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Abstract
Researchers often examine whether two continuous variables (X and Y) are linearly related. 
Pearson’s correlation (r) is a widely-employed statistic for assessing bivariate linearity. However, 
the accuracy of r is known to decrease when data contain outliers and/or leverage observations, a 
circumstance common in behavioral and social sciences research. This study compares 11 robust 
correlations with r and evaluates the associated bootstrap confidence intervals [bootstrap standard 
interval (BSI), bootstrap percentile interval (BPI), and bootstrap bias-corrected-and-accelerated 
interval (BCaI)] across conditions with and without outliers and/or leverage observations. The 
simulation results showed that the median-absolute-deviation correlation (r-MAD), median-based 
correlation (r-MED), and trimmed correlation (r-TRIM) consistently outperformed the other 
estimates, including r, when data contain outliers and/or leverage observations. This study 
provides an easy-to-use R code for computing robust correlations and their associated confidence 
intervals, offers recommendations for their reporting, and discusses implications of the findings for 
future research.
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Behavioral and social sciences researchers often examine whether or not two continuous 
variables (X and Y) are linearly related. Commonly known as linear correlation, this form 
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of bivariate relationship is important in model building and theory testing. Therefore, 
it is crucial to understand the statistical methods available to model such linear relation
ships, the limitations of those methods, and the conditions under which each method 
can be relied upon to provide accurate estimates. In this article I conduct a Monte 
Carlo simulation that compares the most common method to detect and estimate linear 
correlation, Pearson’s r, to 11 other methods under conditions common in behavioral and 
social sciences but known to reduce the accuracy of r.

Bivariate linear relationships can be described in equation as (Cohen et al., 2003)

Zy = θ⋅Zx + e (1)

where the parameter that measures the level of linearity between X and Y is θ, Zy is 
the standardized variable of Y, Zx is the standardized variable of X, and e is the residual 
or error variable that is generated from e N 0, σe , where σe = 1 − θ2. In the existing 
literature there are many different statistical procedures for researchers to choose from 
detecting bivariate linearity (θ) between X and Y. Among them, Pearson’s correlation (r) 
is arguably the most widely-employed procedure. In equation, r can be expressed as

r = ∑i = 1
n xi − x ⋅ yi − y / ∑i = 1

n xi − x 2⋅∑i = 1
n yi − y 2 (2)

where xi, yi  is a pair of x and y observations for the ith participant, x is the sample 
mean of all X scores, y  is the sample mean of all Y scores, and n is the number of X-Y 
pairs in a sample.

In theory, using r as an estimator for the level of bivariate linearity is mathematically 
appropriate when X and Y follow a bivariate normal distribution, X and Y are linearly 
related, and X and Y do not contain outliers. However, in practice, behavioral and social 
sciences data often contain heavier tails and outliers (Albers, 2017; Micceri, 1989). This 
raises concerns about the adequacy of using r to estimate bivariate linearity. For example, 
Shevlyakov and Smirnov (2011) generated contaminated normal data, i.e., a portion of 
normal data1, e.g., 10%, is manipulated to be outlier scores (Copas, 1988), with small 
(n = 20) and large (n = 1000) samples and found that r was inaccurate and sensitive 
to outliers. Other previous studies (Devlin et al., 1975; Niven & Deutsch, 2012) found 
that r was strongly biased by the presence of outliers. In an extreme case with n = 
10, Gnanadesikan and Kettenring (1972) found that an additional outlier greater than 3 
SDs above the mean could increase an observed r from almost zero to a large effect of 
.50. Chen (2006) comprehensively evaluated the performance of r when normality was 

1) Shevlyakov and Smirnov’s generated x-y points based on Tukey’s (1960) gross error model, 
f x, y = 1 − e N x, y ; 0, 0, 1, 1, ρ + eN x, y ; 0, 0, k, k, ρ′ , where e = .10, k = 10, and sign ρ′ = − sign ρ . The second 
summand of this function would generate 10% very bad x-y points that are not only outliers (10 SDs), but they also 
correlate in opposite direction—a scenario that may not be common in behavioral and social data.
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violated and outliers were present and found that r was not robust to these conditions. 
Kim et al. (2015) showed that r was severely influenced by the presence of outliers, 
stating that, “it is highly possible that researchers can wrongly conclude 100% of the time 
that the two variables are linearly related” with outliers in X and Y (p. 256).

To better understand how r is influenced by outliers, one can refer to the r algorithm 
in Equation (2), in which the sample mean of X (i.e., x) and the sample mean of Y (i.e., 
y) are required in the estimation. According to Kim et al. (2015), it is well known that 
statistical procedures (e.g., r in this case) that are based on sample means (x and y) 
are sensitive to the presence of outliers. Behavioral and social sciences data often have 
heavier tails, i.e., outliers (Micceri, 1989; Yuan & Zhong, 2013), and hence, this raises 
concerns about the adequacy of r as the statistical procedure of choice for assessing 
bivariate linearity between X and Y. Indeed, there are 11 appealing robust correlations 
for assessing bivariate linearity between X and Y (Chen, 2006; Niven & Deutsch, 2012; 
Shevlyakov & Smirnov, 2011), but none of them has received the kind of attention and 
use as has r in behavioral and social sciences.

Previous simulations investigating the performance of r and robust alternatives have 
often focused on only one single type of outlier (e.g., 10% of both X and Y scores are out
liers). However, outliers in bivariate data can further be conceptualized in four different 
ways: x-outlier, leverage observation, y-outlier, and leverage observation with opposite 
correlation. Together, these can be referred to as outliers and leverage observations 
(O-LO; Shevlyakov & Smirnov, 2011; Tukey, 19601; Yuan & Zhong, 2013). There is no 
single Monte Carlo experiment that systematically and comprehensively compares the 
performance of r and the associated bootstrap confidence intervals (CIs) with that of the 
viable robust alternatives under these four different types of O-LO.

In light of this, the present study evaluates the performance of 11 robust correlations, 
as compared to r, via a Monte Carlo simulation study. In addition, the associated CIs 
are crucial for evaluating the sampling error surrounding the point estimate. Indeed, 
reporting CIs is required by many publication manuals and must necessarily be included 
in many journal articles (APA, 2010). Given that the bootstrap CIs have been found to 
be appropriate for many robust estimates (Ruscio, 2008; Ruscio & Mullen, 2012), they are 
also examined in the present study. The primary purpose of this study is to identify the 
most robust point estimate with the associated CIs so that behavioral and social science 
researchers can appropriately and accurately report and interpret bivariate linearity even 
when data contain O-LO.

Outliers and Leverage Observations (O-LO)
According to Yuan and Zhong (2013), an outlier is defined as a point for which the 
x-coordinate (or y-coordinate) does not fit with the majority of the x (or y) scores; 
whereas a leverage observation is defined as a point where both the x and y coordinates 
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are outliers, but this observation still fits with the general linear pattern of all other x-y 
pairs. In addition to these three cases, Shevlyakov and Smirnov (2011) highlighted the 
difficulties presented by leverage observations with opposite correlation.

