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The most common mcthods o( v;rhble celeaion (fomrd backvmd all poaiblc subcets) were conddcted
Critidams and common misuscs of stepwise methods were presented. Sugudou were made for each method
conccraing appropriate procedures to follow in runalng computer progum and the information that should bo
reported with the results.” An examplo was prescated which showed how proper selectioa should bo done, Whea'
variables aro sclocted for a rogroasioa model, the stepwise method can bo helpful if the initial choics of variables
is chosen as much as poulble uslog theory, the defaults of the computer program used aro pot used
automatlcally, more than onc computer run s done uslng differcat variable seloction methods, and the final
model Is chosen through aa intelligent process, not automatically using the final model genorated by the
computer program, When the model s duaibod. all  subjective decisloas uudc In the model wledlou proceu
should bo reported. :
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Aan earlicr version of this paper was preseated at the anaual meeting of the American Educatiooal Rucm:h
Assoclation In Boston, Massachusets, Aprll, 1990, as part of president 101 addroes. .
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Multiple regression is one of the most popular statistical techniques used in behavioral science research.
There are three ways in which it is typically used: |

1) Testing a full mdeL interpreting the model and each of its components.

2) Adding components to a model and interpreting the value of the increment,

'3) Using a stepwise method in which variables are added or deleted from a model in sequence to come
up with a final good or "best” predndlve model

Tlm paper deals wnth tbe third of these methodx, the stepwme method
Defining the term “stepwise™

In considering the stepwise method it is necessary to contrast the uepwue method used as & computer
program with the stepwise method used as a methodologic;l p"rocédurc .ll‘ld to note the different ways in which
the stepwise method can be used. .

Many computer programs are called "stepwise” programs because they can be used to build models using
a stepwise method with default or user-spedfied altemtiv? gpn_t__tolling (actors of the selection process including
the criteria for entering and removing variables.

Stepwue eomputcr progums can be used ln l'our wayi.

R I B ST R T

1) The ptogmn ulecu_a model automtlally \ulng only tho default valuu

SRR .\4 30 . saf

G

2) The progr;m sélecu a model ahtomaﬂéﬂj’ﬁ;ln; some os all um-opcdﬂed valucs in plnce of detault

~ values, "“

3) The meucher uses the output ol tbei ﬁogmn lo Ilelp ln ulecdu 2 modol |
4) The program ls used to make spodﬂod lncemental tuu by adding one or more varlables to other

varlables. . - e B 39t o o t
Methods one and two are, almost wlthout empdon, the methods used in lourul mldeo that clalm to be
using the "stepwise method", However. few of thet_n specify what statistical criterla are used for adding and
removing variables. In most cases the default valucs are probably used (method one). Critics of the stepwlse
method usually criticize the use of stepwise programs In either of the two automatic wayy listed (methods oae
and two).

Since method three uses the professional Judgment of the researcher in the selection of the final model, this
procedure will be suggested as the appropriate use of the stepwise method in this paper. Method four uses the
stepwise computer program, but it is not a use of the stepwise method so will not be considered here.
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The stepwise method as a pfoecdure can be used to desaribe at least four diﬂ‘érent variable selection
1) Forward method TR s T O et s L
The celccuon bcgms with 00 vmablu ln the modcl and vnmbles m: udded one at a tlme if lhcy
meet the statistical criterioa for entering variables, e B
2) Baciﬁrd method . |
The sclection begins with all variables in the model and variables are removed one at a mne i lhcy
meet the statistical criterion for removing vuiablcs | | C
3) Forward uepwe method |
This is a \mhdon of the forward method ln wluch at each uep, bcfore any vnmble i added,
variables already in (he model are couldered l'or removal if they mcet the mumcal cnlerion lor
temovlng variables. B ' ' ' ‘ -

4) Backward stepwise method

E Thisisa vuh&;n of the backward metbod in which at each step, before any variable is removed,
vuriablu not in the model are eomldered lot addmon i they meet the lmisdal cmerion for entering
vulablu e ST s R .

Usualyinjournal articls the method usod i Justcaled "tepwse”with o indication of which of the lour o
metbods or procedures is med 'l‘he metbod that h ued in most cases is probably the lowmd uepwlu me(hod
which is the default procedure for most stepwise eomputer prosnm
Criiclama of tho atepwise method

The stepwise mcthod bas been frequently criticdaed by methodologiats (Davidson, 1988; Hubeny. 1989
Thompeon, 1989) and almost all uulboa of textbooks on multiple regression (Le., Beremn et ll.. 1983,
Cbatterjee & Price, 1977; Cohen & Coben, 1975; Draper & Smith, 1981; Freund & Minlon. 1979 Ounu &1 i
Muon, 1980; Kleinbaum & Kupper, 1988; Monhoq, 1983; Myers, 1986; Neter et d 1983. l’odhamt. 1982.

R E AR

Wlttlnk 1988; Younger, 1979). The criticlsms are both geaeral and spcdﬂc. Two Mplel of ¢enenl aitidsms

2 ] i e
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are:
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Somecone bas characterized the user of stepwise reyeuion asa pcrlon wbo checks lns or

TP 7 RN
u..,,

her brain at the eatrance of the computer ceater. (Wittlnk 1988. p ?59) h
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Stepwu.se regression is probebly the most abused eomputerhed stltnstscal technique ever

devised. If you think you need stepwise regression to solve a partlcuhr problem you have, it o

is almost certmn that you do not Prot'emonal ltottstndm m'ely use automated etepwlse_

)~.-‘§_.“;‘.‘ wyy

R

regression. (Wilkmson, 1984, p. 196)

Critics of the stepwise method suggest the following consldentiom for lelectmg a euhlet of ptedwtou for

Y
a prednotlon model:

1) Selection of vambles for a regression model should not be an automatlc or mednnlcal prooeu
~2) Noone method will eonmtently sclect the “best” model ‘7

3) There is no one "best* model aeoordmg to any common cntenoo luch as the mmmum Rz

e -

4)I The stepwise method should not be used to bulld modeh fot exphnetory tem:eh

ST g RN R R e
S) The stepwise method has llmlted usefulneu when predleton are highly eoaeleted if 2 key set of
AadeE s
variables work in combination, or when luppresslon ensu. I \
S

6) The order in which variables enter the model lhould uot be \ued & an lndlutoc ol the Vllue ol tlle

vmable asa ptedletor.

i

Ifa ttepwhe method is used to leleet a model in the nutometic way thot is most commonly found ln the
liteuture. it is quite hkely that. '

. “ Cow -
e o el

1) Other modeh with the ume aumber ot predueton muy my well have a hrger Rz

kg R R e Wl I

2) Smaller modell may very well predlct an equlvelent R?, _
m‘gﬁ'w» ‘m“:, IR S |

3) Variables not Included in the model ‘may bo Just as .ood or bettet predlctou thn tome ol tho vuhhlu '
. In the model, /

4) The variables will probobly not entet the model ln order ol thelr lmpoﬂm ln the ﬂnl model
In spite of these altldnm and muutlom. there are ulll my mwch |tudlu teported in the recent
literature in which these guldelines are viohted Moet of thm ltudlel hlve tho follovdoc ehuaeterhtlu.

