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Cross-referencing the documentation

When reading this manual, you will find references to other Stata manuals, for example,
[U] 27 Overview of Stata estimation commands; [R] regress; and [D] reshape. The first ex-
ample is a reference to chapter 27, Overview of Stata estimation commands, in the User’s Guide;
the second is a reference to the regress entry in the Base Reference Manual; and the third is a
reference to the reshape entry in the Data Management Reference Manual.

All the manuals in the Stata Documentation have a shorthand notation:

[GSM] Getting Started with Stata for Mac
[GSU] Getting Started with Stata for Unix
[GSW] Getting Started with Stata for Windows
[U] Stata User’s Guide

[R] Stata Base Reference Manual

[ADAPT]  Stata Adaptive Designs: Group Sequential Trials Reference Manual
[BAYES] Stata Bayesian Analysis Reference Manual

[BMA] Stata Bayesian Model Averaging Reference Manual

[CAUSAL] Stata Causal Inference and Treatment-Effects Estimation Reference Manual
[CM] Stata Choice Models Reference Manual

[D] Stata Data Management Reference Manual

[DSGE] Stata Dynamic Stochastic General Equilibrium Models Reference Manual
[ERM] Stata Extended Regression Models Reference Manual

[FMM] Stata Finite Mixture Models Reference Manual

[EFN] Stata Functions Reference Manual

[G] Stata Graphics Reference Manual

[IRT] Stata Item Response Theory Reference Manual

[LASSO] Stata Lasso Reference Manual

[XT] Stata Longitudinal-Data/Panel-Data Reference Manual

[META] Stata Meta-Analysis Reference Manual

[ME] Stata Multilevel Mixed-Effects Reference Manual

[MI] Stata Multiple-Imputation Reference Manual

[MV] Stata Multivariate Statistics Reference Manual

[PSS] Stata Power, Precision, and Sample-Size Reference Manual

[P] Stata Programming Reference Manual

[RPT] Stata Reporting Reference Manual

[SP] Stata Spatial Autoregressive Models Reference Manual

[SEM] Stata Structural Equation Modeling Reference Manual

[SVY] Stata Survey Data Reference Manual

[ST] Stata Survival Analysis Reference Manual

[TABLES] Stata Customizable Tables and Collected Results Reference Manual
[TS] Stata Time-Series Reference Manual

[1] Stata Index

[M] Mata Reference Manual



Title

Intro — Introduction to multivariate statistics manual

Description

This manual documents Stata’s multivariate analysis features and is referred to as the [MV] manual
in cross-references.

Following this entry, [MV] Multivariate provides an overview of the multivariate analysis features
in Stata and Stata’s multivariate analysis commands. The other parts of this manual are arranged
alphabetically.

Stata is continually being updated, and Stata users are always writing new commands. To find out
about the latest multivariate analysis features, type search multivariate analysis after installing
the latest official updates; see [R] update.

Also see
[U] 1.3 What’s new

[R] Intro — Introduction to base reference manual



Title

Multivariate — Introduction to multivariate commands

Description Remarks and examples Also see

Description

The Multivariate Reference Manual organizes the commands alphabetically, which makes it easy
to find individual command entries if you know the name of the command. This overview organizes
and presents the commands conceptually, that is, according to the similarities in the functions that
they perform. The table below lists the manual entries that you should see for additional information.

Cluster analysis.
These commands perform cluster analysis on variables or the similarity or dissimilarity values within
a matrix. An introduction to cluster analysis and a description of the cluster and clustermat
subcommands is provided in [MV] cluster and [MV] clustermat.

Discriminant analysis.
These commands provide both descriptive and predictive linear discriminant analysis (LDA), as well
as predictive quadratic discriminant analysis (QDA), logistic discriminant analysis, and kth-nearest-
neighbor (KNN) discriminant analysis. An introduction to discriminant analysis and the discrim
command is provided in [MV] discrim.

Factor analysis and principal component analysis.
These commands provide reliability analysis using Cronbach’s alpha, factor analysis of a correlation
matrix, and principal component analysis (PCA) of a correlation or covariance matrix. The correlation
or covariance matrix can be provided directly or computed from variables.

Rotation.
These commands provide methods for rotating a factor or PCA solution or for rotating a matrix.
Also provided is Procrustean rotation analysis for rotating a set of variables to best match another
set of variables.

Multivariate analysis of variance, multivariate regression, and related techniques.
These commands provide canonical correlation analysis, multivariate regression, multivariate anal-
ysis of variance (MANOVA), and comparison of multivariate means. Also provided are multivariate
tests on means, covariances, and correlations, and tests for multivariate normality.