Figure 1

Scatterplot for 400 Simulated x-y Points With the Population Correlation of .95.

Note. The red point is an y-outlier (Case A), the blue point is a leverage observation (Case B), the green point is 
an x-outlier (Case C), and the orange point is an outlier with opposite correlation (Case D).

For Case A (outlier y; see Figure 1), the y-coordinate of point A is an outlier, and 
this point does not follow the general linear trend of the rest of the x-y points. This 
point is considered an influential point for the estimation of r because the sign and 
magnitude of the mean deviation Y scores, yi − y  in the calculation of r in Equation (2), 
are substantially influenced. For Case B (leverage), given that point B is an outlier on 
both x- and y-coordinates but it follows the general linear trend of the remaining data 
points, this point is considered a leverage observation. Although this point may appear 
to be atypical relative to other x-y points, this point may not substantially influence the 
estimation of r because the degree to which the mean deviation Y scores, yi − y , is 
changed is proportional to the degree to which the mean deviation X scores,  xi − x , is 
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changed in Equation (2). For Case C (outlier x), given that point C does not follow the 
general linear trend of the remaining data points and this point is located on the extreme 
end of the x-coordinate, this point is regarded as an outlier. Point C is an influential 
point because the degree to which yi − y  is changed does not match in proportion 
with the degree to which xi − x  is changed. Case D (leverage observation with opposite 
correlation) was originally proposed by Tukey (1960). Shevlyakov and Smirnov (2011) 
evaluated Case D in which a certain proportion (e.g., 10%) of x-y points are outliers that 
are themselves correlated in the direction opposite to the correlation of the remaining 
scores (e.g., −ρ, where ρ is the true correlation that relate the remaining x-y points). 
This condition is regarded as the most challenging condition for accurately estimating 
the correlation between x and y.

Four Approaches to Robust Correlations That Could Be Robust to 
O-LO
Approach 1: Replacement by Medians

As noted above, a first robust approach is to directly replace the linear summa
tion of ∑i = 1

n xi − x ⋅ yi − y  that is sensitive to outliers by a robust counterpart, 
i.e., ∑i = nl

nu xi − median x yi − median y , where  nl and nu are the lowest and high
est ranked scores, respectively in a trimmed sample, e.g., 10% top and 10% bottom 
are trimmed as suggested in Gnanadesikan and Kettenring (1972). Next, replacing 
the mean deviation component, ∑i = 1

n xi − x 2⋅∑i = 1
n yi − y 2

, by a robust counterpart 
∑i = nl

nu xi − median x 2∑i = nl
nu yi − median y 2

. Consequently, a direct robust sequel to 
r, called a robust correlational median estimator (rCME; Falk, 1998; Shevlyakov & 
Vilchevsky, 2002), can be expressed as

rCME =
∑i = nl

nu xi − median x yi − median y
∑i = nl

nu xi − median x 2∑i = nl
nu yi − median y 2 (3)

A second type of robust correlation makes use of a deviation estimate, called the median 
absolute deviation, i.e., MAD z = median z − median z , which is more robust than 
the conventional standard deviation (SD) estimate. With this in mind, a robust MAD-
based correlation (rMAD; Pasman & Shevlyakov, 1987) can be expressed as

rMAD = MAD2 u −MAD2 v / MAD2 u +MAD2 v (4)

where u and v are the robust principal variables, i.e.,
u = x − median x / 2MAD x + y − median y / 2MAD y  and 
v = x − median x / 2MAD x − y − median y / 2MAD y .
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A third robust correlation is considered a derivative of rMAD, and is known as the 
median correlation coefficient (rMED) (Shevlyakov & Smirnov, 2011),

rMED = median2 u − median2 v / median2 u + median2 v (5)

where u and v are defined as in Equation (4).
A fourth robust correlation is called the biweight midcorrelation (rbm; Wilcox, 

2012), which first converts xi to ei by ei = xi − median x /9⋅MAD(x) and yi to f i by 
f i = yi − median y /9⋅MAD(y). Second, assign ai = 1 if −1 ≤ ei ≤ 1, else ai = 0. Similar
ly, assign bi = 1 if −1 ≤ f i ≤ 1, else bi = 0. Consequently,

rbm = n∑i = 1
n ai xi − median x 1 − ei2 2∑i = 1

n bi yi − median y 1 − f i2 2

∑i = 1
n ai 1 − ei2 1 − 5ei2 ∑i = 1

n bi 1 − f i2 1 − 5f i2
⋅ 1
sesf

(6)

where se and sf  are the SDs of ei and f i, respectively.

Approach 2: Counting Ranks or Signs of X-Y Pairs

Another approach to robust correlation involves counting the signs or ranks of x-y pairs. 
This approach is intended to minimize the effect of outliers and/or leverage observations 
on estimation of bivariate linearity. Blomqvist (1950) developed the quadrant correlation 
coefficient (rQ),

rQ = sin 0.5⋅π⋅∑i = 1
n sign xi − median x ⋅sign yi − median y /n (7)

where sign refers to the sign of deviations from median, and π ≈ 3.14156. The compo
nent, ∑i = 1

n sign xi − median x ⋅sign yi − median y , is a count of the cases that when 
x is above (or below) the median of all xs, its paired y is also above (or below) the 
median of all ys. The average of the total counts (γ) can be scaled back to a number 
that measures linear association identical to the θ-metric (from -1 to +1) via Shepard’s 
Theorem, sin 0.5⋅π⋅γ  (Kendall & Stuart, 1977).

A second robust correlation based on counting the x-y pairs is called Kendall’s τ
correlation (rτ; Kendall, 1938),

rτ = sin(0.5 * π * nC − nD / 0.5⋅n n − 1 ) (8)

where nC refers to the number of concordant pairs for X and Y, and nD refers to the 
number of discordant pairs for variables X and Y. Specifically, one can consider any x-y 
pairs, (xi, yi) and (xj, yj), where i ≠ j. If the ranks for both pairs agree (i.e., either xi > xj 

and yi > yj or xi < xj and yi < yj), then they are regarded as concordant pairs; otherwise, 
they are regarded as discordant pairs (i.e., either xi > xj and yi < yj or xi < xj and yi > yj). 
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Note that Equation (8) also involves Shepard’s Theorem, sin 0.5⋅π⋅γ , so that the value 
can be scaled back to the θ-metric (from -1 to +1).

In addition, Spearman’s correlation (rs; Spearman, 1904) transforms X and Y scores in
to rank scores, computes the distance between these rank scores, and measures bivariate 
linearity. That is, when there is no tie,

rs = 1 − 6∑i = 1
n di2/ n n2 + 1 (9)

where di2 = rank xi − rank yi 2
 is the squared difference between the rank of a score in 

X and a score in Y.