1) Models selected by the computer were called the ‘hest_ or ,optlmum_ model for maximizing the

explained variance (Rz) with the minimum number of predictors (k).
2) No description was given of the process by which the model was selected other than the term *the

stcpwise method was used”. In most cases an automatic forward stepwise process was probably used.
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3) Elphmtory lnterptenboal were mlde by deﬁmng good' pfedldon as thoce in the model and poor' :

0 The intorpretation of the modcl included .  vanking of th variables ia the model ln terms of imponmcc

based oa order of entry.
S) No menﬁon was made of the intenehtiomhp of lhe mublu in the daaipuon o[ the proeedures used.

or in the interpretation of the final model scleued
Enmnla_ntmm
Speaﬁc e.-mplu of (heu um/mumcs of uepwhe tegreuion found in the educational literature in 1988

o

and 1989 indudc
1) We l'ound the moct conmtent vuhblu that are mou docely nsochted' vnth the cntenon
? VldabbAwplckedu(he'munpredador R :

3o ls 3

3)‘ .' \Ve !;inted to fmd the 'opdmum cq(utnonr
4) 'l'he unly\h ylelded an opdmum ptedwtor equnion with as fow predscton a poaiblo ..
S) - This allows the most consistent varhblu tlm ar moct douly mochtcd with Iurulng to be identified"

6) .'l'he m d[vaﬂabbA nné v;rhble B] a ptedu:lon revulcd thﬂ [mi‘blo A] predkted [mhble Y] |

okt syl

- [Vu'hblc B] proved to lack dplﬁant ptcdic;iw udlity ln thh mlde s table teponed that the zero-’?'.

¢ FUIRRNT ae R g b

order eonelulom betwecn Y and mi.uu AmdB ‘m 49 md .4& Vu'hblo B did oot ,mr G

PR
TR R g \--'.‘1.‘3,-:‘ : [ e . b FERE 1 3 A G YT
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Although most, If sot all statisidans would agree that stepwise ...;a.;,'aa’w d oot be used whon sn

P M AN m{“f
explanatory model Is dedtod. it s commoan to scc research articlos where uphutoq Inlerptetatlou :r‘; ‘made L
«:li\ PEat :& 'sz\‘ St

to 8 model that ls called a “prediction* model, Bven If  predictive model ls being selectod, detennlnlog the value

sovy vyforpse t;mgzi Cn

of each of the prodictors In the predictioa model requires more than what the uepwln metbod ptovida. Order. . -

T m:f*mm U

of entry should oot be used for this purpase, Stepwise methods nhonld oot be md to iletemlne the aumberof .
T f*li »ym’iﬁﬂ?ﬂ
variablos In the fioal model. 1f multicollinearity exsts ln the data set, stepwise methods e R Suspect, s -

R AN el (1 Wit ﬂwﬁi
In most cases, either the multicollinearity should be removed by mnoving vuhbles. or o(hcf3 g:oeedures oul L

Rerp }iaie i‘kbi?%!?@«mw.m& ;
be used. i -
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Since ftom (he critics’ pomt of view (he slepwme methods are mullly used ln an inapptopm(e mmet, the

-2

question then is whethet the stepwnse method should be a teeommended technique l'or mtuueal endyxls and

‘ )

if so, how should it be used

SR

The objectwe of this paper is to eonsider the conditions nnder wlnch variable selection proeedures sueh .

stepwise ptoeedures can be used approptiately in educauonal teswch.

Value of using stepwisc mcthods |

The stepwue me(hod ls apptopm(e for nluahons ln which a ptedletion model is desited aot an expllnauon 4‘

N G

model. In these sntunuons, it is best used fot explomory nnllylis where Imle theory is nvmlable to guide ln the

sclection of vmablee for the pred:euon model (Wlttink 1988).

Gt PR BT,

Stepwise methods are very helpful if used ptopetly when a lubeet of predndor miablee is needed to be_

LY W@ 18 bt Ly

sclected. A major advantage of stepwise methods is that by enmining the output of eaeh ltep of lhe model”

P
SR WL "‘?uf e 3t

building process the tesearchet can sce how each vntlable acts in different eombundou whieh can be used (o‘

J-.-un"{ LIS A g R ‘( A A

help the teewehet to seled (he vnriablee lor the linal model.
O

Observinc the chanae in (he pmial eorrelatlom (and/or tepeulou eoel!ldeuu) as ;erieblee ue .&&ed andr
deleted gim a leel for the vnrlables tlnt h ddﬁcult to ;et in any other way lf bo(h l:;;ud end backwml
ltepwlle methods rare usedJ !n coqjunction wlth an all poulble eubeeu ptoym eueh a BMDP‘?VR}, ag ;reat vnrlety
of “good" mo‘;el; can be e;emlned An eulier etudy by Thayer (1986) ehowed lhat the ;mkwd uepwhe and
all possible subscts methods frequently gave different models than the fonmd uepwhe me(hod. ln some cases
with much hlgh'en: }thval:eo with t?e eame or lﬂabtly more ptedlet_ou. 'g':#;”él e s |

The value ol each poten;ul ;;e;llet“ot can be efamlned by eemp;r;og the ute-'erder eomlltlou with lhe |
partial eorrela(lou a( each uep ln the uepv;iu ptoeea. H tlle puthl eonelatloal temlln bigh teletlve to the
zero-order eon'elltlon, then the rueueher can be conﬂdent o! lhe “‘bﬂ‘{ :gf the varlnble in many pfedldlon
situations. If the partial eonelntions chan.e mukedly. then It will m; eoene mlyeh to detemlne the dyumlee
involved, particularly noting which varlables scem to be causlng tlxe changes.
tHow not to use steowise methods

Il stepwise methods are used the following procedures should be avolded:

1) Stepwise methods should not be used alone as the only procedure, especially if the researcher is looking

for the "best® or *optimum® prediction model. An all poasible subsets program such as BMDPYR should

be used in conjunction with stepwise methods. It is also very deslrable to use both the forwasd and
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.- The forward stepwise method frequcntly gves lmlllct models than t_l_:c bac.kwml stepwhe melhod
and the rcsearcher can observe changes occurring ln lhe pamal eonelatlom (and/or repadon'
coefficients) of variables which give a feel for the stability of the variable (Tbayer, 1986). |
. The backward stepwise method has an advantage over tlhg‘_'fo_rwud_ugpyise petbod bcume
combinations of variables that work together but not dngly are Qqns_idered. The fomrd ueMo
method will miss them (Thayer, 1986). _ N

~ The all possible subscts method encourages examination of more than o_n_gz_gnodel?by_ptdvidlng
statistics for many models of varying tizes, many of which are almod_t egg_iva(l.cqg in smininl dcdublhty

Cross-validate alternative models suggested by the stepwise and all poasible subsets runs. This can be

done cither by generating an equation from half of the data and aou-v:lndating ltonthc other balf, or

by selecting another sample for the cross-validation, e
Sclect the final model lntelhgcntly by ming as many of the followhg cmeth - poulblc _‘ .
Each variable in the model should contribute a meaaingful amount to the total Rzol the model (thc |

_Incremental R squared of that varlable in addition to the others in the model). Whh a largo N the

© ."best® model may be a smaller model than that sugg«tcd by _coasidering only the p values of the

o 'vulablcs

ooy B P .,.f-‘ ’ coe ol f
Cuoods ol N i " NS i

The variables sclected should ) much s poulblo be (hootedally munlndul vuhblu. o
The variables sclected should as much as possible luyy ) partal correlations (and regreaslon

' ‘eoe’m‘dgny)dy‘_v_hléh are relatively uab!oh the various ugbo‘ or whhdll{orongmodeh. As varlables are

added or deleted in tho stepwise proceu. If the slgn of the partlal corrclation and regresslon cocfdent
for a predictor changes, that variable may not perform well in a cross-validatioa sltuation, If a partlal
corrclation (and regresslon coclfdeat) becomes larger a8 the model increases in slze, the varable
should be studied closely to see whether there Is some suppreaslon or multicollinearity in the data that
needs to be consldered in the sclectlon of the final model.

The varlables selected should appear in many *good” models. Variables that oaly work in a few
combinatlons would be unlikely to work well in a prediction model with acw data.

