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1.5
BalancingAdoerseImpact, Selection
Errors, and EmployeePerfolmance

in thePresence
ofTestBias
Herman Aguinis and Marlene A. Smith

Inlroduction
AdveEe impact (AI) is a central issue in organizational staffing and highstak€s selection. Although this concept has a long history @edeck, 2009),
it is usually operationalized as a ratio of two selection ratios (SRs)(Biddle,
2005,Bobko & Roth,2004). AI = SR,/SRz where SR, and SR, are the number of applicants selected divided by the total number of applicants for the
minority and maiority troups of applicants, respectiv+
It is desirable for Al to be as clos€ to 1.0 as possible because AI = 1.0
means that the selection ratios are identi.al across groups (e.9., ethnic
majority and ethnic minority Sroups). However, the 80% Al benchmark
(i.e., AI = 0.80) has been institutionalized as a desirable target since the
publication of the Uniforn Guidclines on Enployee SelectionProceAwesin
1978.Specifically. Section A notes that "a selection rate for any race, sex,
or ethnic group which is less than 4/5ths (or 80p/")of the rate for the Sroup
with the highest rate will generally be regarded by the Federal enforcem€nt
agmcies as evidence of adveEe impact" (p. 3814. Federal a8encies use
the 80"/. benchmark when iuddry compliance with federal guidelines. For
€xample, Roth, Bobko, and Switzer (2005)noted that the typical first step in
compliance proceedings includes checkinS the 80"/. benchmark and continuing with the process only if this benchmark is not met. Violating the
8070benchma* has important and often very costly implications for organizationt and in most situationt organizations will be better off avoiding
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decisionmaker; try to achievean AI ratio of at least0 80
when
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scoresto mitigate AI can also influencethe organizationregarding other
important outcomes:the performanceof thos€individuals hi.ed and biasbasedfalsepositiveand falseneSativeerrors.

Basics Concepas and Terminology
In selection decision makin& a test score random variabte X and a iob performance random varrableY are preAumedto fo o$, a joint probabitir)
distribution. Y is related to X via a regression line as shown in Figure 15.i.
For simplicity, this figure includes two groups only; croup I represents rhe
minority group (e.& ethnic rninority) and Croup 2 the majority
Sroup (e.g.,
ethnic majority),but the model can be extendedro muttjple troups. aroup
1 and Group 2 may follow a commo rcgressio h''c E(ylX) = d + pX Tl js
common regression line represents an unbias€d test because,at any given
test score (i* in Figure lt1), it predicrs identical performance levels y* for
both groups (AERA, APA, & NCME, 1999).Thig of course, woutd be the
ideal situation becaus€no test bias exists. ln other situations. however. and
unbeknown to selection decision makers due to the low statisticaI power of
th€ bias assessmentprocedures, each group may fotlow fts unique
8/oll
slBcifc ryssion Ii e,which are also shown in Figure 15.1.If a test is biased,
it will predict averaSeperformance y,. = E(Y,l.!.) for croup 1 and vr. =

(i)|mon

Reg6ion

E\ylx)=a+p\

Lin€:

Group2 ReSrsiont_ine:

f

flculE rs.t
Common and grouFsp€ific

e8re$ion lines and cur scoE (cronp I is the erhni. minorjry
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(see Figure l5.l): (a) one to be used for both Broups based on the common r€gressionline (i.e.,r) (b) one to be used for Group 1 based on its
arouF

sFe.ifi.

lin.

(i.,

r,*,

5nd

(c) on.

io r..

u'cd

fo. croup

2l'.eo.l

oD

its group specificline (i.e.,.!i). Sincethe passinSof the Civil Rights Act
of 1991,the useof group-specificlines and cutscoresin selectiondecision
making is generallyunlawful. So,either becausebias is not detecteddue
to low statisticalpower or becauseit is Senerallyunlawful to use differential cut scores,the common regressionline is often used for both groups
even when bias exists-In such situations,selectionerrors (i.e.,bias based
expect€dselectionerrors)are inevitably introduced becauseusint groupspecidclines and cut scoreswould maximize decision-makingaccuracy.
Therefore,considering test bias provides a more comprehensivepictur€
and increasesthe complexity of the cut score AI relatjonshipjn that different forms and the degree of bias will lead to different types of bias
based selectionerrors. N€xt we discuss three ranSesof test scoresand
conditions under which selectiondecision makers are likely to be surprised (in some cas€squite unpleasantly)in terms of selectionoutcomes
other than the AI they are attempting to miti8ate by lowerin8 cut scores.