Approach 3: Utilizing Weighted Least Squares Estimation

Rousseeuw and Leroy (1987) proposed the weighted least squares correlation (rwLS). 
First, a standard linear regression equation is fitted by yi = β0 + β1xi + ei. Second, 
ri = yi − ∑i = 1

n β1xi is defined as the residual score for the ith respondent. Third, 
s = 1.4826 1 + 5/ n − 1 ⋅ median ri2  is defined as a determining factor. Fourth, one can 
compute a weight for each ri, i.e., wi = 1, if ri/s ≤ 2.5, else wi = 0. Consequently,

rwLS = ∑i = 1
n wi xi − xw yi − yw / ∑i = 1

n wi xi − xw 2∑i = 1
n wi yi − yw 2 (10)

where xw = ∑i = 1
n wixi/∑i = 1

n wi and yw = ∑i = 1
n wiyi/∑i = 1

n wi.

Approach 4: Deletion of Outliers

This approach focuses on discarding a certain percent of the top and bottom x-y pairs 
which are regarded as O-LO in a sample data-set. According to Huber (1981), a trimmed 
correlation can be presented as

rTRIM = ∑i = n* + 1
n − n* pi2 − ∑i = n* + 1

n − n* qi2 / ∑i = n* + 1
n − n* pi2 + ∑i = n* + 1

n − n* qi2 (11)

where n* = n⋅ 1 − π  is the number of trimmed observations with π proportion, and pi 

and qi are the ith order or rank scores of variables X and Y, respectively. According to 
Algina et al. (2005), π is often set at 20% in order to obtain a reliable robust estimate.

Another trim-based robust correlation is called the Winsorized correlation (rW; 
Wilcox, 2012). This method replaces all the values above (or below) a cut-off with a 
list of maximum (or minimum) scores that are left in the dataset. Specifically, researchers 
can rank-order the X scores such that x(1st) > x(2nd) >…> x(nth). The upper and lower 
cut-off points become nπ  and 1 − nπ , where π is often fixed at 20% according to 
Wilcox (2012). Consequently, when x i ≤ x nπ , the Winsorized scores are converted 
as wX i = x nπ . When x nπ < x i < x 1 − nπ , wX i = x i . When x i ≥ x 1 − nπ , 
wX i = x 1 − nπ . Repeating the same Winsorized procedure for Y, one can estimate 
rw by
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rw = ∑i = 1
n wX i − wX ⋅ wY i − wY / ∑i = 1

n wX i − wX
2⋅∑i = 1

n wY i − wY
2 (12)

A third trimmed correlation is known as the percentage bend correlation (rpbc; Wilcox, 
2012), which provides a linear estimate that is not overly sensitive to slight deviation 
from a parametric (normal) distribution. According to Wilcox, first compute the median 
deviation scores ai = xi − median X  and rank ai in ascending order. Second, find the 
criterion by c x = a m , where m = 1 − π n  and π = 20% is defined as in (8). Third, set 
n1 be the number of xi such that xi − median X / c x < − 1, and n2 be the number of xi
such that xi − median X / c x > 1. Fourth, convert xi to ui by ui = xi − ϕx /c x, where 
ϕx = c x  n2 − n1 + bx / n − n2 − n1  and bx = ∑i = n1 + 1

n − n2 xi. Repeat the same procedure for 
converting yi to vi through vi = yi − ϕy /c y, where ϕy = c y  n2 − n1 + by / n − n2 − n1
and by = ∑i = n1 + 1

n − n2 yi. Fifth, set gi = ψ ui  and ℎi = ψ vi  with ψ ui = max −1,min 1, ui
and vi = max −1,min 1, vi  Then compute the percentage bend correlation through

rpbc = ∑i = 1
n gi ℎi/ ∑i = 1

n gi2∑i = 1
n ℎi2 (13)

Bootstrap CIs
The bootstrap CIs I used in the simulation were constructed according to the following 
procedures (Efron & Tibshirani, 1993)2. First, I resampled each simulated dataset with 
replacement to form B number (e.g., 2,000) of bootstrap samples, each of them having the 
same sample size (n) as the original dataset. That is, Z* 1st , Z* 2nd ,…, Z* Bth , where 
Z* is a n × 2 resample data matrix that consists of n × 1 xi and yi, respectively.

Second, for each of the B bootstrap samples, I computed a bootstrap correlation rXY* , 
where rXY*  can be 1 of the 12 correlation estimates evaluated in this study. Hence, B 
bootstrap correlations were computed for each of the 12 different estimators.

Third, given the B bootstrap rXY* s, I constructed the first type of bootstrap CI called 
the bootstrap standard interval (BSI), i.e.,

BSI = rXY ± Φ−1  1 − α/2 ⋅SD rXY* (14)

where rXY  is the observed correlation estimate in the original dataset (for each one of the 
12 correlation estimators), Φ−1 .  is the normal inverse cumulative distribution function, 
α is the Type I error (e.g., 5%), and SD rXY*  is the SD of the B bootstrap correlations3.

2) The n by 2 resample data matrix is obtained by resampling intact rows from the original data (bivariate bootstrap
ping) rather than resampling X(i) and Y(i) values independently (univariate bootstrapping). The former is appropriate 
for CI construction, whereas the latter might work better for testing a null hypothesis (Beasley et al., 2007). Given 
that the APA (2010, p. 34) stated that: “[b]ecause confidence intervals combine information on location and precision 
and can often be directly used to infer significance levels, they are, in general, the best reporting strategy”, bivariate 
bootstrapping should have broader application than univariate bootstrapping that focuses on null-hypothesis testing.
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However, BSI was found to be non-robust to asymmetric distributions because of the 
equal widths above and below the point estimate as a result of the ±Φ 1 − α/2 ⋅SD rXY*
in (14). Thus, I also evaluated a second type of bootstrap CI called the bootstrap percen
tile interval (BPI), computed as

BPI = rXY* l , rXY* u (15)

where l = α/2 and u = 1 − α/2  with α as the Type I error (e.g., 5%), and hence, 
1 − α % is the CI constructed for a correlation estimate. The lower and upper limits of 

BPI depend on the ranks of the bootstrap correlations, which allow unequal widths above 
and below the point estimate. Thus, the BPI is found to be more robust to asymmetric 
(non-normal) distributions.