The model should be one of the best models considered in torms of cross-validatloa.
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How $o report stepwise results
' lhtepwiu procedures are used peoperly, many decisions must be mademommgbow to run the stepwise
program and bow to select the variables for the final model Itis impomnt ‘that thesé 'dedisions chould be
included in the ﬁnal upo“ b et A v Byttt FUTARAL et e e e e
The following procedures tsed shouid be reported:
1) F-to—cn(er/remd% &ﬁ;-ib;entér/reﬁm values sed. ‘
2) Stepping method used: fonvud, forward uepwue. ‘backward, or backward stepwise.
3) Default or substitutc values used. o ‘ '
4) Which alternative models were examined. .
5) Results of stepwisc methods compared to those of the all possible subscts method. .
'6) How subjedive judgment (theory, etc.) was used in ulcdmg variables for the model.
The following statistieal results should bo rcported S
1) For each variable contldered: B AR
' Zero-order correlations and partial correlations with the dependent variable at each uep
2) For cach variable selected: RN 1 A i It S N TR
Wy it was selected, v» L pegsh Betedend
* The stability ol lts repudoo eoefﬂdent. bor B, (or s putlll coﬂelatlon) in different models.
“3) " Por each varlable not selocted: 7 T T e R
 Whykwas oot solocted.
Whother the varlablo was a good predictor ln other combinations of varlables tested or a good ™
predictor alone. | ' _
Whea model selection s belng doae, the stepwiso method can be belphul If the laital eholos of variables ls
choscn as much as possible uslag theory, the defaults are not used autbmitlall\y, moré than 0oe run Is done
using differcat variable selection methods, and the final model 1s choccn; lhrough an _‘.‘I?lelligent&'prqo.w..’nd

) y . R ooy PR i T
automatically usling the final model generated by the computer program. -~ . - 7 e

. S P | ) &
Appendices A-C report computer printouts and models of three Vtrhblt:.teleaion computer runs: forward
stepwise, backward stepwise and all possible subsets, using the BMDP2R mdPMpWR computer programs on

e
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data set A6 from Gun.st anq Mason (1960, pp 355, 363). Thcse prlnlouu, summary tables and commeats insened

where approprhtc, illustute most of thc ponnts pruented in tlm paper..

u, :_‘;: A laa e e T - B SR RN
] B R“N \‘fft WL

To make interpretauon casier, the BMDP?2R listing in Appendix A is a combined fotwﬁd md backwd nm .
but the variables entered and removed are in the same order gslthey‘}gvg;_e with ‘nyuwdonc using the forward
stepwise and backward stepwisec methods using F-to-enter/remove valucs of 2.0)/1 9. ,
| Table 1 reports a :ummury of tbe models selccted by (be fomrd Illd bnckward stcpwue methods descn'bed
in more detail in Appendix A. With the forward stepwise method, va;iab!e 2 was _!"9 Al'g‘st varjltglq _;‘entered. I

the default F-to-cater value of 4.00 had been used, variable 2 would not bave entered and the 0-predictor model

would have been uledcd o o R P L R T i NI
oLt ey TRy 00 :‘-FIL‘«» LT TR '-'4\.3; SRE L w
Using F-to-enter/remove values of 2.(1)/1 99 tbe au(omatic l'onmd uepwise metbod ulected a 2-predietor
\«/ J A

model with an R2 of ,1495 which was the same as the best ZpJedidot mgdel fou‘ndusingth’c all poasible subscts
method. If the forwnfd stepwise method would bave been lllomd to cootioue adding ! mhblawith Fa below
2 .00, the larger models sclected beamo progressively worse compued to thosc identified as the "best” of the
same model size by the all possible subscts method. . g e L g s
‘-~ The model selocted by the backward stepwise method was a 7-predictor model thh WS tha same modcl
_ jichooen by the, all goulblo subuu a tho bcst model of any dzo U amallor modcls lnd been chosca with the
_“_bnckward stepwise meumd, thoy would bave become progreasively poorer tlun the "Deat” model of the same size

sclected by the all poulble subsets mcthod Forward uepwho gave better small models whilc beckward stepwise

gave be((or hrgo\mgd&lsﬁ.w é&yﬁ,g* ahee i M 1,.%,\%5 L A s

R % T.b'e 1 e Sl e R
Summary of Models Sclected By Fowmd and Beckward Stepwiso Methods
2 Forward 2 4 ’ " 1495
2 26 Ba;kwnd , 2 i B . 0903
4 4  Forward 24 .. 8 100 . 2108
4 U Backward 2 6 N1 am
S S Forwad 24 8 1012 248
L) pa Backward 2 6 . 121315 2289
6 6 Forward 2 4 8 9 1012 2649
6 2 Backward 2 5 6 121315 2966
7 7  Forward 245 89 1012 2963
7 21 Backward 2 5 6 9 12 13 15 3472
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Appeodix B reports the printout of the BMDPIR all possible subsets run on the A6 data. One 4-predictor
model, four 5-predictor modeis, at least ten 6-predictor models, and at least ten7-prednaor models had vaaluee*
lower than the .reeeui_ineeded minimumvalue (k+l where kh the ntuhber’d_i’ pred:don h'tﬂe:hddel)ﬁ “The - °
model with the lowest C, valuc was a 7-predictor model. Athough this model was ideatified as the “best* model
by BMDPSR, all of the models with lower than minimum Cp valucs could be coasidered t0 be *good enough"
models. The best 2, 4, 5, 6, and 7 predictor models along with all other models with acceptable % values with
these model sizu are reported in Appendu:es AC. o

Table 2 compares the models sclected by the all pomble subeeu method with thoee of the forwud etepwhe
and backward stepwise methods. The three methods never gave the same models with 2, 4, 5, 6, or 7 predictors.

‘l‘be models ulededxby the forward etepu(he inethod were identificd by the all possible eubeeu melhod_s a
the best 2-predictor model, the 20d best 4-predictor elodeL the Sth best S-predictor model and 5& in the top
ten 6 or 7-ptedid0t modele The modell eelected by the backward stepwise method were ldenuﬁed by the all
poasible subscts methods as the 4th best 2-predictor model, not in the top ten 4 or 5-pred1c(or model. the 2nd
beat 6-predictor mode, end the best 7-predlct0t model. 2 S e

!’.. Ay .

Variables 4, 8 and 10 wete three of the first four variables entered ln the forwud uepwhe method but (hey

.....

were eleo three of the ﬁnt f ve removed ln the beckwerd etepwhe method Using the otder of entry ctltetlon
for Impomnce would indiate that 4,8 end 10 were some of the best veriebles if you used the forward stepwise

method or some of the worst variables if you used the backward stepwise method, = ¢ 0 Ui e
If the forward stcpwise method would have been used to select the "best® model and order of entry was used ot

to Indicate importance (which should not be done), variable 2 would be called the *most important® variable and =% .

variable 4 the *sext most important’. If bettor models bad been used, such as thososhown in Appendix C, and = ' e
contributlon to R2 was used as the criterlon for importance, variable 2 would have beca the *most hw;tlnt' «*W | B
in every model, but variable 4 did not appear in any of the models, o e A s%,armm sﬁ |
‘Variablo S was the secood best varlable in two of the four "best” models (with 5, 6, and 7 prednetou) ln‘“*‘ w?*i‘
Appendix C and Table 3 but the least important variable in the other two models. ‘Since these in 10dels e sood *wm' N

competitors for the *best® model as explained later, it can boen scen that cven udng eontribution to R2is hkely" ‘i“ ’ ot
to mislead in indicating the lmpomnce of varlables, since it can be so heavily dependent on whet othet varleblee "
are in the model. .
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. The listing of the partial eonelmons for each variable for cach step @ves an indication of the ltabnhty of _
the variables. Variable 2, the "most i:ppongqqf. vgnqble, is very stab_lc,yh,nlg other vnrhplcsﬁug shown tovary .

somewhat. None of the variables changes signs while in the model (indicated by as asterisk in the printout).

