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Abstract
Tu et al. (Emerg Themes Epidemiol 5:2, 2008. https://doi.org/10.1186/1742-7622-5-2) asserted that suppression,
Simpson’s Paradox, and Lord’s Paradox are all the same phenomenon—the reversal paradox. In the reversal paradox,
the association between an outcome variable and an explanatory (predictor) variable is reversed when another
explanatory variable is added to the analysis. More specifically, Tu et al. (2008) purported to demonstrate that these
three paradoxes are different manifestations of the same phenomenon, differently named depending on the scaling of the outcome variable, the explanatory variable, and the third variable. According to Tu et al. (2008), when all
three variables are continuous, the phenomenon is called suppression; when all three variables are categorical, the
phenomenon is called Simpson’s Paradox; and when the outcome variable and the third variable are continuous but
the explanatory variable is categorical, the phenomenon is called Lord’s Paradox. We show that (a) the strong form of
Simpson’s Paradox is equivalent to negative suppression for a 2 × 2 × 2 contingency table, (b) the weak form of Simpson’s Paradox is equivalent to classical suppression for a 2 × 2 × 2 contingency table, and (c) Lord’s Paradox is not the
same phenomenon as suppression or Simpson’s Paradox.
Keywords: Confounding, Contingency table, Epidemiology, Lord’s Paradox, Regression, Reversal paradox, Simpson’s
Paradox, Suppression
Tu, Gunnell, and Gilthorpe’s Emerging Themes in Epidemiology article [1] asserted that suppression, Simpson’s
Paradox, and Lord’s Paradox are all the same phenomenon—the reversal paradox. In the reversal paradox, the
association between an outcome variable and an explanatory (predictor) variable is reversed (changes sign) when
another explanatory variable (which may be called a third
variable, a covariate, a confounding variable, a disturber,
a concomitant variable, a control variable, a background
variable, or a lurking variable) is added to the analysis [2].
More specifically, Tu et al. [1] purported to demonstrate
that these three paradoxes are different manifestations
of the same phenomenon, differently named depending
on the scaling of the outcome variable, the explanatory
variable, and the third variable. According to Tu et al. [1],
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when all three variables are continuous, the phenomenon
is called suppression; when all three variables are categorical; the phenomenon is called Simpson’s Paradox;
and when the outcome variable and the third variable are
continuous but the explanatory variable is categorical,
the phenomenon is called Lord’s Paradox.
Tu et al. [1] are partly right and partly wrong. The inaccuracies in their presentation stem from their
• failing to distinguish between the three different
types of suppression, only one of which involves an
association reversal;
• failing to distinguish between the strong form of
Simpson’s Paradox, in which there is an association
reversal, and the original weak form, in which there is
not [3]; and
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• misunderstanding Lord’s Paradox, which cannot be
equated with either Simpson’s Paradox or suppression.1
Because Tu et al.’s [1] article seems to have had considerable influence in the decade or so since it was published—
Google Scholar indicates that it has been cited more than
180 times—it is important that these inaccuracies be rectified. We clarify and correct Tu et al.’s [1] presentation by
first describing suppression, Simpson’s Paradox, and Lord’s
Paradox. We next employ Cornfield’s inequality [4] to show
mathematically that suppression and Simpson’s Paradox are
indeed the same phenomenon, as Tu et al. [1] asserted, and
provide a simple example of Lord’s Paradox to demonstrate
that it is neither suppression nor Simpson’s Paradox, contrary to Tu et al.’s [1] claim. We then examine Tu et al.’s [1]
hypothetical examples of suppression, Simpson’s Paradox,
and Lord’s Paradox. We conclude briefly by agreeing with
Tu et al. [1] that these paradoxes have serious implications
for the interpretation of evidence from observational studies
that employ contingency-table analyses or regression-based
models but emphasize the importance of accurate descriptions of these paradoxes and the relations between them.

Suppression
Consider an ordinary least squares regression with a criterion or outcome variable Y and two possible explanatory or predictor variables X1 and X2. For simplicity
and with no loss of generality, we assume that all three
variables are standardized, and that the variables are
scored so that the correlation between the two explanatory variables (rX1 X2) is greater than or equal to zero and
the correlation between the outcome variable and the
first explanatory variable (rYX1) is positive.2 Then the
1

Tu et al. [1, p. 7] wrote that “The reversal paradox is often used as the
generic name for Simpson’s Paradox, Lord’s Paradox, and suppression (see
Table 4). Whilst the original definition and meaning of the reversal paradox
was derived from the notion that the direction of a relationship between two
variables might be reversed after a third variable is involved, this nevertheless may generalize to scenarios where the relationship between variables is
enhanced, not reduced or reversed, after the third variable is introduced.”
In our view, this generalization is inappropriate and likely to lead to confusion.
Strictly speaking, the reversal paradox requires that a negative relation between
two variables become a positive association, or vice versa. A null (zero) association becoming a non-null (positive or negative) association, or vice versa, is
not an example of the reversal paradox, although it is an anomaly and a paradox. Reciprocal suppression, in which both partial regression coefficients are
larger than their corresponding simple regression coefficients, is not an example of the reversal paradox. Moreover, if the association between an outcome
variable and an explanatory variable is reduced for both explanatory variables,
this indicates redundancy, not a paradox (reversal or otherwise).
2

To score variables so that the correlation between the two explanatory
variables (rX1 X2) is greater than or equal to zero and the correlation between
the outcome variable and the first explanatory variable (rYX1) is positive may
require reversing the original scale of one of the three variables. To reverse
the scale of a variable, for each data point compute
reversed value of data point = maximum value of scale + minimum value of scale

