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On the Practice of Dichotomization of Quantitative Variables

Robert C. MacCallum, Shaobo Zhang, Kristopher J. Preacher, and Derek D. Rucker
Ohio State University

The authors examine the practice of dichotomization of quantitative measures,
wherein relationships among variables are examined after 1 or more variables have
been converted to dichotomous variables by splitting the sample at some point on
the scale(s) of measurement. A common form of dichotomization is the median
split, where the independent variable is split at the median to form high and low
groups, which are then compared with respect to their means on the dependent
variable. The consequences of dichotomization for measurement and statistical
analyses are illustrated and discussed. The use of dichotomization in practice is
described, and justifications that are offered for such usage are examined. The
authors present the case that dichotomization is rarely defensible and often will
yield misleading results.

We consider here some simple statistical proce- two separate groups. One common approach is to split
dures for studying relationships of one or more inde- the scale at the sample median, thereby defining high
pendent variables to one dependent variable, where alland low groups on the variable in question; this ap-
variables are quantitative in nature and are measuredproach is referred to as a median split. Alternatively,
on meaningful numerical scales. Such measures arethe scale may be split at some other point based on the
often referred to asndividual-differences measures, data (e.g., 1 standard deviation above the mean) or at
meaning that observed values of such measures area fixed point on the scale designated a priori. Re-
interpretable as reflecting individual differences on searchers may dichotomize independent variables for
the attribute of interest. Itis of course straightforward many reasons—for example, because they believe
to analyze such data using correlational methods. In there exist distinct groups of individuals or because
the case of a single independent variable, one can usetey believe analyses or presentation of results will be
simple linear regression and/or obtain a simple corre- simplified. After such dichotomization, the indepen-
lation coefficient. In the case of multiple independent ent variable is treated as a categorical variable and
variables, one can use multiple regression, possibly statistical tests then are carried out to determine
including interaction terms. Such methods are rou- \yhether there is a significant difference in the mean of
tinely used in practice. _ the dependent variable for the two groups represented
~ However, another approach to analysis of such datap,y, the dichotomized independent variable. When
is also rather widely used. Considering the case of 0ne yhere are two independent variables, researchers often

independent variable, many investigators begin by gichotomize both and then analyze effects on the de-
converting that variable into a dichotomous variable yonqent variable using analysis of variance

by splitting the scale at some point and designating (ANOVA).
individuals above and below that point as defining ~ There is a considerable methodological literature

examining and demonstrating negative consequences
] of dichotomization and firmly favoring the use of re-
Robert C. MacCallum, Shaobo Zhang, Kristopher J.  yrassion methods on undichotomized variables. Nev-
gﬁﬁcggfeagiieg:;l:yu Rucker, Department of Psychology, g heless, substantive researchers often dichotomize
Shaobo Zhang is néw at Fleet Credit Card Services, Hor- itEerer\dent variaples prior to conductin.g arlalyses. In
is article we provide a thorough examination of the
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regard to estimation and interpretation of relationships tion of py, = .40. Using a procedure described by
among variables. We then examine the dichotomiza- Kaiser and Dickman (1962), we then drew a random
tion approach in terms of issues of measurement of sample N = 50 observations) from this population.
individual differences and statistical analysis. We Sample data were scaled such thgt = 10, SD, =

next review current practice, providing evidence of 2, M, = 20, andSD, = 4. A scatter plot of the
common usage of dichotomization in applied research sample data is displayed in Figure 1. We assessed the
in fields such as social, developmental, and clinical Jinear relationship betweeX andY by obtaining the

psychology, and we examine and evaluate justifica- sample correlation coefficient, which was found to be
tions offered by users and defenders of this procedure.r, ., = .30, with a 95% confidence interval of (.02,

Overall, we present the case that dichotomization of 53). The squared correlation2( = .09) indicated

individual-differences measures is probably rarely that about 9% of the variance Mwas accounted for
justified from either a conceptual or statistical per- by its linear relationship withX. A test of the null
spective; that its use in practice undoubtedly has se- hypothesis thapy, = O yieldedt(48) = 2.19,p =
rious negative consequences; and that regression andp3, |eading to rejection of the null hypothesis and the
correlation methods, without dichotomization of vari-  ~onclusion that there is evidence in the sample of a
ables, are generally more appropriate. nonzero linear relationship in the population. Of
course, the outcome of this test was foretold by the
Numerical Examples confidence interval, because the confidence interval
: : did not contain the value of zero.
Example Using One Independent Variable We then conducted a second analysis of the rela-
We begin with a series of humerical examples us- tionship betweerX andY, beginning by converting
ing simulated data to illustrate and distinguish be- into a dichotomous variable. We split the sample at
tween the regression approach and the dichotomiza-the median ofX, yielding high and low groups oKX,
tion approach. Raw data for these numerical exampleseach containing 25 observations. The resulting di-
can be obtained from Robert C. MacCallum’s Web chotomized variable is designateq,. A scatter plot
site (http://quantrm2.psy.ohio-state.edu/maccallum/). of the data following dichotomization ofis shown in
Let us first consider the case of one independent vari- Figure 2. The relationship betweehandY was then
able, X, and one dependent variabh,We defined a evaluated by testing the difference between the
simulated population in which the two variables fol- means for the high and low groups BnThose means
lowed a bivariate normal distribution with a correla- were found to be 21.1 and 19.4, respectively, and a
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Figure 1. Scatter plot of raw data for example of bivariate relationship.
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Figure 2. Scatter plot for example of bivariate relationship after dichotomizatiot @flote
that there is some overlapping of points in this figure.)

test of the difference between them yieldgdi8) =
1.47,p = .15, resulting in failure to reject the null
hypothesis of equal population means. From a corre-
lational perspective, the correlation after dichotomi-
zation wasry y = .21 (% y = .04), with a 95%
confidence interval of (-.07, .46). Again, the confi-
dence interval implies the result of the significance
test, this time indicating a nonsignificant relationship
because the interval did include the value of zero. A
comparison of the results of analysis of the associa-
tion betweerX andY before and after dichotomization
of X shows a distinct loss of effect size and loss of

Example Using Two Independent Variables

We next consider an example where there are two
independent variables; and X,. In practice such
data would appropriately be treated by multiple re-
gression analysis. However, a common approach in-
stead is to convert botK; and X, into dichotomous
variables and then to conduct ANOVA ugia 2 x 2
factorial design. We provide an illustration of both
methods. Following procedures described by Kaiser
and Dickman (1962), we constructed a samle=
100 observations) from a multivariate normal popu-

statistical significance; these issues are addressed inf@tion such that the sample correlations among the

detail later in this article.

The dichotomization procedure can be taken one
step further by splitting bot andY, thereby yielding
a 2 x 2frequency table showing the association be-
tween X, and Yp. In the present example, this ap-
proach yielded frequencies of 13 in the low—low and
high—high cells and frequencies of 12 in the low-high
and high—low cells. The corresponding test of asso-
ciation x2(1, N = 50) = 0.08,p = .78, showed a
nonsignificant relationship between the dichotomized
variables, which was also indicated by the small cor-
relation between thenr, . = .06 with a 95% con-
fidence interval of (-.22, .33). Note that the dichoto-
mization of bothX and Y has further eroded the
strength of association between them.

three variables would have the following patterg;,

= .70,rx,y = .35, andry x, = .50. To examine the
relationship ofY to X; and X,, we first conducted
multiple regression analyses. Without loss of gener-
ality, regression analyses were conducted on stan-
dardized variable<Z,, Z;, andZ,. Using a linear re-
gression model with no interaction term, we obtained
a squared multiple correlation of .49 with a 95% con-
fidence interval of (.33, .61Y. This squared

1 Confidence intervals for squared multiple correlations
are useful but are not commonly provided by commercial
software for regression analysis. A free program offered by
James Steiger, available from his Web site (http://
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multiple correlation was statistically significark(2,
97) = 46.25,p<.01. The corresponding standardized
regression equation was

Z, = .70@,) + .00@Z,).

The coefficient forz, was statistically significan{3,

= .70,t(1) = 8.32,p < .01, whereas the coefficient
for Z, obviously was not significan, = .00,t(1) =
0.00,p = 1.00, indicating a significant linear effect of
Z, on Z, but no significant effect oZ,. Inclusion of

an interaction ternid; = Z,Z, in the regression model
increased the squared multiple correlation slightly to
.50. The corresponding regression equation was

Z, = .72@Z,)) - .01@Z,) - .07@y).

The standardized regression coefficient #r was
statistically significant,; = .72,t(1) = 8.38,p <
.01, whereas the other two coefficients were iy,
= -.01,t(1) = -0.12,p = .96, andB; = —.07,t(1)
-1.11,p = .27, indicating no significant linear
effect of Z, and no significant interaction.
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dent variables showed a significant main effect fol-
lowing dichotomization that did not exist prior to di-
chotomization. Although many other cases and
examples could be examined, these simple illustra-
tions reveal potentially serious problems associated
with dichotomization. If phenomena such as those just
illustrated would be common in practice, then di-
chotomization of variables probably should not be
done unless rigorously justified. In the following sec-
tion we examine these phenomena closely, focusing
on the impact of dichotomization on measurement and
representation of individual differences as well as on
results of statistical analyses.

