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Exploring the interrelationships among variables is the bedrock of robust statistical modeling and

exploratory data analysis. The primary tool for quantifying these linear relationships is the

correlation matrix, which summarizes the strength and direction of association for every pair of

variables within a dataset. While the base installation of the R programming language provides

fundamental functions for calculating correlation coefficients, obtaining both the coefficient (R

value) and the corresponding significance test (P-value) simultaneously requires leveraging

specialized, third-party packages.

The definitive solution for this requirement is the highly regarded Hmisc package, and specifically

its centerpiece function: rcorr. This indispensable utility empowers researchers and analysts by

efficiently generating a comprehensive matrix of correlation coefficients alongside a

complementary matrix detailing the P-values for all pairwise variable combinations. This crucial

dual output allows users to assess not only the magnitude and direction of the linear relationship

but, more importantly, its statistical significance. Understanding the P-value ensures that any

observed correlations are genuinely meaningful and unlikely to be merely the result of random

chance or sampling noise.

A necessary prerequisite for using rcorr is correctly structuring the input data. Unlike many base R

functions, rcorr is optimized to operate on matrix structures, demanding a preparatory step: the

standard R data frame must be explicitly coerced into a matrix format. Once this conversion is

complete and the Hmisc library is loaded into the R session, the correlation analysis can be

executed using a powerful, yet simple, command. This streamlined process solidifies rcorr as an

essential element in any serious quantitative data analysis workflow utilizing R.

Mastering the Core Syntax and Requirements of rcorr

The Hmisc package is renowned within the R community for providing a robust suite of functions

tailored for high-level data handling, advanced graphics, and sophisticated statistical reporting,

particularly common in fields like biomedical research. The rcorr function fills a critical void left by

basic R correlation functions (such as cor()) by integrating the calculation of both the correlation

coefficient (R) and the significance test (P-value) into a single, cohesive output.

The fundamental technical requirement for invoking rcorr remains the input data structure.

Although an R data frame is the standard container for tabular data, it must be transformed into a

numerical matrix using the as.matrix() function before processing. This conversion ensures data

type consistency necessary for the underlying mathematical operations that calculate the

correlation coefficients and perform the corresponding significance tests. The output produced by

rcorr is a structured list object containing two primary components: the matrix of correlation

coefficients (R) and the matrix of associated P-values (P).

Despite the complexity of the statistical modeling performed internally, the operational syntax is

https://en.wikipedia.org/wiki/Correlation_and_dependence
https://www.r-project.org/
https://en.wikipedia.org/wiki/P-value
https://cran.r-project.org/web/packages/Hmisc/index.html
https://en.wikipedia.org/wiki/P-value
https://en.wikipedia.org/wiki/Statistical_significance
https://en.wikipedia.org/wiki/Data_frame
https://cran.r-project.org/web/packages/Hmisc/index.html
https://cran.r-project.org/web/packages/Hmisc/index.html
https://en.wikipedia.org/wiki/Data_frame
https://en.wikipedia.org/wiki/P-value
https://statistics.arabpsychology.com/?p=17066
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning to Create Correlation Matrices in R with rcorr 3

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

remarkably straightforward, requiring only the package activation and the function call with the

matrix conversion nested within. This elegant simplicity makes advanced correlation analysis

highly accessible. The structure below illustrates the mandatory steps required to effectively utilize

rcorr, allowing users to quickly derive both the R values and the significance levels for all variables

in their dataset:

library(Hmisc)

#create matrix of correlation coefficients and matrix of p-values

rcorr(as.matrix(df))

Executing this command generates a highly informative, structured output that serves as the

essential basis for subsequent data interpretation and statistical inference regarding linear

associations.

Practical Application: Preparing Data for Analysis

To demonstrate the practical efficiency of the rcorr function, we will utilize a sample dataset built

from hypothetical basketball player statistics. This multivariate dataset includes four distinct,

quantifiable performance metrics: assists, rebounds, points, and steals. Working with real-world

examples like this highlights how the function simultaneously manages multiple comparisons

across various dimensions--a scenario where its utility truly excels compared to manual pairwise

testing.

Our first step involves constructing the data frame in R. It is vital to ensure that every column

represents a quantitative measure and that we have a sufficient number of observations (rows) to

support a meaningful statistical analysis. For this illustration, we define eight observations, each

representing a single player's performance record. The accurate definition of this data structure is

critical, as it directly precedes the necessary matrix conversion required for the rcorr function in

the subsequent analysis step.

