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Execut��e.Summary

Although.a.cons�derable.amount.of.research.has.focused.
on. the. relat�onsh�p. between. sector. character�st�cs. and.
controller.workload.or.perce��ed.complex�ty,.relat��ely.
few. stud�es. ha�e. exam�ned. the. relat�onsh�p. between.
sector.character�st�cs.and.the.occurrence.of.operat�onal.
errors.(OEs) ..In.many.early.stud�es.of.OE.causal.factors,.
exam�nat�ons. of. sector. character�st�cs. were. l�m�ted. to.
purely.theoret�cal.relat�onsh�ps.or.to.traffic.counts.and.
alt�tude.trans�t�ons.of.the.�n�ol�ed.a�rcraft ..When.sector.
character�st�cs.were.exam�ned,.they.cons�sted.pr�mar�ly.
of.rat�ngs.rather.than.object��e.measures ..Most.of.th�s.
work.has.been.conducted.w�thout.reference.to.rout�ne.
operat�ons. (ROs) .. Yet,. for. e�ery. OE. that. occurs. �n. a.
sector,.there.are.hundreds.(poss�bly.thousands).of.hours.
�n.wh�ch.an.OE.d�d.not.occur ..To.truly.understand.the.
en��ronmental.and.contextual.factors.that.contr�bute.to.
OEs,.�t.�s.necessary.to.�dent�fy.what.was.d�fferent.about.
the.sector.en��ronment.at.the.t�me.the.OE.occurred .

In.the.present.study,.OE.and.RO.traffic.samples.were.
compared.us�ng.log�st�c.regress�on.analys�s ..Two.separate.
log�st�c.regress�on.analyses.were.conducted.for.low-.and.
h�gh-alt�tude.sectors ..The.OE.sample.was.drawn.from.
119.OEs.occurr�ng.�n.the.Ind�anapol�s.en.route.a�rspace.
from.9/17/2001.through.12/10/2003 ..Of.these,.40.oc-
curred. �n. the. low-alt�tude. sectors. and. 79. occurred. �n.
the.h�gh-alt�tude.sectors ..The.RO.traffic.samples.were.
recorded. between. 5/8/2003. and. 5/10/2003 .. These.
data.were.processed.�n.5-m�nute.�nter�als.us�ng.custom.
software.des�gned.to.calculate.object��e.measures.from.
rout�nely.recorded.Nat�onal.A�rspace.System.(NAS).data ..
Th�s.produced.a.total.of.2763.RO.traffic.samples ..The.
79.h�gh-alt�tude.OE.traffic.samples.were.comb�ned.w�th.
79.randomly-selected.h�gh-alt�tude.RO.traffic.samples.
to.produce.a.total.of.158.traffic.samples.for.the.h�gh-
alt�tude.sector.analys�s

In.log�st�c.regress�on.analys�s.of.the.low-alt�tude.sec-
tor.samples,.A�erage.Control.Durat�on,.the.Number.of.
Handoffs,.the.Number.of.Head�ng.Changes,.the.Number.
of.Intersect�ng.Fl�ght.Paths,.the.Number.of.Po�nt.Outs,.
and.the.Number.of.Trans�t�on�ng.A�rcraft.were.subm�tted.
as.the.�n�t�al.set.of.pred�ctors ..Backward.stepw�se.el�m�na-
t�on.reduced.the.�ar�ables.�n.the.final.low-alt�tude.sector.
model.to.the.Number.of.Intersect�ng.Fl�ght.Paths,.the.
Number.of.Po�nt.Outs,.and.the.Number.of.Handoffs ..
In.the.low-alt�tude.sector.model,.each.�ntersect�ng.fl�ght.
path.�ncreased.the.l�kel�hood.that.the.traffic.sample.was.
an.OE.by.189%,.each.po�nt.out.�ncreased.the.l�kel�hood.
by.57%,.and.each.handoff.�ncreased.the.l�kel�hood.that.
the.traffic.sample.was.an.OE.by.19% ..Of.the.40.ROs.�n.
the.low-alt�tude.sample,.32.(80%).were.correctly.class�fied.

and.8.(20%).were.m�sclass�fied.as.OEs ..Of.the.40.OEs.
�n.the.sample,.28.(70%).were.correctly.class�fied.and.12.
(30%).were.m�sclass�fied.as.ROs ..O�erall,.the.low-alt�tude.
model.had.75%.class�ficat�on.accuracy .

In.log�st�c.regress�on.analys�s.of.the.h�gh-alt�tude.sec-
tor.samples,.A�erage.Control.Durat�on,.the.Number.of.
Handoffs,.the.Number.of.Head�ng.Changes,.the.Number.
of.Intersect�ng.Fl�ght.Paths,.the.Number.of.Po�nt.Outs,.
and.the.Number.of.Trans�t�on�ng.A�rcraft.were.subm�t-
ted. as. the. �n�t�al. set. of. pred�ctors .. Backward. stepw�se.
el�m�nat�on.reduced.the.�ar�ables.�n.the.final.h�gh-alt�-
tude.sector.model.to.the.Number.of.Intersect�ng.Fl�ght.
Paths,.the.Number.of.Head�ng.Changes,.the.Number.of.
Trans�t�on�ng.A�rcraft,.and.A�erage.Control.Durat�on ..
In.the.h�gh-alt�tude.sector.model,.each.one-un�t.�ncrease.
�n.the.Number.of.Intersect�ng.Fl�ght.Paths.�ncreased.the.
l�kel�hood.that.a.traffic.sample.was.an.OE.by.100%,.each.
one-un�t.�ncrease.�n.the.Number.of.Head�ng.Changes.
�ncreased. the. l�kel�hood. by. 36%,. e�ery.Trans�t�on�ng.
A�rcraft.�ncreased.the.l�kel�hood.by.27%,.and.each.one-
second.�ncrease.�n.A�erage.Control.Durat�on.�ncreased.
the.l�kel�hood.by.1% ..Of.the.79.ROs.�n.the.h�gh-alt�tude.
sample,.64.(81%).were.correctly.class�fied.and.15.(19%).
were.m�sclass�fied.as.OEs ..Of.the.79.OEs.�n.the.sample,.
60.(76%).were.correctly.class�fied.and.19.(24%).were.
m�sclass�fied.as.ROs ..O�erall,. the.h�gh-alt�tude.model.
had.79%.class�ficat�on.accuracy .

The.results.of.the.log�st�c.regress�on.analyses.�nd�cate.
that.suffic�ent.models.may.be.constructed.from.sector.
character�st�cs.�ar�ables ..O�erall.class�ficat�on.accuracy.be-
tween.75-79%.�s.remarkable.for.models.constructed.solely.
of.en��ronmental.and.contextual.factors ..After.all,.other.
factors.(e .g .,.human.elements,.organ�zat�onal.�nfluences).
also.contr�bute.to.the.occurrence.of.OEs ..Unfortunately,.
all.the.log�st�c.regress�on.models.were.better.at.class�fy�ng.
ROs.than.OEs ..Class�ficat�on.of.OEs.ranged.from.as.low.
as.70%.�n.the.low-alt�tude.sector.sample.to.76%.�n.the.
h�gh-alt�tude. sample .. Although. th�s. le�el. of. accuracy.
would.be.unacceptable.for.most.automat�on.tools,.�t.�s.
unreal�st�c.to.expect.defin�t��e.results.from.one.or.two.
analyses ..Moreo�er,.the.sector.character�st�c.�ar�ables.used.
�n.these.analyses.do.not.represent.an.exhaust��e.l�st.of.all.
the.potent�al.pred�ctors.of.OEs .

Although.log�st�c.regress�on.cannot.be.used.to.�dent�fy.
causal.factors.d�rectly.(� .e .,.pred�ct�on.�s.not.the.same.as.
causat�on),.the.log�st�c.regress�on.coeffic�ents.do.pro��de.
�nformat�on.about.the.likelihood.of.an.OE.relat��e.to.the.
pred�ctors.�n.the.model ..Thus,.the.results.ha�e.�mmed�-
ate.heur�st�c. �alue. �n. that. they. �n��te.quest�ons. about.
how.the.dynam�c.pred�ctors. �nteract.w�th.stat�c.sector.
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character�st�cs .. Dynam�c. elements. lend. themsel�es. to.
automat�on.appl�cat�ons,.but.stat�c.character�st�cs.must.be.
addressed.for.sector.restructur�ng ..The.dynam�c.pred�ctors.
that.make.up.the.log�st�c.regress�on.models.are.�nd�cants.
of.cond�t�ons.that.d�scr�m�nate.between.OEs.and.ROs ..
These.�nd�cants.may.be.used.to.re�eal.aspects.of.the.sector.
en��ronment.that.m�ght.be.altered.to.reduce.the.number.
of.OEs ..For.example,.the.comb�nat�on.of.the.Number.
of.Po�nt.Outs.and.the.Number.of.Handoffs.�n.the.low-
alt�tude.sector.model.may.�nd�cate.that.the.locat�on.of.
sector.boundar�es.�ncreases.coord�nat�on.workload.and.
complex�ty ..On.the.other.hand,.the.comb�nat�on.of.the.
Number.of.Po�nt.Outs.and.the.Number.of.Intersect�ng.
Fl�ght.Paths.may.po�nt.to.problems.w�th.the.or�entat�on.
of.traffic.paths.relat��e.to.those.boundar�es ..The.com-
b�nat�on.of.the.Number.of.Head�ng.Changes.and.the.

Number.of.Trans�t�on�ng.A�rcraft. �n. the.h�gh-alt�tude.
sectors.�s.suggest��e.of.traffic.complex�ty.�n.h�gh-alt�tude.
sectors.adjacent.to.low-alt�tude.arr��al.or.departure.sec-
tors ..A�erage.Control.Durat�on.may.be.a.funct�on.of.the.
s�ze.of.h�gh-alt�tude.sectors .