A third type of bootstrap CI is the bootstrap bias-corrected-and-accelerated CI (BCaI). 
It has been shown to improve the accuracy of the lower and upper limits in BPI espe
cially when the distribution of bootstrap rXY* s is highly non-normal, e.g., highly skewed 
(Chan & Chan, 2004). Two correction factors, i, and j, are required to correct for the bias 
of BPI. The first factor i, is used to correct for the overall bias of the bootstrap rXY* s that 
deviate from the original correlation estimate (rXY). That is,

i = Φ−1 # rXY* b <  rXY /B (16)

where Φ−1 is the normal inverse cumulative function distribution, and # rXY* b <  rXY  is 
the count function that counts the number of the bootstrap rXY* s below rXY  in the original 
dataset. The second correction factor (j) adjusts for the rate of change of the error of rXY
with respect to its true parameter value, which can be expressed as

j = ∑k = 1
K rXY . − rXY k 3/6 ∑k = 1

K rXY . − rXY k 2 3/2
(17)

where rXY k  is the jackknife value of the correlation rXY  obtained by removing the 
kth row of the original dataset Z, and rXY .  is the mean of the n jackknife estimates. 
Consequently, the BCaI can be estimated by

BCaI = rXY* B⋅α1 , rXY* B⋅α2 (18)

where α1 = Φ i + i + z1 − α/2
1 − j i + z1 − α/2

, and α2 = Φ i + i − z1 − α/2
1 − j i − z1 − α/2

.

3) A BSI could extend beyond the range of possible correlations (i.e., below -1 or above +1).
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Monte Carlo Study

Design
Factor 1: Population Bivariate Linearity (θ)

Four levels— .10, .30, .50, and .80—were evaluated. The first three levels (.10, .30, .50) gen
erally refer to a small, medium, and large effect size, respectively, which are commonly 
found in behavioral and social science research (Cohen, 1988). In addition, an extremely 
large value (.80) was also included to examine the impact of a very large effect on the 
correlation estimates.

Factor 2: Sample Size (n)

Three levels—50, 100, and 200—were examined, which correspond to relatively small, 
moderate, and large sample sizes frequently used in simulation studies (Li et al., 2011).

Factor 3: Proportion and SD (ζ, ϱ)

A total of six conditions that correspond to 3 different proportions of outliers and/or 
leverage points with 2 different SD units were examined. An ideal condition (i.e., no 
outliers/leverage points) was also examined, i.e., x and y are normally distributed, and are 
linearly related with a level of θ. In equation,

y = θx + e (19)

where x ~ N(0, 1), and e is the error term such that e N 0, σe , where σe = 1 − θ2.
The ideal condition in Equation (19) can be violated in behavioral and social sciences. 

Often, some of the x and/or y observations deviate from the general pattern of the 
remaining observations. According to previous simulation studies, (e.g., Algina et al., 
2005), it is common that 10% of the x and/or y scores are these deviant O-LO with an 
extreme distance (i.e., 10 times of the SD in original scores) relative to the remaining 
scores. In this study, the 10% and 10 SD-unit is denoted as (10%, 10-SD). To provide a 
more complete picture about how these two factors influence the accuracy of r and the 
11 robust correlation estimates, this study also includes (5%, 5-SD), (5%, 10-SD), (10%, 
5-SD), (20%, 5-SD), and (20%, 10-SD), for a total of six different metric-based conditions.

The method used in the current simulation is based on the fact that a 5%, 10% or 20% 
random sample of the original x and/or y scores are multiplied by 5 or 10. Given that 
there is an equal chance that a portion (5%, 10%, or 20%) of both positive and negative 
x and/or y scores can be manipulated as outliers/leverage points, and x and y follow 
symmetric distributions, a good correlation estimate should be robust to these outliers 
and/or leverage points in a sample, and provide an accurate estimate of the true linear 
association between X and Y (θ). Given these metric-based conditions, there are four 
different cases of O-LO discussed below.
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Factor 4: Outliers and Leverage Observations (Distribution)

Four cases are evaluated. For Case A (uniform y-outliers), the y-coordinate is such that 
the point is an outlier, and the point does not fit to the linear trend of most other points. 
For each level of Factor 3, ζ% of the data points were randomly selected and their y 
scores were multiple by ϱ. For Case B where the point is a leverage observation, ζ% 
of the data points were randomly selected and both x and y in the same x-y pair are 
multiplied by ϱ. For Case C in which the x-coordinate of the point is an outlier and it 
does not fit to the linear trend of most other points, ζ% of the data points were randomly 
selected and their x scores were multiple by ϱ. For Case D where both the x-coordinate 
and y-coordinate of the point are outliers and the x and y scores of the outlier points 
are correlated in the opposite direction of θ, ζ% of the x-y points were generated from 
Equation (19) where θ was replaced with -θ. For each of these data points both the x and 
y in the same x-y pair were multiplied by ϱ to become O-LO points.

In sum, the four factors were combined to produce a design with 4 × 3 × 6 × 4 = 288
conditions that contain outliers and/or leverage points (O-LO). In addition, a total of 
4 × 3 = 12 ideal conditions in which x and y follow a normal distribution without O-LO 
are also evaluated. For each of the 300 conditions, 1,000 datasets were generated by first 
generating X scores as a random sample from a normal distribution with mean 0 and 
SD = 1 and e scores as a random sample from a normal distribution with mean 0 and 
SD = 1 − θ2. Corresponding Y scores were generated through Equation (19) such that 
the expected linear relationship is θ (Chan & Chan, 2004). Each of these 1,000 datasets 
was resampled B = 2,000 times to construct the 95% BSI, BPI, and BCaI surrounding 
each of the 12 correlation estimates. The code was written and executed in the R Project 
programming environment (R Core Team, 2017), and is available in the Supplementary 
Materials (Part A).

Evaluation Criteria
Two criteria were used to evaluate the performance of r and the 11 robust correlations. 
First, percentage bias was used to evaluate the deviation between the observed correla
tion estimate and the population measure of association θ, i.e., bias = δXY − θ /θ , 
where δXY  is the mean of the 1,000 sample correlation estimates (expressed as 1 of the 
12 estimates under study). A correlation estimate is considered reasonable if the bias 
is within ±.10 ((Li et al., 2011). The bias enables evaluation of the performance of a 
correlation estimate in a single condition. Second, for summarizing overall performance 
across T number of conditions, the mean-absolute-percentage-bias (MAPE) was used, 
MAPE = ∑t = 1

T bias t /T . A MAPE smaller than .10 is considered reasonable (Li et al., 
2011).

Regarding the performance of the BSI, BPI, and BCaI, given that 95% CIs were 
constructed, the coverage was expected to be 950 out of 1,000 replications [or coverage 
probability (CP) = .95]. However, it is impossible for one to obtain a perfect CP of .95 in 
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the presence of sampling error. Thus, an observed CP that falls within the range (.925, 
.975) is considered acceptable (Chan & Chan, 2004).

Results

Estimates
The results showed that the presence of O-LO was the most influential factor affecting 
the performance of r and the 11 robust correlations as well as the associated bootstrap 
CIs. Hence, the findings are presented according to the four types of O-LO plus the 
conditions without O-LO. For the overall patterns of correlation estimates and bootstrap 
CIs across 300 simulation conditions, please refer to Figure A1 and Figure A2 in the 
Appendix, respectively.