Measurement and Statistical Issues Associated
With Dichotomization
Representing Individual Differences

We first consider the impact of dichotomization on
the measurement and representation of individual dif-
ferences associated with a variable of interest. Sup-

We then conducted a second anaIySiS on the Samepose we have a Sing|e independent varialflenea-

data, beginning by dichotomizing, andX, by split-
ting both at the median to creaXg, andX,p. Results
of a two-way ANOVA yielded a significant main ef-
fect for X,p, F(1, 96) = 42.50,p < .01, a significant
main effect forX,p, F(1, 96) = 5.26,p = .02; and a
nonsignificant interactiork(1, 96) = 0.19,p = .67.

Total variance accounted for by these effects was .40.

sured on a quantitative scale, and we observe a sample
of individuals who vary along that scale, and suppose
the resulting distribution is roughly normal. A distri-
bution of this type is illustrated in Figure 3a, with four
specific individuals (A, B, C, D) indicated along the
x-axis. Assuming approximately interval properties
for the scale ofX, these individuals can be compared

Of special note in these results is the presence of awith each other with respect to their standing %n

significant main effect o, that was not present in

the regression analyses but arose only after both in-

dependent variables were dichotomized. This phe-
nomenon is discussed further later in this article. It is
also noteworthy that total variance accounted for was
reduced from .50 prior to dichotomization to .40 after

dichotomization.

Summary of Examples

From these few examples it should be clear that
there exist potential problems when quantitative inde-
pendent variables are dichotomized prior to analysis
of their relationship to dependent variables. The ex-

For instance, Individuals B and C are more similar to
each other than are Individuals A and D. Individuals
A and B are different from each other, and that dif-
ference is greater than the difference between B and
C. When observed in empirical research, such differ-
ences and comparisons among individuals would
seem to be relevant to the understanding of such a
variable and its relationship to other variables. Re-
searchers in psychology typically invest great effort in
the development of measures of individual differences
on characteristics and behaviors of interest. Instru-
ments are developed so as to have adequate levels of
reliability and validity, implying acceptable levels of

ample with one independent variable showed a loss of precision in measuring individuals, and implying in

effect size and of statistical significance following
dichotomization ofX. The example with two indepen-

turn that individual differences such as those just de-
scribed are meaningful.

Now supposeX is dichotomized by a median split
as illustrated in Figure 3b. Such dichotomization al-

WWW.interchg.ubclcalsteiger/homepage_htm) computes ters the nature of individual differences. After di-

such confidence intervals as well as other useful statistical
information associated with correlation coefficients.

chotomization, Individuals A and B are defined as
equal as are Individuals C and D. Individuals B and C
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Figure 3. Measurement of individual differences before
and after dichotomization of a continuous variable.
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such an argument would be that the true variable of
interest is dichotomous and that dichotomizatiorXof

produces a more precise measure of that true di-
chotomy. An alternative justification might involve

recognition that the discarded information is not error
but that there is some benefit to discarding it that
compensates for the loss of information. Both of these
perspectives are discussed further later in this article.

Impact on Results of Statistical Analyses

Review of types of correlation coefficients and their
relationships. Dichotomization of quantitative vari-
ables affects results of statistical analyses involving
those variables. To examine these effects, it is neces-
sary to understand the meaning of and relationships
among several different types of correlation coeffi-
cients. A correlation between two quantitatively mea-
sured variables is conventionally computed as the
common Pearson product-moment (PPM) correla-
tion. A correlation between one quantitative and one
dichotomous variable is a point-biserial correlation,
and a correlation between two dichotomous variables
is a phi coefficient. The point-biserial and phi coeffi-
cients are special cases of the PPM correlation. That
is, if we apply the PPM formula to data involving one
guantitative and one dichotomous variable, the result
will be identical to that obtained using a formula for
a point-biserial correlation. Similarly, if we apply the
PPM formula to data involving two dichotomous vari-

are different, even though their difference prior to ables, the result will be identical to that obtained using
dichotomization was smaller than that between A and a formula for a phi coefficient. The point-biserial and
B, who are now considered equal. Following dichoto- phi coefficients are typically used in practice for
mization, the difference between A and D is consid- analyses of relationships involving variables that are
ered to be the same as that between B and C. Thetrue dichotomies. For example, one could use a point-
median split alters the distribution &f so that it has biserial correlation to assess the relationship between
the form shown in Figure 3c. Clearly, most of the gender and extraversion, and one could use a phi co-

information about individual differences in the origi-

efficient to measure the relationship between gender

nal distribution has been discarded, and the remaining and smoking status (smoker vs. nonsmoker).

information is quite different from the original. Such

Some variables that are measured as dichotomous

an altering of the observed data must raise questions.variables are not true dichotomies. Consider, for ex-

What was the purpose of measuring individual differ-
ences orX only to discard much of that information

ample, performance on a single item on a multiple
choice test of mathematical skills. The measured vari-

by dichotomization? What are the consequences for able is dichotomous (right vs. wrong), but the under-

the psychometric properties of the measurX®fAnd

lying variable is continuous (level of mathematical

what is the impact on results of subsequent analysesknowledge or ability). Special types of correlations,

of the relationship oK to other variables?
It seems that to justify such discarding of informa-

tion, one would need to make one of two arguments.

First, one might argue that the discarded information
is essentially error and that it is beneficial to eliminate
such error by dichotomization. The implication of

specifically biserial and tetrachoric correlations, are
used to measure relationships involving such artificial
dichotomies. Use of these correlations is based on the
assumption that underlying a dichotomous measure is
a normally distributed continuous variable. For the
case of one quantitative and one dichotomous vari-
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able, a biserial correlation provides an estimate of the inherent in the biserial and tetrachoric correlations are
relationship between the quantitative variable and the valid, then the corresponding point-biserial correla-
continuous variable underlying the dichotomy. For tion and phi coefficient can be seen to underestimate
the case of two dichotomous variables, the tetrachoric the relationships of interest because of their failure to
correlation estimates the relationship between the two account for the artificial nature of the dichotomous
continuous variables underlying the measured di- measures. Given this background on correlation coef-
chotomies. Biserial correlations could be used to es- ficients, we now turn to an examination of how di-
timate the relationship between a quantitative mea- chotomization of a quantitative variable impacts mea-
sure, such as a measure of neuroticism as asures of association between variables.
personality attribute, and the continuous variable that Analyses of effects of one independent variable.
underlies a dichotomous test item, such as an item onv/arious aspects of the impact of dichotomization on
a mathematical skills test. Tetrachoric correlations are regylts of statistical analysis have been examined and
commonly used to estimate relationships between giscyssed in the methodological literature for many
continuous variables that underlie observed dichoto- years. Here we review and examine in detail the most
mous variables, such as two test items. important issues in this area, beginning with the sim-
_Note that for the case of one quantitative and one pest case of dichotomization of a single independent
dichotomous variable, one could calculate a point- \4iaple. Basic issues associated with this case were

biserial correlation, to measure the observed relation- discussed by Cohen (1983). Suppose thaand Y
ship, or a biserial correlation, to estimate the relation- follow a bivariate normal distribution in the popula-

(th'ﬁ Tvolvmg the contlr]#r? u;var!alble un:jir Iylngﬁhbe tion with a correlation op.; variance inY accounted
| 1cho canouihmeasure. Z. Isera (t:%r.re a |?n wi | € for by its linear relationship wittX is thenpZ. If Xis
arger than the corresponding point-bisenal correia- yiqnqtomized at the mean to produdg, then the

g?:éiggﬁaﬁ]eeg} ttr:ﬁ &S;l;g:fndergﬁ:‘ tlr?e rgiiillj;ﬁgqnemresultin_g population correlation betwekp andY_ can
the relationship between these two correlations is be designateg,,y. (Note that for a normally distrib-
given by uted_varlable, d!chotom_lzatmn at thel mean and the
median are equivalent in the population.) To under-
h stand the impact of dichotomization on the relation-
Ppb = pb<—>, Q) ship between the two variables, we must examine the
\/p—q relationship betweepy, andpy . This relationship
can be seen to correspond to the theoretical relation-
ship between a biserial and point-biserial correlation.
That is, px_y corresponds to a point-biserial correla-
tion, representing the association between a dichoto-

wherep andq are the proportions of the population
above and below the point of dichotomization, dnd
is the ordinate of the normal curve at that same point
(Magnusson, 1966). Values bffor any point of di- . o . .
chotomization can be found in standard tables of nor- MOYS variable and a quantitative variable, aid is

mal curve areas and ordinates (e.g., Cohen & Cohen equivalent to the corresponding biserial correlation,
1983, p. 521) = "whereX is the continuous, normally distributed vari-

able that underlieXp. The relationship between a
point-biserial and biserial correlation was given in
Equation 1. Given this relationship, the effect of di-
chotomization orpyy can then be represented as

For the case of two dichotomous variables, one
could compute either a phi coefficient to measure the
observed relationship or the tetrachoric correlation to
estimate the relationship between the underlying di-
chotomies. Again because of the assumed gain in
measurement precision, the tetrachoric correlation is _ h
higher than the corresponding phi coefficient. Al- pr—pXY(ﬁ)' )
though the general relationship between a phi coeffi-
cient and a tetrachoric correlation is quite complex, it
can be defined for dichotomization at the mean as
follows:

The value ofn/w/p_q can be viewed as a constant, to be
designatedl, representing the effect of dichotomiza-
tion under normality. For example, K is dichoto-
popi = 2larcsir(p Y/ ) mized at the mean to produg®, thenp = .50,q =
Ph! ttrachord 50,h = .399, yieldingd = .798. The effect of di-
(Lord & Novick, 1968, p. 346). If the assumptions chotomization on the correlation is then givendyyy
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= (.798)py, With shared variance being reduced by
pk.v = (.637p%ky. To represent the effect of dichoto-
mization at points other than the mean, Figure 4
shows the value offl = h/Vpg as a function op, the
proportion of the population above the point of di-
chotomization. It can be seen that as the point of
dichotomization moves further from the mean, the
impact on the correlation coefficient increases.
Clearly there is substantial loss of effect size in the
population due to dichotomization at any point. This
quantification of the loss is consistent with the sub-
jective impression conveyed by Figures 1 and 2,
where the linear relationship betweX¥randY appears
to be weakened by dichotomization Xf

The results in our numerical example reported ear-
lier are consistent with these theoretical results. Our
sample was drawn from a population whegg = .40
and p%y = .16. Following dichotomization, these
population values would becomg _ = (.798)(.40)
= .32 andp%_y = (.637)(.16)= .10. In our sample
we found that dichotomization reducegd, = .30 to
v,y = -21, and the corresponding squared correlation
from .09 to .04. Thus, the proportional reduction of
effect size in our sample was slightly larger than
would have occurred in the population.

Of course, there would be sampling variability in
the degree of change frong, to ry . If we were to
generate a new samplbl (= 50) for our illustration,

25

we would obtain different values of. andry_y. The
impact of dichotomization would vary from sample to
sample. An interesting question is whether dichoto-
mization could cause, to increase, even under nor-
mality, simply because of sampling error. This point
is relevant because researchers sometimes justify di-
chotomization because of a finding that it yielded a
higher correlation. To examine this issue, we con-
ducted a small-scale simulation study. We defined
five levels of population correlatiomy, = .10, .30,
.50, .70, .90. We then generated repeated random
samples from bivariate normal populations at each
level of pyy, using six different levels of sample size,
N 50, 100, 150, 200, 250, 300. We generated
10,000 such samples for each combination of levels of
sample size angl.. In each sample we computegd,,
then dichotomizedX at the median and computed
I'x,v- FOr each combination @k and sample size, we
then simply counted the number of times, out of
10,000, thatry y > ryy, that is, the number of times
where dichotomization resulted in an increase in the
correlation. Results are shown in Table 1. Of interest
is the fact that when sample size apd, were rela-
tively small, it was not unusual to find that dichoto-
mization resulted in an increase in the correlation be-
tween the variables, simply due to sampling error.
That is, even though, under bivariate normality, di-
chotomization must cause the population correlation

1.0
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0.2 -

0.0 r r - T T
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Figure 4. Proportional effect of dichotomization of on correlation betweeK andY as a
function of point of dichotomizatiorp andq are the proportions of the population above and
below the point of dichotomization, aris the ordinate of the normal curve at the same point.
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Table 1 ample, prior to dichotomization, power of .63 could
Frequency of Increase in Correlation Coefficient After have been achieved with a sample size of only 32.
Dichotomization of Independent Variable for Various Thus, the reduction in power from .84 to .63 due to
Levels of Population Correlatiorp(y) and Sample Size dichotomization was equivalent to reducing sample
N size from 50 to 32, or discarding 36% of our sample.
by 50 100 150 200 250 300 For a two-tailed test of the null hypothesis of zero
correlation, usinge = .05, this effective loss of

10 4,126 3,760 3,435 3,277 3,015 2,882

30 2430 1620 1.109 776 612 434 sample size resulting from a median split will be con-

sistently close to 36%. It will deviate from this level

.50 1,015 371 127 56 25 2 . . .
70 173 12 3 1 0 o When any of these aspects is altered, in particular
90 0 0 0 0 0 o  becoming greater when the point of dichotomization

deviates from the mean.
Let us next consider the case where both the inde-
pendent variabl& and the dependent variabYeare

to decrease, application of this approach in small dichotomized, thereby converting a correlation ques-

samples or wherpy, is relatively small can easily tion into a_nalysns_ba 2 x 2table of fr_equenc!es._We
result in an increase in the sample correlation. Un- Can €xamine the impact of double dichotomization by

doubtedly in some cases such increases would cause docusing on the relationship betwepgy an.d PXoYor
correlation that was not statistically significant prior the correlaﬂon; befo_re and after double dichotomiza-
to dichotomization to become so after dichotomiza- 1°": The reIanonshlp b(_etween these va}lues corre-
tion. These results must raise a caution about potential sponds to the relatllonshlp betwgen a ph|'coeff|C|ent
justification of dichotomization in practice. A finding gnd the gorrespondlpg tetrachoric corr.elatlon., assum-
that ry_y > rxy must not be taken as evidence that "9 bivariate normality. The valupy,y, is a phi co-
dichotomization was appropriate or beneficial. In fact, EffiCient, a correlation between two dichotomous vari-
under conditions typically found in psychological re- 2PI€s. and the valugyy is the corresponding
search, dichotomization will cause the population cor- tetrachoric correlation, the correlation between nor-

relation to decrease; an observation of an increase inma”ﬁ_dﬁmbu?ed vanabc;(i{@,( ?:ndz’,”;]at underlie the
the sample correlation in practice is very possibly WO dichotomiesXp and'Yp. For dichotomization at

attributable to sampling error. Failure to understand the mean, the relationship between the phi coefficient

this phenomenon could easily cause inappropriate and the tetrachoric correlation was given in Equation
substantive interpretations 2. In the present context, this relationship becomes

_The Ios_s o_f effect size in the pppulatlon foIIowmg_ bxov, = 2larcsinpyy)lim 4)
dichotomization, and corresponding expected loss in
the sample, can affect the outcome of tests of statis- and thus represents the impact of double dichotomi-
tical significance. In our earlier example, thetatistic zation on the correlation of interesThis relationship
for testing the significance of dropped from 2.19  is shown in Figure 5, indicating the association be-
prior to dichotomization to 1.47 after, and statistical tween population correlations obtained before di-
significance was lost. This loss of statistical signifi- chotomization (analogous to tetrachoric correlation,
cance can be attributed directly to loss of statistical on horizontal axis) and after dichotomization (analo-
power. Considering the power of the test of the null gous to phi coefficient, on vertical axis). For instance,
hypothesis of zero correlation, we note that in our the value ofpy, = .40 in our example would be
example, prior to dichotomization power was .84, reduced tgy_y = .26. Our sample result showed an
based ompyy = .40,N = 50,a = .05, two-tailed test.  even larger reduction, from, = .30 tor, = .06.
After dichotomization ofX, power was reduced to .63,
based orpy v = (.798)(.40) = .32. Such a loss of
power W(.)UId. become more severe as the point of 2 For the case of dichotomization of both variables, Co-
dichotomization mPVGS away from the mean, ,because hen (1983) incorrectly assumed that the effecbgpwould
the loss of effect size would be greater (see Figure 4). pe the square of the effect of single dichotomization; for
As noted by Cohen (1983), the loss of power caused example,py_, = (.798} pxy for dichotomization at the
by dichotomization can be viewed alternatively as an mean. This same error occurs in Peters and Van Voorhis
effective loss of sample size. For instance, in our ex- (1940) and was recognized by Vargha et al. (1996).

Note. Entries indicate the number of trials out of 10,000 in which
Moy > Ixy
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Figure 5. Relationship between phi and tetrachoric corre-
lation for dichotomization oK andY at their means.

In general, loss of effect size is greater when both
variables are dichotomized than when only one is di-
chotomized. As the point of dichotomization moves

away from the mean, the relationship between the phi
coefficient and tetrachoric correlation becomes much
more complex (Kendall & Stuart, 1961; Pearson,

1900), and the difference between the two coefficients
becomes greater.

As in the case of dichotomization of onl, the
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ply means that the formulas provided above for the
influence of dichotomization on correlations might
not hold closely. Such a complication does not pro-
vide justification for dichotomization of variables.
Rather, it would still be advisable not to dichotomize,
but instead to retain information about individual dif-
ferences and to consider resolving the extreme skew-
ness, heteroscedasticity, or nonlinearity by use of
transformations of variables or nonlinear regression.

The issue of nonlinearity merits special attention.
Suppose that the original relationship betwéeand
Y were nonlinear, such that a scatter plot such as that
in Figure 1 revealed a clear nonlinear association.
Such a relationship could be represented easily using
nonlinear regression, and the investigator could obtain
and present a clear picture of the association between
the variables. However, X, or both X andY, were
dichotomized, that nonlinear relationship would be
completely obscured. Presentation of results based on
analyses conducted after such dichotomization would
be misleading and invalid. Such errors can easily oc-
cur accidentally if researchers dichotomize variables
without examining the nature of the association be-
tween the original variables.