G��en.the.sample.s�ze.and.consequent.restr�ct�on.of.
the.pred�ctor.set,.there.�s.no.guarantee.that.these.results.
w�ll.general�ze.to.other.samples ..Mult�ple.stud�es,.w�th.
samples.s�zes.that.allow.for.a.more.�nclus��e.l�st.of.pred�c-
tors,.must.be.conducted.at.a.number.of.fac�l�t�es.before.
such.models.m�ght.be.rel�able.enough.for.pract�cal.ap-
pl�cat�ons ..Ne�ertheless,.the.methodology.of.compar�ng.
OE. and. RO. traffic. samples. �s. prom�s�ng .. Cont�nued.
�n�est�gat�ons.along.these.l�nes.may.h�ghl�ght.complex�ty.
factors.that.must.be.addressed.to.ensure.that.separat�on.
�s.ma�nta�ned .
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En��ronmental.Systems.(ACES),.a�erage.complex�ty.and.
dens�ty.rat�ngs.drawn.from.the.1995.annual.fac�l�ty.re��ew,.
and.complex�ty.factor.rat�ngs.pro��ded.by.one.A�rspace.
and.Procedures.spec�al�st.from.each.area.�n.the.fac�l�ty ..
Se�eral.stat�st�cal.techn�ques.were.employed.to.pred�ct.
OE.occurrence.�n.the.Atlanta.sectors ..In.a.l�near.mult�ple.
regress�on.analys�s,.rat�ngs.of.rad�o.frequency.congest�on.
and.the.effects.of.restr�cted.a�rspace.accounted.for.31%.
of.the.�ar�ance. �n.the.number.of.OEs.per.sector ..The.
same.two.pred�ctors.generated.a.funct�on.that.class�fied.
OE.frequency.groups.(� .e .,.sectors.w�th.no.OEs,.fewer.
than.four.OEs,.and.sectors.w�th.four.or.more.OEs).w�th.
58%.accuracy.�n.a.d�scr�m�nant.funct�on.analys�s ..Rat�ngs.
of.weather.�nfluences,.rad�o.frequency.congest�on,.and.
complex�ty.were.s�gn�ficantly.d�fferent.�n.a.MANOVA.of.
OE.frequency.groups ..The.authors.stated.that.the.o�erall.
Hotell�ngs.F(16,.68).=.1 .60,.p.=. .094.of.the.MANOVA.
was.acceptable.due.to.the.exploratory.nature.of.the.study.
and.emphas�s.on.data.explorat�on ..Sector.s�ze.fa�led.to.
emerge.as.a.s�gn�ficant.contr�butor.�n.any.of.these.mod-
els,.but.a.t-test.between.the.comb�ned.no-.and.low-OE.
groups.and.the.group.cons�st�ng.of.sectors.w�th.four.or.
more.OEs.was.stat�st�cally.s�gn�ficant.(p< .05) .

In.both.the.Grossberg.(1989).and.Rodgers,.Mogford,.
and.Mogford.(1998).stud�es,.sector.character�st�cs.were.
e�aluated.aga�nst.the.number.of.OEs.per.sector ..The.r�sk.
of.OE.occurrence.�ncreases.as.a.funct�on.of.the.number.
of.hours.a.sector.�s.�n.operat�on.(� .e .,.exposure.�ncreases.
the.r�sk.of.occurrence) ..If.OE.�nc�dence.�s.not.adjusted.
for.th�s,.the.�nternal.�al�d�ty.of.the.analys�s.may.be.com-
prom�sed ..Howe�er,.there.�s.no.e��dence.to.suggest.that.
these.adjustments.were.made.�n.e�ther.study .

Another.d�sad�antage.of.OE.�nc�dence.as.a.dependent.
�ar�able. �s. that. �t. restr�cts. the.number.of. �ndependent.
�ar�ables. that. may. be. analyzed. w�thout. detr�ment. to.
external.�al�d�ty ..W�th.most.stat�st�cal.analyses,.the.r�sk.
that.results.w�ll.fa�l.to.general�ze.�ncreases.as.the.number.
of.�ndependent.�ar�ables.approaches.the.number.of.cases ..
In.sp�te.of.th�s,.Rodgers,.Mogford,.and.Mogford.(1998).
subm�tted. 28. pred�ctors. for. stepw�se. l�near. mult�ple.
regress�on.analys�s.of.OE.�nc�dence.�n.45.sectors.at.the.
Atlanta.ARTCC.(� .e .,.a.rat�o.of.1 .6.cases.for.each.pred�c-
tor) ..A.correlat�on.matr�x.of.the.pred�ctors.re�ealed.26.
compar�sons.w�th r.≥.  .60 ..The.authors. rel�ed.on.tests.
for. tolerance. �n. the. stepw�se. procedure. to. el�m�nate.
redundanc�es. and. reduce. the. number. of. �ar�ables. �n.
the.pred�ctor.set ..Howe�er,.�n.stepw�se.l�near.mult�ple.

In.the.current.A�r.Traffic.Control.(ATC).system,.an.
Operat�onal.Error.(OE).occurs.when.there.�s.a.��olat�on.of.
a�rcraft.separat�on.m�n�ma.as.defined.by.Federal.A��at�on.
Adm�n�strat�on.regulat�ons.(FAA,.2007) ..Although.the.
FAA.has.called.for.a.re�n�ent�on.of.the.Nat�onal.A�rspace.
System. (NAS),. �t. �s. reasonable. to. assume. that. future.
systems.w�ll.also.�nclude.some.k�nd.of.a�rcraft.separat�on.
standards ..As.changes.to.procedures.and.a�rspace.structure.
are.be�ng.cons�dered,.�t.becomes.�ncreas�ngly.�mportant.
to.understand.the.en��ronmental.and.contextual.factors.
(often.referred.to.as.sector.character�st�cs).that.contr�b-
ute.to.the.loss.of.separat�on.to.ensure.that.safety.�s.not.
comprom�sed .

A.cons�derable.amount.of.research.has.focused.on.the.
relat�onsh�p.between.sector.character�st�cs.and.controller.
workload. or. perce��ed. complex�ty. (e .g .,. Buckley,. De-
Barysche,.H�tchner,.&.Kohn,.1983;.Chatterj�.&.Sr�dhar,.
2001;.Chr�st�en.&.Benkouar,.2003;.Kopardekar.&.Mag-
yar�ts,.2003;.Laudeman,.Shelden,.Branstrom,.&.Bras�l,.
1998;.Mogford,.Murphy,.&.Guttman,.1994;.Robertson,.
Grossberg,.&.R�chards,.1979) ..Howe�er,.relat��ely.few.
stud�es.ha�e.exam�ned.the.relat�onsh�p.between.sector.
character�st�cs.and.the.occurrence.of.OEs ..In.many.early.
stud�es.of.OE.causal.factors,.exam�nat�ons.of.sector.char-
acter�st�cs.were.l�m�ted.to.purely.theoret�cal.relat�onsh�ps.
(e .g .,.Arad,.1964;.Schm�dt,.1976).or.to.traffic.counts.and.
alt�tude.trans�t�ons.of.the.�n�ol�ed.a�rcraft.(e .g .,.Kershner,.
1968;.Schroeder,.1982;.Spahn,.1977) .

Grossberg. (1989). expanded. on. th�s. by. collect�ng.
rat�ngs. from. 97. controllers. and. super��sors. regard�ng.
�ar�ous. aspects. of. the. sector. en��ronment .. He. found.
that. the.h�ghest-rated.sector.complex�ty. factors. �n. the.
Ch�cago. A�r. Route.Traffic. Control. Center. (ARTCC).
were. control. adjustments. (e .g .,.merg�ng,. spac�ng,. and.
speed.changes),.cl�mb�ng.and.descend�ng.fl�ght.paths,.
and.m�x.of.a�rcraft.types ..An.�ndex.based.on.these.factors.
was.s�gn�ficantly.correlated.(r =. .74).w�th.the.number.of.
OEs.occurr�ng.�n.27.Ch�cago.sectors.o�er.21.months.�n.
1987.and.1988 .

Rodgers,. Mogford,. and. Mogford. (1998). e�aluated.
the.relat�onsh�p.between.sector.character�st�cs.and.the.
�nc�dence.of.OEs.at.the.Atlanta.ARTCC ..OE.data.were.
extracted.from.Fac�l�ty.Operat�ons.and.Adm�n�strat�on.
reports. for.85.OEs.occurr�ng.o�er.a. three-year.per�od.
from.1992.to.1995 ..Sector.character�st�cs.�ar�ables.were.
der��ed.from.a.number.of.sources.and.�ncluded.stat�c.sec-
tor.character�st�cs.from.the.fac�l�ty’s.Adaptat�on.Control.
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regress�on,.a.m�n�mum.of.40.cases.for.each.pred�ctor.�s.
necessary.to.ensure.the.solut�on.w�ll.general�ze.to.other.
samples.(Tabachn�ck.&.F�dell,.2006) .

Perhaps.the.b�ggest.drawback.to.OE.frequency.as.a.
dependent.measure.�s.that.�t.affords.no.compar�son.w�th.
rout�ne.operat�ons.(ROs) ..Yet,.for.e�ery.OE.that.occurs.
�n.a.sector,.there.are.hundreds.(poss�bly.thousands).of.
hours.dur�ng.wh�ch.an.OE.d�d.not.occur ..Var�ables.that.
correlate.w�th.sector.OE.frequency.do.not.descr�be.what.
was.d�fferent. about. the. sector. at. the. t�me.of. the.OE ..
To.truly.understand.the.en��ronmental.and.contextual.
factors.that.contr�bute.to.OEs,.�t.�s.necessary.to.�dent�fy.
what.was.d�fferent.about.the.sector.en��ronment.at.the.
t�me.the.OE.occurred .

Pfle�derer.and.Mann�ng.(2007).conducted.an.�n�est�-
gat�on.to.determ�ne.whether.log�st�c.regress�on.analys�s.
of. object��e. sector. character�st�cs. could. d�scr�m�nate.
between.OE.and.RO.traffic.samples ..Pr�or.to.th�s.study,.
�n�est�gat�ons.of.the.contr�but�on.of.sector.character�st�cs.
to. the.occurrence.of.OEs. rel�ed.hea��ly. on. attr�buted.
causal.factors.and.subject��e.rat�ngs ..Although.�nter��ews.
and.rat�ngs.about.the.�mportance.of.complex�ty.factors.
are. benefic�al. �n. the. early. stages. of. research,. pract�cal.
pred�ct�on.models.must.e�entually.be.calculated. from.
object��e.measures ..After.all,.�t.�s.the.actual.character�st�cs.
of.the.sectors.that.must.be.addressed.when.de�elop�ng.
strateg�es.to.reduce.OEs.rather.than.op�n�ons.or.bel�efs.
about.those.character�st�cs ..Two.separate.log�st�c.regres-
s�on.analyses.were.performed.for.h�gh-.and.low-alt�tude.
sector. samples. at. the. Ind�anapol�s.ARTCC. (ZID) .. In.
the. h�gh-alt�tude. sector. sample,. a. log�st�c. regress�on.
model.compr�s�ng.the.Number.of.Head�ng.Changes,.the.
Number.of.Trans�t�on�ng.A�rcraft,.and.A�erage.Control.
Durat�on. was. able. to. accurately. class�fy. 80%. of. the.
OE.and.RO.traffic.samples ..In.the.low-alt�tude.sector.
sample,.�ar�ables.�ncluded.�n.the.final.model.were.the.
Number.of.Po�nt.Outs,.the.Number.of.Handoffs,.and.
the.Number.of.Head�ng.Changes ..Th�s.model.was.able.
to.accurately.class�fy.79%.of.the.low-alt�tude.OE.and.
RO.traffic.samples .

Unfortunately,. the. Pfle�derer. and. Mann�ng. (2007).
study.was.flawed ..A�a�lable.traffic.data.cons�sted.of.OEs.
from.9/17/2001.to.12/10/2003.and.ROs.from.2/25/2005.
to.3/3/2005 ..Clearly,.the.t�me.d�fferent�al.between.the.
OE.and.RO.traffic.samples.was.a.confound�ng.�nfluence.
because.�t.represented.an.uncontrolled,.systemat�c.d�f-
ference.between.the.two.groups ..