−original value of data point
Reversing the scale of a variable has no effect on the magnitude of its correlation with some other variable; it simply reverses the sign of that correlation.
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correlation between the outcome variable and the second explanatory variable (rYX2) may be negative, zero,
or positive. The simple regression coefficient for X1 or
X2 is obtained by regressing Y on either X1 alone or X2
alone, respectively. With standardized variables, the simple regression coefficient is equivalent to the correlation
between the explanatory variable and the outcome variable. The partial regression coefficient (β) for X1 and for
X2 is obtained by regressing Y on both X1 and X2. These
partial regression coefficients can also be computed from
the three correlations as follows:

β1 = (rYX1 − rYX2 × rX1 X2 )/(1 − rX1 X2 2 )
β2 = (rYX2 − rYX1 × rX1 X2 )/(1 − rX1 X2 2 ).
Researchers often seem to believe that, in a regression predicting an outcome variable from two explanatory variables, one or the other of two situations must
occur: either X1 and X2 are independent, or X1 and X2 are
redundant:
• Independence occurs when the two explanatory variables are uncorrelated. The partial regression coefficient for each of the two explanatory variables then
equals its corresponding simple regression coefficient. For example, if the correlations between the
three variables Y, X1, and X2—rYX1, rYX2, and rX1 X2—
equal .44, .33, and .00, respectively, the partial regression coefficients for X1 and X2 equal .44 and .33.
• Redundancy occurs when the two explanatory variables are correlated. Each partial regression coefficient
has the same sign as, but is less than, its corresponding simple regression coefficient. For example, if the
correlations rYX1, rYX2, and rX1 X2 equal .44, .33, and
.60, respectively, the partial regression coefficients
for X1 and X2 equal .38 and .10 [5, Figure 1, p. 308].
Redundancy is the most common regression situation.
But three other situations are possible when the two
explanatory variables are correlated: reciprocal suppression, classical suppression, and negative suppression [6,
pp. 84–91, 7–9].
• Reciprocal suppression (also called cooperative suppression) occurs whenever the correlation between
the outcome variable and the second explanatory
variable is negative. The partial regression coefficient
for each of the two explanatory variables is greater
than its corresponding simple regression coefficient
but the sign is unchanged. For example, if the correlations rYX1, rYX2, and rX1 X2 equal .44, − .20, and .60,
respectively, the partial regression coefficients for
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X1 and X2 equal .88 and − .73 [5, Figure 1, p. 308].
Because reciprocal suppression does not involve a
sign reversal, its occurrence cannot be considered an
example of the reversal paradox.
• Classical suppression (also called traditional suppression) occurs whenever the correlation between the
outcome variable and the second explanatory variable
equals zero (or in some presentations, nearly zero).
The partial regression coefficient for the explanatory
variable having the zero correlation with the outcome
variable is negative; the partial regression coefficient
for the explanatory variable having the non-zero
correlation with the outcome variable has the same
sign as, but is greater than, its corresponding simple
regression coefficient. For example, if the correlations
rYX1, rYX2, and rX1 X2 equal .44, .00, and .60, respectively, the partial regression coefficients for X1 and X2
equal .69 and − .41 [5, Figure 1, p. 308]. Because classical suppression involves a change from a zero association between one of the explanatory variables and
the outcome variable to a non-zero association, its
occurrence, strictly speaking, cannot be considered
an example of the reversal paradox.
Reciprocal suppression always occurs when the correlation between the outcome variable and the second
explanatory variable is negative, and classical suppression always occurs when the correlation between the outcome variable and the second explanatory variable is zero
(assuming that the correlation between the outcome variable and the first explanatory variable is positive, and that
the correlation between the two explanatory variables is
positive, as explained earlier).
• Negative suppression (also called net suppression)
can, but does not necessarily, occur when the correlation between the outcome variable and the second
explanatory variable is positive. Negative suppression
occurs whenever the correlation between the two
explanatory variables (rX1 X2) is greater than the ratio
of the correlations of the two explanatory variables
with the outcome variable, with the smaller of these
two correlations placed in the numerator of the ratio
and the larger placed in the denominator, so that the
ratio is less than or equal to 1.00. That is, negative
suppression occurs if

if rYX2 > rYX1

rX1 X2 > rYX1 /rYX2
or
rX1 X2 > rYX2 /rYX1

if rYX1 > rYX2 .
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Otherwise, redundancy occurs. In negative suppression, the partial regression coefficient for the explanatory variable that has the larger correlation with the
outcome variable keeps the same sign and is greater
than its corresponding simple regression coefficient.
The partial regression coefficient for the explanatory variable that has the smaller correlation with
the outcome variable reverses sign and can be less
than, equal to, or greater in magnitude than its corresponding simple regression coefficient. For example, if the correlations rYX1, rYX2, and rX1 X2 equal .44,
.10, and .60, respectively, negative suppression occurs
because .60 is greater than .10/.44 = .23. The partial
regression coefficients for X1 and X2 equal .59 and
− .26, respectively [5, Figure 1, p. 308; see also 10].
The occurrence of negative suppression is an example of the reversal paradox.
Although the occurrence of classical suppression is not
an example of the reversal paradox (because there is no
sign reversal), and the occurrence of negative suppression is an example of the reversal paradox (because there
is a sign reversal), classical suppression can be regarded
nonethless as a special case of negative suppression
because, whenever the correlation of one of the explanatory variables with the outcome variable equals zero, the
correlation between the two explanatory variables (which
is positive) must exceed the ratio of the correlations of
the two explanatory variables with the outcome variable
(which equals zero).
Suppression can occur in regression models with more
than two explanatory variables, but its operation is more
complicated [7, 11] and has not been much investigated
in the statistical literature. Tu et al. [1] focused on the
case of two explanatory variables, so we will not consider
further here the case of more than two.