Normality

As predicted, r produced highly accurate results with normal data (see Table 1). The 
biases ranged from -.017 to .013 with a mean of .000 [range-of-biases = (-.017, .013); 
mean-of-biases = .000]. All of the 12 conditions without OL-O yielded a bias within ±.10. 
MAPE was also appropriate (.007). The remaining 11 robust correlation estimates were 
reasonable: 10 of them (rCME, rMAD, rMED, rbm, rQ, rτ, rs, rwLS, rTRIM, and, rpbc) produced a 
mean bias within ±.10 and a MAPE smaller than .10. The only exception is rw with a 
mean bias of -.108 and a MAPE of .108. Hence, the majority of the robust correlations 
can reasonably estimate the level of linearity θ when the assumption of normality and no 
O-LO are present in the data.

Case A (Y-Outliers)

The performance of r substantially decreased when y-outliers were present in the data, 
with range-of-biases = (-.495, -.124) and mean-of-biases = -.305, showing a substantial 
downward bias. None of the 72 conditions produced an acceptable bias. Accordingly, 
MAPE was also less than optimal (.305). The 11 robust correlations noticeably outper
formed r. Ten of them (rCME, rMAD, rMED, rbm, rQ, rτ, rs, rwLS, rTRIM, and, rpbc) produced a mean 
bias within ±.10 and a MAPE smaller than .10, whereas rw resulted in a slightly larger 
mean bias of -.122 and a MAPE of .122. Comparatively, rQ appears to be the most accurate 
with a mean bias of -.018 and a MAPE of .026 under Case A. However, rQ did not perform 
well under Cases C and D. Rather, rMAD, rMED, and rTRIM performed best in these cases, 
and hence, they are further discussed in the following sections.

Case B (LO)

As predicted, r is reasonably robust to LO. The biases ranged from -.159 to .033 with a 
mean of -.027. Of the 72 conditions, 69 (or 95.8%) produced a bias within ±.10, indicating 
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a reasonable fit. MAPE was also acceptable (.029). Of the 11 robust correlations, only 7 
(rMAD, rMED, rQ, rτ, rs, rTRIM, and, rpbc) produced a bias within ±.10. As noted above, rMAD, 

Table 1

Percentage Biases of Correlation Estimates Under Normality and Cases A to D

Correlation

Distribution Statistic r rCME rMAD rMED rbm rQ rτ rs rwLS rTRIM rw rpbc

Normality Mean .000 -.040 -.042 -.049 -.004 -.012 -.001 -.040 .029 -.060 -.108 -.045
SD .009 .013 .061 .058 .012 .021 .011 .014 .016 .053 .032 .015
Min -.017 -.065 -.224 -.210 -.030 -.055 -.022 -.065 .006 -.189 -.165 -.066
Max .013 -.015 .006 .018 .018 .023 .028 -.019 .052 .019 -.058 -.024

% ±.10 1.000 1.000 .917 .917 1.000 1.000 1.000 1.000 1.000 .833 .333 1.000

MAPE .007 .040 .043 .052 .010 .019 .007 .040 .029 .064 .108 .045

Case A Mean -.305 -.095 -.064 -.072 .044 -.018 -.045 -.083 -.009 -.086 -.122 -.084
SD .097 .099 .039 .036 .056 .031 .025 .028 .058 .044 .033 .031
Min -.495 -.333 -.197 -.205 -.060 -.149 -.115 -.160 -.220 -.250 -.208 -.157
Max -.124 .000 -.003 -.015 .186 .102 .012 -.034 .079 -.012 -.063 -.033

% ±.10 .000 .681 .861 .806 .847 .972 .986 .750 .944 .694 .250 .694

MAPE .305 .095 .064 .072 .052 .026 .045 .083 .036 .086 .122 .084

Case B Mean -.027 -.123 -.027 -.040 .170 -.014 -.004 -.088 .299 -.049 -.124 -.086
SD .033 .092 .035 .039 .135 .026 .015 .031 .217 .039 .031 .034
Min -.159 -.431 -.171 -.212 -.003 -.119 -.066 -.197 .045 -.202 -.231 -.197
Max .033 -.034 .104 .041 .539 .070 .056 -.034 1.093 .045 -.063 -.033

% ±.10 .958 .556 .958 .958 .375 .986 1.000 .681 .125 .931 .222 .722

MAPE .029 .123 .032 .042 .170 .021 .010 .088 .299 .051 .124 .086

Case C Mean -.776 -.326 -.047 -.063 .095 -.120 -.199 -.294 -.331 -.069 -.258 -.286
SD .160 .224 .039 .042 .070 .070 .111 .130 .193 .043 .090 .145
Min -.987 -.798 -.187 -.213 -.054 -.354 -.416 -.519 -.673 -.176 -.430 -.543
Max -.389 -.104 .055 .036 .245 -.012 -.061 -.127 -.030 .025 -.123 -.110

% ±.10 .000 .000 .917 .847 .569 .528 .292 .000 .167 .792 .000 .000

MAPE .776 .326 .050 .064 .097 .120 .199 .294 .331 .070 .258 .286

Case D Mean -1.536 -.533 -.071 -.091 .032 -.236 -.402 -.498 -1.170 -.094 -.390 -.482
SD .313 .382 .049 .053 .097 .130 .219 .233 .592 .048 .161 .259
Min -1.984 -1.433 -.210 -.225 -.269 -.553 -.751 -.844 -2.436 -.226 -.639 -.911
Max -.789 -.167 .024 .003 .289 -.003 -.121 -.206 -.199 -.014 -.174 -.178

% ±.10 .000 .000 .764 .653 .694 .125 .000 .000 .000 .611 .000 .000

MAPE 1.536 .533 .072 .091 .076 .236 .402 .498 1.170 .094 .390 .482

Note: r is Pearson’s correlation, rCME is median estimator correlation, rMAD is median absolute deviation correla
tion, rMED is median correlation coefficient, rbm is biweight midcorrelation, rQ is quadrant correlation coefficient, 
rτ is Kendall’s τ correlation, rs is Spearman’s correlation, rwLS is weighted least-squares correlation, rTRIM is 
trimmed correlation, rW is Winsorized correlation, rpbc is percentage bend correlation, “% ±.10” indicates the 
proportion of conditions with a percentage bias within the criterion of ±.10, and MAPE is defined as the mean 
absolute percentage error. The results are presented in bold when MAPE is less than .10, and when Mean of 
bias is less than .10.
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rMED, and rTRIM also behave appropriately under Cases C and D, and hence, they are 
further discussed. For rMAD, the range-of-biases (-.171, .104) and the mean-of-biases was 
027. Of the 72 conditions, 69 (or 95.8%) produced a bias within ±.10. MAPE was also good 
(.032). For rMED, the range-of-biases was (-.212, .041) and mean-of-biases was -.040. Of the 
72 conditions, 69 (or 95.8%) yielded a bias within ±.10. MAPE is also appropriate (.042). 
For rTRIM, the mean-of-biases was (-.202, .045) and mean-of-biases was -.049. Of the 72 
conditions, 67 (93.1%) produced a bias within ±.10. MAPE is also acceptable (.051).