A.second.problem.w�th.the.Pfle�derer.and.Mann�ng.
(2007).des�gn.�n�ol�ed.pa�r�ng.OE.and.RO.traffic.samples.
(by.sector,.day.of.week,.and.t�me.of.day) ..Log�st�c.re-
gress�on.analys�s.assumes.that.all.cases.are.�ndependent.
of.one.another ..V�olat�on.of.th�s.assumpt�on.results.�n.
o�er-d�spers�on,.wh�ch.produces.an.�nflated.Type.I.error.

rate.for.tests.of.pred�ctors.(Tabachn�ck.&.F�dell,.2006) ..
Although.there.�s.no.reason.to.assume.that.errors.would.
be.correlated.between.the.OE.and.RO.traffic.samples.
(part�cularly.�n.l�ght.of.the.d�sparate.t�me.frames.from.
wh�ch.the.samples.were.drawn),.ne�ther.�s.there.e��dence.
to.the.contrary ..Random.select�on.of.RO.traffic.samples.
would.ha�e.guaranteed.that.the.assumpt�on.of.�ndepen-
dence.had.been.met .

Another.poss�ble.source.of.�nflat�on.for.tests.of.pred�c-
tors.�n�ol�ed.the.�ar�ables.Number.of.Head�ng.Changes.
and.Number.of.Trans�t�on�ng.A�rcraft ..When.controllers.
become.aware.that.an.OE.�s.de�elop�ng,.they.may.�ssue.
clearances.�n.an.attempt.to.resol�e.the.s�tuat�on ..Inclu-
s�on.of.alt�tude.or.head�ng.changes.made.�n.response.to.
such.clearances.would. �nflate. the.contr�but�ons.of. the.
Number.of.Trans�t�on�ng.A�rcraft.(based.on.the.number.
of.alt�tude.changes).and.the.Number.of.Head�ng.Changes.
as.pred�ctors.of.OEs ..The.cho�ce.of.process�ng.�nter�al.
(four.m�nutes.pr�or.to.loss.of.separat�on.and.one.m�nute.
after).may.ha�e.magn�fied.th�s.effect .

In.the.present.study,.OE.and.RO.traffic.samples.are.
aga�n.compared.us�ng.log�st�c.regress�on.analys�s,.but.some.
�mportant.mod�ficat�ons.were.made.to.the.des�gn ..Both.
the.OE.and.RO.traffic.samples.used.to.bu�ld.the.log�st�c.
regress�on.model.were.from.2003,.thus.el�m�nat�ng.the.
confound.of.the.pre��ous.analys�s ..A.randomly-selected.
sub-sample. of. the. RO. traffic. data. was. des�gnated. for.
model. bu�ld�ng .. The. rema�n�ng. RO. cases. and. traffic.
samples.from.OEs.occurr�ng.�n.the.ZID.a�rspace.from.
2001-2002.were. set. as�de. for. cross. �al�dat�on ..No. at-
tempt.was.made.to.match.the.RO.traffic.samples.to.the.
OE.samples,.thus.meet�ng.the.assumpt�on.of.�ndepen-
dence.and.el�m�nat�ng.the.potent�al.for.Type.I.errors.for.
tests.of.pred�ctors ..The.Number.of.Head�ng.Changes.
and.Number.of.Trans�t�on�ng.A�rcraft.were.adjusted.to.
el�m�nate.changes.made.�n.response.to.control.act�ons.to.
a�o�d.an.�mm�nent.OE.(descr�bed.�n.deta�l.�n.the.Method.
sect�on).to.guard.aga�nst.�nflated.contr�but�ons.by.these.
two.pred�ctors ..In.add�t�on,.the.process�ng.�nter�al.for.
the.OE.traffic.samples.was.changed.to.�nclude.only.the.
fi�e.m�nutes.pr�or.to.�n�t�al.loss.of.separat�on .

Unfortunately,.restr�ct�ng.the.OE.traffic.samples.to.
a. s�ngle. year. reduces. the. sample. s�ze .. Th�s. proh�b�ts.
separat�on.of.low-.and.h�gh-alt�tude.sector.samples.for.
�nd���dual.analyses,.e�en.though.there.�s.reason.to.suspect.
they.const�tute.heterogeneous.sub-samples ..To.beg�n.w�th,.
OE.�nc�dence.d�ffers.between.strata ..Of.119.OEs.�n.the.
full.sample,.40.occurred.�n.low-alt�tude.sectors,.and.79.
occurred.�n.the.h�gh-alt�tude.sectors ..Inclus�on.of.sector.
strata.as.a.b�nary.categor�cal.�ar�able.would.pro��de.no.
�nformat�on.beyond.th�s.fact ..Second,.separate.log�st�c.
regress�on.analyses.of.the.low-.and.h�gh-alt�tude.samples.
produced.two.�ery.d�fferent.models.�n.the.Pfle�derer.and.
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Mann�ng. (2007). study .. It. �s. poss�ble. that. comb�n�ng.
low-. and. h�gh-alt�tude. sector. samples. would. produce.
a. model. that. fits. the. h�gh-alt�tude. sectors. poorly. and.
the.low-alt�tude.sectors.not.at.all ..Cross.�al�dat�on.can.
be.used.to.determ�ne.whether.the.2003.data.are.s�m�lar.
enough. to. the. 2001-2002. data. to. just�fy. pool�ng. the.
OE.samples ..If.OE.class�ficat�on.�s.s�m�lar.�n.the.model-
bu�ld�ng.and.cross-�al�dat�on.results,.th�s.suggests.that.
the.model.works.equally.well.for.both.samples.and.that.
they.may.be.s�m�lar.enough.to.be.pooled ..If.that.�s.the.
case,.the.OE.data.w�ll.be.pooled,.and.separate.log�st�c.
regress�on.analyses.w�ll.be.conducted.for.the.low-.and.
h�gh-alt�tude.sector.samples .

The.sector.character�st�cs.used.as.�ndependent.�ar�ables.
�n.th�s.study.are.based.on.measures.that.ha�e.pre��ously.
demonstrated.a.relat�onsh�p.w�th.workload,.complex�ty,.
or.the.occurrence.of.OEs ..These.�ar�ables.are.descr�bed.
�n.deta�l.�n.the.follow�ng.paragraphs .

Predictor Variables
Average Control Duration. A�rcraft. control.durat�on.

�s.�nfluenced.by.a.number.of.factors,.�nclud�ng.a�rcraft.
performance.character�st�cs,.Traffic.Management.In�t�a-
t��es.(TMI),.and.sector.s�ze.–.all.of.wh�ch.ha�e.been.as-
soc�ated.w�th.sector.workload.or.complex�ty.(Grossberg,.
1989;.Mogford,.Murphy,.&.Guttman,.1994;.Pfle�derer,.
Mann�ng,.&.Goldman,.2007) ..A�erage.Control.Durat�on.
�s.the.mean.of.the.durat�ons.(�n.seconds).of.all.a�rcraft.
controlled. by. the. sector. w�th�n. a. process�ng. �nter�al ..
Control.t�me.occurr�ng.before.or.after.the.�nter�al.was.
not.�ncluded.�n.the.calculat�ons .

Number of Handoffs. Although.traffic.count.rema�ns.the.
best.s�ngle.pred�ctor.of.the.number.of.OEs.on.a.nat�onal.
le�el,.pre��ous.research.suggests.that.�t.�s.not.an.effect��e.
pred�ctor.of.OEs.at.the.sector.le�el.(e .g ..Schroeder,.1982;.
Schroeder,. Ba�ley,. Pounds,. &. Mann�ng,. 2006;. Spahn,.
1977) ..As�de.from.doubts.about.�ts.effect��eness.as.a.pre-
d�ctor,.perhaps.the.b�ggest.drawback.to.traffic.count.�s.that.
�t.tends.to.be.h�ghly.correlated.w�th.other.traffic-related.
measures ..As.a.result,.traffic.counts.create.redundanc�es.
that.may.o�ershadow.more.effect��e.pred�ctors ..Handoffs,.
howe�er,. are. correlated.w�th. the.number.of. a�rcraft. �n.
the.sector,.but.they.are.not.synonymous.w�th.�t ..In.the.
ZID.traffic.samples.used.�n.th�s.study.(descr�bed.�n.the.
Method. sect�on),. the. total.number.of. a�rcraft. and. the.
total.number.of.handoffs.had.a.Spearman’s.correlat�on.of.
r

s
 =  .66.(N.=.2763) ..Handoff.counts.capture.elements.of.

commun�cat�on.workload.and.requ�red.attent�on ..Handoff.
�n�t�ates.(� .e .,.outbound.handoffs.from.the.current.sector.
to.another.sector.or.fac�l�ty).are.generally.assoc�ated.w�th.
the. �ssuance.of.a. frequency.change.clearance ..Handoff.
accepts. (� .e .,. �nbound.handoffs. from.another. sector.or.
fac�l�ty. to. the. current. sector). are. accompan�ed. by. an.

e�entual.(but.not.necessar�ly.concurrent).�er�ficat�on.that.
a�rcraft.com�ng.�nto.the.sector.are.tuned.to.the.appropr�ate.
frequency ..Handoff.counts.also.pro��de.�nformat�on.about.
coord�nat�on. and. requ�red. procedures .. Although. most.
handoffs.are.fa�rly.automat�c,.some.requ�re.coord�nat�on.
w�th.other.sectors ..In.some.�nstances,.a�rcraft.must.com-
ply.w�th.alt�tude.or.other.restr�ct�ons.before.they.can.be.
handed.off.or.a.handoff.can.be.accepted ..Handoffs.may.
also.reflect.the.�mpact.of.sector.geography ..Accord�ng.to.
Coulur�s.and.Schm�dt.(1973),.the.number.of.handoffs,.
coord�nat�on,.and.po�nt.outs.“result.from,.or.are.�nfluenced.
by,.the.ex�stence.and.des�gn.(shape).of.the.sectors ..The.
add�t�onal.work.created.can.be.thought.of.as.the.cost.of.
sector�zat�on”.(p ..657) ..The.Number.of.Handoffs.�s.the.
total. number. of. handoff. �n�t�ates. and. handoff. accepts.
occurr�ng.w�th�n.the.5-m�nute.process�ng.�nter�al .

Number of Heading Changes. Head�ng.changes.ha�e.
demonstrated.a.relat�onsh�p.w�th.controller.rat�ngs.of.ac-
t���ty.(e .g .,.Laudeman.et.al .,.1998),.workload.(e .g .,.Ste�n,.
1985),.and.complex�ty.(e .g .,.Kopardekar.&.Magyar�ts,.
2003) .. Head�ng. changes. are. �n�ol�ed. w�th. a. number.
of. procedures. such. as. merg�ng. and. spac�ng,. Standard.
Term�nal.Arr��al.Routes.(STARs),.Standard.Instrument.
Departure. Routes. (SIDs),. and. hold�ng ..The. Number.
of.Head�ng.Changes.�s.a.count.of.all.turns.�n.excess.of.
10.degrees.per.12-second.radar.update.that.cont�nue.�n.
the.same.d�rect�on.for.at. least. three.updates ..Head�ng.
changes.made.�n.an.attempt.to.a�o�d.an.�mm�nent.OE.
were.excluded.from.the.counts.for.OE.traffic.samples ..
The. cr�ter�a. for. these. exclus�ons. are. descr�bed. �n. the.
Method.sect�on .