Simpson’s Paradox
Simpson [12] noted that in a 2 × 2 × 2 contingency table,
with the level of each of the three dichotomous variables
coded 0 or 1, there can be an association of two of the
three variables at each level of the third variable although
there is no overall association of the two variables. He
provided a hypothetical medical example with an outcome variable “status” (alive, dead), an explanatory variable “treatment” (untreated, treated), and a third variable
“sex” (male, female), with the table cell frequencies shown
in Table 1. When sex is disregarded, there is no association between treatment and status; the untreated and
the treated persons have the same probability of death
(.50). When sex is considered, there is a negative association between treatment and status for both males and
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Table 1 Associations between treatment and status. Adapted from Simpson [11, Item 10, p. 241]
Untreated

Treated

Association between treatment and status, disregarding sex
Alive

6

20

Dead

6

20

Total

12

40

Probability dead

.50

.50

Male
Untreated

No association
Female

Treated

Untreated

Treated

Association between treatment and status for each sex
Alive

4

8

2

12

Dead

3

5

3

15

Total

7

13

5

27

Probability dead

.43

.38

.60

.56

Negative association for
both male and female

Status coded 0 = alive, 1 = dead; treatment coded 0 = untreated, 1 = treated; sex coded 0 = male, 1 = female

females, with untreated males having a higher probability of death than treated males (.43 vs. .38), and untreated
females having a higher probability of death than treated
females (.60 vs. .56).3
Simpson [12] described the weak form of the paradox
that now bears his name, although the phenomenon was
known much earlier [13, 14; see also 3]. In the weak form
of Simpson’s Paradox, a lack of association between two
variables transmutes into a positive or negative association when a third variable is considered. Strictly speaking, the occurrence of the weak form of Simpson’s
Paradox, like classical suppression, cannot be considered
an example of the reversal paradox. Since 1951, when
Simpson wrote his article, Simpson’s Paradox usually
has been defined and/or demonstrated in terms of an
actual association reversal, which is the strong form of
Simpson’s Paradox. For example, Charig, Webb, Payne,
and Wickham [15] showed that the association between
the “surgical outcome” (failure, success) and the “type of
surgery” (open surgery, percutaneous nephrolithotomy)
for kidney stones reversed when the “kidney-stone size”
(large, small) was taken into account. Charig et [15] presented their results in terms of percentages rather than
probabilities. As shown in Table 2, when kidney-stone
size was disregarded, 83% of the percutaneous nephrolithotomies were successful, whereas only 78% of the open

3
In his example, Simpson [11] coded status (which he called “survival”)
0 = dead and 1 = alive, treatment 0 = untreated and 1 = treated, and sex
0 = female and 1 = male. Thus, in the two subtables for sex (female and
male), there was a positive association between treatment and status. For consistency with our presentation of suppression, we have reversed the coding of
status and sex. The coding of dichotomous variables is arbitrary; such recoding does not affect the results of the contingency-table analysis.

surgeries were successful. But when surgical outcome
was examined separately for large kidney stones and
small kidney stones, open surgeries were more successful than percutaneous nephrolithotomies for both large
kidney stones (73 vs. 69%) and small kidney stones (93 vs.
87%).4 Simpson’s Paradox has also been observed in contingency tables larger than 2 × 2 × 2 (usually 2 × 2 × k ).
For example, Simpson’s Paradox occurred in a contingency table with two airlines (America West, Alaska),
two performances (on time, delayed), and five cities (Los
Angeles, Phoenix, San Diego, San Francisco, Seattle).
Although America West Airlines had a higher percentage
of on-time flights overall than did Alaska Airlines, Alaska
Airlines had a higher percentage of on-time flights for
each of the five cities [16].

Lord’s Paradox
Lord [17] described a problem in the interpretation of
studies examining the relation between an outcome
variable and a pre-existing group variable when both a
pretest measure and a posttest measure of the outcome
variable are available. Suppose that a university is interested in determining whether the diet provided in its
dining halls has an effect on the weight of the students,
and whether there might be a sex difference in this effect.
Student weight is assessed twice, at the beginning of the
school year in September, and at the end of the school
year in June. Lord [17] noted that two different ways
of analyzing the data yield different results. When the
4

Charig et al. [15] coded kidney-stone size 0 = small and 1 = large. For consistency with our presentation of suppression, we have reversed this coding.
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Table 2 Associations between type of surgery and surgical outcome. Adapted from Charig et al. [14, Tables I and II, p. 880]
Open surgery

Percutaneous
nephrolithotomy

Association between type of surgery and surgical outcome, disregarding kidney-stone size
Failure

77

61

Success

273

289

Total
Percentage success

350

350

78%

83%

Large stone
Open surgery

Positive association
Small stone

Percutaneous
nephrolithotomy

Open surgery

Percutaneous
nephrolithotomy

Association between type of surgery and surgical outcome for each kidney-stone size
Failure

71

25

6

36

Success

192

55

81

234

Total

263

80

87

270

Percentage success

73%

69%

93%

87%

Negative associations

Surgical outcome coded 0 = failure, 1 = success; type of surgery coded 0 = open surgery, 1 = percutaneous nephrolithotomy; kidney-stone size coded 0 = large
stone, 1 = small stone

outcome variable (June or posttest weight) is regressed
on both the group variable (the explanatory variable sex)
and the third (or control) variable (September or pretest
weight), there is a significant effect of sex on June weight,
with men being heavier. When the difference between
the June weight and the September weight is regressed
on sex, however, there is no significant effect of sex.
As was the case with the (weak) form of Simpson’s
paradox presented by Simpson [12], Lord’s Paradox, as
presented by Lord [17], did not describe an association
reversal, but a change from no association to an association (here, assuming that sex is coded 0 for women and 1
for men, a positive association). We are unaware of published examples of Lord’s Paradox in which there is an
actual association reversal, but certainly it is the case that
an association reversal can occur when the same data set
is analyzed using these two different methods of analysis.