Structural equation modeling.
These commands provide multivariate linear models that can include observed and latent variables.
These models include confirmatory factor analysis, multivariate regression, path analysis, mediator
analysis, and more; see the Stata Structural Equation Modeling Reference Manual.

Multidimensional scaling and biplots.
These commands provide classic and modern (metric and nonmetric) MDS and two-dimensional
biplots. MDS can be performed on the variables or on proximity data in a matrix or as proximity
data in long format.

Correspondence analysis.
These commands provide simple correspondence analysis (CA) on the cross-tabulation of two
categorical variables or on a matrix and multiple correspondence analysis (MCA) and joint corre-
spondence analysis (JCA) on two or more categorical variables.
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Bayesian analysis.
These commands provide Bayesian estimation of multivariate linear models, including multivariate
normal regression; see the Stata Bayesian Analysis Reference Manual.

Item response theory.
These commands fit item response theory models to binary, ordinal, and nominal items, and
their combinations. Postestimation features include graphical tools to plot characteristic curves and
information functions; see the Stata Item Response Theory Reference Manual.

Multivariate time-series models.
These commands provide multivariate models for time-series data, including multivariate generalized
autoregressive conditional heteroskedasticity (GARCH), vector autoregressive (VAR), vector error-
correction (VEC), dynamic-factor, state-space, and dynamic stochastic general equilibrium (DSGE)
models. Bayesian analysis of VAR and DSGE is also available.

Multivariate meta-regression.
These commands fit multivariate fixed-effects and random-effects meta-regression models. Various
postestimation features, such as predicting random effects and assessing multivariate heterogeneity,
are available; see Stata Meta-Analysis Reference Manual.

Cluster analysis

[MV] cluster Introduction to cluster-analysis commands
[MV] clustermat Introduction to clustermat commands
[MV] matrix dissimilarity Compute similarity or dissimilarity measures; may be

used by clustermat

Discriminant analysis

[MV] discrim Introduction to discriminant-analysis commands
[MV] discrim lda Linear discriminant analysis (LDA)

[MV] discrim lda postestimation Postestimation tools for discrim lda

[MV] candisc Canonical (descriptive) linear discriminant analysis
[MV] discrim qda Quadratic discriminant analysis (QDA)

[MV] discrim qda postestimation Postestimation tools for discrim qda

[MV] discrim logistic Logistic discriminant analysis

[MV] discrim logistic postestimation Postestimation tools for discrim logistic

[MV] discrim knn kth-nearest-neighbor (KNN) discriminant analysis
[MV] discrim knn postestimation Postestimation tools for discrim knn

[MV] discrim estat Postestimation tools for discrim

Factor analysis and principal component analysis

[MV] alpha Compute interitem correlations (covariances) and
Cronbach’s alpha

[MV] factor Factor analysis

[MV] factor postestimation Postestimation tools for factor and factormat

[MV] pca Principal component analysis

[MV] pca postestimation Postestimation tools for pca and pcamat

[MV] rotate Orthogonal and oblique rotations after factor and pca

[MV] screeplot Scree plot of eigenvalues

[MV] scoreplot Score and loading plots
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Rotation
mv]
mv]
mv]

[MV] procrustes postestimation

rotate
rotatemat
procrustes

Orthogonal and oblique rotations after factor and pca
Orthogonal and oblique rotation of a Stata matrix
Procrustes transformation

Postestimation tools for procrustes

Multivariate analysis of variance, multivariate regression, and related techniques

MV]
(mv]
(mv]
[MV]
[MV]
MV]
(Mv]
mv]

canon
canon postestimation
mvreg

mvreg postestimation
manova

manova postestimation
hotelling

mvtest

[R] nlsur
[R] reg3
[R] sureg

Structural equation modeling
[SEM] Stata Structural Equation Modeling Reference Manual

Multidimensional scaling and biplots

mv]
[(MV]
MV]
MV]
(mv]
mv]

mds

mds postestimation

mds postestimation plots
mdslong

mdsmat

biplot

Correspondence analysis

mv]
[MV]
MV]
MV]
mv]
mv]

ca
ca postestimation

ca postestimation plots
mca

mca postestimation

mca postestimation plots

Bayesian analysis
[BAYES] Stata Bayesian Analysis Reference Manual

Item response theory
[IRT] Stata Item Response Theory Reference Manual

Canonical correlations

Postestimation tools for canon

Multivariate regression

Postestimation tools for mvreg

Multivariate analysis of variance and covariance
Postestimation tools for manova

Hotelling’s T2 generalized means test

Multivariate tests on means, covariances, correlations,
and of normality

Estimation of nonlinear systems of equations
Three-stage estimation for systems of simultaneous equations
Zellner’s seemingly unrelated regression

