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Researchers often aim to study whether there is 
some association between 2 observed variables 
and to estimate the strength of this relationship. 

For example, Nishimura et al1 assessed whether the vol-
ume of infused crystalloid fluid is related to the amount 
of interstitial fluid leakage during surgery, and Kim et al2 
studied whether opioid growth factor receptor (OGFR) 
expression is associated with cell proliferation in cancer 
cells. These and similar research objectives can be quan-
titatively addressed by correlation analysis, which pro-
vides information about not only the strength but also 
the direction of a relationship (eg, an increase in OGFR 
expression is associated with an increase or a decrease in 
cell proliferation).

As part of the ongoing series in Anesthesia & Analgesia, 
this basic statistical tutorial discusses the 2 most com-
monly used correlation coefficients in medical research, 
the Pearson coefficient and the Spearman coefficient.3 It 
is important to note that these correlation coefficients are 
frequently misunderstood and misused.4,5 We thus focus 
on how they should and should not be used and correctly 
interpreted.

PEARSON PRODUCT-MOMENT CORRELATION
Correlation is a measure of a monotonic association 
between 2 variables. A monotonic relationship between 2 
variables is a one in which either (1) as the value of 1 vari-
able increases, so does the value of the other variable; or (2) 
as the value of 1 variable increases, the other variable value 
decreases.

In correlated data, therefore, the change in the magnitude 
of 1 variable is associated with a change in the magnitude of 
another variable, either in the same or in the opposite direc-
tion. In other words, higher values of 1 variable tend to be 
associated with either higher (positive correlation) or lower 
(negative correlation) values of the other variable, and vice 
versa.

A linear relationship between 2 variables is a special 
case of a monotonic relationship. Most often, the term “cor-
relation” is used in the context of such a linear relation-
ship between 2 continuous, random variables, known as a 
Pearson product-moment correlation, which is commonly 
abbreviated as “r.”6

The degree to which the change in 1 continuous vari-
able is associated with a change in another continuous 
variable can mathematically be described in terms of the 
covariance of the variables.7 Covariance is similar to vari-
ance, but whereas variance describes the variability of a 
single variable, covariance is a measure of how 2 variables 
vary together.7 However, covariance depends on the mea-
surement scale of the variables, and its absolute magnitude 
cannot be easily interpreted or compared across studies. To 
facilitate interpretation, a Pearson correlation coefficient is 
commonly used. This coefficient is a dimensionless measure 
of the covariance, which is scaled such that it ranges from 
–1 to +1.7

Figure 1 shows scatterplots with examples of simulated 
data sampled from bivariate normal distributions with dif-
ferent Pearson correlation coefficients. As illustrated, r = 0 
indicates that there is no linear relationship between the 
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variables, and the relationship becomes stronger (ie, the 
scatter decreases) as the absolute value of r increases and 
ultimately approaches a straight line as the coefficient 
approaches –1 or +1.

A perfect correlation of –1 or +1 means that all the data 
points lie exactly on the straight line, which we would 
expect, for example, if we correlate the weight of samples of 
water with their volume, assuming that both quantities can 
be measured very accurately and precisely. However, such 
absolute relationships are not typical in medical research 
due to variability of biological processes and measurement 
error.

Assumptions of a Pearson Correlation
Assumptions of a Pearson correlation have been intensely 
debated.8–10 It is therefore not surprising, but nonetheless 
confusing, that different statistical resources present dif-
ferent assumptions. In reality, the coefficient can be cal-
culated as a measure of a linear relationship without any 
assumptions.

However, proper inference on the strength of the associa-
tion in the population from which the data were sampled 
(what one is usually interested in) does require that some 
assumptions be met:9–11

	 1.	 As is actually true for any statistical inference, the 
data are derived from a random, or at least repre-
sentative, sample. If the data are not representative 
of the population of interest, one cannot draw mean-
ingful conclusions about that population.

	 2.	 Both variables are continuous, jointly normally dis-
tributed, random variables. They follow a bivariate 
normal distribution in the population from which 
they were sampled. The bivariate normal distribu-
tion is beyond the scope of this tutorial but need not 
be fully understood to use a Pearson coefficient.