Simpson’s Paradox is suppression
Suppression focuses on the changes to the regression
coefficients when a second explanatory variable is added
to a regression model containing only one explanatory
variable. That is, an examination of suppression compares
the signs and magnitudes of the regression coefficients
(alternatively, part correlations or partial correlations [9])
for the regressions predicting Y from X1 alone and Y from
X2 alone to the signs and the magnitudes of the regression coefficients for the regression predicting Y from
both X1 and X2. Simpson’s Paradox focuses on changes to
probabilities, ratios, or percentages computed for a 2 × 2
contingency table to the probabilities, ratios, or percentages computed for the two subtables of a 2 × 2 × 2

contingency table created by considering a third variable.
Nonetheless, the strong form of Simpson’s Paradox is
equivalent to negative suppression and the weak form of
Simpson’s Paradox is equivalent to classical suppression,
as consideration of “Cornfield’s inequality” [4] shows.
Cornfield et al. [4; see also 18] derived the necessary conditions for a third (“common cause”) variable to
account for the observed association between an explanatory (“apparent cause”) variable and an outcome variable, assuming that this observed association is spurious.
These conditions establish the minimum effect size necessary for the third variable to reverse the observed association, resulting in Simpson’s Paradox. For simplicity, we
use the following mnemonic notation: O and O′ represent
the 1 and 0 values of the outcome, A and A′ represent
the 1 and 0 values of the apparent cause, and C and C ′
represent the 1 and 0 values of the common cause in a
2 × 2 × 2 contingency table. P(O) is the probability of O,
P(O|A) is the probability of O given that A has occurred,
and so on. P(O) and P(O′ ) sum to 1, of course, and analogously for the other two variables. Cornfield et al. [4]
explicitly assumed the association between the outcome
(O) and the common cause (C), and the association
between the apparent cause (A) and the common cause
(C), to be positive, which seems reasonable in a disease
context. One way of expressing Cornfield’s inequality is

P(O|A) − P(O|A′ ) = [P(O|C) − P(O|C ′ )]
× [P(C|A) − P(C|A′ )].
Because P(C|A) − P(C|A′ ) is less than or equal to 1,

P(O|C) − P(O|C ′ ) ≥ P(O|A) − P(O|A′ ).
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That is, to reverse the observed association between the
outcome and the apparent cause, the association between
the outcome and the common cause must be stronger
than the association between the outcome and the apparent cause.
Cornfield’s inequality can also be expressed in terms of
correlations. When the variables are dichotomous, the
correlation r is equivalent to the φ coefficient, a measure
of association for contingency tables. The φ coefficient
for a 2 × 2 contingency table can be expressed in terms of
probabilities. For example, for the variables O and C,

φOC = [P(O|C) − P(O|C ′ )]

× [P(C) × P(C ′ )]/[P(O) × P(O′ )]
and analogously for the variable pairs O and A, and A and
C.
If the association between the outcome O and the
apparent cause A is completely due to the association
between each of these two variables and the common
cause C, then

φOA = φOC × φAC
or, in terms of r,

rOA = rOC × rAC .
Rearranging terms gives

rAC = rOA /rOC .
Substituting Y for O, X1 for A, and X2 for C shows that
this is the boundary for negative suppression described
earlier for continuous variables:

