |n Tables 1 - 4, such measures are computed for comparison of the consistency of smoothers.

5.Smoothing with Detection of the Discontinuities and Improved Gonsistency

Wae have seen that the non-centered span smoother Is sensitive to the dlscontanldoi. vmllothe contm& span
smoothers blur them. By using this fact we can detect discontinuities simply by plottino the differences of the two
smooth values estimated by the non-centered span smoother and by the centered span smoother. Figure 3 pnsoms the
Mosmoothwmslotw purposeo'visual comparison. The underlying function in Rgure 3 is mwmmm
Figure 4 presents the difference plot. A discontinuity is suspected at the local maxima or mlnlmi.“ ln the figure, 8
discontinutty Is suspected around x = 50. Also, the ditfarence plot shows the overall pattem of the discontinuity.

We are interestad in consistancy and, at the same time, in the detection of discontinuities. If a smocther has both
properties, the computed values of CM1 and CM2 for that smoother will be lower than those of other lmoomon From
Tables 1 - 4, we sea that the robust centered span smoother has better congistancy than the rm-amnd mn smoother,
but the latter has more sensitivity to discontinuities. The problem Is how to combine the two Jasiuble pmponles Ono
solution Is to use two-stage smoothing. In the first step, discontinuities are located and the odolml dau ut lt spllt swh
that each discontinuity serves as a s