Table 2

'-” v m? :'.:-‘5:‘;}:.‘.‘“:‘3'

-+ Models Selected By All Possible Subms, Fomrd Stepwise and Backward Stepwise Mcthods

pi e i _All Possible
All Possible Subsets ..~ 2 .4 oo e fE 1495 e
Forward 2 4 S L1495 ltt
BICkWIl'd e 1«« 2 R TR 5“’*“»’13 L m 4“’ & s
All Possible Subscts . .2 . 4 .5 L9 22
Forward 2 4 8 10 2108 2ad
Backward . - .02 ¢ 060 o 1315 5 ,1783 Not In top 10
All Possible Subgets . -2 .. 5. .9 12183  ..-269 ... o,
Forward 2 4 8 1012 2428  5th
Backward .- . . ... 2 - .. 2289 Notiatop 10

All Possible Subscts

. 6 l..;~..s,;-12.,13 13

NN AN LY a L NP N NNNE

23§ 121315 3000, .
Forward 2 4 89 1012 " 2649 "Not In top 10
AllPossible Subscts .~ . 2. . S 6 .9 121315 4T
Forward. ¢ 2 45 89 1012 2963 Noc ln top 1o
Backward ;. 2.8 6 .9, 121315 MR .. W .

.- Disregarding theory in the sclection of modcls, there were four models with 5, 6, and 7-predictors that -
appear to be worthy of ulcaion ae 'beu qngl“gl\'p_ listed in Table 3. -More eomplete information 0a the
models ls provided in Appendh C. a}, m R e T RV NUTERE PP K I

Variables 2, 5, 12, and 13 appear | ln all of thm modell. vuiable 15 in four of the models, variable 9 in three
of the models, and variables 3 and 6 In only two of the models. la the list of partial correlations at each step
in Appeadix A it ls cloar that variable 6 ls a better predictor in moat sltuations and therefore would bo expected
" to do better in cross validatlon. Thebat 5,6,and 7 pr;dldor models are then those with asterisks by the R
valucs in Table 3. The choice botween these models could be done after croes-validatioa and coaslderation of

other criteria not discussed in this paper.
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Table3
Candiste o B Miokel

Number of Predictors  Variables in the Mode]. R?
T 28 9 1D 13 2698780

3

NN e w
Y O O C R

s
s‘a.
su
5
5

. . b . . ' . ,
“ ‘9 1213 15 347206
B 1 i
3 9 121315 346599 ‘
hHEIRN ' T
* *best” models o
B ’ Y she g J )
f_ y fg‘ i ¢ g
] 24 f Fa TR 1 4
ar o g 3
.\Il
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Apperdix A
forvard/Backward Stepuise Results

‘2R - STEPWISE REGRESSION
IRAM INSTRUCTIONS

wut "l."“.l
formatefree.
veriables=15,

iress depundenteq,
{rdependante2 to 15.
enter =0,01,300.

resove=0.00,499.

nt  part.

1

JER OF CASES READ. « « « ¢ o o o ¢« e e o o o 50

-RIABLE STANDARD COEFFICIENT " GMALLEST LARGEST .=  GMALLESY LARGEST
NAME - - MEAN mlk"u OF VARIATION SKEWESS KURTOSIS - VALUE - . VALUE ST0 ECORE $T0 SCORE
x(1) ~0.3162 0.0482 0.152482 0.5209 - -0.3210 0.2210 - 0.4270 *1.9745 2.2981
X(2) " 177.9060 . 6.7031 '0.037678 0.0684 0.033%9 163.1000 193.5000 -2.2088 2.3264
X(3) T8.3526 < 11.4684 °  0.146369 0.3066 -0.7693 54.2800 102.2600 «2.0990 2.0847
X(4) -40.9320 - 1,5861 .0.038730 «0.2923 -0.3913 - 37,2000 . 43,8000 . -2,3836 1.7956
X(5) T 28,1080 - - 1,4372 0.031134 . 0.0973 0.1848 26,2000 . 31,6000 .. -2.7M78 . 2.4312
X(6) 90.6200 - 5.9709 - 0.045890 0.2624 *1,0669 .. .. 80,3000 ...101,2000 .~1.6549 1.7719
X(7) 16,1300 - - 6.1019 0.378293 0.0703 «0.1614 3.5000 32,0000 . -2,0699 2.6008
X(8) -73.0800 12.9107 -~ 0.176866 0.4533 =0.3217 $0.0000 104.0000 17877 2,39
X(9) ‘74,6000 ©  8.1140 0.108767 *0.2439 . 0.9651 .48.0000 90.0000 -3.2783 1.8980
X(10) - 6.2800 4,3801 0.697469 0.8519 0.4282 0.0000 20.0000 <1.4338 3.1323
X(11) 193.3400 :25.4547 - - 0.131658 0.7104 0.7733 146.0000 272.0000 -1.8598 3.0902
X(12) 114,400 10.3990 0.090473 0.6146 1.4608 91.0000 147.0000 «2.3021 3.0830
X(13) $.4600 0.3437 0.066340 -1.1697 3.7250 4.0000 6.0000 «4.0698 1.4299
X(14) 4.1740 0.5642 0.135163 0.1373 *0.2559 3.0000 3.5000 *2.0809 2.3503
X(15) 13.7680 7.3521 0.533998 0.6392 «0.2836 2.0100 32.6300 *1.5993 2.563%

ELATIONS

X() l“) X(4) X(S) X(6) xmn X(8) X(9) X10) X)) X(12) X1 X(W) :

2 ¢ 3 4 ] ¢ 7 . 9 10 1" 12 {1 IR 1)
1.000 ’ o et w
0.635 1,000

0.654  0.646 1,000

0.586 0.647 0.562 1.000

0.426 0.689 0.554 0.522  1.000
0.223 035 0205 0.207 0.398 1,000 SRR
«0.162 -0.264 <0.168 °-0.32) -0.266 -0.006  1.000 o S
«0.187 <0.092 <0.143  0.148 <+0.008 0.049 0.234  1.000 V
10 <0.276 <0.576 <0.27% <0.158 +0.454 <0.670 0.158  0.05 1,000

11 0.988 0.450 0.368 0.35% 0.847 0.207 . <0.064 <+0.165 <0.358 1,000 .. . .
12 <0.191 <0.118 <0.042 +0.247 <-0.065 0.244 0.520 0,133 <0.101  0.101 " 1,000 .
0.216 <0.033 0.202 0.041 <0.162 <0.208 <0.300 °-0.321 0,324 +0.031 0,473
16 0,189 <0.368 +0.245 <+0.229 <0.320 -0.33 0,007 0.134 0.213 0,315 ~0.018
15  0.344 0.810 0.329 0.416 0.727 0.843 0,093 0.047 <0.689 0,301 .. 0.098
1 0.222 0.03 -0.0% -0.0% -0.032 0.132 0.163 0.147 -0.158 0.160 -0.076

xX(1%) x1
15 1

) 13 1.000
1 0.165 1.000

VOOV

- o v
-
[™]

shle 2 had the higheet 2ero-erder corretetions ulth a1y, Un w mlablo. v-rhblu 7-11 il -ul ‘ls all Iud .Inﬂar vpluu. ‘-
P B 4‘+ 1 . ,'e;, Bl

,l.c AL”"M. e & 6 0 o o

CENT VARTABLE. « o « o « o o o e oo o o o 1 %) '

WM ACCEPTABLE F TOENTER . o o o o « o o o 0,010, 500.000 | .