Two typical properties of the bivariate normal distri-
bution can be relatively easily assessed, and researchers 
should check approximate compliance of their data with 
these properties:

	 i.	 Both variables are normally distributed. Methods to 
assess this assumption have recently been reviewed 
in this series of basic statistical tutorials.12

	 ii.	 If there is a relationship between jointly normally dis-
tributed data, it is always linear.13 Therefore, if the data 
points in a scatter plot seem to lie close to some curve, 
the assumption of a bivariate normal distribution is 
violated.
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Figure 1.  A–F, Scatter plots with data sampled from simulated bivariate normal distributions with varying Pearson correlation coefficients 
(r). Note that the scatter approaches a straight line as the coefficient approaches –1 or +1, whereas there is no linear relationship when the 
coefficient is 0 (D). E shows by example that the correlation depends on the range of the assessed values. While the coefficient is +0.6 for 
the whole range of data shown in E, it is only +0.34 when calculated for the data in the shaded area.
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There are several possibilities to deal with violations to 
this assumption. First, variables can often be transformed 
to approach a normal distribution and to linearize the rela-
tionship between the variables.12 Second, in contrast to a 
Pearson correlation, a Spearman correlation (see below) 
does not require normally distributed data and can be used 
to analyze nonlinear monotonic (ie, continuously increasing 
or decreasing) relationships.14

	 3.	 There are no relevant outliers. Extreme outliers 
may have undue influence on the Pearson correla-
tion coefficient. While it is generally not legitimate 
to simply exclude outliers,15 running the correlation 
analysis with and without the outlier(s) and compar-
ing the coefficients is a possibility to assess the actual 
influence of the outlier on the analysis. For data with 
relevant outliers, Spearman correlation is preferred 
as it tends to be relatively robust against outliers.14

	 4.	 Each pair of x–y values is measured independently 
from each other pair. Multiple observations from 
the same subjects would violate this assumption.11 
The way to deal with such data depends on whether 
we are interested in correlations within subjects or 
between subjects as reviewed previously.16,17

Interpretation of the Correlation Coefficient
Several approaches have been suggested to translate 
the correlation coefficient into descriptors like “weak,” 
“moderate,” or “strong” relationship (see the Table for an 
example).3,18 These cutoff points are arbitrary and inconsis-
tent and should be used judiciously. While most researchers 
would probably agree that a coefficient of <0.1 indicates a 
negligible and >0.9 a very strong relationship, values in-
between are disputable. For example, a correlation coef-
ficient of 0.65 could either be interpreted as a “good” or 
“moderate” correlation, depending on the applied rule of 
thumb. It is also quite capricious to claim that a correlation 
coefficient of 0.39 represents a “weak” association, whereas 
0.40 is a “moderate” association.

Rather than using oversimplified rules, we suggest that a 
specific coefficient should be interpreted as a measure of the 
strength of the relationship in the context of the posed sci-
entific question. Note that the range of the assessed values 
should be considered in the interpretation, as a wider range 
of values tends to show a higher correlation than a smaller 
range (Figure 1E).19

The observed correlation may also not necessarily 
be a good estimate for the population correlation coeffi-
cient, because samples are inevitably affected by chance. 
Therefore, the observed coefficient should always be accom-
panied by a confidence interval, which provides the range 
of plausible values of the coefficient in the population from 
which the data were sampled.20

In the study by Nishimura et al,1 the authors report a cor-
relation coefficient of 0.42 for the relationship between the 
infused crystalloid volume and the amount of interstitial 
fluid leakage, so there appears to be a considerable associa-
tion between the 2 variables. However, the 95% confidence 
interval, which ranges from 0.03 to 0.70, suggests that the 
results are also compatible with a negligible (r = 0.03) and 

hence clinically unimportant relationship. On the other 
hand, the data are also compatible with a quite strong asso-
ciation (r = 0.70). Data with such a wide confidence interval 
do not allow a definitive conclusion about the strength of 
the relationship between the variables.