Analyses of effects of two independent variables.
We next examine statistical issues for the case of two
independent variableX; andX,, and one dependent
variable,Y. The linear relationship oX; andX, to Y

loss of effect size under double dichotomization can can be studied easily using regression methods. Stan-
be represented as a loss of statistical power. In our dard linear regression can be extended to investigate
example, power of the test of zero correlation would interactive effects of the independent variables by in-
be reduced from .84 prior to dichotomization to only troducing product terms (e.gX; = X;X,) into the
.45 after dichotomization of botX and Y. And as regression model (Aiken & West, 1991). However, in
before, such loss of power could be represented as anpractice it is not uncommon for investigators to di-
effective discarding of a portion of the original chotomize bothX; andX, prior to analysis and to use
sample. Loss of power, or effective loss of sample ANOVA rather than regression. Over a period of
size, becomes more severe if either or both of the more than 30 years, a number of methodological pa-
variables are dichotomized at points away from the pers have examined the impact of such an approach
mean. on statistical results and conclusions. Humphreys and
It is important to keep in mind that the effects of colleagues investigated several issues in this context
dichotomization ofX, or of both X and Y, just de- in a series of articles. Humphreys and Dachler (1969a,
scribed are based on the assumption of bivariate nor-1969b) discussed an approach that they called a
mality of X andY. It may be tempting to conclude that pseudo-orthogonal desigm which individuals are
in empirical populations these effects would not hold. selected in high and low groups on bothandX, so
However, Cohen (1983) emphasized that these phe-as to produe a 2 x 2design with equal sample sizes
nomena would be altered only marginally by nonnor- in each cell. This approach does not involve dichoto-
mality. It would require extreme skewness, hetero- mization of X; and X, after data have been collected
scedasticity, or nonlinearity to substantially alter these but does involve treating individual-differences mea-
consequences of dichotomization, conditions that sures as if they were categorical with only two levels.
probably are rather uncommon in social science data. Such a design had been used by Jensen (1968) in a
When such conditions are present, that situation sim- study of the relationship of intelligenc&{) and so-
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cioeconomic status¥g) to a measure of rote learning loss of effect size for main effects and interaction, it
(Y). Humphreys and Dachler (1969a, 1969b) pointed was shown that under some conditions dichotomiza-
out that this approach forces the independent variablestion can yield a spurious main effect. The reader will
into an orthogonal design when in fact the origiXal recall that our numerical example presented earlier
and X, may well be correlated. They showed that an exhibited such a phenomenon. Our regression analy-
ensuing ANOVA would yield biased estimates of dif- ses showed a near zero effect for one of the indepen-
ferences among means as a result of ignoring the cor-dent variables, but ANOVA using dichotomized in-
relation betweerX; and X,. Humphreys and Fleish-  dependent variables yielded a significant main effect
man (1974) provided further discussion of potentially for that same variable. Maxwell and Delaney showed
misleading results from a pseudo-orthogonal design that when the partial correlation of one independent
and also examined the approach wherein measures ofvariable with the dependent variable is near zero and
X, and X, are dichotomized after data are gathered. the independent variables are correlated with each
Humphreys and Fleishman focused on the fact that other, a spurious significant main effect is likely to
this approach will generally yield unequal sample occur after dichotomization of both predictors. Our
sizes in the resultip 2 x 2design, and they reviewed earlier numerical example had this property: The two
various ways to analyze such data using ANOVA. predictors were substantially correlated (.50), and the
They showed how ANOVA results would be related partial correlation ofX, with Y was zero. The regres-
to regression results and described the expected losssion analysis properly revealed no effectX6fon Y,
of effect size attributable to dichotomization, as well whereas ANOVA after dichotomization & andX,
as the potential occurrence of spurious interactions. In yielded a spurious main effect of,. Maxwell and
yet another article on this matter, Humphreys (1978a), Delaney demonstrated that there would be highly in-
commenting on an applied article by Kirby and Das flated Type | error rates for tests of main effects in
(1977), again cautioned against dichotomization of such situations and that these spurious effects were a
independent variables to construc2 x 2 ANOVA result of bias in estimating population effects and
design and reiterated the impact in terms of loss of were not attributable to sampling error. Finally, Max-
effect size and power as well as distortion of effects. well and Delaney also showed that spurious signifi-
Throughout this series of articles Humphreys and cant interactions can occur when two independent
colleagues repeated the general theme of negativevariables are dichotomized. Such an event can occur
consequences associated with dichotomization of con-when there are direct nonlinear effects of one or both
tinuous independent variables, either by selection of of X; andX, onY but no interaction in the regression
high and low groups or by dichotomization of col- model. After dichotomization oK, and X, a subse-
lected data. They emphasized the loss of information quent ANOVA will often yield a significant interac-
about individual differences and the bias in estimates tion simply as a misrepresentation of the nonlinearity
of effects. They argued that ANOVA methods are in the effect ofX, and/orX,.
inappropriate (“unnecessary, crude, and misleading”; Vargha, Rudas, Delaney, and Maxwell (1996) ex-
Humphreys, 1978a, p. 874) when independent vari- tended the work of Maxwell and Delaney (1993) by
ables are individual-differences measures and that it is further examining the case of two independent vari-
preferable to use regression and correlation methodsables and one dependent variable. They carefully de-
in such situations so as to retain information about lineated the loss of effect size or the likely occurrence
individual differences and avoid negative conse- of spurious significant effects under various combi-
quences incurred by dichotomization (Humphreys, nations of dichotomized and nondichotomized vari-
1978b). ables, showing that the impact of dichotomization de-
The case of dichotomization of two independent pends on the pattern of correlations among the three
variables was examined further by Maxwell and variables.
Delaney (1993). After citing numerous empirical In some instances where effects of two quantitative
studies that followed such a procedure, Maxwell and independent variables are to be investigated, data are
Delaney showed that the impact of dichotomization analyzed by dichotomizing only one of the two vari-
on main effects and interactions depends on the pat- ables, leaving the other intact. Such an approach has
tern of correlations among independent and dependentbeen used to study moderator effects. For instance, if
variables. Although under many conditions dichoto- it is hypothesized that the influence ¥ on Y de-
mization of two independent variables will result in  pends on the level df,, the researcher might dichoto-
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mize X, and then conduct separate regression analysespoint, resulting groups may differ considerably de-
of Y on X, for each level ofX,. Moderation is then  pending on the nature of the population from which
assessed by testing the difference between the twothe sample was drawn.
resulting values of, ,, with a significant difference Hunter and Schmidt (1990) discussed problems
supposedly indicating a moderator effect. It is impor- caused by dichotomization when results from differ-
tant to note that most methodologists would advise €ent studies are to be aggregated using meta-analysis.
against such an approach for investigating moderator They showed that dichotomization of one or more
effects and would recommend instead the use of stan-independent variables will tend to cause downward
dard regression methods that incorporate interactionsdistortion of aggregated measures of effect sizes as
of quantitative variables (Aiken & West, 1991). well as upward distortion of measures of variation of
Bissonnette, Ickes, Bernstein, and Knowles (1990) effect sizes across studies. They suggested methods
conducted a simulation study to compare the dichoto- for correcting these distortions in meta-analytic stud-
mization approach to the regression approach for ex- ies. However, those methods do not resolve the prob-
amining moderator effects. When no moderator effect 18m because they rely on their own assumptions and
was present in the population, they found high Type | estimation methods. Sugh correctlons_are necessary
error rates under the dichotomization approach, indi- Only because of the persistent use of dichotomization
cating common occurrence of spurious interactions. IN @Pplied research.
Under the regression approach, Type | error rates
were nominal. When moderator effects were present
in the population, they found a higher rate of correct
detection of such effects using the regression ap-
proach than the dichotomization approach. Given the
distortion of information incurred by dichotomization
along with the inflated Type | error rates or loss of
power, as well as the straightforward capacity of stan-
dard regression to test for moderator effects, the use
of the dichotomization method in this context seems

Summary of Impact of Dichotomization on
Measurement and Statistical Analyses

In this section we have reviewed literature on the
variety of negative consequences associated with di-
chotomization. These include loss of information
about individual differences, loss of effect size and
power, the occurrence of spurious significant main
effects or interactions, risks of overlooking nonlinear
unwarranted and risky. gffe_cts, and problems in comparing and aggregating

findings across studies. To our knowledge, there have

Finally, it should be noted that although our pre- b findi ¢ it  dichot
sentation here has been limited to the cases of one or gen .no n .|ngs 0 . positive consequences ot dichoto-
mization. Given this state of affairs, it would seem

two independent variables, the issues and phenomeng ) A .
we have examined are not limited to those cases. Thethalt use of d|ch0tom|zat_|on in applied research would
same issues apply for designs with three or more in- be rat_her rare, but thaf[ is not at all the case. W? now
dependent variables, although further complexities examine such usage in selected areas of applied re-
arise depending on the pattern of correlations among search in psychology.
the variables and how many variables are dichoto-
mized. The Use of Dichotomization in Practice
Aggregation and comparison of results across stud-
ies. Regardless of the number of independent vari- Method
ables, dichotomization raises issues regarding com-
parison and aggregation of results across studies. We selected six journals publishing research ar-
Allison, Gorman, and Primavera (1993) cautioned ticles in clinical, social, personality, applied, and de-
that dichotomization may introduce a lack of compa- velopmental psychology. The specific journals se-
rability of measures and results across studies. Forlected wereJournal of Personality and Social
example, groups defined as high or low after dichoto- Psychology, Journal of Consulting and Clinical Psy-
mization may not be comparable between studies, es-chology, Journal of Counseling Psychology, Develop-
pecially if the point of dichotomization is data depen- mental Psychology, Psychological Assessmant]
dent (e.g., the median). That is, the point of Journal of Applied Psychologylhese journals are
dichotomization may vary considerably between stud- known for publishing research articles of high quality.
ies, thus making groups not comparable. Even when The rationale behind selecting leading journals is
dichotomization is conducted using a predefined scale simple. Leading journals are known for their high
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standards, especially when statistical and method-

ological considerations are present. If we were to find
common use of dichotomization in high-quality jour-

nals, this would suggest not only that uses of dichoto-
mization must appear in other journals as well but also

that leading researchers, as well as editors and review-;pgp
ers, may be relatively unaware of the consequences jccp

associated with the use of dichotomization.