The following R code block defines and displays our example dataset, named df. This structure

will serve as the immediate input for generating the comprehensive correlation matrix, enabling us

to explore the underlying statistical relationships among these key performance indicators:

#create data frame

df <- data.frame(assists=c(4, 5, 5, 6, 7, 8, 8, 10),

rebounds=c(12, 14, 13, 7, 8, 8, 9, 13),

points=c(22, 24, 26, 26, 29, 32, 20, 14),

steals=c(5, 6, 7, 7, 8, 5, 3, 4))
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#view data frame

df

assists rebounds points steals

1 4 12 22 5

2 5 14 24 6

3 5 13 26 7

4 6 7 26 7

5 7 8 29 8

6 8 8 32 5

7 8 9 20 3

8 10 13 14 4

Once this preparation is complete within the R environment, we proceed directly to the core

analysis, relying on the power of rcorr to reveal the hidden statistical associations in our player

performance metrics.

Executing the Analysis and Understanding the Dual Output

With our data frame successfully prepared, the execution phase begins by loading the necessary

Hmisc library, a critical step since the rcorr function is external to the base R environment. This

ensures all requisite dependencies are accessible. The core command then involves calling rcorr

on the matrix version of our data frame df, triggering the calculation of all possible pairwise

correlation coefficients and their associated significance tests in one go.

The result is a highly structured output, typically printed to the R console as two distinct matrices:

the R matrix and the P matrix. The R matrix, clearly labeled with the variable names, contains the

calculated Pearson correlation coefficient (r) for every pair. These values quantify the strength and

direction of the linear relationship, ranging from -1.00 (perfect negative correlation) through 0.00

(no linear relationship) to +1.00 (perfect positive correlation). Complementing this, the P matrix

contains the corresponding P-values, which are essential for evaluating the statistical significance

of the reported R values.

It is important to note the structural properties of this output. Both matrices are symmetric; for

instance, the correlation between 'points' and 'steals' is identical to that between 'steals' and

'points'. Additionally, the diagonal elements (where a variable correlates with itself) always show a

correlation of 1.00 in the R matrix and are typically left empty in the P matrix, as self-correlation is

trivially perfect. The block below displays the exact syntax and the resultant R and P matrices

generated from our basketball performance data:
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library(Hmisc)

#create matrix of correlation coefficients and matrix of p-values

rcorr(as.matrix(df))

assists rebounds points steals

assists 1.00 -0.24 -0.33 -0.47

rebounds -0.24 1.00 -0.52 -0.17

points -0.33 -0.52 1.00 0.61

steals -0.47 -0.17 0.61 1.00

n= 8

P

assists rebounds points steals

assists 0.5589 0.4253 0.2369

rebounds 0.5589 0.1844 0.6911

points 0.4253 0.1844 0.1047

steals 0.2369 0.6911 0.1047

This comprehensive, structured output provides all the statistical evidence required for a thorough

assessment of the linear relationships among the analyzed player performance metrics.

Interpreting the Correlation Coefficient (R Matrix)

The R matrix, the first component produced by rcorr, contains the Pearson correlation coefficient,

r, for every variable pairing. This coefficient is a measure of the strength and direction of the linear

association. A coefficient approaching +1 signals a strong positive relationship--meaning variables

increase together--while a coefficient near -1 indicates a strong negative relationship--variables

move in opposite directions. Coefficients close to 0 suggest that either the relationship is non-

linear, or there is little to no linear association between the pair.

By systematically examining this matrix, we can gain immediate empirical insights into how

different facets of player performance relate to one another. Focusing on the relationships involving

'assists', the matrix reveals a generally inverse association with other variables. For instance, the

correlation between assists and rebounds is -0.24. This weak, negative association suggests that,

within this small sample, players recording more assists tend to accumulate slightly fewer

rebounds, though the effect is modest.

Further exploration of the R matrix shows that the correlation between assists and points is -0.33,

representing a moderate negative relationship. The association between assists and steals is
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slightly stronger, with a coefficient of -0.47, indicating a more pronounced inverse linear trend.

Conversely, we observe a notable strong positive correlation between 'points' and 'steals',

evidenced by the coefficient of 0.61, suggesting that players who are high scorers also tend to be

effective at accumulating steals. This initial interpretation of the R matrix establishes the empirical

magnitude and direction of the relationships, setting the stage for the crucial determination of

statistical significance.

The correlation coefficient between assists and rebounds is -0.24, indicating a weak negative

association.

The correlation coefficient between assists and points is -0.33, suggesting a moderate negative

relationship.

The correlation coefficient between points and steals is 0.61, representing a strong positive

association.

While these descriptive statistics quantify the observed associations, we must now proceed to the

P matrix to determine if these observed patterns are statistically reliable and not merely artifacts of

random variation.