Case C (X-Outliers)

As in Case A, r proved to be a poorly performing estimate of the bivariate linear relation
ships under Case C conditions. The range-of-biases was (-.987, -.389) and mean-of-biases 
was -.776, showing a severe-downward bias. Of the 72 conditions, 0 (or 0%) produced an 
acceptable bias. MAPE was also very poor (.776). Regarding the 11 robust correlations, 
only 3 (rMAD, rMED, and rTRIM) yielded an acceptable bias within ±.10. For rMAD, the 
range-of-biases was (-.187, .055) and mean-of-biases was -.047. Of the 72 conditions, 66 
(or 91.7%) produced a bias within ±.10. MAPE was also appropriate (.050). For rMED, the 
range-of-biases was (-.213, .036) and mean-of-biases was -.063. Of the 72 conditions, 61 
(or 84.7%) yielded a bias within ±.10. MAPE was also reasonable (.064). For rTRIM, the 
range-of-biases was (-.176, .025) and mean-of-biases was -.069. Of the 72 conditions, 57 
(79.2%) produced a bias within ±.10. MAPE was also reasonable (.070).

Case D (LO with Opposite Correlation)

Unsurprisingly, Case D was found to be the data condition most detrimental to the 
accuracy of correlation estimates. For r, the range-of-biases was (-1.984, -.789) and mean-
of-biases was -1.536. None of the 72 conditions produced an acceptable bias. MAPE was 
also high (1.536) indicating a poor fit. Comparing the 11 robust correlations, rMAD, rMED, 
and rTRIM produced reasonable results. For rMAD, the range-of-biases was (-.210, -.024) 
and mean-of-biases was -.071. Of the 72 conditions, 55 (or 76.4%) produced a bias within 
±.10. MAPE was also reasonable (.072). For rMED, the range-of-biases was (-.225, .003) 
and mean-of-biases was -.091. Of the 72 conditions, 47 (or 65.3%) yielded a bias within 
±.10. MAPE was also reasonable (.091). For rTRIM, the range-of-biases was (-.226, .014) and 
mean-of-biases was -.094. Of the 72 conditions, 44 (61.1%) produced a bias within ±.10. 
MAPE was also reasonable (.094).

Bootstrap CIs
Normality

The 3 bootstrap CIs constructed for r performed acceptably, with a mean CP of .937 for 
BSI, .942 for BPI, and .944 for BCaI (Table 2). Of the 12 conditions, 9 (or 75%) yielded 
an acceptable CP for BSI, and 11 (or 91.7%) resulted in an acceptable CP for both BPI 
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and BCaI. The remaining 11 robust correlations also produced good results, in general, 
with mean CPs ranging from .927 to .968. The bootstrap CIs constructed for the three key 
robust correlations, rMAD, rMED, and rTRIM, were appropriate. For rMAD, the BSI and BCaI 
were appropriate, with a mean CP of .968 and .943, respectively. For rMED, the mean CPs 
were .965 and .932 for BSI and BCaI, respectively, which are appropriate. For rTRIM, the 
mean coverage probabilities were .958, .967, and .939, respectively, for the BSI, BPI, and 
BCaI, which are also good.

Case A (Y-Outliers)

Given that r is not robust to Case A, the associated bootstrap CIs are also less than 
optimal. The mean CPs are only .583, .616, and .50 for BSI, BPI, and BCaI, respectively. 
Of the 72 conditions, only 1 (or 1.4%), 10 (or 13.9%), and 4 (or 5.6%) conditions based on 
BSI, BPI, and BCaI, respectively, yielded a CP within (.925, .975), indicating a poor fit. 
Comparatively, the 11 robust correlations yielded much more reasonable CPs, ranging 
from .886 to .967. Regarding the bootstrap CIs for rMAD, one of the 3 robust correlation 
estimates as discussed above, the mean CPs were .967 and .931 for BSI, and BCaI respec
tively, showing acceptable fit. The BSI and BCaI for rMED, was also good with mean CPs 
of .966 and .930, respectively. The CIs for the last of the acceptably performing robust 
correlations, rTRIM, also performed well, with mean CPs of .960, .958, and .937 for BSI, 
BPI, and BCaI, respectively.

Case B (LO)

Although r was found to be reasonably robust to leverage observations, the associated 
BSI, BPI, and BCaI were less than optimal. The mean CPs were .856, .909, and .886 based 
on BSI, BPI, and BCaI, respectively. Of the 72 conditions, only 4.2% (BSI), 20.8% (BPI), 
and 19.4% (BCaI) of these conditions produced a CP within (.925, .975). Comparatively, 
the CPs yielded by BSI, BPI, and BCaI surrounding the 11 robust correlations (except 
rwLS) were more reasonable. Specifically, the BSI, and BCaI constructed for rMAD resulted 
in good mean CPs of .966 and .941, respectively. Of the 72 conditions, 81.9% (BSI) and 
95.8% (BCaI) yielded a CPs within (.925, .975), respectively. Regarding rMAD, BSI and BCaI 
resulted in good mean CPs of .968 and .933, respectively. Of the 72 conditions, 76.4% and 
95.5% of them, respectively, produced a CP within (.925, .975). For rTRIM, the mean CPs 
are .964, .974, and .945 for BSI, BPI, and BCaI, respectively, indicating an excellent fit. Of 
the 72 conditions, 75%, 55.6%, and 98.6% of conditions yielded a CP within [.925, .975].

Case C (X-Outliers)

Similar to Case A, the bootstrap CIs surrounding r were not robust to x-outliers. The 
mean CPs were .588 for BSI, .641 for BPI, and .589 for BCaI, which are undesirable. Of 
the 72 conditions, 0%, 1.4%, and 1.4% resulted in a CP within (.925, .975) based on BSI, 
BPI, and BCaI, respectively. Comparatively, the bootstrap CIs constructed for the robust 
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Table 2

Coverage Probabilities of the Bootstrap CIs (i.e., BSI, BPI, and BCaI) under Normality and Cases A to D

Correlation

Distribution CI Statistic r rCME rMAD rMED rbm rQ rτ rs rwLS rTRIM rw rpbc

Normality BSI Mean .936 .948 .968 .965 .940 .962 .944 .948 .927 .958 .928 .944
SD .013 .013 .012 .013 .010 .010 .008 .011 .010 .019 .038 .008

Min .914 .935 .954 .950 .926 .945 .930 .930 .904 .935 .834 .931

Max .951 .977 .995 .994 .958 .981 .954 .969 .941 .993 .962 .954

% .833 .917 .833 .833 1.000 .917 1.000 1.000 .583 .750 .750 1.000

BPI Mean .942 .948 .987 .985 .941 .983 .952 .945 .943 .967 .915 .943
SD .009 .013 .009 .007 .010 .010 .007 .008 .008 .008 .059 .011