Multidimensional scaling for two-way data

Postestimation tools for mds, mdsmat, and mdslong
Postestimation plots for mds, mdsmat, and mdslong
Multidimensional scaling of proximity data in long format
Multidimensional scaling of proximity data in a matrix
Biplots

Simple correspondence analysis
Postestimation tools for ca and camat
Postestimation plots for ca and camat
Multiple and joint correspondence analysis
Postestimation tools for mca
Postestimation plots for mca
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Multivariate time-series models

[TS] Stata Time-Series Reference Manual
[DSGE] Stata Dynamic Stochastic General Equilibrium Models Reference Manual

Multivariate meta-regression
[META] Stata Meta-Analysis Reference Manual

Remarks and examples

Remarks are presented under the following headings:

Cluster analysis

Discriminant analysis

Factor analysis and principal component analysis
Rotation

Multivariate analysis of variance, multivariate regression, and related techniques
Structural equation modeling

Multidimensional scaling and biplots
Correspondence analysis

Bayesian analysis

Item response theory

Multivariate time-series models

Multivariate meta-regression

Cluster analysis

Cluster analysis is concerned with finding natural groupings, or clusters. Stata’s cluster-analysis
commands provide several hierarchical and partition clustering methods, postclustering summarization
methods, and cluster-management tools. The hierarchical clustering methods may be applied to the
data with the cluster command or to a user-supplied dissimilarity matrix with the clustermat
command. See [MV] cluster for an introduction to cluster analysis and the cluster and clustermat
suite of commands. For an alternative to cluster analysis, see [SEM] Intro 5 for information on latent
class analysis.

A wide variety of similarity and dissimilarity measures are available for comparing observations;
see [MV] measure_option. Dissimilarity matrices, for use with clustermat, are easily obtained using
the matrix dissimilarity command; see [MV] matrix dissimilarity. This provides the building
blocks necessary for clustering variables instead of observations or for clustering using a dissimilarity
not automatically provided by Stata; [MV] clustermat provides examples.

Discriminant analysis

Discriminant analysis may be used to describe differences between groups and to exploit those
differences in allocating (classifying) observations to the groups. These two purposes of discriminant
analysis are often called descriptive discriminant analysis and predictive discriminant analysis.

discrim has both descriptive and predictive LDA; see [MV] discrim lda. The candisc command
computes the same thing as discrim 1da, but with output tailored for the descriptive aspects of the
discrimination; see [MV] candisc.

The remaining discrim subcommands provide alternatives to linear discriminant analysis for
predictive discrimination. [MV] discrim qda provides quadratic discriminant analysis. [MV] discrim
logistic provides logistic discriminant analysis. [MV] discrim knn provides kth-nearest-neighbor
discriminant analysis.
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Postestimation commands provide classification tables (confusion matrices), error-rate estimates,
classification listings, and group summarizations. In addition, postestimation tools for LDA and
QDA include display of Mahalanobis distances between groups, correlations, and covariances. LDA
postestimation tools also include discriminant-function loading plots, discriminant-function score plots,
scree plots, display of canonical correlations, eigenvalues, proportion of variance, likelihood-ratio tests
for the number of nonzero eigenvalues, classification functions, loadings, structure matrix, standardized
means, and ANOVA and MANOVA tables. See [MV] discrim estat, [MV] discrim lda postestimation,
and [MV] discrim gda postestimation.

Factor analysis and principal component analysis

Cronbach’s alpha is a measure of reliability often used as a preliminary step before factor analysis.
Though not literally correct, alpha is sometimes conceptualized as the average correlation among all
possible pairwise combinations of a group of variables. A value of alpha greater than 0.7 (sometimes
0.8) indicates high intracorrelation among a group of variables and is typically used as a criterion to
determine that a subsequent factor analysis is appropriate. See [MV] alpha for details.

Factor analysis and principal component analysis (PCA) have dual uses. They may be used as a
dimension-reduction technique, and they may be used in describing the underlying data.