Researchers typically also aim to determine whether 
their result is “statistically significant.” A t test is available 
to test the null hypothesis that the correlation coefficient is 
zero.13 Note that the P value derived from the test provides 
no information on how strongly the 2 variables are related. 
With large datasets, very small correlation coefficients can 
be “statistically significant.” Therefore, a statistically sig-
nificant correlation must not be confused with a clinically 
relevant correlation. For further information on how results 
of hypothesis tests and confidence intervals should be inter-
preted, we refer the reader to previous tutorials in Anesthesia 
& Analgesia.20,21

Coefficient of Determination
The correlation coefficient is sometimes criticized as having 
no obvious intrinsic interpretation,6 and researchers some-
times report the square of the correlation coefficient. This 
R2 is termed the “coefficient of determination.” It can be 
interpreted as the proportion of variance in 1 variable that 
is accounted for by the other.6

The correlation coefficient of 0.42 reported by Nishimura 
et al1 corresponds to a coefficient of determination (R2) of 
0.18, suggesting that about 18% of the variability of the 
amount of interstitial fluid leakage can be “explained” 
by the relationship with the amount of infused crystal-
loid fluid. As more than 80% of the variability is yet unex-
plained, there must be 1 or more other relevant factors that 
are related to interstitial leakage.

In interpreting the coefficient of determination, note that 
the squared correlation coefficient is always a positive num-
ber, so information on the direction of a relationship is lost. 
The landmark publication by Ozer22 provides a more com-
plete discussion on the coefficient of determination.

Pearson Correlation Versus Linear Regression
Due to similarities between a Pearson correlation and a lin-
ear regression, researchers sometimes are uncertain as to 
which test to use. Both techniques have a close mathemati-
cal relationship, but distinct purposes and assumptions.

Linear regression will be covered in a subsequent tutorial 
in this series. Briefly, simple linear regression has only 1 inde-
pendent variable (x) and 1 dependent variable (y). It fits a line 
through the data points of the scatter plot, which allows esti-
mates of y values from x values.23 However, the regression line 

Table.  Example of a Conventional Approach to 
Interpreting a Correlation Coefficient
Absolute Magnitude of the Observed 
Correlation Coefficient Interpretation
0.00–0.10 Negligible correlation
0.10–0.39 Weak correlation
0.40–0.69 Moderate correlation
0.70–0.89 Strong correlation
0.90–1.00 Very strong correlation

Several stratifications (with different cutoff points) have been previously 
published.
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itself provides no information about how strongly the vari-
ables are related. In contrast, a correlation does not fit such a 
line and does not allow such estimations, but it describes the 
strength of the relationship. The choice of a correlation or a lin-
ear regression thus depends on the research objective: strength 
of relationship versus estimation of y values from x values.

However, additional factors should be considered. In a 
Pearson correlation analysis, both variables are assumed to 
be normally distributed. The observed values of these vari-
ables are subject to natural random variation. In contrast, in 
linear regression, the values of the independent variable (x) 
are considered known constants.23 Therefore, a Pearson cor-
relation analysis is conventionally applied when both vari-
ables are observed, while a linear regression is generally, but 
not exclusively, used when fixed values of the independent 
variable (x) are chosen by the investigators in an experimen-
tal protocol.

To illustrate the difference, in the study by Nishimura 
et al,1 the infused volume and the amount of leakage are 
observed variables. However, had the investigators chosen 
different infusion regimes to which they assigned patients 
(eg, 500, 1000, 1500, and 2000 mL), the independent vari-
able would no longer be random, and a Pearson correlation 
analysis would have been inappropriate.