Min .924 .917 .973 .972 .925 .964 .935 .932 .932 .956 .764 .921

Max .951 .964 1.000 .995 .961 .999 .960 .957 .957 .984 .966 .958

% .917 .917 .167 .083 1.000 .250 1.000 1.000 1.000 .833 .583 .917

BCaI Mean .943 .940 .943 .932 .939 .925 .956 .945 .940 .939 .904 .941
SD .009 .013 .006 .011 .016 .011 .008 .009 .007 .007 .070 .017

Min .929 .909 .935 .913 .900 .903 .937 .928 .931 .927 .730 .906

Max .954 .957 .951 .949 .962 .938 .965 .959 .951 .953 .963 .961

% 1.000 .917 1.000 .833 .833 .750 1.000 1.000 1.000 1.000 .583 .833

Case A BSI Mean .583 .907 .967 .966 .947 .961 .943 .926 .923 .960 .917 .926
SD .350 .135 .011 .013 .013 .009 .036 .063 .099 .016 .064 .068

Min .000 .227 .945 .946 .884 .945 .686 .530 .315 .934 .617 .496

Max .936 .989 .991 .994 .967 .984 .976 .966 .974 .996 .970 .969

% .014 .736 .764 .806 .972 .917 .903 .833 .903 .819 .611 .847

BPI Mean .616 .922 .981 .977 .945 .985 .938 .907 .939 .958 .898 .906

SD .352 .108 .015 .018 .014 .008 .051 .091 .096 .033 .092 .110

Min .000 .292 .912 .890 .854 .966 .604 .417 .259 .805 .498 .253

Max .941 .980 .997 .995 .962 .999 .969 .965 .981 .988 .974 .966

% .139 .750 .222 .306 .972 .111 .889 .694 .889 .681 .556 .722

BCaI Mean .560 .900 .936 .930 .930 .923 .935 .905 .914 .937 .886 .900

SD .354 .123 .016 .015 .021 .012 .061 .095 .117 .018 .102 .113

Min .000 .274 .864 .857 .797 .897 .557 .408 .226 .855 .481 .267

Max .938 .967 .954 .957 .957 .947 .972 .967 .962 .963 .978 .966

% .056 .792 .861 .750 .778 .444 .861 .667 .847 .875 .486 .667

Case B BSI Mean .856 .931 .966 .968 .954 .960 .937 .932 .745 .964 .919 .939
SD .051 .069 .010 .011 .039 .008 .011 .023 .193 .016 .056 .021

Min .693 .571 .947 .947 .687 .942 .911 .800 .038 .938 .698 .819

Max .932 .993 .989 .991 .994 .982 .958 .966 .940 .996 .971 .971

% .042 .708 .819 .764 .750 .958 .847 .819 .028 .750 .681 .875

BPI Mean .909 .934 .986 .986 .927 .983 .947 .926 .847 .974 .904 .932
SD .016 .043 .007 .006 .071 .007 .008 .036 .167 .009 .077 .034

Min .870 .730 .966 .969 .460 .969 .929 .742 .099 .953 .613 .746

Max .943 .980 .998 .995 .970 .996 .966 .962 .954 .991 .969 .964

% .208 .750 .069 .056 .806 .181 1.000 .653 .417 .556 .583 .778

BCaI Mean .886 .899 .941 .933 .889 .923 .952 .917 .773 .945 .891 .920

SD .039 .084 .008 .010 .087 .013 .008 .049 .167 .009 .093 .052

Min .790 .563 .921 .902 .371 .893 .935 .691 .130 .924 .557 .680

Max .943 .963 .958 .955 .949 .950 .969 .964 .917 .962 .972 .970

% .194 .597 .958 .847 .361 .472 1.000 .611 .000 .986 .514 .639
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correlations (except rwLS) were reasonable. Specifically, the BSI and BCaI constructed for 
rMAD (or rMED) are good, with mean CPs of .967 and .938 (or .967 and .930) respectively. 
Of the 72 conditions, 77.8% and 97.2% (or 80.6% and 76.4%) of the BSIs and BCaIs, 
respectively, produced a CP within (.925, .975). Regarding rTRIM, the mean CPs were .964, 

Table 2 (continued)