For each journal, we set out to examine all articles
published from January 1998 through December
2000. This time interval was selected so as to reflect
current practice. We limited our review to articles
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Table 2
Summary of Literature Search
No. of Percentage  No. of
No. of articles  of articles articles with

Journal articles with splits® with splits double splits

518 82 (123) 15.8 7

312 20 (27) 6.4 1

JCcP 128 8 (9) 6.3 1
Total 958 110 (159) 115 9

Note. The literature search was conducted on all articles pub-
lished in JPSP, JCCP, and JCP from January 1998 through Decem-
ber 2000.

JPSP= Journal of Personality and Social PsycholegfCCP =

containing empirical studies, and we examined each joyng) of Consulting and Clinical PsychologyCP = Journal of

such article to determine if any measured variables
had been dichotomized prior to statistical analyses.
An examination of articles published in 1998 in these
six journals showed relatively frequent use of dichoto-
mization in three of the journalsdeurnal of Person-
ality and Social Psychology, Journal of Consulting
and Clinical Psychologyand Journal of Counseling
Psychology-but relatively rare usage in the other
three—bevelopmental Psychology, Psychological As-
sessmentand Journal of Applied PsychologyAl-
though Developmental Psychologgontained rela-
tively few uses of dichotomization per se, it did

Consulting Psychology.
#Numbers in parentheses refer to total number of variables split.

As stated earlier, we also examined justifications
offered for use of dichotomization. Of the 110 cases
in which dichotomization was conducted, only 22 of
those cases (20%) were accompanied by any justifi-
cation. Thus, dichotomization seems to be most often
used without any explicit justification. Some of the
justifications offered for dichotomization included (a)
following practices used in previous research, (b) sim-
plification of analyses or presentation of results, (c)

contain an abundance of examples wherein subjectsgaining a capability for examining moderator effects,

were divided into several groups based on chronolog-

ical age.) Therefore, the full 3-year literature review
was conducted only on the former set of three jour-
nals. In our review, we tabulated information about
various forms of dichotomization, including median

(d) categorizing because of skewed data, (e) using
clinically significant cutpoints, and (f) improving sta-
tistical power. In most cases, however, as noted
above, no justification at all was offered, and it is not
clear that this matter was even considered. Variables

splits, mean splits, and other splits at selected scalethat were split were most often self-rated psychologi-
points. We also noted other types of splits, such as cal scales. Scores on instruments assessing depres-

tertiary splits or selection of extreme groups, although
such splits are not examined directly in this article.
For each instance of dichotomization we noted the
variable that was split. In addition, we noted whether
or not a justification for the split was given and what
that justification was.

Results

In the three journals examined, there were a total of
958 articles. Of the 958 articles we found that a total
of 110 articles, or 11.5%, contained at least one in-
stance of dichotomization of a quantitatively mea-
sured variable. For those 110 articles a total of 159
instances of dichotomization were identified. For
practical reasons, we did not count multiple median
splits performed on the same variable within a given
article. Summary information about our literature sur-
vey is presented in Table 2.

sion, anxiety, marital satisfaction, self-monitoring, at-
titudes, self-esteem, need for cognition, narcissism,
and so forth were frequently dichotomized, although
these examples represent only a small subset of the
dichotomized variables encountered. Chronological
age was the subject of frequent dichotomization, al-
though it was more often segmented into several “age
groups” based on arbitrary cutpoints.

Potential Justifications for Dichotomization

We now consider the question of why there seems
to be persistent use of dichotomization in applied re-
search in psychology in spite of the methodological
case against it. We examine here a variety of possible
reasons or justifications for such usage and offer our
own assessment of each. Some of these justifications
are extracted from explicit statements in published
studies, whereas others are drawn from numerous dis-
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cussions with colleagues and applied researchers ovemmagnitude of an effect or the strength of a relationship
a period of many years. Many researchers who use and stated the following with respect to reporting re-
dichotomization are eager to defend the practice in sults: “For the reader to fully understand the impor-
such discussions, and in the following sections we try tance @. . . [a researcher’s] findings, it is almost al-
to provide a fair representation of such defenses.  ways necessary to include some index of effect size or
strength of relationshipni. . .[the article’s] Results
Lack of Awareness of Costs section” (p. 25). With regard to the present issue, this

. o perspective implies that it is misguided to focus
Some researchers who use dichotomization may I .
merely on whether or not a statistical test yields a

simply be unaware of its likely costs and negative .~ . : o o

Py . Y COSIS negat significant result after dichotomization. Rather, it is
consequences as delineated earlier in this artICIe'im ortant to consider the size of the effect of interest
When made aware of such costs, some of these indi- P '

viduals may be eager to use more appropriate regres_Our review of methodological issues presented earlier

sion methods and thereby avoid the costs and enhanceemphaSized that dichotomization can play havoc with

the measurement and statistical aspects of their stug-measures ,Of effect SIZE, gen-erally red“C'”Q their mag-
ies. We hope that the present article will have such an nitude in bivariate relationships and potentially reduc-
impact on researchers. ing or increasing them in analyses involving multiple

independent variables. Second, the belief that statis-
Perceiving Costs as Benefits tical tests will always be more conservative after di-
chotomization is mistaken. Although this will tend to

Some investigators acknowledge the costs but ar- be true in the case of dichotomization of a single
gue that those very costs provide a justification for independent variable, it is by no means always true.
dichotomization. This argument is that because di- Our earlier results (see Table 1) showed that dichoto-
chotomization typically results in loss of measure- mization may cause an increase in effect size simply
ment information as well as effect size and power, it due to sampling error, thus producing a less conser-
must yield a more conservative test of the relationship vative test. In addition, statistical tests may not be
between the variables of interest. Therefore, a finding more conservative when two or more independent
of a statistically significant relationship following di-  variables are dichotomized. In that case, as illustrated
chotomization is more impressive than the same find- earlier, spurious significant main effects or interac-
ing without dichotomization; the relationship must be tions may arise depending on the pattern of intercor-
especially strong to still be found even when effect relations between the variables. Thus, it is not at all
size and power have been reduced. Essentially, thisthe case that dichotomization will always make a sta-
argument reduces to the position that a more conser-tistical test or a measure of effect size more conser-
vative statistical test is a benefit if it yields a signifi- vative.
cant result. Even if dichotomization did routinely yield more