SPEARMAN RANK CORRELATION
In the previously mentioned study by Kim et al,2 the scat-
ter plot of OGFR expression and cell growth does not 
seem compatible with a bivariate normal distribution, and 
the relationship appears to be monotonic but nonlinear. 
Spearman rank correlation can be used for an analysis of 
the association between such data.14

Basically, a Spearman coefficient is a Pearson correlation 
coefficient calculated with the ranks of the values of each 
of the 2 variables instead of their actual values (Figure 2).13 
A Spearman coefficient is commonly abbreviated as ρ (rho) 
or “rs.” Because ordinal data can also be ranked, use of a 

Spearman coefficient is not restricted to continuous vari-
ables. By using ranks, the coefficient quantifies strictly 
monotonic relationships between 2 variables (ranking of the 
data converts a nonlinear strictly monotonic relationship to 
a linear relationship, see Figure 2). Moreover, this property 
makes a Spearman coefficient relatively robust against out-
liers (Figure 3).

Analogous to Pearson coefficient, a Spearman coefficient 
also ranges from –1 to +1. It can be interpreted as describing 
anything between no association (ρ = 0) to a perfect mono-
tonic relationship (ρ = –1 or +1). Analogous considerations 
as described above for a Pearson correlation also apply to 
the interpretation of confidence intervals and P values for a 
Spearman coefficient.

PITFALLS AND MISINTERPRETATIONS
Correlations are frequently misunderstood and misused.4,5 
It is important to note that an observed correlation (ie, asso-
ciation) does not assure that the relationship between 2 
variables is causal. Ice cream sales increase as the tempera-
ture increases during summer, and so does the sales of fans. 
Hence, fan sales tend to increase along with ice cream sales, 
but this positive correlation does not justify the conclusion 
that eating ice cream causes people to buy fans. While the 
fallacy is easily detected in this example, it might be tempt-
ing to conclude that infusion of large amounts of crystal-
loid fluid causes fluid leakage into the interstitium. While 
it is certainly possible that a causal relationship exists, we 
would not be justified to conclude this based on a correla-
tion analysis. The distinction between association and cau-
sation is discussed in detail in a previous tutorial.24

Correlations also do not describe the strength of agree-
ment between 2 variables (eg, the agreement between the 
readings from 2 measurement devices, diagnostic tests, 
or observers/raters).25 Two variables can exhibit a high 
degree of correlation but can at the same time disagree 
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Figure 2.  A, A strictly monotonic curve 
with a Pearson correlation coefficient 
(r) of +0.84. Also in the left-side flat 
part, the curve is continuously slightly 
increasing. After ranking the values of 
both variables from lowest to highest, 
the ranks show a perfect linear relation-
ship (B). Spearman rank correlation is 
Pearson correlation calculated with the 
data ranks instead of their actual val-
ues. Hence, Spearman coefficient (ρ) of 
+1.0 in A corresponds to Pearson cor-
relation of +1.0 in B.
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substantially, for example if 1 technique measures consis-
tently higher than the other.

Another misconception is that a correlation coefficient 
close to zero demonstrates that the variables are not related. 
Correlation should be used to describe a linear or monotonic 
association, but this does not exclude that researchers might 
deliberately or inadvertently misuse the correlation coef-
ficient for relationships that are not adequately character-
ized by correlation analysis (eg, quadratic relationship as in 
Figure 3A). Very different relationships can result in similar 
correlation coefficients (Figures  2A and 3B–D). Therefore, 
researchers are well advised not only to rely on the correla-
tion coefficient but also to plot the data for a visual inspec-
tion of the relationship.26 Graphing data are generally a 
good first step before performing any numerical analysis.

CONCLUSIONS
Correlation coefficients describe the strength and direction 
of an association between variables. A Pearson correlation 
is a measure of a linear association between 2 normally dis-
tributed random variables. A Spearman rank correlation 
describes the monotonic relationship between 2 variables. 
It is (1) useful for nonnormally distributed continuous data, 
(2) can be used for ordinal data, and (3) is relatively robust 
to outliers. Hypothesis tests are used to test the null hypoth-
esis of no correlation, and confidence intervals provide a 
range of plausible values of the estimate.

Researchers should avoid inferring causation from corre-
lation, and correlation is unsuited for analyses of agreement. 
Visual inspection of scatter plots is always advisable, as cor-
relation fails to adequately describe nonlinear or nonmono-
tonic relationships, and different relationships between 
variables can result in similar correlation coefficients. E
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