Number of Intersecting Flight Paths..Th�s. factor.was.
one.of.the.h�ghest.rated.complex�ty.factors.�n.the.h�gh-
alt�tude.and.super.h�gh-alt�tude.sectors.�n.the.Pfle�derer,.
Mann�ng,.and.Goldman.(2007).study,.�n.wh�ch.a.sample.
of.32.controllers.and.4.super��sors.from.ZID.pro��ded.
rat�ngs.for.a.set.of.22.sector.complex�ty.factors ..In.ad-
d�t�on,. the. Number. of. Intersect�ng. Fl�ght. Paths. was.
assoc�ated. w�th. a. component. (� .e .,. compos�te. factor.
score). that. demonstrated. a. rel�able. relat�onsh�p. w�th.
the.number.of.OEs.�n.the.ZID.sectors ..A.s�m�lar.factor.
(se�eral.traffic.flows.con�erg�ng.at.the.same.po�nt).was.
among.the.top-rated.complex�ty.factors.�n.an.�n�est�ga-
t�on.of.Maastr�cht.a�rspace.conducted.by.Eurocontrol.
(2006) ..The.Number.of.Intersect�ng.Fl�ght.Paths.�s.the.
max�mum.number.of.fl�ght.paths.that.m�ght.be.expected.
to.�ntersect,.�rrespect��e.of.alt�tude,.w�th�n.a.10-m�nute.
projected.t�me.frame.g��en.the.current.speed.and.trajec-
tory.of.the.a�rcraft ..Project�ons.were.calculated.at.each.
12-second.radar.update.w�th�n.each.m�nute.of.data ..The.
length.and.slope.of.the.projected.paths.were.based.on.
the.d�stance.and.angle.of.the.current.and.pre��ous.radar.
pos�t�on.coord�nates .
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Number of Point Outs. Coord�nat�on.between.control-
lers.was.one.of.the.e�ents.selected.by.Schm�dt.(1976).for.
h�s.Control.D�fficulty.Index.e�en.though.he.cons�dered.
�t.to.be.one.of.the.most.d�fficult.to.process.–.w�th.good.
reason ..Coord�nat�on. �s.not.often. recorded ..Howe�er,.
po�nt.out.entr�es.represent.one.of.the.few.�nstances.�n.
wh�ch. coord�nat�on. between. sectors. �s. recorded .. The.
Number.of.Po�nt.Outs.�s.the.total.number.of.po�nt.out.
entr�es.made.by.the.Radar.and.Radar.Assoc�ate.controllers.
dur�ng.the.5-m�nute.process�ng.�nter�al .

Number of Transitioning Aircraft. The.amount.of.cl�mb-
�ng.and.descend�ng.traffic.has.long.been.recogn�zed.as.
a.contr�butor.to.the.d�fficulty.of.work�ng.a.sector.(e .g .,.
Arad,.1964) ..Grossberg.(1989).obser�ed.that.one.of.the.
factors.most.often.�dent�fied.as.be�ng.respons�ble.for.sector.
complex�ty.�n.the.Ch�cago.ARTCC.was.cl�mb�ng.and.
descend�ng.fl�ght.paths ..More.recently,.Kopardekar.and.
Magyar�ts.(2003).found.that.the.number.of.descend�ng.
a�rcraft.and.the.number.of.alt�tude.changes.greater.than.
750.feet.per.m�nute.both.contr�buted.s�gn�ficantly.to.the.
explanat�on.of.�ar�ance.�n.a.l�near.regress�on.model.of.
subject��e.complex�ty.rat�ngs.collected.at.the.Fort.Worth,.
Atlanta,.Cle�eland,.and.Den�er.ARTCCs ..The.Number.
of.Trans�t�on�ng.A�rcraft.represents.the.number.of.a�rcraft.
mak�ng.one.or.more.alt�tude.changes.dur�ng.the.5-m�nute.
process�ng.�nter�al ..To.be.counted.as.a.change,.alt�tude.
must.�ncrease.or.decrease.by.a.m�n�mum.of.200.feet.per.
12-second.radar.update.and.must.cont�nue. to.change.
�n.the.same.d�rect�on.for.at.least.three.updates ..Alt�tude.
changes.result�ng.from.last-m�nute.clearances.made.�n.
an.attempt.to.a�o�d.the.OE.were.excluded.from.counts.
for.the.OE.sample ..The.cr�ter�a.for.these.exclus�ons.are.
descr�bed.�n.the.Method.sect�on .

Exclusion of Static Predictor Variables
Sector.complex�ty.factors.are.generally.descr�bed.�n.two.

ways:.stat�c.and.dynam�c.(Mogford,.Guttman,.Morrow,.&.
Kopardekar,.1995) ..The.pred�ctor.�ar�ables.just.descr�bed.
represent. dynam�c. sector. character�st�cs. because. they.
change.o�er.t�me ..Stat�c.sector.character�st�cs.are.those.
that.change.�nfrequently.or.not.at.all.and.are.generally.
related.to.a�rspace.des�gn.(e .g .,.s�ze.of.the.sector,.number.
of.shel�es.or.tunnels) ..Stat�c.sector.character�st�cs.may.
�ary.between.sectors,.but.they.do.not.�ary.w�th�n.sectors ..
Consequently,.the.�ar�ance.of.stat�c.�ar�ables.would.be.
ser�ously.l�m�ted.�n.the.present.study.because.mult�ple.
OEs.occurred.�n.many.of.the.same.sectors.�n.the.sample ..
E�en.�f.stat�c.sector.character�st�cs.were.related.to.OEs,.
�t. �s. unl�kely. th�s. relat�onsh�p.would.be.detected ..For.
th�s.reason,.pred�ctors.were.restr�cted.to.dynam�c.sector.
character�st�cs ..These.were.subm�tted.to.log�st�c.regres-
s�on.analys�s.to.determ�ne.the.degree.to.wh�ch.they.could.
d�scr�m�nate.between.OE.and.RO.traffic.samples .

Method

Data Sources
Traffic Samples. All.traffic.samples.were.�n�t�ally.der��ed.

from.System.Analys�s.Record�ngs.(SARs).generated.by.
en. route. Host. Computer. Systems ..The. Host. features.
data. reduct�on. programs. that. generate. text. reports. of.
selected.subsets.of.SAR.data ..The.�nformat�on.used.to.
calculate.the.pred�ctor.�ar�ables.was.extracted.from.Log.
and.Track.reports.produced.by.one.of.these.programs,.
the. Data. Analys�s. and. Reduct�on.Tool. (DART) .. Log.
reports.�nclude.controller.entr�es.and.�nformat�on.sent.
to.the.radar.d�splay.and.the.aux�l�ary.text.d�splay.(e .g .,.
data.blocks.and.l�st.�tems) ..Track.reports.conta�n.deta�led.
�nformat�on.(e .g .,.alt�tude,.head�ng,.ground.speed,.and.
pos�t�on).from.the.Host.computer’s.�nternal.radar.track.
database .

OE.traffic.samples.were.der��ed.from.Systemat�c.A�r.
Traffic.Operat�ons.Research.In�t�at��e.(SATORI;.Rodgers.
&.Duke,.1993).files ..SATORI.files.conta�n.reconfigured.
DART.�nformat�on.(� .e .,.log.and.track.reports.�n.a.sl�ghtly.
d�fferent.format) ..SAR.data.are.d�fficult.to.obta�n.from.
fac�l�t�es.because.they.requ�re.a.proh�b�t��e.amount.of.
storage.space ..SATORI.re-creat�ons.requ�re.less.space.and.
so.these.files.are.often.the.only.traffic.data.sa�ed.after.an.
OE ..Therefore,.the.pr�mary.constra�nt.on.the.s�ze.and.
range.of.the.data.set.was.the.a�a�lab�l�ty.of.SATORI.re-
creat�ons ..SATORI.data.meet�ng.process�ng.cr�ter�a.(� .e .,.
fi�e.m�nutes.pr�or.to.the.�n�t�al.loss.of.separat�on).were.
only.a�a�lable.for.119.OEs.occurr�ng.�n.the.ZID.a�rspace.
from.9/17/2001.through.12/10/2003 ..OE.traffic.samples.
from.2003.(n.=.48).were.used.for.model.bu�ld�ng,.and.
the.rema�n�ng.OE.traffic.samples.(n.=.71).were.used.for.
cross.�al�dat�on .

The.RO.traffic.samples.were.der��ed.from.ZID.SAR.
data.recorded.on.5/8/2003.(15:55.to.17:05,.18:55.to.
20:10,.and.20:50.to.22:15.ZULU),.5/9/2003.(0:00.to.
1:10.ZULU),.and.5/10/2003.(11:20.to.12:40.ZULU) ..
DART.log.and.track.text.reports.were.first.encoded.�nto.
database.files.and.then.processed.�n.5-m�nute.�nter�als.
us�ng. custom. software. des�gned. to. calculate. object��e.
measures.from.rout�nely.recorded.NAS.data ..Th�s.pro-
duced.a.total.of.2644.RO.traffic.samples ..A.randomly-
selected.set.(n.=.48).were.used.for.model.bu�ld�ng,.and.
the. rema�n�ng. samples. (n. =. 2596). were. set. as�de. for.
cross. �al�dat�on .. Random. select�on. was. accompl�shed.
by.first.sort�ng.traffic.samples.by.date,.t�me,.and.sector.
number,.then.ass�gn�ng.each.sample.a.random.number.
(generated.by.the.M�crosoft.Excel.RAND.funct�on),.and.
then.resort�ng.the.samples.accord�ng.to.th�s.�alue ..The.
first.48.cases.(equal.to.the.number.of.OE.samples).were.
ass�gned.to.the.model-bu�ld�ng.sample ..A.l�st.of.the.ZID.
sectors.and.the.number.of.assoc�ated.traffic.samples.�n.the.
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model-bu�ld�ng.and.cross-�al�dat�on.samples.�s.pro��ded.
�n.Table.A1.of.Append�x.A .

In.the.model-bu�ld�ng.sample,.the.number.of.samples.
�n.the.RO.and.OE.groups.�s.equ��alent ..Th�s.�s.�mportant.
because.w�dely.d�sparate.group.s�ze.produces.log�st�c.re-
gress�on.models.that.fa�or.(� .e .,.o�er-represent).the.largest.
group ..Equal.group.s�ze.also.ensures.that.class�ficat�on.
accuracy.�n.excess.of.50%.represents.�mpro�ement.o�er.
chance ..On.the.other.hand,.group.s�ze.does.not.matter.
�n.the.cross-�al�dat�on.sample.because.these.cases.are.not.
used.to.bu�ld.the.model ..The.ex�st�ng.model.�s.s�mply.
be�ng.applied.to.the.sample .

Transitioning Aircraft and Heading Change Adjustments
Alt�tude.and.head�ng.changes.made.�n.an.attempt.to.

a�o�d.an.�mm�nent.OE.were.excluded.from.the.analys�s.
us�ng.summary.�nc�dent.narrat��es.from.the.Operat�onal.
Error.In�est�gat�on.form.and.l�sts.of.computer-detected.
changes .. The. summary. �nc�dent. narrat��es. descr�bed.
e�ents.lead�ng.up.to.the.loss.of.separat�on ..The.l�sts.�n-
cluded.the.a�rcraft.�dent�fier,.start.t�me,.stop.t�me,.and.
d�rect�on.of.all.computer-detected.alt�tude.and.head�ng.
changes.used.�n.the.calculat�on.of.the.Number.of.Tran-
s�t�on�ng.A�rcraft.and.Number.of.Head�ng.Changes .