Let us consider this defense carefully. The argu- conservative statistical tests and measures of effect
ment focuses on results of a test of statistical signifi- size, such a defense of its usage is highly suspect.
cance and also rests on the premise that dichotomiza-Researchers typically design and conduct studies so as
tion will make such tests and corresponding measuresto enhance power and measures of effect size, as re-
of effect size more conservative. The focus on statis- flected in efforts to use reliable measures, obtain large
tical significance is unfortunate, and the premise is samples, and use moderate alpha levels in hypothesis
false. First, regarding a focus on statistical signifi- testing. If in fact more conservative tests were more
cance, the American Psychological Association desirable and defensible, then perhaps researchers
(APA) Task Force on Statistical Inference (Wilkinson should use less reliable measures, smaller samples,
and the Task Force on Statistical Inference, 1999) and small levels of alpha. One might then argue that
urged researchers to pay much less attention to ac-if significant effects were still found, those effects
cept—reject decisions and to focus more on measuresmust be quite strong and robust. Of course, such an
of effect size, stating that “reporting and interpreting approach to research would be counterproductive as
effect size . . . isessential to good research” (p. 599). are most uses of dichotomization. Our general view is
In addition, thePublication Manual of the American that this defense of dichotomization is not supportable
Psychological Associatio(bth ed.; APA, 2001) em-  on statistical grounds and is inconsistent with basic
phasized that significance levels do not reflect the principles of research design and data analysis.
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Lack of Awareness of Proper Methods regression methods is certainly available in many pro-
of Analysis grams, it receives less emphasis and is less often part
Over a period of many years, in discussions about ©f @ standard program. Clearly, enhanced training in
dichotomization, we have encountered numerous re- basic methods of regression analysis could increase
searchers who simply have been unaware that re-aWwareness and usage of appropriate methods for
gression/correlation methods are generally more ap- analysis of ‘measures of individual d|fferen_ces and
propriate for the analysis of relationships among help to_ avoid some of the problems resulting from
individual-differences measures. This is especially ©Verreliance on ANOVA, such as the common usage
true of individuals whose primary training and expe- of dichotomization.
rience in the use of statistical methods is limited to or pjchotomization Resulting in
heavily emphasizes ANOVA. Of course, ANOVA is  Higher Correlation
an important tool for data analysis in psychological
research. However, difficulties and serious conse- Itis not rare for an investigator to dichotomize an
guences arise when a problem that is best handled byindependent variableX, and to find that the correla-
regression/correlation methods is transformed into an tion betweenX and the dependent variabl¥, is
ANOVA probiem by dichotomization of independent h|gher after diChOtomization than befOI’e diChOtomi'
variables. We are convinced that many researchers arezation; that isr > rx.. Under such circumstances it
not sufficiently familiar with or aware of regression/ May be tempting for the investigator to believe that
correlation methods to use them in practice and there- such a finding justifies the use of dichotomization. It
fore often force data anaiysis probiems into an does not. In our earlier discussion of the impaCt of
ANOVA framework. This seems especially true in dichotomization on results of statistical analyses, we
situations where there are multiple independent vari- feviewed how population correlations would gener-
ables and the investigator is interested in interactions. ally be reduced. We also showed by means of a simu-
We have repeatec“y encountered the argument thatlation Study that this effect will not always hold in
dichotomization is useful so as to allow for testing of Samples (see the results in Table 1). That is, simply
interactions, under the (mistaken) belief that interac- Pecause of sampling error, sample correlations may
tions cannot be investigated using regression meth- increase following dichotomization, especially when
ods. |In fact, it is Straightforward to incorporate and Sample size is small or the Sample correlation is small.
test interactions in regression models (Aiken & West, Such an occurrence in practice may well be a chance
1991)' and SUCh an approach Wouid avoid probiems event and does not prOVide a sound jUStification for
described earlier in this article regarding biased mea- dichotomization.
sures of effect size and spurious significant effects.
Furthermore, regression models can easily incorpo-
rate higher way interactions as well as interactions of A common defense of dichotomization involves, in
a form other than linear x linear—for example, a lin- one form or another, an argument that analyses and
ear x quadratic interaction. Thus, we encourage re- results are simplified. In terms of analyses, this argu-
searchers who use dichotomization out of lack of fa- ment rests on the premise that an analysis of group
miliarity with regression methods to invest the modest differences using ANOVA is somehow simpler than
amount of time and effort necessary to be able to an analysis of individual differences using regression/
conduct straightforward regression and correlational correlation methods. We suggest that proponents of
analyses when independent variables are individual- this position may simply be more familiar and com-
differences measures. fortable with ANOVA methods and that the analyses
A related issue, or underlying cause of this lack of and results themselves are not simpler. Both ap-
awareness of appropriate statistical methods, involves proaches can be applied in routine fashion, and results
training in statistical methodology in graduate pro- can be presented in standard ways using statistics or
grams in psychology. Results of surveys of such train- graphics. For instance, from our example of a bivari-
ing (Aiken, West, Millsap, & Taylor, 2000; Aiken, ate relationship presented early in this article, corre-
West, Sechrest, & Reno, 1990) indicate that education lational results showed,, = .30,r, = .09,1(48) =
in statistical methods is somewhat limited for many 2.19,p = .03. Figure 1 shows a scatter plot of the raw
graduate students in psychology and often focusesdata, which conveys an impression of strength of as-
heavily on ANOVA methods. Although training in  sociation. Results after dichotomization would be pre-

Dichotomization as Simplification
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sented in terms of a difference between group means.havoc with effect sizes and interpretations as de-
Means ofY for the high and low groups oX were scribed earlier. In fact, regression analyses are much
21.1 and 19.4, respectively. The test of the difference simpler and allow the researcher to avoid these prob-
between these means yieldgd8) = 1.47,p = .15. lems and the associated chance of being misled by
Both sets of results are straightforward to present, and results.
we see no real gain in simplicity by using ANOVA One additional perspective regarding the defense of
instead of regression. simplification should be considered. Some research-
For designs with two independent variables, the €rs may dichotomize variables for the sake of the
same principle holds. ANOVA results are typically audience, believing that the audience will be more
presented in terms of tables or graphs of cell means. receptive to and will more easily understand analyses
Regression results would be presented in terms of and results conveyed in terms of group differences
regression coefficients and associated information. @nd ANOVA. Although this perspective may be par-
An extremely useful mechanism for presenting inter- tially valid at times, we urge researchers and authors
actions in a regression analysis is to display a plot of t© @void this trap. Clearly such a concession has nega-
several regression lines. For example, a finding of a tivé consequences that far outweigh any perceived

significant interactive effect ok, and X, on'Y could

be portrayed in terms of three regression lines. The
first represents the regressionbn X; for an indi-
vidual low onX; (e.g., 1 standard deviation below the
mean), the second represents the regressidtoafX;

for an individual at the mean oX,, and the third
represents the regressionYobn X; for an individual
high on X, (e.g., 1 standard deviation above the
mean). All three lines can be displayed in a single
plot, which can provide a simple and clear basis for
understanding the nature of the interaction. This ap-
proach to presenting interactions is described and il-
lustrated in detail by Aiken and West (1991). Again,
we see no loss in simplicity of analysis or results for
regression versus ANOVA.

We do recognize that for some individuals it may
be conceptually simpler to view results in terms of
group differences rather than individual differences.
However, this conceptual simplification, to whatever
extent it is real, is achieved only at a high cost—loss
of information about individual differences, havoc
with effect sizes and statistical significance, and so
forth. Furthermore, the acceptance of such a simpli-
fied perspective will be misleading if the “groups”
yielded by dichotomization are not real but are simply
an artifact of arbitrarily splitting a sample and dis-
carding information about individual differences. We
consider the notion of groups shortly.

In considering the argument that dichotomization
provides simplification, Allison et al. (1993) coun-
tered with the view that in fact dichotomization intro-
duces complexity. They emphasized complications

gains, very possibly including the drawing of incor-
rect conclusions about relationships among variables.
No real interests are served if researchers use methods
known to be inappropriate and problematic in the be-
lief that the target audience will better understand
analyses and results, especially when the results may
be misleading and proper methods are simple and
straightforward. All parties would be better served by
obtaining and implementing the basic knowledge nec-
essary for selection and use of appropriate statistical
methods as well as for reading and understanding re-
sults of corresponding analyses.

Representing Underlying Categories
of Individuals

Perhaps the most common defense of dichotomiza-
tion is that there actually exist distinct groups of in-
dividuals on the variable in question, that a dichoto-
mized measure more appropriately represents those
groups, and that analyses should be conducted in
terms of group differences rather than individual dif-
ferences. Such an argument is potentially controver-
sial both statistically and conceptually and must be
examined closely.

There seem to be two distinct perspectives regard-
ing the construction or existence of distinct groups of
individuals on psychological attributes. These views
have been discussed in the personality research litera-
ture. Block and Ozer (1982) discussed tiype-as-
label versustype-as-distinctive fornperspectives.
Drawing a similar distinction, Gangestad and Snyder
(1985) describedheneticversusgenetic bases for