Three Relevant Regions of Test Scores
Fisure 15.3includesa graphic display of what we identify as three jmportant rangesof testscoresusing as illustration a fairly commonly observed
situation in selection contexts (i.e-,differences in intercepts but not slopes
acrosstroups in which only two Sroups are under considention). we
identify these three ranget which we refer to as /egions,because several
unanticipated selection outcomes will depend on the location of the cut
scores in one or another retion:
I- Region I encompasseslow-performance and low selection cutoff
values.In the illustrativeselectionscenariodepictedin FiSure15.3,
ReSion I will sp€cifically be defined as the area to the left of the
intersectionofthe common and Croup I regressionlines.Note in
FiSure 15.3that for a given y' value, ri < rr- < r- in this retion. In
other wordr the troup-speciEccut scoresare lower than that of
the common regression line in this region given y1
Il. RegionII includesthemiddle rangeof performanceand s€Iection
cutoffs. For a situation such as the one in Figure 15.3,this rction
includes the area between the intersection of the common and
Croup I regression lines and the intersection of the common and

AiLtefte lmpact
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G@p
Crmmon R€gKion

2 Reg6ion

Line:

Line

Greup 1 Regwion Line:

FICURE
15.3
Three.egio$ of leslsre

in thePre*n@of int .cPl basedtestbias

Group 2 retression lines. In Figure 15.3,note that i2* < rt < rr* for
any given performance level in this region; the common regression cut score lies betwe€n the SrouP-specific cut scores
III. Region III encompassesthe hEh-Performance, high selection cut
score range. Referring atain to FiSure 15.1 this re$on is th€ area
to the right of the intersection of the common and GrouP 2 regression lines so that .r* < rr' < .rr* for a Siven value of y' (i€., the common rcgression cut score is Iower than that of the grouP_sPecific
crlt scores).

Understanding the R€lationshiP Among Test Score
Regions, Cut Scores, Expected Performance, Bias-Based
Expected Selection Errors, and ExPected Selection Ratios
In this sectior! we provide a discussion of what hapP€ns when test bias is
present (albeit small in magnitude) and cut scores are lowered alonS the
iest score continuum to mitigate AI- We refer to the three regions identi
fied and discuss implications in terms of (a) dif{ermtialt b€tween anticiDated and actual Derformance of those individuals who are selected, (b)
;ebctivity and utiiity oI ihe selection system, and (c) bias-bas€d selection
errors (i.e.,expected fals€ Positi"es and false negahves).To make our Presentation more user friendlt we first keeP our dis.ussion general and us€
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Common R€gKion Une

Rcgio. I

r:'<r,l<r'

Rccion ll
J?* < r*-< rr. and

Grcup2 R€e€sion Line

)1.._'...11.

r:i

ftcuRt rs.4
Perlormance differcnri.ls by r€$ rcrc region 60r intercept-tErd

t6t bias.