In PCA, the leading eigenvectors from the eigen decomposition of the correlation or covariance
matrix of the variables describe a series of uncorrelated linear combinations of the variables that
contain most of the variance. For data reduction, a few of these leading components are retained. For
describing the underlying structure of the data, the magnitudes and signs of the eigenvector elements
are interpreted in relation to the original variables (rows of the eigenvector).

pca uses the correlation or covariance matrix computed from the dataset. pcamat allows the
correlation or covariance matrix to be directly provided. The vce (normal) option provides standard
errors for the eigenvalues and eigenvectors, which aids in their interpretation. See [MV] pca for details.

Factor analysis finds a few common factors that linearly reconstruct the original variables. Recon-
struction is defined in terms of prediction of the correlation matrix of the original variables, unlike
PCA, where reconstruction means minimum residual variance summed across all variables. Factor
loadings are examined for interpretation of the structure of the data.

factor computes the correlation from the dataset, whereas factormat is supplied the matrix
directly. They both display the eigenvalues of the correlation matrix, the factor loadings, and the
“uniqueness” of the variables. See [MV] factor for details.

To perform factor analysis or PCA on binary data, compute the tetrachoric correlations and use these
with factormat or pcamat. Tetrachoric correlations are available with the tetrachoric command;
see [R] tetrachoric.

After factor analysis and PCA, a suite of commands are available that provide for rotation of the
loadings; generation of score variables; graphing of scree plots, loading plots, and score plots; display
of matrices and scalars of interest such as anti-image matrices, residual matrices, Kaiser—Meyer—
Olkin measures of sampling adequacy, squared multiple correlations; and more. See [MV] factor
postestimation, [MV] pca postestimation, [MV] rotate, [MV] screeplot, and [MV] scoreplot for
details.
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Rotation

Rotation provides a modified solution that is rotated from an original multivariate solution such
that interpretation is enhanced. Rotation is provided through three commands: rotate, rotatemat,
and procrustes.

rotate works directly after pca, pcamat, factor, and factormat. It knows where to obtain
the component- or factor-loading matrix for rotation, and after rotating the loading matrix, it places
the rotated results in e () so that all the postestimation tools available after pca and factor may be
applied to the rotated results. See [MV] rotate for details.

Perhaps you have the component or factor loadings from a published source and want to investigate
various rotations, or perhaps you wish to rotate a loading matrix from some other multivariate
command. rotatemat provides rotations for a specified matrix. See [MV] rotatemat for details.

A large selection of orthogonal and oblique rotations are provided for rotate and rotatemat.
These include varimax, quartimax, equamax, parsimax, minimum entropy, Comrey’s tandem 1 and 2,
promax power, biquartimax, biquartimin, covarimin, oblimin, factor parsimony, Crawford—Ferguson
family, Bentler’s invariant pattern simplicity, oblimax, quartimin, target, and weighted target rotations.
Kaiser normalization is also available.

The procrustes command provides Procrustean analysis. The goal is to transform a set of source
variables to be as close as possible to a set of target variables. The permitted transformations are any
combination of dilation (uniform scaling), rotation and reflection (orthogonal and oblique transforma-
tions), and translation. Closeness is measured by the residual sum of squares. See [MV] procrustes
for details.

A set of postestimation commands are available after procrustes for generating fitted values and
residuals; for providing fit statistics for orthogonal, oblique, and unrestricted transformations; and for
providing a Procrustes overlay graph. See [MV] procrustes postestimation for details.

Multivariate analysis of variance, multivariate regression, and related techniques

The first canonical correlation is the maximum correlation that can be obtained between a linear
combination of one set of variables and a linear combination of another set of variables. The second
canonical correlation is the maximum correlation that can be obtained between linear combinations of
the two sets of variables subject to the constraint that these second linear combinations are orthogonal
to the first linear combinations, and so on.

canon estimates these canonical correlations and provides the loadings that describe the linear
combinations of the two sets of variables that produce the correlations. Standard errors of the loadings
are provided, and tests of the significance of the canonical correlations are available. See [MV] canon
for details.

Postestimation tools are available after canon for generating the variables corresponding to the
linear combinations underlying the canonical correlations. Various matrices and correlations may also
be displayed. See [MV] canon postestimation for details.

In canonical correlation, there is no real distinction between the two sets of original variables.
In multivariate regression, however, the two sets of variables take on the roles of dependent and
independent variables. Multivariate regression is an extension of regression that allows for multiple
dependent variables. See [MV] mvreg for multivariate regression, and see [MV] mvreg postestimation
for the postestimation tools available after multivariate regression.