rX1 X2 = rYX1 /rYX2 .
Thus, the strong form of Simpson’s Paradox is equivalent
to suppression—specifically, negative suppression—for a
2 × 2 × 2 contingency table, as Tu et al. [1] asserted.
To make all this concrete, consider again the kidneystone example of the strong form of Simpson’s Paradox in
Table 2. Table 3 rearranges the data in the bottom panel of
Table 2 into three 2 × 2 contingency tables—one for surgical outcome by type of surgery, one for surgical outcome
by kidney-stone size, and one for type of surgery by kidney-stone size—and includes all the relevant probabilities
and φ coefficients. Cornfield’s inequality indicates that an
association reversal will occur between the outcome variable (surgical outcome) and the treatment variable (apparent cause: type of surgery) when the third or confounding
variable (common cause: kidney-stone size) is considered
because the association between the outcome variable
and the third variable [ P(O|C)−P(O|C ′ ); .88−.72 = .16]
is greater than the association between the outcome
variable and the treatment variable [ P(O|A)−P(O|A′ );
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.83−.78 = .05]. Analogously, comparison of the φ coefficients for the three 2 × 2 tables shows that negative suppression, and thus an association reversal, must occur
when the third variable is added to the regression predicting the outcome variable from the treatment variable. The
φ coefficients for the three contingency tables in Table 3
equal .06, .20, and .52, respectively. The φ coefficient
for the treatment variable and the third variable (.52) is
greater than the ratio of the φ coefficients of each of these
variables with the outcome variable (.06/.20 = .30), indicating that negative suppression must occur and that the
regression coefficient for the treatment variable (which
has the smaller association with the outcome variable) will
reverse sign. The regression coefficient for the treatment
variable changes from .06 to − .23, indicating a positive
association between type of surgery (with open surgery
coded 0 and percutaneous nephrolithotomy coded 1)
when kidney-stone size is not included in the regression
but a negative association when it is.
Although Cornfield et al. [4] did not explicitly mention
the situation where the association between the outcome
and the apparent cause is null—the weak form of Simpson’s Paradox—Cornfield’s inequality applies here as well,
because P(O|A) − P(O|A′ ) = 0 and hence is less than
P(O|C) − P(O|C ′ ), which is positive, and so the association between the outcome and the apparent cause at each
level of the common cause will be non-null. Thus, the
weak form of Simpson’s Paradox is equivalent to classical
suppression for a 2 × 2 × 2 contingency table.
For Simpson’s [12] example, Table 4 rearranges the data
in the bottom panel of Table 1 into three 2 × 2 contingency tables—one for death by treatment, one for death
by sex, and one for treatment by sex—and includes all
the relevant probabilities and φ coefficients. Cornfield’s
inequality indicates that the null association between
the outcome variable (death) and the treatment variable
(apparent cause: treatment) will become non-null when
the third or confounding variable (common cause: sex)
is considered because the association between the outcome variable and the third variable [ P(O|C)−P(O|C ′ );
.56−.40 = .16] is greater than the association between
the outcome variable and the treatment variable
[ P(O|A)−P(O|A′ ); .50−.50 = .00]. Analogously, comparison of the φ coefficients for the three 2 × 2 contingency
tables shows that classical suppression, and thus a change
from a null association to a non-null association, must
occur when the third variable is added to the regression
predicting the outcome variable from the treatment variable. The φ coefficients for the three contingency tables
in Table 4 equal .00, .16, and .22, respectively. In regression, a correlation of zero between the outcome variable
and either one of the two explanatory variables guarantees that classical suppression will occur. The regression
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coefficients for X1 and X2 equal .17 and − .04 , indicating a
small negative association between treatment and status
when sex is considered.

Lord’s Paradox is not suppression or Simpson’s
Paradox
Contrary to Tu et al.’s [1] claim, Lord’s Paradox cannot be
equated with any type of suppression or with either the
weak or the strong form of Simpson’s Paradox. All three
forms of suppression depend on a comparison of the
regression coefficients for X1 and X2 between the regressions with one explanatory variable
Y ← X1
Y ← X2
and the regression with two explanatory variables

Y ← X 1 X2 .
Lord’s Paradox, on the other hand, refers to a comparison
of the regression coefficients for X1 between

(Y − X2) ← X1
and

Y ← X 1 X2 .
The first regression is based on a difference-score definition of change, whereas the second regression is based
on a residual-score definition of change. A difference
score is computed by subtracting the pretest value from
the posttest value and has a straightforward interpretation. A positive difference score means that the score has
increased from the pretest to the posttest; a negative difference score means that the score has decreased from
the pretest to the posttest. A residual score is computed
by regressing the posttest on the pretest, or by including
both the pretest and the posttest as explanatory variables.
A residual score indicates whether the posttest score has
changed more or less than expected based on the pretest
score and the regression. A positive residual score means
that the posttest score is larger than expected; a negative
residual score means that the posttest score is smaller
than expected. Lord’s Paradox is not actually a paradox,
then, because the results of analyses based on two different definitions of change are not comparable. The two different analyses do not ask the same question of the data.
The apparent distinction between the regression based
on difference scores and the regression based on residual
scores for Lord’s Paradox is that the latter has the pretest
X2 on the right side of the equation but the former does
not. Rewriting the equations more formally

(Y − X2) = β1 X1 + e
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and

Y = β1 X1 + β2 X2 + e
(e represents error) and then adding X2 to both sides of
the former

Y = β1 X1 + X2 + e
shows that the actual distinction between the two regressions is that in the difference-score regression, the regression coefficient for the pretest X2 is forced to equal 1. Put
differently, for pretest-posttest data, the difference-score
regression and the residual-score regression will give
exactly the same results if and only if the slope of the
within-group regression line predicting posttest from
pretest equals 1 for each group.
A simple example shows that suppression is not necessary for Lord’s Paradox to occur. Consider the small
hypothetical data set in Table 5.5 This data set exhibits
Lord’s Paradox. Regressing posttest on group and pretest
shows that there is no effect at all of group on posttest.
Regressing the difference between posttest and pretest
on group does show a significant effect of group, however. The correlations between group and pretest, group
and posttest, and posttest and pretest equal .82, .94, and
.96, respectively. The correlation of the two explanatory
variables (.82) does not exceed the ratio of the correlation
of each explanatory variable with the outcome variable
(.94/.96 = .98) so there is no sign reversal and no negative suppression. Neither explanatory variable has a zero
correlation with the outcome variable, so there is no classical suppression, and all three correlations are positive,
so there is no reciprocal suppression. This example demonstrates that Lord’s Paradox is not the same as suppression and hence, not the same as Simpson’s Paradox. For
reasons that are unclear, a few other authors have made
the same mistake of considering Lord’s Paradox to be the
same as Simpson’s Paradox (e.g., [19, 20]).