traphs. We discuss two realistic numerical cas€t including actual data,
later in the chapter.
Consider atain the illustrative and yet fairly typical situation in which
there is bias based on intercept differences, but not slope differences, a€ross
two groups. Let us discuss first the issue of how those selected would
perform relative to their anticipated performance level, as displayed in
Figure 15.4. The severity and form of ditcrepancy between anhciPated
and actual performance depend on the reSion in which the cut scores are
located. In Region I, selection decision makers would be pleasantly surprised becaus€both 8roups would perform better than expected. That is
becaus€in Redon I, decision makers, using the common regression line as
mandated by law, expect performance level y* for both groups. However.
actual performancewill be yr'for Group 1 and yi for Group 2 because
the test is biased and Foduces difturent performance levels for different groups. ln ReSion II, results regarding performance are mixed. The
majority group (Group 2) would perform better than expected on averaS€/
but the minority group would pefform wolse on average Ltecausefor any
given cut score in Region ll, yi < tr < y,1 Finally, in Region III, unanticipated peformance oukomes would be unpleasant all around: Both
groups would perform worse tllan exp€cd on awrage. Of cou$e, results
retardint each of the three regions would be accentuated to the extent
that bias is more severe.
Consider now the implications of changing cut scor€s to mititate AI in
terms of the dr€ree of selectivity of the system. As depicted in Figure 15.5
expected selection mtios in Region I will b€ larSer than expected selection

A,lverseImpact
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Cifuon

R€gEion

Line

fd Grup 2 inj*ion

III:

-t(x,)

'5.5
fIGURT
Erpeted *teti@ Fti6 by r6t rore regionfd interePt+asedt6t bias
ratios in the other tivo regions. For examPle, the larS€st shaded area in
Figure 15.5coincides with the exPected selection mtio for Croup 1 at the
selection cutoff r' in Region I. As dePicted, that shaded area is about two
thirds of the total area under the distribution of test scores for minority
thut at cutoff r'in Region I a large Percentage of-applicroup 1,I\)
cant;ftom Group 1 is exPected to be selecd. Also at r* in Redon I, note
that virtually ali candidates ftom the maiority Group 2 are expected to
to the right of t' (an area that is
be selected because ihe area underix,
all of the GrouP 2 test score
almost
15.5)
captu€s
in
Figure
shaded
not
visualize clearly whdt haPused
to
15.5
cdn
be
Figure
mass.
Drobabilitv
'oens
cutoffoareincreased:lhe
when
selection
ratios
selition
to exoected
increasingly smdll wilh
grouPs
become
for
both
ratios
;\pected selection
area in FiSure 155
shadqi
lhe
smalter
larger cutoffs. See,for examPle
rrl at f1 Thus,
2
in
Region
for
Group
ratio
deficting the expected selection
ReSion I and
in
be
selecd
to
lurge pe.L"tages of upplicants are exP€cted
smaller percmtages in Region lII.
Talen toAether,Fi8ures 15.4and ,5.5 iuustrate the kinds of trade-offs
that decision makeE face when usint selection systems as if they were
unbiased in the Fesence of actual test bias. Considering Performance difIerentials only, Re$on I is desirabtrebecauseboth grouPs are exPected to
exceedperformance exPectatio.s (Figure 15.4).Howevet this would mean
that th; expected s€lection ratios are very larSe (i.e., lar8e Proportions- oJ
applicants ire expected to be selectedfrom ea.h grouP Gigure 15 s),-!r'hich
mav seriouslycompromis€the economicutility of using the testas is ustiallv conceptual;ze; in terms of individual performan.e in industrial and
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organizational psycholoSy (Cascio& Aguinis,2005, Chapter 3).Conversejy,
minimizing expected selection ratios to enhance test utilitv, which occu;s
w h ( n \ u l { f r t l w i t h i n R ( 6 ' u r t t t , w u u t J t e d L lt u t t r c r , , u \ t d ; 5 d d r a l L d x e u u \