M ACCEPTASLE F TO REMOVE. . o « « « o o « _ 0,000, 499,000 S O
4M ACCEPTABLE TOLERANCE. . . + « « « « + + 0.01000
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STeP NO. 2 ’ .
VARIASLE ENTERED & X(4)
gy :
MULTIPLE R . 0.3087 . ..
MULTIPLE R-SQUARE 0.1495
. ADJUSTED R-SOUARE 0.1133
$T0. ERROR OF EST. 0.055”‘% o

ANALYSIS OF VARIANCE

SUM OF SQUARES - OF -~ MEAN SOUARE - F RATIO
REGRESSION 0. 17033400€-01 2 0.8516802¢6-02 4.3
‘RESIOUAL  0.96874410E-01 = 47 0.2061138£-02

VARIAGLES IN EQUATION FOR X(1)

VARIABLES NOT IN EQUATION

ST0. ERROR STD REG S ‘e . PARTIAL . F
VARIASBLE COEFFICIENT OF COEFF COEFF TOLERANCE TO REMOVE LEVEL. VMIAILE CORR. TOLERANCE 7O ENTER
CV-INTERCEPT 0.2022Y ) ...~ - : R -
X .2 0.00357 ° 0.0013  0.49%6 - 0.5719%0 - 7.78 B I xm 3 .0.03034 0.48713 - . 0.04
X)) . .4 -0.01272 0.0054 -0.418 - 0.57190 " 5.93 1 . X(5) .9 «0.14554 0.38742 . - 1.00
M Lo SR e T o XCO) -7 6 -0.01457 .0.68557 - 0.0
v N . < X(T) T 0.11971 - 0.94419 - . 0.67
PR R P ‘ “. : o X(8) -8 0.20199  0.96277 - . 1.96
o X(9) ° 9 0.197T9%4 0.96429 1.68
N ..T_!Mo sodel wee the lnd-l uloctd bv 'on.cd ctqulu « X(10) 10 -0.15465 .0.90850 . - 1.13
ulm an '-to-tmor of Z.N. o Co X1V 5011 0.02014 . 0.65395 ,0.04
. ; : ' o o X(12) 12 -0.02049 . 0.97184 0,02
o X(13) - 13 «0.19154 0.707 . .75
! - o XC14) - - 14 -0.06840 .0.93861 . : 0.22
" Ce XC13) 15 0,14331 - 0.85272 . - . 0.9¢
STEP MO, 21 .
VARIASLE REMOVED L& (12 3 Y :
MULTIPLE R 0.5802 - i
MULTIPLE R-SQUARE 0.4
ADJUSTED R-SQUARE 10,8384
STD, ERROR OF §8T. ' 0.0420
ANALYSIS OF VARIANCE i it
BUM OF SQUARES .. DF ;- ;
REGRESSION 0.395496308-01 * 7 0.9649948¢-02 ° 1 i
RESIOUAL  0.743383808-01 62 0 1'"04!8!-02 ‘ ‘
VARIABLES IN INMIN '0! !(1) VARIABLES NOT IN EQUATION
I R T PR 2 & F :
810. ERROR 10 REQ PP PARTIAL ’
VARTASLE  COCPPICIENT OF COEPPF  COEFF  TOLERANCE TO REMOVE LEVEL. VARIASLE  COAR, TOLERANCE 7O ENTER
(Y- INTERCEPT 0.97824 ) - B e e
L {11) 2 0.00423 0.0012 0.368 0.33012 1".n 1.X3) 3 0.11216 0.07232 0.92
X(3) S *0.01570 0.0041 +0.468 0.47030 6.62 1.+ X4) 4 <0.03438 0.36713 0.12
X(6) é <0.00318 0.0016 +0.393 0.38893 3.07 1.XN 7 «0.18517 0.160%9 1.46
X(9) 9 0.15129¢-02 0.0308¢-03 0.235 0.7 3.2% 1.%X8) 8 0.14242 0.61554 0.85
X¢12) 12 -0.167620-02 0.69684-03 -0.362 0.68420 3.7 1. X(10) 10 0.14081 .42251 0.8
X(13) 15 0.00253 0.0012 0.386 0.439%0 4.2 1. X(14) 1% -0 09643 0.7T%427 0.38

This fe the model that wee selected by tmcthmrd stepuise using an F-to-enter of 2.00.
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' N0, 22

.ASLE REMOVED 9 X(9)

“IPLE R . 0.5447
IPLE R-SQUARE 0.29¢4

ISTED R-SQUARE 0.198s
ERROR OF (ST.

0.0432
YSIS OF VARIANCE '

SUM OF SQUARES Of MEAN SQUARE F RATIO
REGRESSION 0.33790230€-01 6 0.5631709€-02 . 3.02
RESIOUAL  0.80117760e-01 43  0.1843204€-02 -
VARIASLES IN EQUATION FOR X(1) . . - VARTABLES NOT IN EQUATION
e : S8TD. ERROR STD REG F . SR « PARTIAL F
VARIABLE COEFFICIENT OF COEFF COEFF TOLERANCE  TO REMOVE LEVEL. VARIABLE CORR. TOLERANCE TO EMTER  LEVEL
NTERCEPT . 0.75673 ) . o -
2 0.00344 . 0,002 0.506 0.36993 . 8.92 1.X3) 3 -0.13162 0.07290 0.74 A1
S <0.01199 0.0059 -0.337 0.330%3 4.1 R ({)) 4 -0.08029 0.37123 - - 0.27 1
‘ é <0.003%2 . 0.0016 -0.436 0.39%431 4.59 1..X7) 7 -0.18357 0.18085 1.58 1
) . 12 -0.13608£-02  0.7148€-03 = -0.341 0.68815 4.89 -1 4 X(8) 8 0.19456 0.64908 . . .1.63 1
) 13 «0.05222 .- 0.0208 -0.39% 0.66426 6.30 1.X9) =« 9 0.26812 0.7799%6 .. - 3.25 1
) 15 0.00261 0.0013  0.398 0.4399%¢ 4.26 1. X(10) 10 0.17102 0.43088 - 1.27 1.
: R I : . e X(11) 11 0.06474 0.60307 . 0.18 1
o XC14) 14 -0.04708 0.81630  0.09 1
Thie ‘l the 6 predictor model that would have bean selected by bachard stepuise
T L A e SO PR
. 3 o ‘
\@LE REMOVED . 5 l(‘S)
PLE R 0.4784 -
PLE R-SQUARE . = 0.2289
TE0 R-SQUARE 0.1412
ERROR OF §ST.  0.0447
318 OF VARIANCE
UM OF BQUANES . or NEAN GQuARE f RATIO
RECRESEION 0.260497308-01 § 0.3213945€-02 2.61
RESIOUAL  0,0878382008-01 44 0.19963252-02
VARIABLES IN GQUATION FOR X(1) . VARIABLES NOT IN GQUATION
€10, GRROR €10 REQ ’ . PARTIAL F
ARlASLE mmﬁm OF COMFF  COEPP  TOLERANCE TO REMOVE LEVEL.  VARIASLE  CORR. TOLERANCE TO ENTER  LEVEL
TARCEPY 0.62171 ) . ‘
2 0.00250 0.0011  0.348 0.72134 4.9 1 . X(3) 3 <0.19981 0.07841 1.9 1
é *0.00429 0.0017 +0.526 0.41403 6.34 1. X(4) 4 <0.16324 0.40909 1.18 1
12 +0.121748-02 0,71652-03 -0.243 0.73387 2.89 1. X(3) S +0.29647 0.33053 4.14 1
13 <0.04737 0.0214 -O.SS’; 0.:‘7!% ;:? : . ::8 : -g.;ﬁ?: g::;;g ;;: ‘ :
0.00243 0. 0.3 0.441 . . . . T &
" 2 bty . X(9) 9 0.14120 0.87984 0.87 . 1
« X€10) 10 0.07498 0.46820 0.24 1
o X1 11 0.05971 0.60311 0.1 1
« X(14) 14 -0.02641 0.81998 - 0,03 1

This fs the 5 predictor model that would have been selected by beckard gtepuise.
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STEP NO. 24 .
VARIASLE REMOVED 12 X(12) - .
MULTIPLE R . 0.4222

MULTIPLE R-SQUARE 0.1783
ADJUSTED R-SQUARE 0.1052

$70. ERROR OF EST. 0.0456

ANALYSIS OF VARIANCE W S o
‘ SUM OF SQUARES OF MEAN SQUARE F RATIO Tt
REGRESSION 0.203044106-01 & 0.5076102€-02 2.44
RESIDUAL i -0,93603400€-01 * = (S 0.2080080€-02 o
e VM]A'L!' ll !”le f“ X1 ) ‘ . . VMI”[!' NOT IN E“Ylu