Tu et al.’s [1] three examples
Tu et al. [1] presented a hypothetical example of suppression, of Simpson’s Paradox, and of Lord’s Paradox. The
motivation for these three examples is the “fetal origins
of adult disease” (FOAD) hypothesis developed by the
epidemiologist Barker [21], which suggests a possible
association between low birth weight and various chronic
diseases in adulthood (e.g., hypertension, diabetes, coronary artery disease). The question is whether current
(adult) weight should be considered in analyzing this
association; many studies have found an inverse association between birth weight and adult disease only when
5

This data set was found on an Internet website. Unfortunately, we did not
record the uniform resource locator (url) for the website and so are unable to
credit the person who created the data set.
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Table 3 Three 2 × 2 contingency tables for the data in Table 2
Open surgery

Percutaneous nephrolithotomy

Association between type of surgery and surgical outcome, disregarding kidney-stone size
Failure

77

61

Success

273

289

Total

350

350

Percentage success

78%

83%

Large stone

Small stone

Difference = 5%

φ = .06

Difference = 16%

φ = .20

Difference = 52%

φ = .52

Association between kidney-stone size and surgical outcome, disregarding type of surgery
Failure

96

42

Success

247

315

Total

343

357

Percentage success

72%

88%

Open surgery

Percutaneous nephrolithotomy

Association between type of surgery and kidney-stone size, disregarding surgical outcome
Large stone

263

80

Small stone

87

270

Total

350

350

Percentage small stone

25%

77%

Surgical outcome coded 0 = failure, 1 = success; type of surgery coded 0 = open surgery, 1 = percutaneous nepholithotomy; kidney-stone size coded 0 = large
stone, 1 = small stone

Table 4 Three 2 times 2 contingency tables for the data in Table 1
Untreated

Treated

Association between treatment and status, disregarding sex
Alive

6

20

Dead

6

20

Total

12

40

Probability dead

.50

.50

Male

Female

Difference = 0

φ = .00

Difference = .16

φ = .16

Difference = .19

φ = .22

Association between sex and status, disregarding treatment
Alive

12

14

Dead

8

18

Total

20

32

Probability dead

.40

.56

Association between sex and treatment, disregarding status
Untreated

7

5

Treated

13

27

Total

20

32

Probability treated

.65

.84

Status coded 0 = alive, 1 = dead; treatment coded 0 = untreated, 1 = treated; sex coded 0 = male, 1 = female

current weight (or some other measure of adult body
size) is considered. In Tu et al.’s [1] three hypothetical
examples, the outcome variable is systolic blood pressure,
the explanatory variable is birth weight, and the third
variable is current weight.

Example of suppression

For their example of suppression, Tu et al. [1] simulated continuous values of systolic blood pressure, birth
weight, and current weight for 1000 adult men so that
the correlation between each pair of three variables is
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positive.6 The correlation between blood pressure and
birth weight equals .11,7 the correlation between blood
pressure and current weight equals .50, and the correlation between birth weight and current weight equals
.52. Note that the association between birth weight and
blood pressure is positive and significant in these simulated data. When current weight is considered, however,
the association between birth weight and blood pressure
becomes negative and remains significant. As Tu et al.
[1] noted, consideration of current weight reversed and
increased the association between birth weight and blood
pressure, suggesting that low birth weight leads to adult
hypertension.
Tu et al. [1, p. 6] correctly stated that the analysis on
these continuous variables is characterized by suppression, but mistakenly explained this example in terms of
classical suppression, whereas in fact their example demonstrates negative suppression. The correlation between
the explanatory variable (birth weight) and the third
variable (current weight) is greater than the ratio of the
correlation of each of these variables with the outcome
variable (blood pressure): .52 > (.11/.50 = .22). The
regression coefficient for the third variable increases
from .50 to .61; the regression coefficient for the explanatory variable reverses sign and increases in magnitude
from .11 to − .21 and remains significant.

negative. (Tu et al. [1] apparently did not realize that this
negative association is not significant.) This association
reversal exemplifies the strong version of Simpson’s Paradox. As in Tu et al.’s [1] example of suppression, in their
example of Simpson’s Paradox, consideration of current
weight reversed the association between birth weight and
blood pressure, suggesting that low birth weight might
lead to adult hypertension. This is not surprising, given
that this example of Simpson’s Paradox is also an example of negative suppression, as can be seen if the data are
arranged into three 2 × 2 contingency tables—one for
blood pressure by birth weight, one for blood pressure
by current weight, and one for birth weight by current
weight. The correlations (φ coefficients) computed for
each table equal .10, .33, and .38, respectively. The correlation between the explanatory variable (dichotomized
birth weight) and the third variable (dichotomized current weight) is greater than the ratio of the correlation of
each of these variables with the outcome variable (dichotomized blood pressure): .38 > (.10/.33 = .30), indicating
that negative suppression has occurred. The regression
coefficient for the third variable increases from .33 to
.34; the regression coefficient for the explanatory variable reverses sign and decreases in magnitude from .10
to − .03.