r$ults In lerms of e\pected Dertormance
Now,let us discustimplicitions of towering cut scoresin rerms of biasbasedselectionerror\. I here are two types or bias-ba\ederrors that can
occur: (a) expected false positives (i.e., individuals selected do not meet
standards) and (b) expected false negatives (i_e.,individuals not setected
who could have met the standards). We turn firsr to bias-based exDecred
false po\itives. Erpe(ted talse posilives rhdt arise rrom resr bia, o(cur
whenever, at any given performance level, y*, a group-sp€cific selection
cutoft exceedsthe common line selectioncuroff (Aguinis & Smith,2002).
Caretul scrutiny of Fi8ure lt3 revealsthat therewilt beno expectedfatse
posililes rn Region I because,everywhere In this region. the common
line cutoff r' e\ceeds the group.specificcuto s r,' and rr-. In RegronII,
there are o(pected false positives for Croup 1 only. Both groups will have
expected false positives in Region III_
Weran asce ain the maSnitude of expectedfatse positives by using
probability calculations analogous to tho6e applied to expected selectio;
rdho\. Consrder Figure 15.6and suppose,for erample. thdt rhe desired
performan(elevel is y,. At y., all ind'v'd'rals wirh restscorese\ceedins r.
are under considerationtor employment.However,over the ranReofie-t
<coresr' and .rr'. individuals from Croup I wr actualh perbrm \4orse
thdn lhe e\pe.led performance level V. becdusethe vdlue\ tor \ o\er
this range are lower than y* alonS the croup 1 regression line. These are

i

Prob$il,ty of Group 2

FIGURE
15.6
lxpected fals pcitiv6 by 16r *ore reEionfor int€r.epr,ba*d t€stbias_
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eyDectedfafs€posilfv€.Ttte prcbabilityot e'.Pecd fals€ Positiveswill be
the area under theGrouP I testscoredistnbutionnx) betweenr'and rr'
fals€ Positi!'es for GrouP
as shown in Fisure 15-6i'robabitities of exFcd
in Region IIl because
tho6€
than
be
larger
gmerally
Il"will
1 in Region
retions (i e, lhe tails)
mass
probdbility
with
smatler
Reeionill coinCdes
oI iX,t. pieu.e 15.6atso shows how to identity Probabililiesot e\P€cted
false oosiives for Group 2 in Region t[, where a dilferent Performance
level i/. erceedsthe peiformance level predicted by t}le GrouP 2 reSression line over the releEnt mnge ol test scores'
Bias-based expecd false negahves occur whenever, for a Siven Per{ormance level,'ihe comrnon liie cutoff exceeds a trouP_sPecific cutoff
{Acuinis & Smith,20OZ)Refening lo Figure 153, we see thdt bias-based
exlecFd false neeativeswiU not occur in Region m RegionII will have
.,.p..t"a ful." n+atives but for CrouP 2 only Both SrouPs wtll have
erpected lalse negatives in ReSion I.
ilow. pl"use reLr to figure ts.z to consider Probabililiesof e\Pected
fals€ neqatives.At perfo;mance level y', or y those aPplicants whose
tesf scoiesexceedr'are under consideration;tho6e with test scoresless
than tt are not. Note, however, that over lhe ran8e 12*lo x', performance
levels at the Group 2 regression line o(ceed y*i in other words, GrouP 2
individuals in thii rangi exc€ed the expected Performance level but are
not being considered f;r emPloyment. This is an exPecred false negativ^e
ProbabilitiesoI e\pected fuls€ ne8ativesare areas under grouP-specmc
test score distdbuAons, as shown in Figurc 15.2 A]thou8h GrouP 2 will
have exp€cted false Po6itives in Regions I and u, they wil typically be
la$er i; Region Il, where there is more Probability mass'

Prcbrbility of GouP 2 EIP€.@d

flcuRr 15,7
ExpRted fal* tuaative by test sre

reEion ior interePt-bded

t6t bias
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Finally, the expected AI ratio will be more severe at hiSh selection
cutoffs than at low ones for the scenarios Fuch as those in Fisures 15.3
throuth l5.Z in which testbidsischdrdcterizedby interceptdiff;rences by
group. Therefore Region I is the most desirable, and Region III the least,
as retards expectedAITo summarize our discussion thus far, Table 15.1shows what happens
when inlercepFbasedtest bids is tdlen inro accountwhen cut scor;; dre
changed in an attempt to mitigate AL This table makes the various tradeoffs explicit and demonstrates that a decision to vary cut scores to address
Al is more complex than has been discussed thus far in the literature. For
example,ifcut s.oresfall within RegionIII, the testwillbe highly selective
TABTE
I5.1
Summa.y of Trade{ffs Among ExpectedAdv€rs€lmpact,ExpectedSelection
Ratiot and ExpectedFalsePositivesand FalseNegativesby TestScoreRegionin
the Presenceof Intercept-Bas€d
TestBias
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TABL€I5.2
Summaryof Trade{ffs Among Erp€ctedAdve6e ImpacLExpdred Selection
Ratior and Expect€dFalsePositivesand FalseNegarivesby TestScoreRegionjn
lhe].ttrn.enl Inte(ept-Aa*dTesrB,as(Ci*
*lectionor
N/A