) sm. moa storea r PARTIAL - ' i
VARIASLE - COEFFICIENT :OF COEFF ° COEFF TOLERANCE 10 RENOVE I.EVII..‘ VARIABLE  CORR.  TOLERANCE to ENTER  LEVEL -

(V-INTERCEPT - 0.33832 ) .
: ,’3 0. 13532 0. “226 . 0.82

X)) - 2 o 00250 - 0. oou 0.8 o0.7213 ‘.n 1.3
X) 6 0.00861 - - 0.0017 -0.447 0.43446 677 1o X(4) a4 -0,21748 "0.43907 . 2,18
X(13) 13 7 0.019% - -0.232 0.85029 2.51 1. X(5) 'S +0.21616 0.36578 .~ 2.16
x1s) 15 oo 0,0003 0,315 °0.4549%4 2.48 107 2257 «0.20628 0.19016 - 1.96
. v T e AT . X(8) 8 0.09303 0.81411 0.38
‘ el e AR . X(9) 9 0.14000 0.87999  0.68
e ERE TR T e . X(10) 10 0.04373 0.47239 0.08
A tE R (411 11 0.01118 0.62425 0.01
. X(12) 12 -0.24818 0.73337 2.09

adabadadad acb abd b «b b

St i e et e iy X(I4) - 140,01307 -0,82208 - < 0,01

¥

This s the & predictor model that would heve been selected by buchard stepuise.

n!xg‘!n »

s-‘»&z

ot

LR IR S B CUTRLAN e, RS BDMEE Y bl

84



PARTIAL CORRELATIONS :
UABLES 2 X(2) 3 X3 4 X¢4) S X(S) .. 6 X(6) T XN 8 x(8) 9 X(9) 10 X¢10) 1 X1

0.223 0.0562 <0.0938 <0.0559 " -0.0318 = 0.1324 - 0.1631 0.1473 -0.1583 0.1595
0.2223¢ <0.1129 <0.3245 <0.2356 ~ -0.1434 "~ 0.0871 - 0.2122 ° 0.1971 +°~-0.1036  --0.0363
0.3768¢ 0.0303 <0.3245¢  -0.1455 <0.0146 0.1197 ~ 0.2020 0.1979 <0.1548 0.0291
0.3975¢ 0.0704 <0.3183*  -0.0974 0.0223 0.1138 ° 0.2020* 0.1632 <0.1804 0.0192
0.3828*  -0.0310 <0.3397¢  -0.0846 =0.0440 <0.0057 -~ 0.2218* 0.1616 <0.1804*  -0.0300
0.3583*  -0.0344 <0.3269*  -0.1081 <0.0496 0.0388 - '0.2934* ©  0.1708 =0.2240* . 0.0111
0.3754¢  -0.0864 <0.3278*  -0.2048 «0.0762 0.0228 - - 0.2693* 0.1705*  -0.2244* .0.0285
0.4204*  -0.0064 <0.2414* <0.2068*  -0.0243 0.0658 - < 0.2137¢ - 0.2442* <0.2151* 0.0606
0.4444°  -0.0245 <0.1903*  -0.2474*  -0.0717 0.1104 * " 0.1884* 0.2220°  -0.1135* - 0.0411
0.4462%  -0.2154 «0.1743*  -0.2824*  -0.2324 0.0115  0.1711* - 0.2241° 0.0083¢ - 0,0822
0.4536*  -0.0807 <0.0300*  -0.3116*  -0.2324*  -0.1459 0.1109* - " '0.2243° 0.0864¢ 0.1410
0.4489¢  -0.0721 0.0043*  -0.3287¢  -0.2721*  -0.1459* - -0.0859*  0.2320* 0.0735¢ 0.1419
0.3634*  -0.07% 0.0392*  -0.3500*  -0.2934*  -0.1468°  0.0745¢ 0.2516° 0.1154¢ 0.1419*
0.3871*  -0.07%4* 0.0607*  -0.3304*  -0.1897*  -0.1419* - 0.0779° 0.2497¢ 0.1013° 0.1457°
0.3688*  -0.0785° 0.0549*  -0.3321*  -0.1896*  -0.1440* - 0.0733* ~ 0.2537 0.0942¢ 0.127y* -
0.3471*  -0.07w%4* 0.0607*  -0.3304*  -0.1897¢  -0.1419* - 0.0779* - 0.2497* 0.1013¢ 0.1457
0.3842*  -0.0645¢ 0.0607 <0.3326*  -0.1805*  -0.1323¢ 0.0930* -~ - 0.2442* .- 0.0867¢ 0.1354¢
0.3951*  -0.0645 0.0392 «0.3731*  -0.32083*  -0.1417¢ 0.0842¢ . 0.2487¢ - 0.1088° 0.1367
0.4118*  -0.0542 0.0586 <0.4059*  -0.3506*  -0.1521 0.0862  : -:i0,2683* .. 0,1351¢ 0.1388*
0.3992*  -0.0872 0.0097 <0.3872*  -0.3470*  -0.1850* < 0.1179 - : 0.2791* 0.1351 0.1093¢ ..
0.4770*  -0.0818 -0.0050 <0.3809*  -0.3403*  -0.18%2* ' 0.1135 ~ 0.2658*  0.104S 0.1093 .
0.4680*  -0.1122 «0.0544 <0.3691* -0.2906*  -0.1852 - - 0.1424 ~ ' 0.2681*  ~ 0.1408 0.1097
0.4146* <0.1316 =0.0803 -0.2965*  -0.3105*  -0.1886 “ 0.1946 © ‘- 0.2681 - 0.1710 0.0647
0.3191* =0.1998 -0.1632 <0.2965 <0.3596*  -0.1620 - - 0.2281 * - 0.1412 “ 0.0750 0.0397
0.3099* 0.1353 <0.2175 <0.2162 <0.3097¢  -0.2063 ' 0.0930 © - 0.1400 - 0.0437 0.0112
0.3321 0.0332 «0.2502 <0.2038 «0.2167 0.1024 " 0.1099 © U 0.1484 - -0,0%é6 0.0125
0.2636 <0.1743 <0.3154 -0.2652 <0.2167 0.0333 ' 0.1657 ' 0.1459 ' -0.0212 <0.0051
0.2223*  -0.1129 <0.3245 -0.2336 <0.1434 0.0871 0.2122 * “0.1971 ' -0.1034 0.0363

*

Good Good Low Good

Alwmys Small Alone onl
Mot "
Alone xC¢138)

PARTIAL CORRELATIONS
LIABLES 12 X(12) 13 X(13) 14 X(14) 15 x¢1%)

*0.0756 0. 1493 <0.0523 0.1650 .. - !
*0.0437 <0.2072 *0.0110 0.0923
<0,020% *0.1913 <0.0684 0.1433
<0.1511 *0.1458 *0.0618 0.1508
0.2016 +0.0700 *0.0343 0.0443
*0.2016*  -0.1488 *0.0312 0.0507
0.2007 *0.1071 *0.0517 0.0320
*0.2363* *0.1746 =0.0978 0.119%4
0.2634* 0. 1746 0.1130 0.1444
0.3028 0.1922¢ +0.0743 0.1444°
*0.3513¢ *0.2726* «0.0776 0.2626* '
*0.3200*  -0.2023* «0.0048 0.2718°
<0.3523*  -0.2970° *0.0481 0.2904*
<0.3599¢  -0.2973+  -0.0447 0.3000°¢
*0.3554*  -0.2963¢ *0.0467 0.2910*
<0.3599¢ *0.2973°  -0.0467 0.3000*
*0.3631* *0.3000*  -0.0534 0.3119*
<0.3581* *0.3122*  -0.0524 0.3039°
-0.;520' 'g.;SM' 'g.%g g.;:z:'
<0.3298° 0.3048¢ -0. +3080*
<0.3156*  -0.3138° T;.;g:: g.;%‘
*0.3471e *0.3090* 0. .3020*
<0.3196*  -0.3573*  -0.047 0.3004¢
0.2482¢ <0.3166* 0.0264 0.2717
<0.2402 *0.2298° <0.0131 © 0.220%¢
0. 1992 «0.2622¢ 0.0736 0.2263
<0.1587  -0.2072¢  -0.0072 0.0299
<0.0437 «0.2072 <0.0110 0.0923

Good Good Good
Lerge Lerge Lorge s
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A o P
HACE G RhpE A

WY “ll.!