The.t�me.at.wh�ch.the.controller.became.aware.of.a.
potent�al.OE.and.any.act�on.taken.to.a�o�d.loss.of.sepa-
rat�on.were.usually.descr�bed.�n.the.narrat��e ..The.t�me.
and.content.of.the.clearances.obta�ned.from.the.narrat��e.
were.then.compared.w�th.the.l�st.of.computer-detected.
changes.for.the.OE.traffic.sample ..If.the.l�sted.clearance.
matched.one.of. the.changes. (� .e .,.matched.by.a�rcraft.
�dent�fier,.t�me,.and.d�rect�on),.�t.was.marked.for.exclu-
s�on ..In.the.e�ent.that.the.controller.was.not.aware.that.an.
OE.was.about.to.occur.or.the.clearance.�nformat�on.was.
not.conta�ned.�n.the.narrat��e,.all.alt�tude.and.head�ng.
changes.occurr�ng.after.the.confl�ct.alert.warn�ng.(� .e .,.
the.alert.just.pr�or.to.the.loss.of.separat�on).were.marked.
for.exclus�on ..The.exclus�ons.were.then.subtracted.from.
the.summary.measures. (� .e .,.Number.of.Trans�t�on�ng.
A�rcraft. and. Number. of. Head�ng. Changes) .. Alt�tude.
changes.were.e�aluated.by.a�rcraft.rather.than.tabulated.

changes ..The.�alue.of.the.Number.of.Trans�t�on�ng.A�r-
craft.rema�ned.unaltered.�f.an.a�rcraft.w�th.one.excluded.
alt�tude.change.had.other.changes.not.assoc�ated.w�th.an.
OE ..If.an.a�rcraft.made.only.one.change.or.all.alt�tude.
changes.were.assoc�ated.w�th.the.OE,.then.the.a�rcraft.
was.subtracted.from.the.total.�alue.of.the.Number.of.
Trans�t�on�ng.A�rcraft .

Results

Preliminary Logistic Regression Analysis
Stepw�se. el�m�nat�on. was. employed. because. such.

methods.are.extremely.�aluable.�n.the.exploratory.stages.
of.research.when.the.focus.�s.on.�dent�fy�ng.pred�ctors ..
Backward.el�m�nat�on.was.used.for.select�on.because.�t.�s.
less.prone.to.om�t.useful.�ar�ables,.s�nce.all.�ar�ables.are.
�n.the.model.at.the.beg�nn�ng.of.the.process.(Menard,.
1995) ..The.l�kel�hood-rat�o.test,.wh�ch.compares.the.fit.of.
the.model.w�th.and.w�thout.each.pred�ctor.at.e�ery.step,.
was.the.select�on.cr�ter�on.used.because.�t.�s.more.r�gor-
ous.than.other.methods.(Noruš�s,.1990;.Pampel,.2000;.
Tabachn�ck. &. F�dell,. 2006) .. Hosmer. and. Lemeshow.
(2000).recommend.us�ng.cr�ter�on.le�els.as.h�gh.as. .15.or.
 .20.to.ensure.that.all.rele�ant.�ar�ables.are.�ncluded.�n.the.
log�st�c.regress�on.model ..Howe�er,.a.more.conser�at��e.
cr�ter�on.le�el.of. .10.was.used.�n.th�s.analys�s .

Descr�pt��e.stat�st�cs.for.the.model-bu�ld�ng.sample.
are.shown.�n.Table.1 ..Descr�pt��e.stat�st�cs.for.the.cross-
�al�dat�on.sample.are.shown.�n.Table.2 ..It.�s.clear.that.
se�eral.of. the.�ar�ables.were.not.normally.d�str�buted ..
In. the.model-bu�ld�ng. sample,. the.d�str�but�on.of. the.
Number.of.Po�nt.Outs.d�ffered.from.normal.by.nearly.
10.standard.de��at�ons.�n.skewness.and.14.standard.de-
��at�ons.�n.kurtos�s ..The.Number.of.Intersect�ng.Fl�ght.
Paths. de��ated. by. 14. standard. de��at�ons. �n. skewness.
and.by.more.than.40.standard.de��at�ons.�n.kurtos�s ..In.
the.cross-�al�dat�on.sample,.departures.from.normal�ty.
�n.skewness.ranged.from.13.(A�erage.Control.Durat�on).
to.more.than.91.(Number.of.Po�nt.Outs).standard.de-
��at�ons ..Departures.from.normal�ty.�n.kurtos�s.ranged.
from.just.under.4. (Number.of.Trans�t�on�ng.A�rcraft).

Average Control Duration (seconds) 182.05 50.91 -1.19 2.09
Number of Handoffs 4.54 3.05 .72 .02
Number of Heading Changes 2.19 2.19 1.27 1.28
Number of Intersecting Flight Paths .56 .97 3.54 19.67
Number of Point Outs 1.13 1.76 2.44 6.67
Number of Transitioning Aircraft 3.54 2.29 .54 -.27
1SE Skewness = .246; 2SE Kurtosis = .488

Table 1. Descriptive Statistics: Model-building Sample (N = 96)
Variable Mean SD Skew.1 Kurtosis2
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to. more. than. 362. (Number. of. Po�nt. Outs). standard.
de��at�ons ..Beyond.theoret�cal.�ssues.surround�ng.the.use.
of.frequency.data.�n.parametr�c.stat�st�cs,.such.extreme.
departures.from.normal�ty.confirm.the.cho�ce.of.a.non-
parametr�c.stat�st�c .

Though. log�st�c. regress�on. �s. a. “d�str�but�on-free”.
stat�st�c,.�t.�s.not.assumpt�on.free ..As.w�th.other.forms.
of. regress�on,. mult�coll�near�ty. among. the. pred�ctors.
can.lead.to.b�ased.est�mates.(Menard,.1995) ..None.of.
the.Spearman’s.correlat�on.coeffic�ents.shown.�n.Table.3.
are.of.suffic�ent.magn�tude.to.suggest.mult�coll�near�ty.
�n.the.pred�ctor.set ..Tolerance.�alues.were.> .45.for.all.
pred�ctors,.far.�n.excess.of.the.< .20.that.would.�nd�cate.
mult�coll�near�ty ..Correlat�ons.of. the.pred�ctors. �n. the.
cross-�al�dat�on.sample.are.shown.�n.Table.4 ..Although.
all.of.the.coeffic�ents.are.stat�st�cally.s�gn�ficant.(no.doubt.
due.to.the.s�ze.of.the.sample),.the.pattern.of.assoc�at�ons.
�s.s�m�lar.to.that.of.the.model-bu�ld�ng.sample .

The.Model.χ2.represents.the.d�fference.between.the.
-2.log.l�kel�hood.for.the.model.conta�n�ng.the.pred�ctor.
�ar�ables.and.that.of.the.model.w�th.the.constant.only ..
Thus,.the.Model.χ2.�s.analogous.to.the.o�erall.F.�n.l�near.
regress�on.because.�t.tests.the.null.hypothes�s.that.the.coef-
fic�ents.for.all.pred�ctors.�n.the.model.equal.zero.(Noruš�s,.
1990) ..The.final.log�st�c.regress�on.model.for.th�s.sample.
generated.a.Model.χ2(3,.N=96).=.51 .67,.p.< .01,.�nd�-
cat�ng.s�gn�ficantly.�mpro�ed.pred�ct�on.o�er.the.model.
w�th.the.constant.only ..The.Hosmer-Lemeshow.Test.�s.a.
part�cularly.robust.measure.of.fit ..Cases.are.d���ded.�nto.
dec�les.of.pred�cted.probab�l�t�es,.and.then.obser�ed.and.
expected.probab�l�t�es.are.compared.w�th�n.each.dec�le ..
As.w�th.most.goodness-of-fit.measures,.a.non-s�gn�ficant.
result.�s.des�rable ..The.Hosmer-Lemeshow.χ2.(7,.N=96).
=.6 .10,.p = .53.for.th�s.sample.�nd�cated.that.the.model.
fit.the.data.reasonably.well ..

Table 3. Correlation Matrix: Model-building Sample (N = 96)
 1 2 3 4 5 
1 Average Control Duration         
2 Number of Handoffs -.29**        
3 Number of Heading Changes .23* .33**       
4 Number of Intersecting Flight Paths .40** .26* .56**     
5 Number of Point Outs .07 .08 .22 .17   
6 Number of Transitioning Aircraft .03 .38** .58** .38** .22* 

Spearman’s rho; **p < .01; *p < .05

Table 4. Correlation Matrix: Cross-validation Sample (N = 2667)
 1 2 3 4 5 
1 Average Control Duration         
2 Number of Handoffs -.10**        
3 Number of Heading Changes .26** .29**       
4 Number of Intersecting Flight Paths .27** .26** .33**     
5 Number of Point Outs .06** .23** .26** .19**   
6 Number of Transitioning Aircraft .13** .42** .45** .33** .23** 

Spearman’s rho; **p < .01; *p < .05

Average Control Duration (seconds) 173.13 53.60 -.63 .90
Number of Handoffs 3.75 2.70 1.01 1.82
Number of Heading Changes 1.45 1.57 1.58 3.77
Number of Intersecting Flight Paths .26 .52 2.10 5.18
Number of Point Outs .87 1.59 4.32 34.39
Number of Transitioning Aircraft 2.95 2.23 .80 .36
1SE Skewness = .047; 2SE Kurtosis = .095

Table 2. Descriptive Statistics: Cross-validation Sample (N = 2667)
Variable Mean SD Skew.1 Kurtosis2
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Log�st�c. regress�on. coeffic�ents. (B),. standard. errors,.
est�mated.odds.rat�os.(Odds),.95%.confidence.�nter�als.
for. the. odds. rat�os. (95%. CI),. and. s�gn�ficance. �alues.
for. the. l�kel�hood-rat�o. tests. are. pro��ded. �n.Table. 5 ..
Note. that. ne�ther. the. log�st�c. regress�on. coeffic�ents.
nor. standard. errors. are. �nflated ..The. absence. of. large.
coeffic�ents.�nd�cates.a.suffic�ent.rat�o.of.cases.to.pred�c-
tors ..Var�ables.�ncluded.�n.the.model.were.the.Number.
of. Intersect�ng. Fl�ght. Paths,. the. Number. of. Head�ng.
Changes,.and.the.Number.of.Handoffs ..In.th�s.sample,.
e�ery.one-un�t.�ncrease.�n.the.Number.of.Intersect�ng.
Fl�ght.Paths.�ncreased.the.l�kel�hood.by.a.mult�pl�cat��e.
factor.of.4 .94.(� .e .,.�ncreased.the.odds.by.e4 .94) ..In.other.
words,.each.�ntersect�ng.fl�ght.path.detected.�ncreased.the.
l�kel�hood.that.the.traffic.sample.was.an.OE.by.394% ..
E�ery.head�ng.change.�ncreased.the.l�kel�hood.by.58%,.
and.each.handoff.�ncreased.the.l�kel�hood.by.28%.that.
a.traffic.sample.was.an.OE .