Determining Reliability: Interpreting Statistical Significance (P Matrix)

The P matrix is arguably the most essential component of the rcorr output, as it transitions the

analysis from descriptive observation to inferential statistics. Every value within the P matrix

corresponds to the P-value calculated for the matching correlation coefficient in the R matrix. This

P-value is used to test the fundamental null hypothesis: the true correlation between the two

variables in the population is zero, meaning there is no genuine linear relationship.

To confidently determine if an observed correlation is statistically significant, the calculated P-value

is rigorously compared against a pre-established significance level, known as alpha ($alpha$),

which is conventionally set at 0.05. The decision rule is straightforward: if the P-value is less than

or equal to $alpha$ (P $le$ 0.05), we reject the null hypothesis, concluding that the observed

correlation is statistically significant and likely reflects a true relationship in the population.

Conversely, if the P-value exceeds $alpha$ (P > 0.05), we fail to reject the null hypothesis,

suggesting the correlation observed in the sample could easily have arisen by chance.

Applying this standard to our basketball data's P matrix reveals the significance of our previously

identified correlations. For instance, the P-value for the correlation between assists and rebounds

is 0.5589. Since this is substantially greater than the 0.05 threshold, we must conclude that the

weak negative correlation (r = -0.24) is not statistically significant. Similarly, the P-value for the

assists and steals relationship is 0.2369, which also fails to meet the 0.05 cutoff, meaning this

relationship is not statistically reliable.
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Even seemingly strong correlations, especially those derived from small samples (n=8 in our case),

must be validated by the P matrix. For the positive correlation between points and steals (r = 0.61),

the corresponding P-value is 0.1047. While this value is approaching significance, it still falls short

of the strict 0.05 level. This exercise powerfully illustrates why a high correlation coefficient alone is

insufficient grounds for claiming a meaningful relationship; the combined R and P matrix output

provided by rcorr is absolutely necessary for drawing statistically sound conclusions.

The P-value for assists and rebounds is 0.5589, indicating no statistical significance.

The P-value for assists and points is 0.4253, suggesting the relationship is not statistically

significant.

The P-value for points and steals is 0.1047, failing to meet the standard 0.05 threshold.

Extending Analysis: Specifying Correlation Type

By default, the rcorr function computes the Pearson correlation coefficient. This parametric

method is the preferred measure for linear association, provided the data consists of continuous

variables that are approximately normally distributed and share a strictly linear relationship. When

these foundational assumptions are met, Pearson's r provides the most accurate measure of linear

co-movement.

However, analytical robustness demands flexibility, as real-world datasets often violate these

parametric requirements. When variables exhibit non-normal distributions, contain significant

outliers, or are fundamentally ordinal (ranked) data, relying solely on the Pearson coefficient can

lead to unreliable or misleading results. In these circumstances, it is necessary to employ a non-

parametric alternative, the most common being the Spearman rank correlation coefficient ($rho$).

Spearman's method measures the monotonic association between the ranked values of the data,

thereby mitigating the influence of non-normality and outliers.

The versatility of rcorr allows for easy customization of the correlation method. By simply adding

the argument type='spearman' to the function call, users can instantly switch the calculation

engine. This computes the Spearman rank correlation matrix along with its corresponding P-

values, ensuring the analysis remains statistically sound irrespective of complex data distributions.

This seamless integration of both parametric and non-parametric options within the rcorr

framework underscores its value as a comprehensive analytical tool.

For instance, if we determined that our basketball performance variables were not suitable for

Pearson correlation due to non-normality, the modified syntax to calculate the robust Spearman

correlation would be:

library(Hmisc)

https://en.wikipedia.org/wiki/P-value
https://en.wikipedia.org/wiki/Pearson_correlation_coefficient
https://en.wikipedia.org/wiki/Spearman%27s_rank_correlation_coefficient
https://statistics.arabpsychology.com/?p=17066
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning to Create Correlation Matrices in R with rcorr 8

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

#Calculate Spearman correlation

rcorr(as.matrix(df), type='spearman')

This simple yet powerful modification demonstrates the flexibility provided by the R environment

and the extensive capabilities of the Hmisc package.

Conclusion and Further Resources

The rcorr function within the Hmisc package provides a crucial advantage over base R correlation

tools by simultaneously delivering correlation coefficients and their statistical significance via the R

and P matrices. This robust capability is essential for any analyst seeking to move beyond mere

descriptive statistics to valid inferential conclusions about linear relationships in complex datasets.

For those looking to deepen their understanding of statistical operations within R, including

advanced regression analysis, visualization techniques, and specialized statistical tests, the

following tutorials explain how to perform other common operations in R:
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