ﬂEP g VARIABLE v ¥ “M"PLE - CHANGE - F T0 F 70 .-, NO.OF VAR.

“*ENTERED - ;,ltmo . <IN RSQ - ENTER aem INCLUDED

1 12 XCQ) Aagr i 00,2228 o om 0.049¢ -.2.50 s

2 64X e T 10,3867 0.1495 0,001 o 5.53 o

3 BX(8) .o o +.0.4292 0.1842 0.0347 - 1.9

¢ 1000 . : 0.4591 0,2108 0.0265 . 1,51 _

S 12x(12) - . - . 0.4928 0.2428 0.0321 . 1.86 "

6 -9X(9 . - +,:0.5146 0.2649 0.0220 . 1.29 .

TSNS . - :..0.5643 0.2068 0.0314  1.88

8 1I3X(3) .- o i 70,5637 0.3178 0.0215 .« 1.29

9 15 X(18) - = - 50,5762 0,3320 0,042 ... 0.8%

10 6 X(6) : <o oo ini 0,6067 0,.3481 0,0361 . 2,23

NI 1 0.6177 0.3815 0.0135 .. 0.83

12 1 X1 e ~ 40,6277 0.3940 0.0125 - 0,76

133 X(3) «: 0,6307 03978 0.0038 - 0.23

% 14 X(W8) .o +: 0.,6318 0.3991 0.0013 - -eo.oa e

1 i 714 X(14) *.>0,6307 0.3978-0.0013 ... -. - ..0.08 .
16 vk XCE) - ~»~‘o.m 0.3956-0.0022 - 0.13 -

7 <13 X(3)  v:10.6269 0.3930-0. oozs; 0.15 ..
T R = 8 X(8) -»g::bo.ms 0.3885-0.004S 0.28 .
S R 10 X(10) - : 0.6141 0.3771-0.011¢ 0.73 .
: 20 RS . ’ ‘_‘»“ X("’ kit ;0.‘079 O.M'o.wn . 0.“ _J

21 P RCTY . 0.5892 0.3472-0.0224 1.46 ..

2 59 X(9) ;osmozmoosoe‘,\. " 355

3 8 X(5)  .-0.4784 0.2289-0. om Fa 404

2 412 X(12) ;> 0.4222 0.1783-0.05 o 2.89 .,

P+ JRIETI 18 X(15) - 0.3647 0.1330- o.uss L 2487

28 4 6 X(6)  :-:0.3004 0,0903-0.0427 . : 2.21. .

14 13 x(13) 0.2223 0.0494-0,0408 2.1
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R - ALL POSSIBLE SUBSETS REGRESSION

‘AM INSTRUCTIONS

it " ‘...“. .
formatefree.
varisbless=13.

‘ess duperdente

lﬁﬂVﬁ*l“LE.-....-....-...
‘R OF 'BEST' REGRESSIONS REPORTED . . ,+ . o .
TION CRITERION « & « o « « 5 s o« = o = » o
ROFCASES READ. . o o o o o' s v e v o us

‘ACH SUBSET SELECTED BY YOUR CRITERION, THE l-MEO ADJUSTED I'MIED, MLI.M' ce, ANO THE VAIIAItE unes ARE

Inceperdhnts? to 15.

U vesdaRd
All 'ouiblo Subsets Output
e \?‘}S’Fi‘wspw BV | cendie DR

Appendix B

P .
2yt

1 x¢1)
.3

IR

B gt e LR

E0. THE REGRESSION COEFFICIENTS AND T-STATISTICS ARE PRINTED TO THE RIGNT OF THE VARIABLE NAMES, . MANY OTHER SUBSETS MAY ALSO

‘PORTED THAT ARE NOT ACCOMPANIED BY REGRESSION COEFFICIENTS ANO T-STATISTICS.
ARE NOT NECESSARILY BETTER THAN ANY SUBSET THAT NAS NOT BEEN PRINTEOD. . . -

UARED
149339
-02208
02249
90255

UARED
‘27830
"norm

WARED
169878

252099
247038
204840
202645

ADJUSTED
R-BOUARED

0.113%49 -

0.064004

0.053621

0.031343

ADWUSTEO
R+SQUARED

0.139193
0.140623

A JSTI0
R-8aUARID

0.166910

0.167933
0.161496
0.159026
0.156804

2 VARIABLES

' SUBSETS WITH
C' n" :.ﬁ,;
5,54 X(2) - X(4)
8.29 X() -~ X(5)
0.87 k2 Ko
8.9 X2)  X(13)
SUBSETS WITH 4 VARIABLES
cr
4O X)) X)) X3 XD
997 X(2) - X(4) - X(B)  X(10)
SURSETE WITH S VARIABLEE
cr
4.53 VARIASLE CotrPicinT T-aTATIRIC
2 X(2) 0.00429862 43
s X(3) <0.0160603  +2.80
9 X(9) 0.00166493 1.94
12 X(12) «0.00139223 1.9
13 X(13) -0.0408527 - +1.90
INTERCEPT 0.294943 -
5.52X(2) X(3)  X(12)  X(13)  X(1%)
5.86 X(2) - X(4)  X(5)  X(9)  X(13)
S9N X3 X&)  X(1)  X(1®)
6.10 X(2) X&)  X(8)  X(10)  X(12)
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'SOME OF YHESE "SE" MAY BE QUITE GOOD ‘ALTHOUGH
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A : AR B
" (REITEIS. SUBSETS UITH 6 VARIASLES
o ‘;'»f';;,‘..:'i:\v »m oy [eeeeccsccccccsscccscee ceees
3 4. » ADJUSTED
MED I'WEO ‘ cpP ; :
0. zvosas o 201830 4.80 -VARIASLE COEFFICIENT T-STATISTIC
2 X(2) 0.00¢49572 = 3.
- IX(3) -0.00285085 . -2.19
, 'S X(5) <0.010303% - -1.69
12 X(12) -0.00168170  -2.33
‘ 13 X(13) -0.0488981  -2.38
. 15 X(15) 0.00349285  2.30
o ~ INTERCEPT 0.404160 -
0.206645 ~ 0.198502 497 X(2)  K(S)  X(6)  X(12)  X(13)  X(15)
0.291646  0.192828 . 5.26 X(2) . X(3)  X(&)  X(12) . X(13)  K(15)
0.290071  0.191011 . S35 X@) - K4 K(S) X9) K2 X3
0.288310 ' 0.189004 f”s.ts xgz):j;* XS)  XC® T x(9) ' ne12) ¥ x<13>
0.287008 0.187520 .  S.S3 X(2)  X(5) . X(®)  X(12) 't K(1%)
0.265008 0. 1aszc§ ﬁ?; 5.65 xcz)' X(3) XS X9 i<1z),rﬂ
0.262375  0.182242 s T5.80K) K5 X X2 xtis) X
0.262028 0.181846 . 5.82K(2)  K(S) .X(T)  X(9) T )
0.281706 '0.181479 © 'S.8AX() U X(S)  K(&) X9  X(12)  X(13)
’«fwau gt o L ety
B SUSSETS VITH 7 VARIABLES
: ADJUSTED .
R-GQUARED R+ BQUARED cr S
0.347206  0.238407 "/ "4,02 VARIABLE * "¢ CORPFICIENT T<STATISTIC (% ¥
P ¥ 1 1) 0.00422728  3.43
i e e T8 (8) "40,0156974 .57
b CEN6) T 0,00317676 +1,97
9 X(9) 0.00151204 1.80
12 X(12) «0,0016762¢  <2.40
13 X(13) <0.0438120 2,11 "
19 x(13) 0.00283197  2.08
INTeRCePY 0.578242
0.346599 0.23769%9  4.06 VARIABLE COLPPICIENT T-STATIETIC
2 X 0.00913442 .n
3 X(3) 0.00291991 1.9
S X(9) -0,0141462 2.3
9 X(9) 0.00146501 1.7%
12 X(12) <0,00173720  +2.49
13 X(13) <0.0409643 1.9
13 X(15) 0.00343443 2.19
INTERCEP? 0.267405
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T1Cs '(l 'BEST' SUBSET