Class�ficat�on.accuracy.�n.the.model-bu�ld�ng.sample.�s.
shown.�n.Table.6 ..In.th�s.sample,.41.(85%).of.the.48.ROs.
were.correctly.class�fied,.and.7.(15%).were.m�sclass�fied.
as.OEs ..Of.the.48.OEs.�n.the.model-bu�ld�ng.sample,.
34.(71%).were.correctly.class�fied.and.14.(29%).were.
m�sclass�fied.as.ROs ..O�erall,.class�ficat�on.reached.78%.
accuracy.�n.the.model-bu�ld�ng.sample ..Th�s.represents.

28%.�mpro�ement.o�er.pr�or.probab�l�t�es.(� .e .,.the.num-
ber.that.would.be.correctly.class�fied.by.chance) ..

Class�ficat�on.accuracy.�n.the.cross-�al�dat�on.sample.
�s.shown.�n.Table.7 ..Keep.�n.m�nd.that.relat��e.group.s�ze.
does.not.matter.�n.the.cross-�al�dat�on.sample.because.
these.cases.are.not.be�ng.used.to.bu�ld.the.model ..The.
ex�st�ng. model. �s. s�mply. be�ng. applied. to. the. sample ..
Of.the.ROs.�n.the.cross-�al�dat�on.sample,.1829.(71%).
were.correctly.class�fied.and.767.(29%).were.m�sclass�-
fied.as.OEs ..Of.the.OEs.�n.the.cross-�al�dat�on.sample,.
51.(72%).were.correctly.class�fied.and.20.(28%).were.
m�sclass�fied.as.ROs ..O�erall.class�ficat�on.accuracy.was.
71%.�n.the.cross-�al�dat�on.sample .

Although.the.loss.of.class�ficat�on.accuracy.when.the.
model.was. appl�ed. to. the.RO. samples.was. somewhat.
d�sappo�nt�ng,. the. quest�on. of. whether. the. samples.
were.s�m�lar.enough.for.pool�ng.appl�ed.only.to.the.OE.
samples ..The.s�m�lar�ty.between.class�ficat�on.accuracy.
for.the.model-bu�ld�ng.(71%).and.cross-�al�dat�on.(72%).
OE.samples.suggested.they.were.homogenous.enough.to.
just�fy.pool�ng.for.separate.log�st�c.regress�on.analyses.of.
the.low-.and.h�gh-alt�tude.sectors ..

In. the. pooled. sample. of. OEs,. 40. occurred. �n. the.
low-alt�tude.sectors.and.79.occurred.�n.the.h�gh-alt�tude.
sectors ..The. 40. low-alt�tude. OE. traffic. samples. were.

Number of Intersecting Flight Paths  1.60 .50 4.94 1.86 13.12 .000
Number of Heading Changes .46 .21 1.58 1.05 2.37 .019
Number of Handoffs .25 .11 1.28 1.03 1.59 .019

Constant -3.10 .71 .05   

Table 5. Logistic Regression Summary (N = 96)

Variable B S.E. Odds 95% CI p

Predicted
 Routine Operation Operational Error Total 

Routine Operation 41 (85%) 7 (15%) 48 

O
bs

er
ve

d

Operational Error 14 (29%) 34 (71%) 48 

Table 6. Classification: Model-building Sample (N = 96)

Table 7. Classification: Cross-validation Sample (N = 2667)

Predicted
 Routine Operation Operational Error Total 

Routine Operation 1829 (71%) 767 (29%) 2596 

O
bs

er
ve

d

Operational Error 20 (28%) 51 (72%) 71 
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comb�ned.w�th.40.randomly-selected.low-alt�tude.RO.
traffic.samples.to.produce.a.total.of.80.traffic.samples.for.
the.low-alt�tude.sector.analys�s ..The.79.h�gh-alt�tude.OE.
traffic.samples.were.comb�ned.w�th.79.randomly-selected.
h�gh-alt�tude.RO.traffic.samples.to.produce.a.total.of.158.
traffic.samples.for.the.h�gh-alt�tude.sector.analys�s ..Back-
ward.stepw�se.el�m�nat�on.us�ng.the.l�kel�hood-rat�o.test.
as.select�on.cr�ter�on.(p = .10).was.employed.for.both.the.
low-.and.h�gh-alt�tude.sector.log�st�c.regress�on.analyses ..
Append�x.A.conta�ns.a.l�st.of.the.ZID.sectors.and.the.
number. of. low-alt�tude. (Table. A2). and. h�gh-alt�tude.
(Table.A3).traffic.samples.assoc�ated.w�th.each .

Logistic Regression Analysis: Low-Altitude Sectors
As.shown.�n.Table.8,.the.Number.of.Head�ng.Changes.

�s.h�ghly.correlated.w�th.both.the.Number.of.Intersect�ng.
Fl�ght.Paths.(r

s
= .62).and.the.Number.of.Trans�t�on�ng.

A�rcraft. (r
s
= .68) ..The. assoc�at�on. between. Number. of.

Trans�t�on�ng. A�rcraft. and. the. Number. of. Handoffs.
(r

s
= .61). �s. also. of. suffic�ent. magn�tude. for. concern ..

Ne�ertheless,.Tolerance.�alues.were.>. .40.for.all.pred�c-
tors,.�nd�cat�ng.there.�s.no.reason.to.suspect.b�as.due.to.
mult�coll�near�ty.�n.the.low-alt�tude.sector.sample .

The. log�st�c. regress�on. model. for. the. low-alt�tude.
sample.generated.a.Model.χ2(3,.N=80).=.23 .82,.p.< .01,.
�nd�cat�ng. s�gn�ficantly. �mpro�ed. pred�ct�on. o�er. the.
model. w�th. the. constant. only .. The. non-s�gn�ficant.
Hosmer-Lemeshow.χ2.(8,.N=80).=.1 .61,.p= .99.for.the.
low-alt�tude.sample.s�gn�fies.that.the.model.fit.the.data.
well ..Log�st�c.regress�on.coeffic�ents.(B),.standard.errors,.
est�mated.odds.rat�os.(Odds),.95%.confidence.�nter�als.
for. the. odds. rat�os. (95%. CI),. and. s�gn�ficance. �alues.
for.the.l�kel�hood-rat�o.tests.for.the.low-alt�tude.sector.
sample.are.pro��ded.�n.Table.9 ..As.w�th.the.full.sample,.
ne�ther.the.log�st�c.regress�on.coeffic�ents.nor.standard.
errors.are.�nflated,.�nd�cat�ng.a.suffic�ent.rat�o.of.cases.
to.pred�ctors .

In.the.low-alt�tude.sample.model,.the.Number.of.In-
tersect�ng.Fl�ght.Paths.had.the.h�ghest.odds.rat�o.(2 .89),.
followed.by.the.Number.of.Po�nt.Outs.(1 .57),.and.the.
Number.of.Handoffs.(1 .19) ..In.other.words,.each.�nter-
sect�ng.fl�ght.path.�ncreased.the.l�kel�hood.that.the.traffic.

sample.was.an.OE.by.189%,.each.po�nt.out.�ncreased.
the.l�kel�hood.by.57%,.and.each.handoff.�ncreased.OE.
l�kel�hood.by.19% ..Howe�er,.the.confidence.�nter�als.for.
the.Number.of.Po�nt.Outs.and.the.Number.of.Handoffs.
suggest.that.the.parameter.est�mates.for.these.pred�ctors.
m�ght.not.general�ze.to.another.sample .

Class�ficat�on. accuracy. �n. the. low-alt�tude. sample.
(Table.10).was.s�m�lar.to.that.of.the.comb�ned.sample ..
Of. the.40.ROs. �n. the. low-alt�tude. sample,.32. (80%).
were.correctly.class�fied.and.8.(20%).were.m�sclass�fied.
as.OEs ..Of.the.40.OEs.�n.the.sample,.28.(70%).were.
correctly.class�fied.and.12.(30%).were.m�sclass�fied.as.
ROs .. O�erall,. the. low-alt�tude. model. had. 75%. clas-
s�ficat�on.accuracy .

Logistic Regression Analysis: High-Altitude Sectors
Although.se�eral.of.the.Spearman’s.correlat�ons.shown.

�n.Table.11.are.stat�st�cally.s�gn�ficant,.none.of.coeffic�ents.
are.of.suffic�ent.magn�tude.to.suggest.mult�coll�near�ty ..
Accord�ngly,.Tolerance.�alues.were.h�gh.( .56.and.abo�e).
for.all.pred�ctors.�n.th�s.sample .

The. log�st�c. regress�on. model. for. the. h�gh-alt�tude.
sample. generated. a. Model. χ2(4,. N=158). =. 73 .01,. p.
< .01,.�nd�cat�ng.s�gn�ficantly.�mpro�ed.pred�ct�on.o�er.
the.model.w�th.the.constant.only ..The.non-s�gn�ficant.
Hosmer-Lemeshow. χ2. (8,. N=158). =. 3 .33,. p= .91. for.
the.h�gh-alt�tude.sample.�er�fied.that.the.model.fit.the.
data ..Log�st�c.regress�on.coeffic�ents.(B),.standard.errors,.
est�mated.odds.rat�os.(Odds),.95%.confidence.�nter�als.
for. the. odds. rat�os. (95%. CI),. and. s�gn�ficance. �alues.
for.the.l�kel�hood-rat�o.tests.for.the.h�gh-alt�tude.sector.
sample.are.pro��ded.�n.Table.12 ..As.w�th.the.full.sample,.
ne�ther.the.log�st�c.regress�on.coeffic�ents.nor.standard.
errors.are.�nord�nately.large,.�nd�cat�ng.a.suffic�ent.rat�o.
of.cases.to.pred�ctors .

In. the.h�gh-alt�tude. sample.model,. the.Number.of.
Intersect�ng. Fl�ght. Paths. had. the. h�ghest. odds. rat�o.
(2 .00),. followed.by. the.Number.of.Head�ng.Changes.
(1 .36),.the.Number.of.Trans�t�on�ng.A�rcraft.(1 .27),.and.
A�erage.Control.Durat�on.(1 .01) ..In.other.words,.each.
one-un�t.�ncrease.�n.the.Number.of.Intersect�ng.Fl�ght.
Paths.�ncreased.the.l�kel�hood.that.a.traffic.sample.was.