N/A

N/A

N/A

N/A

R€id U: Modent€
*l€tion.utofs
Rnng6 frcm 100o/oar
cutoff (ri) < 54 ro 1Plo
arrr=u7
EAI = 80Plqat ri = 87
Grory I rang6 from
100/0 at r. - 23 ro
0.7"/, ar ,: = t17.1
cdp 2 rans6 frcm
rm% at:i = 23 ro 4%
ar f = 117_4
N€Eligible; within a
0.4 points of exp<ted
p€rfomane for both
FrcuP\
CDrp 2 10A6 from
zrc to 670{th€ laner
ar,r = )
G.o"p I ranS€ from
zrc to 22% (rhe latt€r
at !r = 9t)

Region III: HiEh
EAI is 1ry. to 4'l,

crolp ]i O.P. or l*
CDlp 2: 4ol.or I6s

crcry 1; Underp€rforN
by as mu.h as 0.5
points
c'duP.7.\eSlicible

Ne8li8ible; 0.6% or ls

Nok: N/A, not applicable.
. Re8ion I is out of the applcable ranSe fo. this parricolar .a*.

$oup (i.e.,Croup 1) comprises 20oloof the total number of applicants, has
a mean score on the test of lrxr = 92.8, and mean performance'score of l\1
= 2.75 (on a s-point scale of supervisory ratings). For th€ majority
troup
(i.e.,Group 2), Fr = lm and pY,= 3.5-Also, oxr = o{ = 10,ou = oy, = 1, and
p1 = p, = 0.5, whicb as noted by Aguinis and Smith (2007) is consistenr
with evidence generated by several meta-analytic reviews. Also, when the
entire population is considered without breakint it down into groups, fx
= 98.56,ox = 10.41.lv = 3.35,ov = r.64, u"O = O.t.
O
We used the Atuinis and Smith (2007) calculator available online ar
http://mypaSe.iucdu/'hatuinis/selection/,
which presumes bivariare
normality of test scores and perfonnance, to generate the values shown
in Table 15.260r each of the three relevant regions. Sampte-basedstatistics can be used in lieu of population parameters in obtaining numerical
results for actual selection situations- For the purposes of discussion, we
s€t the lower bounds for Region I at p€rfurmance level Y = 1.25and test
score X = 52.8 and the upper bounds for Redon III at Y = 25 and X = 140.
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These values are four standard deviahons b€yond the closest grouP-sPecific means. For this particular case,the transition from Region I to Region
U occurs at X = 234 and Y = -0.7. Therefore, for all Factical purPoses of
usels of a test such as this one, Region I will never be encountered as it is
beyond the relevant rante of bestscoresUsing the Web-bas€d calculator to obtain Precise numerical results
based on realistic data showed that the decision to lower cut scores to
mititate AI leads to seveml unanticlPated outcomes. As expected, usinS
a cui score in Region III, the one with the highest deSree of selectivitt
leads to severe expected AI (i.e" around 17"/.or smaller), which obviously
violates the 80% heuristic. So, selection decision makers would consider
lowerinS the cut scores to Region IL In this region, expected AI may now
fall between the 80"/. and 1000/",which is an accePtablerante. How€ver,
seiectivity (and test utility) is lowered. One set of surPrisins results r€late
to performance differentials becauselhere woulil be an unanticiPaled
obierved mean performan.e decreaseof uP to 0.4 Points {on a s-Poinl
scale of supervisory ratings) for the minority trouP and an unanticiPated
observed increase of up to 0.4 Points for the majo ty Sroup ExPected
false negatives could be as high as 5% for the maiority 8rouP. ln terms
of expected false positives, the minority group could reach as much as
22%, a potentiatly substantial numb€r of workers who will not meet Performance expectations. In short, for this realistic case, lowering the cut
score would lead to the benefit of reachint an accePtablelevel of exPected
AI and would ne€d to be weiShed against the cost of a decreas€ in selectivity, a decrease in perfornance for the minority SrouP (alb€it small),
and an increase in expected fals€ Positives for the minority grouP. Using
the online calculator allows deosion makers to obtain Precise numerical results that make the tmde-offs involved exPlicit- Consequently, the
decision to lower the cut score can be made within a broader context of
outcomes beyond AI.