arising when two or more independent variables are classes and also expressed the view that some psy-
dichotomized. Such a procedure typically creates a chological variables are dimensional, wherein indi-
nonorthogonal ANOVA design, with its associated vidual differences are a matter of degree, whereas
problems of analysis and interpretation, and also plays others are discrete, wherein individual differences
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represent discrete classes. The type-as-label or phe-made a case for the existence of discrete high and low
netic view is that classes are merely constructed from groups that were split at about a 60:40 ratio. Miller
data and have no underlying meaning. That is, they do and Thayer (1989) attempted to refute this purported
not represent distinct categories of individuals but are class structure for self-monitoring based on various
essentially arbitrary groups defined by partitioning a correlational analyses that, they argued, supported the
sample according to scores on variables of interest. systematic structure of individual differences beyond
The partitioning may be carried out by an arbitrary the differences represented by a simple high—low di-
splitting of one or more scales or may be the result of chotomy. In a subsequent article, Gangestad and
some more sophisticated approach such as clusterSnyder (1991) argued that the results obtained by
analysis. Regardless, the resulting groups have noMiller and Thayer were not germane to the view that
substantive meaning as distinct categories. The type-there existed an underlying class structure for self-
as-distinctive-form or genetic view is based on the monitoring.
notion that there exists a discrete structure of indi- Regardless of which party had the upper hand in
vidual differences underlying the observed variation this exchange and regardless of whether or not there
on quantitative measures. The underlying categories exist two distinct categories of individuals with re-
have a genetic basis and a causal role with regard tospect to self-monitoring, a critical point is that the
observed measures. Meehl (1992) referred to suchexistence of such classes is subject to study and analy-
classes agsaxons and stated that quantitative mea- sis and must not be assumed. As emphasized by
sures may distinguish among taxons in the sense thatMeehl (1992), the question of whether a particular
those classes differ in kind as well as degree. phenomenon is most appropriately viewed as dimen-
In the context of psychological research, it is clear sional, taxonic, or some mix of these is an empirical
that, to use Gangestad and Snyder’'s (1985) terms,question. Such issues can be examined using methods
phenetically defined groups are not as interesting or for identifying distinct classes or distributions of in-
important as genetically defined groups. The former dividuals, given measures for a sample of individuals
do not provide any insight about variables of interest, on one or more variables. Waller and Meehl (1998)
nor about relationships of those variables to others. In used the generic terrraxometric method$or such
fact, basing analyses and interpretation on such arbi- techniques. Taxometric methods include a variety of
trary groups is probably an oversimplification and po- techniques such as cluster analysis (methods for iden-
tentially misleading. Genetically defined groups are tifying clusters of individuals from multivariate data;
clearly more interesting, but also somewhat contro- Arabie, Hubert, & De Soete, 1996), mixture models
versial when their existence is inferred from indi- (methods for identifying distinct distributions of indi-
vidual-differences measures. It would seem difficult viduals that combine to form an observed overall dis-
to make a case that groups defined by dichotomization tribution; Arabie et al., 1996; Waller & Meehl, 1998),
of measures of such attributes as self-esteem, anxiety,and latent class analysis (methods for identifying
and need for cognition are genetically based and rep- types of individuals based on multivariate categorical
resent a discrete structure of individual differences. data; McCutcheon, 1987). In the present context
This is not to say that such structures do not exist. where we are considering the possible existence of
Meehl (1992; Waller & Meehl, 1998) suggested that distinct types or groups of individuals on single mea-
there is ample empirical evidence to support the ex- sured variables, relevant taxometric methods would
istence of taxons, especially in the areas of personality probably be limited to univariate mixture models and
and clinical assessment. some clustering methods that could be applied to
An interesting case study regarding the potentially single variables. Regardless, whenever the researcher
controversial nature of this issue began with an article wishes to investigate or argue for the existence of
by Gangestad and Snyder (1985), who presented adistinct taxons, types, or classes, he or she should
conceptual argument along with research results at- support the argument with taxometric analyses, rather
tempting to make the case that the variable self- than assume its validity.
monitoring has a discrete underlying structure. As-  Given this background, let us consider the defense
suming the observed distribution of scores on a self- of dichotomization as a technique for representing
monitoring measure to represent distinct classes, andtypes of individuals. It should be immediately clear
using methods for identifying latent classes or taxons that dichotomization is not a taxometric method but is
(see Waller & Meehl, 1998), Gangestad and Snyder rather a simple method for grouping individuals into
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arbitrarily defined classes. Even if discrete latent defined as the ratio of true variance to total variance
classes actually exist in a given case, the groups re-(Allen & Yen, 1979; Magnusson, 1966):

sulting from dichotomization may bear little or no 2 2

i izati oT g1
resemblance to those latent classes. Dichotomization Pxx= 3 3= - (6)
assumes that the number of taxons is two and does not ortoe ©

allow for the possibility that there are more than two. Tg examine points of interest in the present context, it

that the base rate for each of those two taxons is 50%. tyeen observed and true scorgs;, which has a

Dichotomization at some other scale pointis probably simple relationship to reliability. The correlation be-

no less arbitrary in terms of unjustifiable assumptions nyeen observed and true scores can be shown to be
about the number of taxons and their base rates. Al- gqual to the square root of reliabilify:

though Meehl (1992) argued for the existence of tax- ey

ons in some cases, he clearly saw little value in di- PxT = YPxx @
chotomization, cautioning that categories concocted The value ofpy+ is called the reliability index and is
by dichotomization of some measure are simply arbi- designated here g8, so that

Loy cesses o are ot ol ettt pevenolg o= pr = oo @
' When the observed variabl¢ is dichotomized to

distinct groups or types of individuals and an under- . S .
lying taxonic structure, dichotomization is not a use- yield Xp, the value of the reliability index will change,
' and our interest is in the nature and degree of such

ful technique. It is based on untenable assumptions h After dichotomizati define th
and defines arbitrary classes that are unlikely to have change. Aler dichotomization we can define the re-
liability index aspy_r. This definition is problematic,

much empirical validity. Rather, in such situations, a b th | i whiich

researcher should apply taxometric methods to asseséwwebver(,j fgca(juseﬂ xeLe arg sevzr_ahvxiays_ n dWVI\(/:

the presence of latent classes and classify individuals ©&" D€ delined aftek has been dicnotomized. Vve
consider here three different definitions offor a

m'_{o groupé for. subsequent.anfa!yses. dichotomizedX, and for each definition o we de-
Dichotomization and Reliability fine a corresponding reliability index. These three
In questioning C0||eagues about their reasons for versions of the reIiabiIity index will be designated
use of dichotomization, we have often encountered a Pxx) Pxx@)y aNdpxxa)-
defense regarding reliability. The argument is that the ~ The first such index is based on the notion that the
raw measure oK is viewed as not highly reliable in ~ true score is unchanged by dichotomization Xaf
terms of providing precise information about indi- Then the reliability index foiX, could be defined as
yidgal differences bu_t th.at. it can at.Ieast be trusted to Pyxty = PxoT- (9)
indicate whether an individual is high or low on the Note that if X is normal, the relationship between

attribute of interest. Based on this view, dichotomi- andp, .. (or betwee andp, ) is effectivel
zation, typically at the median, would provide a “more  PX**@ Pxx TPx,T @Ndpxr y

reliable” measure. Cohen (1983) mentioned this pos- the rela.tion.ship betwgaen a point?biserial correlation
. S e . . . and a hiserial correlation, respectively. ThatTiss a
sible justification but claimed that dichotomizing continuous variable, ard is a continuous, normally
would in fact reduce reliability by introducing errors distributed variable’underlying( The rel,ationship
of discreteness. He did not elaborate on the effect of between the point-biserial andD.biseriaI correlations
dichotomization on measurement reliability. We ex- ne p o
amine this issue in detail here and show that, under was mentioned earlier in another context and was
principles of classical measurement theory, dichoto-
mization of a continuous variable does not refine the
original measurement, but on the contrary, makes re-
liability substantially worse.

3 The relationship between reliability and the correlation
of observed and true scores can be shown as follows:

In classical measurement theory, an observed vari- oxr EXT) E(T+eT
able scoreX, is assumed to be the sum of the true PxT~ OxOr OxOp  OxO7
score, T, and random errore: ~ E(T?) +E(Te) ~ E(TY)+0 ~ o2 _or_ \/_
X=T+e (5) Oy O Ox0Or  OxO1 O Pxx

Under classical assumptions, reliabilify,y, is then whereE is the expected value operator.
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specified in Equation 1. Adapting Equation 1 to the
present context yields

h

Vi)

For any specific dichotomizing poinfyy,, is a con-
stant proportion of the correspondirjky, where
the constant is given bg = h/Vpg. For dichotomi-
zation at any specified point, the effect on the reli-
ability index is then given bypyyiy = dpxx. For
dichotomization at the mead,= .798 (based op =
.50,q = .50,h = .399). For dichotomization at 0.5
standard deviations from the meah= .762 (based
onp = .691,q = .309,h = .352). For more extreme
dichotomization at 1.0 standard deviatieh= .662
(based onp = .841,q = .159,h = .242). These
values indicate the reduction in reliability due to di-
chotomization, considerin@ as unaltered. Figure 4,
presented earlier in another context, can now be
viewed as portraying the reduction in the reliability
index caused by dichotomization at any specified
point on a normally distribute.

We now consider a second way to conceptualize
the reliability of X,. Suppose we conceive of the di-
chotomized measur¥, as a measure of a dichoto-
mized true variableT,. That is, a perfectly reliable
Xp would indicate without error whether each indi-
vidual is above or below the dichotomization split
point on the true score distribution. From this perspec-
tive, the reliability index forXy could be defined as

r)XX(z) = PxoTpr (11)

Note thatpy o) is a correlation between two dichoto-
mous variables and is thus a phi coefficient. From this
perspective, i andT are both normal, then the origi-
nal reliability index, orpyy, is effectively the corre-
sponding tetrachoric correlation. The effect on reli-
ability of dichotomization of bothX and T is then
given by the relationship between a phi coefficient
and a corresponding tetrachoric correlation. For the

f’xxu) = f’xx( (10)

case when both variables are dichotomized at the

mean, this relationship was specified in Equation 2 in
another context. Adapting Equation 2 to the present
context yields

Pxx) = 2larcsinfy,)l/m. (12)
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difference increasing as the split point deviates further
from the mean, implying a greater impact on reliabil-
ity in the present context.