Table 8. Correlation Matrix: Low-Altitude Sectors (N = 80)
 1 2 3 4 5 
1 Average Control Duration         
2 Number of Handoffs -.27*        
3 Number of Heading Changes .21 .40**       
4 Number of Intersecting Flight Paths .33** .32** .62**     
5 Number of Point Outs -.14 .17 .25* .06   
6 Number of Transitioning Aircraft .22 .61** .68** .56** .08 

Spearman’s rho; **p < .01; *p < .05
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Number of Intersecting Flight Paths 1.06 .36 2.89 1.43 5.83 .00
Number of Point Outs .45 .24 1.57 .98 2.52 .04
Number of Handoffs .17 .11 1.19 .97 1.46 .10

Constant -1.94 .57 .14   

Table 9. Logistic Regression Summary: Low-Altitude Sectors  (N = 80)

Variable B S.E. Odds 95% CI p

Predicted
 Routine Operation Operational Error Total 

Routine Operation 32 (80%) 8 (20%) 40 

O
bs

er
ve

d

Operational Error 12 (30%) 28 (70%) 40 

Table 10. Classification: Low-Altitude Sectors (N = 80 )

Table 11. Correlation Matrix: High-Altitude Sectors (N = 158)
 1 2 3 4 5 
1 Average Control Duration         
2 Number of Handoffs -.14        
3 Number of Heading Changes .36** .42**       
4 Number of Intersecting Flight Paths .49** .22** .51**     
5 Number of Point Outs .11 .24** .21** .24**   
6 Number of Transitioning Aircraft .16* .43** .53** .39** .19* 

Spearman’s rho; **p < .01; *p < .05

Number of Intersecting Flight Paths .69 .28 2.00 1.16 3.45 .01
Number of Heading Changes .31 .15 1.36 1.01 1.83 .03
Number of Transitioning Aircraft .24 .11 1.27 1.03 1.57 .02
Average Control Duration .01 .01 1.01 1.00 1.03 .01

Constant -4.43 1.11 .01   

Table 12. Logistic Regression Summary: High-Altitude Sectors (N = 158)

Variable B S.E. Odds 95% CI p
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an.OE.by.100%,.each.one-un�t.�ncrease.�n.the.Number.
of.Head�ng.Changes.�ncreased.the.l�kel�hood.by.36%,.
e�ery.Trans�t�on�ng.A�rcraft.�ncreased.the.l�kel�hood.by.
27%,.and.each.one-second.�ncrease.�n.A�erage.Control.
Durat�on.�ncreased.the.l�kel�hood.by.1% .

Class�ficat�on. accuracy. �n. the. h�gh-alt�tude. sample.
(Table.13).was.sl�ghtly.better.than.that.of.the.low-alt�tude.
sample ..Of.the.79.ROs.�n.the.h�gh-alt�tude.sample,.64.
(81%).were.correctly.class�fied.and.15.(19%).were.m�s-
class�fied.as.OEs ..Of.the.79.OEs.�n.the.sample,.60.(76%).
were.correctly.class�fied,.and.19.(24%).were.m�sclass�fied.
as.ROs ..O�erall,.the.h�gh-alt�tude.model.had.79%.clas-
s�ficat�on.accuracy ..Th�s.represents.a.29%.�mpro�ement.
o�er.pr�or.probab�l�t�es.(� .e .,.the.number.that.would.be.
correctly.class�fied.by.chance) .

D�scuss�on

The.results.of.the.log�st�c.regress�on.analyses.�nd�cate.
that.a.suffic�ent.model.may.be.constructed.from.sector.
character�st�cs.�ar�ables ..O�erall.class�ficat�on.accuracy.be-
tween.75-79%.�s.remarkable.for.models.constructed.solely.
of.en��ronmental.and.contextual.factors ..After.all,.other.
factors.(e .g .,.human.elements,.organ�zat�onal.�nfluences).
also.contr�bute.to.the.occurrence.of.OEs ..Unfortunately,.
all.the.log�st�c.regress�on.models.were.better.at.class�fy�ng.
ROs.than.OEs ..Class�ficat�on.of.OEs.ranged.from.as.low.
as.70%.�n.the.low-alt�tude.sector.sample.to.76%.�n.the.
h�gh-alt�tude. sample .. Although. th�s. le�el. of. accuracy.
would.be.unacceptable.for.most.automat�on.tools,.�t.�s.
unreal�st�c.to.expect.defin�t��e.results.from.one.or.two.
analyses ..Moreo�er,.the.sector.character�st�c.�ar�ables.used.
�n.these.analyses.do.not.represent.an.exhaust��e.l�st.of.all.
the.potent�al.pred�ctors.of.OEs .

One.of.the.most.unexpected.find�ngs.was.the.un�que-
ness.of.the.prel�m�nary.analys�s.model ..The.Number.of.
Handoffs.had.an.odds.rat�o.of.1 .28,.and.yet.th�s.�ar�able.
fa�led.to.demonstrate.a.s�m�lar.le�el.of.�nfluence.�n.the.
low-alt�tude.model.and.was.consp�cuously.absent.from.the.
h�gh-alt�tude.model ..The.relat��e.�nfluence.of.the.Number.
of.Handoffs.when.low-.and.h�gh-alt�tude.sectors.were.
comb�ned.�s.e�ther.an.�nd�ctment.of.the.use.of.regress�on.

techn�ques.�n.general.(� .e .,.they.tend.to.cap�tal�ze.on.the.
un�que. character�st�cs.of. the. sample).or. an. �nd�cat�on.
that. traffic.count.becomes.more.sal�ent.as. the. le�el.of.
analys�s. changes ..Most.dynam�c.�ar�ables. correlate,. to.
a.greater.or.lesser.degree,.w�th.traffic.count ..Therefore,.
traffic.count.may.emerge.as.un�que.character�st�cs.of.the.
low-.and.h�gh-alt�tude.sectors.are.obscured ..That.traffic.
count. rema�ns. the. s�ngle.best.pred�ctor.of.OEs.at. the.
nat�onal.le�el,.yet.fa�ls.to.pred�ct.well.at.the.sector.le�el,.
may.be.an.example.of.th�s.phenomenon ..Consequently,.
d�fferences.between.the.low-alt�tude,.h�gh-alt�tude,.and.
comb�ned.models.m�ght.ha�e.�mpl�cat�ons.for.the.su�t-
ab�l�ty.of.apply�ng.pol�c�es.based.on.e�aluat�ons.made.at.
the.nat�onal.le�el.at.the.sector.le�el .

Low-Altitude Sector Model
The. most. �nfluent�al. �ar�able. �n. the. low-alt�tude.

sector. model. was. the. Number. of. Intersect�ng. Fl�ght.
Paths.(Odds.=.2 .89),.followed.by.the.Number.of.Po�nt.
Outs,. and. the. Number. of. Handoffs. (Odds. =. 1 .19) ..
As�de.from.the.add�t�on.of.the.Number.of.Intersect�ng.
Fl�ght.Paths,.th�s.model.was.s�m�lar.to.the.low-alt�tude.
sector.model.�n.Pfle�derer.and.Mann�ng.(2007) ..In.the.
pre��ous. study,. the.most. �nfluent�al. pred�ctor.was. the.
Number.of.Po�nt.Outs.(Odds.=.3 .30),.followed.by.the.
Number.of.Handoffs.(Odds.=.1 .54),.and.the.Number.
of.Head�ng.Changes.(Odds.=.1 .49) ..Doubts.about.the.
�al�d�ty.of.the.Number.of.Head�ng.Changes.as.a.genu�ne.
pred�ctor.�n.the.pre��ous.study.were.due.to.concerns.that.
much.of.�ts.effect.�n.the.low-alt�tude.model.was.related.
to.clearances.made.�n.an.attempt.to.resol�e.the.OE ..As.
ant�c�pated,.the.Number.of.Head�ng.Changes.was.not.
�ncluded.�n.the.low-alt�tude.sector.model.once.th�s.�ar�-
able.was.adjusted ..Both.the.Number.of.Po�nt.Outs.and.
the.Number.of.Handoffs.lost.a.cons�derable.amount.of.
rel�ab�l�ty,.as.e��denced.by.the.range.of.the.confidence.
�nter�als ..On.the.other.hand,.the.fact.that.the.Number.
of.Po�nt.Outs.and.the.Number.of.Handoffs.were.also.
�ncluded.�n.the.pre��ous.model.(based.on.a.completely.
d�fferent.sample.of.ROs).somewhat.bel�es.the.content�on.
that.these.parameter.est�mates.m�ght.not.general�ze.to.
another.sample .

Predicted
 Routine Operation Operational Error Total 

Routine Operation 64 (81%) 15 (19%) 79 

O
bs

er
ve

d

Operational Error 19 (24%) 60 (76%) 79 

Table 13. Classification: High-Altitude Sectors (N = 158)
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On.the.whole,.class�ficat�on.accuracy.�n.the.low-alt�-
tude.samples.was.�nfer�or.to.that.of.the.pre��ous.study ..
Although.class�ficat�on.of.the.RO.samples.was.�mpro�ed.
(80%.as.opposed.to.77%.�n.the.pre��ous.analys�s),.OE.
class�ficat�on.was.not ..The.current.model,.as.compared.
to.82%.accurate.class�ficat�on.�n.the.pre��ous.analys�s,.
accurately.class�fied.only.70%.of.the.OE.samples .

The.pred�ct��e.strength.of.the.Number.of.Po�nt.Outs.
and.the.Number.of.Handoffs.�n.the.Pfle�derer.and.Man-
n�ng.(2007).results.suggested.that.coord�nat�on.played.
a.pr�mary.role.�n.the.de�elopment.of.OEs.�n.the.ZID.
low-alt�tude. sectors ..Th�s. �mpress�on.was.bolstered.by.
the. Pfle�derer. et. al .. (2007). data,. �n. wh�ch. controllers.
and.super��sors.at.ZID.rated.coord�nat�on.as.one.of.the.
pr�mary. sources.of. complex�ty. �n. low-alt�tude. sectors ..
Consequently,.the.emergence.of.the.Number.of.Inter-
sect�ng.Fl�ght.Paths.as.the.most.�nfluent�al.pred�ctor.�n.
the. current. low-alt�tude. log�st�c. regress�on. model. was.
surpr�s�ng,.because.controller.and.super��sor.rat�ngs.for.
th�s.complex�ty.factor.were.moderate.�n.the.low-alt�tude.
sectors .. The. results. of. the. log�st�c. regress�on. analys�s.
suggest. that. coord�nat�on. may. be. a. contr�but�ng. fac-
tor,.but.con�erg�ng.traffic.patterns.m�ght.be.of.greater.
consequence .

High-Altitude Sector Model
The.Number.of.Intersect�ng.Fl�ght.Paths.was.the.most.

�nfluent�al.pred�ctor. �n. the.h�gh-alt�tude. sector.model.
(Odds. =. 2 .00),. followed. by. the. Number. of. Head�ng.
Changes ..As.ant�c�pated,. there.was.a. reduct�on. �n. the.
relat��e.�nfluence.of.the.Number.of.Head�ng.Changes.
after.adjustments.were.made.to.exclude.changes.made.
�n.response.to.clearances.to.a�o�d.an.�mm�nent.OE.(� .e .,.
the.est�mated.odds.rat�o.was.reduced.from.2 .28.�n.the.
pre��ous.study.to.1 .36.�n.the.present.study) ..Ne�ertheless,.
�t.rema�ned.a.s�gn�ficant.pred�ctor.�n.the.h�gh-alt�tude.
model ..Other.elements.of.the.model.were.nearly.�dent�cal.
to.those.of.Pfle�derer.and.Mann�ng.(2007) ..The.Number.
of.Trans�t�on�ng.A�rcraft.had.an.est�mated.odds.rat�o.of.
1 .26.�n.the.pre��ous.study.and.�ncreased.to.1 .27.�n.the.
present.one ..A�erage.Control.Durat�on.had.an.est�mated.
odds.rat�o.of.1 .02.�n.the.pre��ous.study.and.decreased.
to.1 .01.�n.the.present.one ..Class�ficat�on.accuracy.�n.the.
h�gh-alt�tude.sample.was.also.relat��ely.cons�stent.between.
the.two.stud�es ..Both.models.correctly.class�fied.81%.of.
the.ROs ..Howe�er,.79%.of.the.OEs.were.correctly.clas-
s�fied.�n.the.pre��ous.analys�s,.whereas.only.76%.were.
correctly.class�fied.�n.th�s.one .