Case 2: Intercept- and SloPe-Based Diff€rences
In this second numerical example, we use parameter values that are simi
lar to those in Case 1, but we chan#d them slEhtly to that differences
acro6sgroups are basd on both intercePts and sloPes.ln this scenario in
which the group-based regression lines are not Parallel, Fx, = 100,F! =
85, 6xr = ox, = 20, o$ = 1.2,oy, = 0.8, p, = 0.58,p, = 0.41 |'ta = t tu = 4, gx =
92.5,ax= n.:36, W = 4.5, oy = 1.1358,p = 0.603,and half oI the poPulation
is in Gmup 1 (the other half is in Group 2). ASai& these Parameter vatues
are quite realistic (cf. Huntet Schnidt, & Hunter, 1979).The $oup-sPecific
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i Common ReSNon

Ft6UtEl5.a
Thethre regionsof red rcG in the Pr*ne

rine

testbias
of int€r@Pt_
and sloPe-based

and common reSression lines that result from these Parameter values are
displayed in Figure 15.8.
As we did throughout, Re$on I is defrned as including the low cut
scores,Redon III includes the hith cut scoret and Re$on II includes the
intermediate ran8e. However, given the configurahon of the lines shown
in Figure 15.8,the boundary between Regions I and II is now the intersection of the Group 2 and common regression lines, and the boundary
separatinS Retion II from Region m is now the inters€ction of the GrouP
1 and common reSression lines. And, because the grouP-sPecfic regression lines are no lonSer palallel, they interse€t in Region II (as disPlayed
in Figure 15.8).
Like Case 1, expected selection ratios are lar8€st in Re$on I and decline
with increasinS cut scores.Also like Cas€ l, er(PectedAI ratios are accePt_
able in Region I but become smaller (i.e" more severe exP€cted AI) with
increasing cut scores, so that exPected AI is most severe in ReSion III.
However, that is where the similarity between Cas€ 1 and Case 2 ends.
Specifically, as depicted Figure 15.& we observe the followint outcomes
by region:
. Region I: The majority CrouP 2 Performs better than exPectations and includes expected false negatives, The minority GrouP
1 underperforms relative to expectations and exhibits exPected
false positives.
. ReSion II: Both the minodty and majority grouPs are expected to
underpeform relative to exPectations, minority GrouP 1 more so
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at low cut scorcs and maiority GrouP 2 more so at high cut scores'
Both grouPs exPerience exPected false Positives
. Resionlll: Vrnority CrouP I Perform\bellerthan e\Pected'but
wiih e\pe(ted false negatiues M.iioritv CrouP 2 underperfnrms
and exhibits exPectedfals€Positives
Asain, w€ us€d the Aguinis and Smith (2007)online calculatoravailable
at hitp:l/mypage.iu.edu/-haguini'/selertion/ to obtain Preci'e numer'\cores in an
cat rei,rtt' aria inderutand whal haPPen\when we lower cut
€Ifoit to mitisate Al Table 15.3 summarizes these results For PurPoses
= -0-8
=
of discussion]we set the lower bound for RegionI at X 5 and Y
3'
=
and the upPer bound for Regionlll at x = 200and Y 8 8 ln Figure 15
TAEtt 15.3
celerlion
summdrr o{ frade_Olt' Amon8 E\pected AdteA' lmPacl E\Psted
ReSronin
Ie't
s(ore
\egalr!e\b)
Fal*
and
eaLio..aia rroecred Fat.e Po.rrNei
(Ca*
2)
Bias
Test
and
SloPe-Based
the Presenceo-fInter@Pt-