A third definition of the reliability index after di-
chotomization is based on defining the true score,
according to classical measurement theory, as the ex-
pected value of the observed measurement. If an in-
dividual takes the same measurement repeatedly un-
der appropriate conditions, or if he or she takes
parallel tests, his or her true score would be equal to
the mean of an infinite number of such repeated mea-
sures or parallel tests. This mean over an infinite num-
ber of testings is represented formally using the ex-
pected value operator, which indicates more
generally the mean of a random variable over an in-
finite number of samplings. In the present context, we
express the true score for individuads the expected
value of the observed score:

T = E(X). (13)

If the observed variablX is dichotomized, the corre-
sponding true scoré* becomes

T, = E(Xp). (14)

For dichotomization at the split poiot if the dichoto-
mized observed variablis coded as 1 if it is greater
thanc or as zero if not, the true score can be further
expressed as

T =pXpi =1 =p(X >cIT). (19
This true score for an observed variable after dichoto-
mization is the conditional probability of the observed
score being greater tham given the original undi-
chotomized true score. The conditional probability
density function ofX; givenT, is normal with mearT;
and variances2. Therefore, the true score of indi-
vidual i after dichotomization is represented by the
area under the normal curve, with megnand vari-
anceo2, above the cutpoirt. Formally, this is written
using the normal probability density function as

. o 1 -(X-T.
Toi :f —— |ex —X=T) 5 )
¢ ZTrag 20

Note thatT, is a continuous variable. The correlation
between the dichotomized observed scggeand the
newly defined true scor&p, can be computed, and a

]dx. (16)

Figure 5, presented earlier, can also be applied to thethird version of reliability index is defined as this

present context as showing the impact on reliability
when bothX andT are dichotomized at the mean. For

dichotomization away from the mean, the relationship
between a phi coefficient and the corresponding tet-
rachoric correlation becomes very complex with the

correlation:
Pxx3) = PxpTh: (17)

It would be desirable to derive the functional relation-
ship between this newly defined index of reliability,
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Pxx@y and the original reliability indexpyy. How- Table 3
ever, such an expression may not be tractable. A Effect of Dichotomization at Mean on Re|labl|lty
simulation study to be presented shortly demonstrates Reliability after dichotomization
the relationship for some conditions.

In summary, we have presented three alternative
definitions of the index of reliability when the mea-

Reliability before
dichotomization Observed Predicted

Reliability index (squared)p%,

sureX is dichotomized. The first indexiy), is the :?88 izg :iié
correlation between the dichotomized observed vari- 800 514 509
able and the original true score; the secqigy,), is 900 572 573
the correlation between the dichotomized observed Reliability index (squared)p%x 2
variable and the dichotomized true score; and the .600 .307 .318
third, pxx) IS the correlation between the dichoto- .700 .386 .398
mized observed variable and the corresponding clas- -800 -500 497
sically defined true score, which is the expected value 900 o 642 L 632
of the dichotomized observed score. The relationships 500 Reliability mdexé;guared)pma

of Pxx1) @Ndpxx(2) to the original reliability indexpy :700 :487

are specified in Equations 10 and 12, respectively. 800 506

The relationship ofyy) t0 pxx probably does not 900 716

have a tracta}ble alggbralc repr?se”ta“?”' _These rela_Note. Definitions of alternative versions of the reliability index,
tionships define the impact of dichotomization on re- Py Pxxzy ANdPyxa), are provided in Equations 10, 12, and 17,
liability under classical measurement theory. respectively.

To demonstrate and further examine this effect, we
conducted a simple simulation study. Artificial data the true score is defined. The impact of dichotomiza-
were generated under the classical measurementtion varied across levels of reliability and among the
model using four levels of the reliability coefficient: different indexes examined but was always substan-
.60, .70, .80, and .90. Transformed to the reliability tial.
index, these values correspond to .775, .837,.894, and This simulation study was extended to examine the
.949, respectively. For each of these four conditions, effect of dichotomization at points away from the
a single large random sampld & 10,000) was gen-  mean. As expected, as the point of dichotomization
erated based on the classical measurement modeldeviated further from the mean, the impact on reli-
(Equation 5). First, true scores and random errors ability increased. Detailed results are not presented
were generated independently. The true score was as-here but may be obtained from Robert C. MacCallum.
sumed unit normally distributed, and the random error  In summary, the foregoing detailed analysis shows
score was normally distributed with a mean of zero that dichotomization will result in moderate to sub-
and a variance of2 = 1/pyy. True scores and ran-  stantial decreases in measurement reliability under as-
dom errors were then added to create observed scoresumptions of classical test theory, regardless of how
for the 10,000 simulated individuals within each level one defines a true score. As noted by Humphreys
of reliability. (1978a), this loss of reliable information due to cat-

For each of these four large samples, the measure egorization will tend to attenuate correlations involv-
was then dichotomized at the median, and sample ing dichotomized variables, contributing to the nega-
values of pyx1y Pxx)y @nd pxxg) Were computed.  tive statistical consequences described earlier in this
Note that values 0fixyy and pxxe, could be pre- article. To argue that dichotomization increases reli-
dicted by Equations 10 and 12, respectively. Table 3 ability, one would have to define conditions that were
shows squared values of these indices obtained aftervery different from those represented in classical mea-
dichotomization, along with predicted values for surement theory.
Pxx1) aNdpkx(z). Squared values of the reliability in-
dex correspond to classically defined reliability. Note
first that the values obtained from the simulated data
were very close to the predicted values. More gener- We have considered a variety of defenses and jus-
ally, results show clearly that dichotomization caused tifications that have been offered for the practice of
substantial decreases in reliability regardless of how dichotomization of individual-differences measures.

General Comments on Defenses
of Dichotomization
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We believe that under close examination each of these vestigator following such a procedure must recognize
defenses breaks down. Without valid justification, re- that such dichotomization involves loss of all infor-

searchers who dichotomize individual-differences mation about variation among those individuals not at
measures are in a position of using a method that doesthe extreme scale point (e.g., variation in smoking
considerable harm to the analysis and understandingfrequency among smokers). If such information is to

of their data, with no clear beneficial effects. be retained and the variable is left intact, it is essential
to use specialized regression methods for analysis of
Legitimate Uses of Dichotomization? such variables; readers are referred to a discussion of

regression models for count variables in Long (1997).
Although there may be an occasional situation in
which dichotomization is justified, we submit that
such circumstances are very rare in practice and do
not represent common usage of dichotomization. In
Although we believe that there may be occasional COMmon usage, dichotomization is typically carried
out without apparent justification and without serious

cases where it is justified, we emphasize that we be- X
lieve such cases to be very rare. Two such cases aredwareness or regard for its consequences. Such ad hoc

considered here. One would be a situation in which Procedures are simply inappropriate and incur sub-
taxometric analyses provided clear support for the ex- stantial costs.
istence of two types or taxons within the observed
sample, along with a clear scale point that differenti-
ated the classes. Of importance, the existence of types The methodological literature shows clearly and
must be supported by such analyses and must not beconclusively that dichotomization of quantitative
assumed or theorized. Even when such support is ob-measures has substantial negative consequences in
tained, the classes in question almost certainly could most circumstances in which it is used. These conse-
not be identified by the commonly used median split quences include loss of information about individual
approach because of the arbitrariness of the point of differences; loss of effect size and power in the case
dichotomization. Furthermore, the researcher must of bivariate relationships; loss of effect size and
recognize that, even given clear evidence for the ex- power, or spurious statistical significance and overes-
istence of distinct groups, dichotomization would timation of effect size in the case of analyses with two
likely result in the loss of reliable information about independent variables; the potential to overlook non-
individual differences within the groups, as well as linear relationships; and, as shown in this article, loss
misclassification of some individuals. Claims of the of measurement reliability. These consequences can
existence of types, and corresponding dichotomiza- be easily avoided by application of standard methods
tion of quantitative scales and analysis of group dif- of regression and correlational analysis to original
ferences, simply must be supported by compelling (undichotomized) measures.
results from taxometric analyses. Despite these circumstances, many researchers
A second possible setting in which dichotomization continue to apply dichotomization to measures of in-
might be justified involves the occasional situation dividual differences. This practice may be due to fac-
where the distribution of a count variable is extremely tors such as a lack of awareness of the consequences
highly skewed, to the extent that there is a large num- or of appropriate methods of analysis, a belief in the
ber of observations at the most extreme score on the presence of types of individuals, or a belief that di-
distribution. For example, suppose research partici- chotomization improves reliability. Such justifica-
pants were asked how many cigarettes they smokedtions have been examined in the present article and,
per day. A large number of people would give a re- we believe, have been shown to be invalid.
sponse of “zero,” and the remainder of the sample Cases in which dichotomization is truly appropriate
would show a distribution of nonzero values. Such a and beneficial are probably rare in psychological re-
distribution indicates the presence of two groups of search and probably could be recognized only through
people, smokers and nonsmokers. Corresponding di-taxometric analyses. Thus, we urge researchers who
chotomization of the measured variable would yield a are in the habit of dichotomizing individual-
dichotomous indicator of smoking status, which may differences measures to carefully examine whether
be useful for subsequent analyses. However, an in- such a practice is justified. We also urge journal edi-

Given that we have called into question a wide
range of justifications that are often offered for di-
chotomization, it is interesting to consider the ques-
tion as to whether dichotomization is ever justified.

Summary and Conclusions
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tors and reviewers to caution authors against the use

of dichotomization in most situations, and we caution

consumers of research to be skeptical regarding re-

sults of studies wherein individual-differences mea-

sures have been dichotomized. We hope that such

efforts will drastically reduce the practice of dichoto-
mization and its negative impact on our scientific en-
deavors.
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