The.�nfluence.of.the.Number.of.Intersect�ng.Fl�ght.
Paths.was.no.surpr�se.�n.th�s.sample,.because.ZID.control-
lers.and.super��sors.rated.th�s.complex�ty.factor.one.of.
the.most.�nfluent�al.�n.the.h�gh-.and.super.h�gh-alt�tude.

sectors.(Pfle�derer.et.al .,.2007) ..The.Number.of.Head�ng.
Changes. rema�ned. �nfluent�al,. desp�te. changes. to. the.
process�ng.�nter�al.and.adjustments.to.the.�ar�able.�tself ..
Th�s.�s.cons�stent.w�th.Laudeman.et.al ..(1998),.�n.wh�ch.
head�ng.changes.rece��ed.the.h�ghest.beta.we�ght. �n.a.
l�near.mult�ple.regress�on.analys�s.of.controller.rat�ngs.of.
act���ty.�n.four.sectors.at.the.Den�er.ARTCC ..In.the�r.
d�scuss�on,.the.authors.attr�buted.the.�nfluence.of.head�ng.
changes.to.the.“s�gn�ficant.arr��al.traffic.�n.all.the.sectors.
that.were.obser�ed”.(p ..7) ..Arr��al.and.departure.traffic.
complex�ty.�s.generally.cons�dered.to.be.a.low-alt�tude.
phenomenon,.but.th�s.percept�on.may.be.�naccurate ..In.
the.present.study,.the.Number.of.Head�ng.Changes.was.
extremely.�nfluent�al.�n.the.h�gh-alt�tude.model.but.fa�led.
to.be.�ncluded.�n.the.low-alt�tude.sector.model ..

The.th�rd.most.�nfluent�al.factor.�n.the.h�gh-alt�tude.
log�st�c.regress�on.analys�s.was.the.Number.of.Trans�t�on-
�ng.A�rcraft ..Cl�mb�ng.and.descend�ng.traffic.has.long.been.
recogn�zed.as.a.contr�butor.to.the.d�fficulty.of.work�ng.
a.sector.(e .g .,.Arad,.1964;.Grossberg,.1989;.Kopardekar.
&.Magyar�ts,.2003) ..Th�s.find�ng.�s.also.cons�stent.w�th.
Pfle�derer.et.al ..(2007),.�n.wh�ch.the.complex�ty.factor.
Cl�mb�ng.and.Descend�ng.Traffic.rece��ed.the.h�ghest.
complex�ty.rat�ng.for.the.h�gh-and.super.h�gh-alt�tude.
sectors .

The. fourth. �ar�able. �ncluded. �n. the. h�gh-alt�tude.
sample.model.was.A�erage.Control.Durat�on ..Odds.ra-
t�os.�n.log�st�c.regress�on.are.an.�nd�cat�on.of.effect.s�ze ..
The.closer. the.odds.are. to.zero,. the. smaller. the.effect.
s�ze ..Consequently,.a.1 .01.odds.rat�o.suggests.that.the.
effect.for.A�erage.Control.Durat�on.�s.small ..Howe�er,.
�t. �s. �mportant. to. remember. that. log�st�c. regress�on.
coeffic�ents.(� .e .,.the.natural.logs.of.the.odds.rat�os).are.
not.standard�zed ..A�erage.Control.Durat�on.�s.based.on.
the.number.of. seconds. each. a�rcraft.was. controlled.by.
the.sector ..Thus,.a.m�n�mal.change.�n.A�erage.Control.
Durat�on.produced.a.relat��ely.large.1%.change.�n.the.
l�kel�hood.that.a.traffic.sample.was.an.OE .

Future Research
Although.log�st�c.regress�on.cannot.be.used.to.�dent�fy.

causal.factors.d�rectly.(� .e .,.pred�ct�on.�s.not.the.same.as.
causat�on),.the.log�st�c.regress�on.coeffic�ents.do.pro��de.
�nformat�on.about.the.likelihood.of.an.OE.relat��e.to.the.
pred�ctors.�n.the.model ..Thus,.the.results.ha�e.�mmed�-
ate.heur�st�c. �alue. �n. that. they. �n��te.quest�ons. about.
how.the.dynam�c.pred�ctors. �nteract.w�th.stat�c.sector.
character�st�cs .. Dynam�c. elements. lend. themsel�es. to.
automat�on.appl�cat�ons,.but.stat�c.character�st�cs.must.be.
addressed.by.sector.restructur�ng ..The.dynam�c.pred�ctors.
that.make.up.the.log�st�c.regress�on.models.are.�nd�cants.
of.cond�t�ons.that.d�scr�m�nate.between.OEs.and.ROs ..



12

These.�nd�cants.may.be.used.to.re�eal.aspects.of.the.sector.
en��ronment.that.m�ght.be.altered.to.reduce.the.number.
of.OEs ..For.example,.the.comb�nat�on.of.the.Number.
of.Po�nt.Outs.and.the.Number.of.Handoffs.�n.the.low-
alt�tude.sector.model.may.�nd�cate.that.the.locat�on.of.
sector.boundar�es.�ncreases.coord�nat�on.workload.and.
complex�ty ..As.Coulur�s.and.Schm�dt.(1973).obser�ed,.
handoffs.and.po�nt.outs.“result.from,.or.are.�nfluenced.by,.
the.ex�stence.and.des�gn.(shape).of.the.sectors”.(p ..657) ..
On.the.other.hand,.the.comb�nat�on.of.the.Number.of.
Po�nt.Outs.and.the.Number.of.Intersect�ng.Fl�ght.Paths.
may.po�nt. to.problems.w�th. the.or�entat�on.of. traffic.
paths. relat��e. to. those. boundar�es .. The. comb�nat�on.
of.the.Number.of.Head�ng.Changes.and.the.Number.
of.Trans�t�on�ng.A�rcraft.�n.the.h�gh-alt�tude.sectors.�s.
suggest��e.of.traffic.complex�ty.�n.h�gh-alt�tude.sectors.
adjacent.to.low-alt�tude.arr��al.or.departure.sectors ..A�-
erage.Control.Durat�on.as.a.pred�ctor.of.OEs.may.be.a.
funct�on.of.the.s�ze.of.h�gh-alt�tude.sectors .

Because.of.the.research.that.rema�ns.to.be.accompl�shed,.
these.results.must.be.��ewed.as.prel�m�nary ..G��en.the.
sample.s�ze.and.consequent.restr�ct�on.of.the.pred�ctor.
set,.there.�s.no.guarantee.that.these.results.w�ll.general�ze.
to.other.samples ..Mult�ple.stud�es,.w�th.samples.s�zes.that.
allow.for.a.more.�nclus��e.l�st.of.pred�ctors,.must.be.con-
ducted.at.a.number.of.fac�l�t�es.before.such.models.m�ght.
be.rel�able.enough.for.pract�cal.appl�cat�ons ..Ne�ertheless,.
the.methodology.of.compar�ng.OE.and.RO.traffic.samples.
�s.prom�s�ng ..Cont�nued.�n�est�gat�ons.along.these.l�nes.
may.h�ghl�ght.complex�ty.factors.that.must.be.addressed.
to.ensure.that.separat�on.�s.ma�nta�ned .
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A1

Append�x.A
Indianapolis Air Route Traffic Control Center Traffic Samples

Table A1. Model-building and Cross-validation Samples

Number of Associated Traffic Samples 
Model-building Sample Cross-validation Sample 

Sector
Number 

Sector
Name 

Sector
Strata

Routine 
Operation 

Operational 
Error

Routine 
Operation 

Operational 
Error

18 Nabb LO 2 3 71 4 
19 New Hope LO 1 2 75 1 
20 Lexington LO 2 3 43 1 
21 London LO 3 0 73 1 
24 Parkersburg LO 0 0 76 1 
25 Hazard LO 0 1 60 0 
26 River LO 1 1 74 1 
30 Columbus LO 0 2 76 2 
31 Lytle LO 0 1 75 3 
32 Rosewood LO 0 1 70 1 
33 Muncie LO 3 0 73 1 
34 Shelbyville LO 3 1 73 3 
35 Terre Haute LO 0 0 62 3 
66 Madison HI 1 3 75 3 
69 Pike LO 2 1 74 2 
76 Batesville SH 2 0 63 1 
78 Springfield HI (IM) 1 1 75 1 
79 Bobcat HI (IH) 0 4 73 1 
80 King HI 1 1 73 2 
81 Pocket City HI 3 1 72 3 
82 Louisville HI 2 3 72 5 
83 Falmouth HI 3 1 74 1 
84 Rebel HI 2 0 74 0 
85 Charleston HI 2 1 74 4 
86 Beckley HI 1 3 75 2 
87 Appleton HI 3 3 73 2 
88 Dayton HI 2 2 72 6 
89 Indianapolis HI 1 2 75 5 
91 Impel SH 1 2 62 1 
92 Mystic SH 1 1 51 2 
93 Dacos SH 1 0 75 2 
94 Somerset SH 0 0 74 2 
95 Henderson SH 0 2 76 1 
96 Bluefield SH 0 1 74 0 
97 Lockbourne SH 3 0 73 1 
98 Patterson SH 1 0 48 0 
99 Wabash SH 0 1 68 2 

TOTAL 48 48 2596 71 



A2

Table A2. Low-Altitude Sector Sample

Number of Associated Traffic Samples Sector
Number 

Sector
Name 

Sector
Strata Routine Operation Operational Error 

18 Nabb LO 0 7 
19 New Hope LO 4 3 
20 Lexington LO 1 4 
21 London LO 2 1 
24 Parkersburg LO 4 1 
25 Hazard LO 2 1 
26 River LO 2 2 
30 Columbus LO 3 4 
31 Lytle LO 4 4 
32 Rosewood LO 3 2 
33 Muncie LO 0 1 
34 Shelbyville LO 2 4 
35 Terre Haute LO 6 3 
69 Pike LO 7 3 

TOTAL 40 40 

Table A3. High-Altitude Sector Sample

Number of Associated Traffic Samples Sector
Number 

Sector
Name 

Sector
Strata Routine Operation Operational Error 

66 Madison HI 6 6 
76 Batesville SH 3 1 
78 Springfield HI (IM) 5 2 
79 Bobcat HI (IH) 5 5 
80 King HI 4 3 
81 Pocket City HI 1 4 
82 Louisville HI 2 8 
83 Falmouth HI 1 2 
84 Rebel HI 4 0 
85 Charleston HI 1 5 
86 Beckley HI 1 5 
87 Appleton HI 4 5 
88 Dayton HI 3 8 
89 Indianapolis HI 2 7 
91 Impel SH 2 3 
92 Mystic SH 3 3 
93 Dacos SH 6 2 
94 Somerset SH 3 2 
95 Henderson SH 6 3 
96 Bluefield SH 7 1 
97 Lockbourne SH 5 1 
98 Patterson SH 1 0 
99 Wabash SH 4 3 

TOTAL 79 79 