Example of Simpson’s Paradox

For their example of Lord’s Paradox, Tu et al. [1] used
the continuous outcome variable blood pressure, the
dichotomized explanatory (group) variable birth weight,
and the continuous third variable current weight. A twosample t test showed that, on average, the blood pressure
of persons with a high birth weight is higher than that of
persons with a low birth weight. That is, there is a positive and significant association between birth weight and
blood pressure. But regressing continuous blood pressure on both dichotomized birth weight and continuous
current weight shows a negative association between
birth weight and blood pressure. As with their examples of suppression and Simpson’s Paradox, in Tu et al.’s
[1] example of Lord’s Paradox, consideration of current
weight reverses the association between birth weight and
blood pressure, suggesting that low birth weight leads to
adult hypertension.
We don’t question the results for this example per se,
but this association reversal is not an example of Lord’s
Paradox. As explained earlier, Lord’s Paradox compares
the effect of the explanatory (group) variable on the outcome variable when the outcome variable is regressed on
the explanatory variable and the third variable (residualscore analysis) to the effect of the explanatory (group)
variable when the difference between the outcome variable and the third variable is regressed on the explanatory

For their example of Simpson’s Paradox, Tu et al. [1,
Table 2, p. 3] dichotomized the three simulated continuous variables blood pressure (normal, high), birth weight
(low, high), and current weight (low, high). They then
first cross-classified blood pressure by birth weight, disregarding current weight, showing that the probability of
developing high blood pressure is higher for persons with
a high birth weight than it is for persons with a low birth
weight (.362 vs. .272); that is, the association between
birth weight and blood pressure is positive and significant in these simulated data. They then considered current weight by cross-classifying blood pressure by birth
weight for each of the two values of current weight. When
current weight is considered, the probability of developing high blood pressure is lower for persons with a high
birth weight than it is for persons with a low birth weight,
both for persons with a low current weight (.199 vs. .231)
and for persons with a high current weight (.550 vs. .569).
That is, when current weight is considered, the association between birth weight and blood pressure becomes
6

All of the correlations reported in this section were computed from the simulation data set kindly provided to us by Dr. Yu-Kang Tu.
7

Tu et al. [1, Table 2, p. 6] reported the correlation between blood pressure
and birth weight to be − .105. The negative sign appears to be a typographical error.

Example of Lord’s Paradox
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Table 5 Hypothetical data for Lord’s Paradox
Group

Pretest

Posttest

0

10

20

0

20

25

0

30

30

0

40

35

0

50

40

1

50

60

1

60

65

1

70

70

1

80

75

1

90

80

(group) variable (difference-score analysis). There is no
such comparison in Tu et al.’s [1] example. Indeed, in this
context, such a comparison does not make sense because
it would involve the subtraction of current weight from
blood pressure. Instead of being an example of Lord’s
Paradox, this is an example of negative suppression. Note
that the two-sample t test comparing blood pressure for
persons of low and high birth weight is equivalent to
regressing blood pressure on dichotomized birth weight.
Thus, Tu et al.’s [1] example compares the results of a
regression with one explanatory variable to the results
of a regression with two explanatory variables. The latter is the framework for suppression. It does not matter
that one of the two explanatory variables is dichotomous;
regression can accommodate as explanatory variables
dichotomous variables as well as the more usual continuous variables. The correlation between blood pressure
and dichotomized birth weight equals .11, the correlation
between blood pressure and current weight equals .50,
and the correlation between dichotomized birth weight
and current weight equals .44. The correlation between
the explanatory variable (dichotomized birth weight) and
the third variable (continuous current weight) is greater
than the ratio of the correlation of each of these variables
with the outcome variable (continuous blood pressure):
.44 > (.11/.50 = .22), resulting in negative suppression
and a sign reversal. The regression coefficient for the
third variable increases from .50 to .56; the regression
coefficient for the explanatory variable reverses sign and
increases in magnitude from .11 to − .13 and remains
significant.
Tu et al. [1] concluded that consideration of a third variable in epidemiological studies can lead to differences in
the strength and the direction of the association between
the outcome variable and the explanatory variable of
interest and thus affects the interpretation of that association. They correctly indicated that these effects can
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occur regardless of whether the variables under consideration are continuous, categorical, or some combination
of continuous and categorical. They also noted that the
question of whether consideration of the third variable
yields valid or artifactual results cannot be determined
by statistics alone but depends upon prior biological and
clinical knowledge and underlying causal theory. In an
earlier related article, Tu et al. [22] indicated that they
believe that current weight should not be considered in
investigations of the association between birth weight
and current blood pressure because it is on the casual
pathway between birth weight and current blood pressure and so is not a true confounding variable. Consideration of current weight therefore yields results that are
statistical artifacts, in their opinion.

Conclusion
Tu et al. [1] introduced their article by stating that suppression, Simpson’s Paradox, and Lord’s Paradox pervade
epidemiological research and have serious implications
for the interpretation of evidence from observational
studies, and concluded it by noting that these paradoxes
cannot be resolved by statistical means. Instead, their
resolution requires substantive knowledge, strong theoretical reasoning, and a priori causal models. As psychologists, we are unable to judge whether these paradoxes
do in fact pervade epidemiological research. But we agree
that they have serious implications for the interpretation
of evidence from observational studies, not just in epidemiology, but in all disciplines that employ contingencytable analyses or regression-based models. We applaud
Tu et al.’s [1] efforts to bring these paradoxes to the attention of epidemiologists, and heartily agree that their
resolution requires more than statistics. But it is also
important that the descriptions of the relations between
these paradoxes be accurate. To this end, we hope that
our corrections and clarifications to Tu et al.’s [1] article
prove useful.
Authors’ contributions
CAN conceived of and drafted the original manuscript, and prepared the revision. NJLB provided constructive feedback on the original and revised versions
of the manuscript. Both authors performed the data analyses. Both authors
read and approved the final manuscript.
Acknowledgements
Dr. Yu-Kang Tu graciously provided the simulation data set used in the original
article’s [1] examples of Simpson’s Paradox, Lord’s Paradox, and suppression.
Dr. Carol A. Nickerson passed away on October 1, 2019.
Author details
CAN was a quantitative psychologist. NJLB is a recent PhD graduate in health
psychology. Their shared interests include statistical aggregation problems
such as Simpson’s Paradox and the ecological fallacy.
Competing interests
The authors declare that they have no competing interests.