72.7

120.8

N€gliBibl€:No
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Redon I is sepamted from Region 2 at X = 120.8and Region ll from Region
III aIX = 1799.
Table 15.3shows that if we lowered cut scores from Region III to Region
II, we would imFove Al from under 3"/. to up to 25olo.Note/ howevet
that this fi8ure is still quite far from the 80% target- 5o, we may wish
to mov€ to Region I because we would be able to achieve an expected
AI of 80p/. (by using a cut score of 72.7). This move Irom ReSion III to
I comes at a cost, thouth. First, the selectivity (and utility) of the t€st is
compromised.Sp€cificallt by using a cut scoreof 72.7,which is associated with an AI oI 80o/",selection ratios are 73oldfor the minority group
and 91%for the maiority group. So, virtually every single applicant in
the matority group would have to be offered employment. This would
obviously render the test virtually us€less, and errors would be about
15% false positives for the minority group and about 8% false negatives
for the majority group.

Digcussion
This chapteris main contribution is to demonstrate the complex issues
involved in changing cut scores in an attempt to mititate AI in the pres-,.
ence of test bias. Specifically,dependmSon the de8reednd hrrm or tesi
bias, lowerint cut scorcs can help mitiSate AI. However, this lowering of
cut scores can also degrade the sel€ctivity of a test, decrease a test's economic utility, and increase bias-based false positives and false-negative
elroIs. Also depending on the situation in hand, lowering cut scores may
actually lead to beneficial outcomes such as a decreasein bias-based false
positives or false negatives.The Aguinis and Smith (2007)decision-makint
fmmework and online calculator can be used to understand what are the
exp€cted outcomes of a particular decision (i.e.,decreas€ the cut score by
a given amount tiven a particular situatior! specific mean t€st and cdterion scores for each of the goups, group-based validity coefficientt and
so forth). Next, we discuss some implications for theory and research as
well as pnctice.
lmplications for Theory and Research
The scholarly literature relatint cut scorcs and AI has thus far focused on
the implications of lowerin8 cut scores in terms of a system's selectivity
and test utility, Our chapter offers an expanded and more comprehensive
view of the cut score-Al relationship that includes a consideration of the
presence of test bias. It would be diffcult to argue that regression lines
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many cases/and dependint on the particular situatior! using the online
c.ticulalormay show lhal the cure {i.e.,lowerint cul score\};ay actudlly
be worse than the dis€ase (i.e.,AI)_ In fact our analyses showed thafther;
is no.ut.core reSionin which someI'nd of unpte;$nt our.omedoe, nor
occur when te<tbids i\ presenl.
Another implication of our analysesis that,
Siven typical test character_
_
i\lirs that we discussed,
ir rs virtua y impossibte
to usea CMA testand
reachthe80!,,Al}|€uristrcwilhourhiring sucha ldrte proporhonof apptl
cantsthal the urilitv ot the testis compromised.
Siarid Jrfterenrly,how
many CVA teslscdn be used wirh cut scoresin Resion I and vet teadra
mrnimum,or erendc.eprdbte,
Atf Thrsis a chd engefor pracritioners
but
obviously is linked to a ne€d for further research to solve this Drobl€m.
In (losin8, lhe possibility ot restbra\ must be tdten into accounrbefore
decidingto lowera cut scorelo mititale A L lhe Aguinir and Smitht2007)
online calculatorallows researchersand prdctitioner\ to (on.ider specific
numerical characteristicsof a testing situation and compute anticipated
selection outcomes, including AI, differences in expected versus observed
performance for those who witl be hired, and fatse-positive and false_
neSdliveseleclionerrors.Obtaining thesenumbersand considerrngthem
explicitly before a test is put to use wilt hetp improve orSanizationa-l sraff_
ing and high,stakesselectiondecisions.
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