Correlation

Distribution CI Statistic r rCME rMAD rMED rbm rQ rτ rs rwLS rTRIM rw rpbc

Case C BSI Mean .588 .782 .967 .967 .958 .944 .844 .731 .879 .964 .756 .773

SD .270 .285 .011 .013 .020 .052 .195 .282 .058 .015 .270 .264

Min .000 .000 .946 .943 .869 .659 .035 .000 .684 .933 .001 .001

Max .881 .993 .992 .994 .995 .983 .968 .949 .963 .997 .964 .958

% .000 .417 .778 .806 .750 .792 .542 .319 .208 .764 .361 .375

BPI Mean .644 .732 .985 .982 .945 .955 .818 .708 .915 .968 .719 .726

SD .310 .291 .008 .010 .022 .077 .223 .298 .088 .016 .295 .294

Min .000 .000 .954 .931 .804 .539 .017 .000 .435 .893 .000 .000

Max .925 .968 .996 .995 .973 .995 .958 .956 .970 .995 .971 .965

% .014 .333 .139 .153 .917 .333 .472 .278 .736 .694 .319 .319

BCaI Mean .589 .707 .938 .930 .916 .870 .802 .683 .841 .943 .705 .700

SD .305 .308 .009 .008 .034 .090 .238 .314 .100 .010 .305 .312

Min .000 .000 .911 .908 .707 .451 .010 .000 .368 .914 .000 .000

Max .925 .962 .958 .949 .947 .949 .964 .963 .929 .967 .969 .973

% .014 .333 .972 .764 .444 .139 .458 .278 .028 .917 .306 .333

Case D BSI Mean .359 .690 .966 .965 .957 .881 .676 .564 .628 .959 .625 .622

SD .323 .346 .015 .015 .020 .177 .333 .371 .313 .020 .351 .358

Min .000 .000 .884 .890 .879 .062 .000 .000 .000 .846 .000 .000

Max .822 .991 .993 .994 .993 .981 .979 .960 .973 .997 .962 .961

% .000 .361 .778 .764 .792 .653 .250 .167 .125 .778 .222 .264

BPI Mean .444 .585 .977 .972 .942 .878 .648 .549 .701 .952 .590 .572

SD .368 .374 .028 .036 .029 .218 .348 .377 .327 .052 .368 .375

Min .000 .000 .778 .732 .777 .010 .000 .000 .000 .621 .000 .000

Max .910 .966 .996 .996 .979 .994 .962 .963 .970 .996 .971 .963

% .000 .236 .222 .319 .889 .319 .306 .194 .333 .625 .222 .208

BCaI Mean .389 .572 .932 .923 .919 .784 .629 .529 .620 .932 .580 .553

SD .348 .377 .025 .022 .028 .204 .355 .382 .308 .029 .371 .382

Min .000 .000 .761 .780 .799 .028 .000 .000 .000 .743 .000 .000

Max .875 .963 .957 .946 .950 .929 .969 .965 .937 .956 .978 .970

% .000 .208 .847 .639 .556 .042 .278 .181 .028 .833 .222 .222

Note: r is Pearson’s correlation, rCME is median estimator correlation, rMAD is median absolute deviation correla
tion, rMED is median correlation coefficient, rbm is biweight midcorrelation, rQ is quadrant correlation coefficient, 
rτ is Kendall’s τ correlation, rs is Spearman’s correlation, rwLS is weighted least-squares correlation, rTRIM is 
trimmed correlation, rW is Winsorized correlation, and rpbc is percentage bend correlation, “%” indicates the 
proportion of conditions with a coverage probability within (.925, .975). The results are presented in bold when 
mean of coverage probabilities is within (.925, .975).
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.968, and .943 for BSI, BPI, and BCaI, respectively. Of the 72 conditions, 76.4% (BSI), 69.4% 
(BPI), and 91.7% (BCaI) produced a CP within (.925, .975).

Case D (LO With Opposite Correlation)

r is not robust to Case D. The mean CPs were .359, .444, and .389 for BSI, BPI, and BCaI, 
respectively. Of the 72 conditions, 0% from BSI, BPI, or BCaI fell within the range of 
(.925, .975). Comparatively, the bootstrap CIs for rMAD, rMED, and rTRIM were appropriate. 
For rMAD, the mean CPs were .966 and.932 for BSI and BCaI, respectively. Of the 72 
conditions, 77.8% and 84.7% yielded a CP within (.925, .975). For rMED, the mean CPs were 
.965 and .923 for BSI and BCaI, respectively. Of the 72 conditions, 76.4% and 63.9% yielded 
a CP within (.925, .975). The bootstrap CIs for rTRIM appear to have performed the best. 
The mean CPs were .959, .952, and .932 for BSI, BPI, and BCaI, respectively. Of the 72 
conditions, 77.8%, 62.5%, and 83.3% yielded a CP within (.925, .975).

Conclusion and Discussion
In behavioral and social science research, data may contain O-LO in practice. The results 
of my simulation study suggest that rMAD and rMED (with BSI and BCaI) and rTRIM (with 
BSI, BPI, and BCaI) are good alternatives to consider. I recommend that researchers 
compute and report these robust correlation estimates in addition to the traditional r 
when their data contain O-LO. Under these conditions, it would be reasonable to draw 
inferences based on the recommended robust CIs and include r only as a supplementary 
analysis. The R function (robr) provided in the Supplementary Materials (Part B) enables 
researchers to easily implement these recommendations. In addition, the Supplementary 
Materials (Part B) provide a real-world example to illustrate the differences between 
Pearson’s and robust correlations and the implications of using robust estimates of 
bivariate linearity.

Given the more desirable performance of rMAD, rMED, and rTRIM over r when data con
tain O-LO, one may ask whether or not we can use these robust correlations routinely. 
When O-LO exist, the answer provided by the results of this study is crystal clear. Yes, 
because the robust alternatives are more accurate than r under these conditions. When 
data do not contain O-LO, r is often regarded as more efficient (e.g., more powerful, 
narrower CI) than the robust correlations. In the past, this claim may have contributed 
to resistance to the broader use of robust statistics. Pernet et al. (2013) have compared 
the power rates of r and its robust alternatives, and concluded that these alternatives 
“provide accurate estimates of the true correlations for normal and contaminated data 
with no or minimal loss of power and adequate control over the false positive rate” (p. 
11), especially with small correlation values and small sample sizes (ρ < .2, n < 150), and 
large correlation values and large sample sizes (ρ > .3, n > 250). For other combinations 
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of correlation values and sample sizes, r is slightly more powerful than rs (maximum 
10%).

The present simulation also found similar patterns of results, but the benefits of r are 
not obvious, given that when data do not include O-LO, the mean biases, the number 
of conditions that produced a bias within ±.10, the mean coverage probabilities, and 
the number of conditions that produced a CP within (.925, .975) are highly comparable 
between r and the 11 robust correlations. Given that the call for new statistical practi
ces that focus on effect size and CI instead of p value in psychological research (e.g., 
Cumming, 2014), the only benefit (i.e., a possibly slightly more powerful test) from r may 
diminish in importance. This is especially probable considering that a slight reduction in 
power can be avoided by a slight increase in sample size, but collecting O-LO data within 
a sample cannot be so easily avoided.

Combining Pernet et al.’s (2013) results with the findings in this study, the benefits of 
these robust alternatives to r are apparent: They are more robust than r with O-LO that 
are commonly found in behavioral and social data. There seems to be no justification for 
continuing to rely almost exclusively on an estimator that is likely to be biased under 
many common conditions when there are viable robust alternatives. As behavioral and 
social science researchers we have everything to gain and little to lose by changing our 
practices to increase the accuracy with which we estimate the magnitude of bivariate 
linear relationships. The robust correlation estimates identified in this study, rMAD, rMED, 
and rTRIM, should be considered and even routinely used by researchers in the future.
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Supplementary Materials
The supplementary materials provide in Part A the simulation code used in the present study. 
Part B provide a real-world example based on Mychasiuk’s (2017) behavioral data of 74 adolescent 
rats to illustrate the differences between Pearson’s and robust correlations and the implications 
of using robust estimates of bivariate linearity. Using the R Project statistical software (R Core 
Team, 2017) researchers can use the “robr” function to compute r and each of the robust correlation 
estimates, together with their bootstrap CIs (for access see Index of Supplementary Materials 
below).
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Li, J. C. (2022). Supplementary materials to "Bootstrap confidence intervals for 11 robust correlations in 
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Appendix
Figure A1

Percentage Biases of Correlation Estimates Across 300 Conditions

Note. r is Pearson’s correlation, rCME is median estimator correlation, rMAD is median absolute deviation 
correlation, rMED is median correlation coefficient, rbm is biweight midcorrelation, rQ is quadrant correlation 
coefficient, rτ is Kendall’s τ correlation, rs is Spearman’s correlation, rwLS is weighted least-squares correlation, 
rTRIM is trimmed correlation, rW  is Winsorized correlation, and rpbc is percentage bend correlation.
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Figure A2

Coverage Probabilities of BSI, BPI, and BCaI for r and 11 Robust Correlations Across 300 Conditions
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Figure A2 (continued)
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Figure A2 (continued)

Note. r is Pearson’s correlation, rCME is median estimator correlation, rMAD is median absolute deviation 
correlation, rMED is median correlation coefficient, rbm is biweight midcorrelation, rQ is quadrant correlation 
coefficient, rτ is Kendall’s τ correlation, rs is Spearman’s correlation, rwLS is weighted least-squares correlation, 
rTRIM is trimmed correlation, rW  is Winsorized correlation, and rpbc is percentage bend correlation.
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