------------------- assa

Appudil

o,

Model 1 -- ALl possible lm:utc mt 7 'rdlctor nodol & lacl:uord ltopslu T Predictor Model

s cP 4.02
D MXTIPLE CORRELATION 0.34721
*LE CORRELATION 0.38924
(ED SQUARED MULT. CORR., 0.23841
JAL NEAN SQUARE 0.001770
\RD ERROR OF (ST, 0.042077 '
risvic 3.19
\TOR ODEGREES OF FREEDOM L4
INATOR DEGREES OF FREGOOM 42
FICANCE (TAIL PROS.) 0.0084

THAT THE ABOVE F-STATISTIC ANO ASSOCIATED SIGNIFICANCE TEND TO OE LISERAL WHENEVER A SUBSET OF VARIABLES
LECTED SY THE CP OR ADJUSTED I-.CJAIED Cl"ERIA. ' ‘ ‘

"CONTR]-

[ASLE REGRESSION STANOARD STAND, T-- 2TAIL - - TOL- BUTION

WAME COEFFICIENT ERROR COEF. STAT. 81G. ERANCE TO R-$Q

1ERCEPT 0.578242 0.273920 11.993  2.10 0.042 . :

(2) 0.00422728 0.00123163 0.588 3.43 0.001 o.sxomo umo

(3) +0.0156974  0.00409680 -0.468 -2,57 0.014 0.470301 0.10297  2nd Nighest Contritaution to R-3Q
(6) <0.00317676  0.00161419 -0.393 ‘~1.97 0.036 0.388951 0.06020 T :

9) 0.00151294 0.000a38428 0.25% 1,80 0.078 0,779956 0.030%6

(1) <0.00167624 0.0006908809 -0.3862 +2.40 o.on 0.684202 0.08%43

(13) -0.0438120 0.0208093 <0.330 -2.11 0.041 0.630935 0.04890

1%) 0.00253197  0.00123339 0.386 2,05 0.048 0.439403 0.06550

ONTRISUTION TO R-SQUARED FOR EACN VARIASLE 1S THE AMOUNT BY WHICN R-SQUARED WOULD BE REDUCEO l' HIM VARIABLE VERE -
£0 FROM THE REGRESSION EQUATION. .

Model 2 <« All ngs’lblo Gbeets Dest & Predictor Model

STICS FOR '0EST' BUBOEY

swMNoUsATTTENTIORSRNGREN

€0 MATIPLE CORRELATION  0.29936

PLE CORRELATION 0.34733
.TE0 GQUAREO MULT, CORR, 0.20163
UAL MEAN SQUARE 0.001853
{1814 3.07
(ATOR DEGREES OF PRECOOM é

{INATOR OEGREES OFf PREEOOM 43

{FICANCE (TAIL PROS.) 0.0138
CONTRY -

tiasLe REGRESSION STANDARD STAND. T AL ToL- BUTION

AN CORPrICIENT GRROR  COEP, OTAT. 810. (ERANCE TO R-8Q
JTERCEPT 0.404160 0.240208 8.383 1.45 0.111
x(2) 0.00449372  0.00134419 0.653 3.44 0.001 0.4352648 0.19300
(3 <0.00203065  0.00130277 -0.678 <2.19 0.034 0.1690636 0.077%9 .
X(3) <0.0103034 . 0.00608435 <0.307 -1.69 0.098 0.493200 0.04671 Lowest Contribution to R-3Q
x(12) <0.00168170 0.000721680 -0.363 -2.33 0.023 0.472333 0.08845 : .
x(13) 0.0488901 0.0205573 -0.349 -2.38 0.022 0.677356 0.09216
X(13) 0.00369285  0.00160497 0.563 2.30 0.026 0.271263 0.08402
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Model 3 -- lockuard Stopuln é Prodlctor Modet

I RN i "::.’ Lk, ™ R R AR . oM
SQUARED MULTIPLE CORRELATION  0.29664
MULTIPLE CORRELATION 0.54465
ADJUSTED SQUARED MULT, CORR. 0.19850
RESIOUAL MEAN SQUARE 0.001843 _
STANDARD ERROR OF EST. 0.043165 R " >
""""tlc 3002 ,‘ N o ! .
WMUMERATOR DEGREES OF FREEDOM 6 S : o o
DENOMINATOR DEGREES OF FREEDOM 43 e o S
SIGNIFICANCE (TAIL PROB.) 0.0148 C ' T : 3
: o ‘ CONTRI -
VARIABLE REGRESSION STANDARD STAND, T- 2TAIL TOL- BUTION
NO. . NAME . . COEFFICIENT ERROR COEF. STAT. $1G., ERANCE TO R-9Q
INTERCEPT . 0.756732 0.264225 15,695 -.2.86 0.006 B R —_
2 X(2) 0.00344014  0.00121855 0.506  2.99 0,005 0.569933 0,14597 L B . S
S X(3) . .0,0119911  0,00589071 -0,357 . -2.04 :u $30530 0.04778 = Lowsat Contribution to R-3Q
38

12 X(12) . -0,00158083 0.000714826 -0.341 --2.21
13 %(13) ~  -0,0522187  0.0208033 -0.39% ' -2.51
A5 X(15) . 0.00261129  0.00126449 . 0.398  2.07 .

688146 0.08000 : DR
664260 0.10304

0.
0.
6X(8) ' -0,00352246  0.00164422 -0.436 -2.14 0.
0.
0 439962 0.06976

0.
0.
8 394513 0,07507
0.
0.

o w0 ma

AL Ld Show Ly T
R S e EORa

P

SQUARED MULTIPLE CORRELATION  0.26988

MULTIPLE CORRELATION 0.51930
ADJUSTED SQUARED MULT, CORR, 0,18691 .
RESIOUAL MEAN SQUAAE 0.001890 : ' "
"MDMO (IIQ o' ."0' A 010‘“76 LA S D s S AL [ ST T S R T R
P-STATISTIC . - 3.23
" NUMERATOR DEGREES OF FREEDOM S
DENOMINATOR DEGREES OF FREEOOM (1)
SIGNIFICANCE (TAIL PROS.) 0.0138
: L Lo - SalE el tL Iy RS X Sge 5w n ) w"l' R P i
VARIASLE - REGRESSION STANOARD STAND, . .. T- 2TAIL .. TOL- BUTION
NO.  NAMg COCPFICIENT ERROR ° COEF, STAT. . 810.~ 'WCI 70 R-8Q
INTERCEPY " .- 0.20443 . 0. um’ 0T 1,17 0,250 . :
2 X() 0.00425862  0,00124108 0.592 3.43 0.001 0.337368 0.19538 o St
-3 N(8) . ;. +0,016960)  0.00589221 0,304 'z.“ . 0,006 0,337929 0.13748 2nd Nigheat Contribution to R-80
9 X(9) 770,00166493  0.000859501 . 0.280 .. .1.94  0.039 0.793122 0.06226 ’ ‘
12 X(12) «0.00139223  0.000709781 -0.300 "o“ ‘0,036 0.708118 0.043835 s
13 X(13) «0,0408327 0.0203961 'Oum ".”,. 0.034 0.687627 0.04529 .

e
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