Nickerson and Brown Emerg Themes Epidemiol

(2019) 16:5

Availability of data and materials
The simulated data set supporting the conclusions of this article was obtained
from Dr. Yu-Kang Tu at National Taiwan University: yukangtu@ntu.edu.tw.
Consent for publication
Not applicable.
Ethics approval and consent to participate
This article is entirely theoretical in nature; no human or animal participants
were involved in this research.
Funding
Preparation of this article was not supported by any public or private funding.

Publisher’s Note

Page 11 of 11

9.
10.
11.
12.
13.

14.

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

15.

Author details
1
Champaign, IL, USA. 2 Department of Health Sciences, University Medical
Center, University of Groningen, 9713 GZ Groningen, The Netherlands.

16.

Received: 1 December 2017 Accepted: 13 June 2018

17.
18.

References
1. Tu Y-K, Gunnell D, Gilthorpe MS. Simpson’s Paradox, Lord’s Paradox, and suppression effects are the same phenomenon—the
reversal paradox. Emerg Themes Epidemiol. 2008;5:2. https://doi.
org/10.1186/1742-7622-5-2.
2. Messick DM, van de Geer JP. A reversal paradox. Psychol Bull.
1981;90:582–93. https://doi.org/10.1037/0033-2909.90.3.582.
3. Gorroochurn P. Classic problems of probability. Hoboken: Wiley; 2012.
4. Cornfield J, Haenszel W, Hammond E, Lilienfeld A, Shimkin M, Wynder
E. Smoking and lung cancer: recent evidence and a discussion of some
questions. J Natl Cancer Inst. 1959;22:173–203. https://doi.org/10.1093/
jnci/22.1.173.
5. Paulhus DL, Robins RW, Trzesniewski KH, Tracy JL. Two replicable suppressor situations in personality research. Multivar Behav Res. 2004;39:301–26.
https://doi.org/10.1207/s15327906mbr3902-7.
6. Cohen J, Cohen P. Applied multiple regression/correlation analysis for the
behavioral sciences. Hillsdale: Erlbaum; 1975.
7. Conger AJ. A revised definition for suppressor variables: a guide to their
identification and interpretation. Educ Psychol Meas. 1974;34:35–46.
https://doi.org/10.1177/001316447403400105.
8. Lewis JW, Escobar LA. Suppression and enhancement in bivariate regression. J R Stat Soc Ser D Stat. 1986;35:17–26. https://doi.org/10.2307/29882
94.

19.
20.
21.
22.

Tzelgov J, Henik A. Suppression situations in psychological research:
definitions, implications, and applications. Psychol Bull. 1991;109:524–36.
https://doi.org/10.1037/0033-2909.109.3.524.
Nickerson CA. Mutual suppression: comment on Paulhus et al. (2004).
Multivar Behav Res. 2008;43:556–63. https://doi.org/10.1080/0027317080
2490640.
Darlington RB. Multiple regression in psychological research and practice.
Psychol Bull. 1968;69:161–82. https://doi.org/10.1037/h0025471.
Simpson EH. The interpretation of interaction in contingency tables. J R
Stat Soc Ser B Stat Methodol. 1951;13:238–41.
Pearson K, Lee A, Bramley-Moore L. Mathematical contributions to the
theory of evolution: VI. Genetic (reproductive) selection: inheritance of
fertility in man, and of fecundity in thoroughbred racehorses. Philos Trans
R Soc Lond A Math Phys Sci. 1899;192:257–330.
Yule GU. Notes on the theory of association of attributes in statistics.
Biometrika. 1903;2:121–34.
Charig CR, Webb DR, Payne SR, Wickham JEA. Comparison of treatment
of renal calculi by open surgery, percutaneous nephrolithotomy, and
extracorporeal shockwave lithotripsy. Br Med J. 1986;292:879–82. https://
doi.org/10.1136/bmj.292.6524.879.
Olson G. Simpson’s Paradox or the danger of aggregating data. 2006.
http://math.ucdenver.edu/golson/Chapter6Slides.doc. Accessed 9 Oct
2017.
Lord FM. A paradox in the interpretation of group comparisons. Psychol
Bull. 1967;68:304–5. https://doi.org/10.1037/h0025105.
Schield M. Simpson’s Paradox and Cornfield’s conditions. In: Proceedings
of the joint statistical meetings, statistical education section. Alexandria:
American Statistical Association; 1999. p. 106–111. Updated 2003. http://
web.augsburg.edu/schield/milopapers/99asa.pdf. Accessed 1 Sept 2017.
Libovetsky S, Conklin WM. Data aggregation and Simpson’s paradox
gauged by the numbers. Eur J Oper Res. 2006;172:334–51. https://doi.
org/10.1016/j.ejor.2004.10.005.
Yarnold PR. Characterizing and circumventing Simpson’s Paradox for
ordered bivariate data. Educ Psychol Meas. 1996;56:430–42. https://doi.
org/10.1177/0013164496056003005.
Barker DJ, Eriksson JG, Forsén T, Osmond C. Fetal origns of adult disease:
strengths of effects and biological basis. Int J Epidemiol. 2002;31:1235–9.
https://doi.org/10.1093/ije/31.6.1235.
Tu Y-K, West R, Ellison GTH, Gilthorpe MS. Why evidence for the fetal
origins of adult disease might be a statistical artifact: the reversal paradox
for the relation between birth weight and blood pressure in later life. Am
J Epidemiol. 2005;161:27–32. https://doi.org/10.1093/aje/kwi002.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