Just as analysis of variance (ANOVA) can be formulated in terms of regression where the categorical
independent variables are represented by indicator (sometimes called dummy) variables, multivariate
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analysis of variance (MANOVA), a generalization of ANOVA that allows for multiple dependent variables,
can be formulated in terms of multivariate regression where the categorical independent variables are
represented by indicator variables. Multivariate analysis of covariance (MANCOVA) allows for both
continuous and categorical independent variables.

The manova command fits MANOVA and MANCOVA models for balanced and unbalanced designs,
including designs with missing cells, and for factorial, nested, or mixed designs, or designs involving
repeated measures. Four multivariate test statistics—Wilks’s lambda, Pillai’s trace, the Lawley—
Hotelling trace, and Roy’s largest root—are computed for each term in the model. See [MV] manova
for details.

Postestimation tools are available after manova that provide for univariate Wald tests of expressions
involving the coefficients of the underlying regression model and that provide for multivariate tests
involving terms or linear combinations of the underlying design matrix. Linear combinations of
the dependent variables are also supported. Also available are marginal means, predictive margins,
marginal effects, and average marginal effects. See [MV] manova postestimation for details.

Related to MANOVA is Hotelling’s T2 test of whether a set of means is zero or whether two sets
of means are equal. It is a multivariate test that reduces to a standard ¢ test if only one variable is
involved. The hotelling command provides Hotelling’s T2 test; see [MV] hotelling, but also see
[MV] mvtest means for more extensive multivariate means testing.

A suite of mvtest commands perform assorted multivariate tests. mvtest means performs one-
sample and multiple-sample multivariate tests on means, assuming multivariate normality. mvtest
covariances performs one-sample and multiple-sample multivariate tests on covariances, assuming
multivariate normality. mvtest correlations performs one-sample and multiple-sample tests on
correlations, assuming multivariate normality. mvtest normality performs tests for univariate,
bivariate, and multivariate normality. See [MV] mvtest.

Related to multivariate regression, the sureg, reg3, nlsur, and demandsys commands fit models
with more than one outcome variable. sureg fits a seemingly unrelated regression model, which
is equivalent to the multivariate regression model fit by mvreg when the same set of covariates
models each dependent variable. However, sureg extends this to allow for different covariates in each
equation. The reg3 command estimates a system of structural equations in which some equations
include endogenous covariates. Both sureg and reg3 fit linear models. The nlsur command fits a
system of nonlinear equations. See [R] sureg, [R] reg3, [R] nlsur, and [R] demandsys for details.

Structural equation modeling

Structural equation modeling (SEM) is a flexible estimation method for fitting a variety of multivariate
models, and it allows for latent (unobserved) variables. See [SEM] Intro 5.

Multidimensional scaling and biplots

Multidimensional scaling (MDS) is a dimension-reduction and visualization technique. Dissimi-
larities (for instance, Euclidean distances) between observations in a high-dimensional space are
represented in a lower-dimensional space (typically two dimensions) so that the Euclidean distance
in the lower-dimensional space approximates the dissimilarities in the higher-dimensional space.

The mds command provides classical and modern (metric and nonmetric) MDS for dissimilarities
between observations with respect to the variables; see [MV] mds. A wide variety of similarity
and dissimilarity measures are allowed (the same ones available for the cluster command); see
[MV] measure_option.
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mdslong and mdsmat provide MDS directly on the dissimilarities recorded either as data in long
format (mdslong) or as a dissimilarity matrix (mdsmat); see [MV] mdslong and [MV] mdsmat.

Postestimation tools available after mds, mdslong, and mdsmat provide MDS configuration plots
and Shepard diagrams; generation of the approximating configuration or the disparities, dissimilarities,
distances, raw residuals and transformed residuals; and various matrices and scalars, such as Kruskal
stress (loss), quantiles of the residuals per object, and correlations between disparities or dissimilarities
and approximating distances. See [MV] mds postestimation and [MV] mds postestimation plots.

Biplots are two-dimensional representations of data. Both the observations and the variables are
represented. The observations are represented by marker symbols, and the variables are represented
by arrows from the origin. Observations are projected to two dimensions so that the distance between
the observations is approximately preserved. The cosine of the angle between arrows approximates
the correlation between the variables. A biplot aids in understanding the relationship between the
variables, the observations, and the observations and variables jointly. The biplot command produces
biplots; see [MV] biplot.

Correspondence analysis

Simple correspondence analysis (CA) is a technique for jointly exploring the relationship between
rows and columns in a cross-tabulation. It is known by many names, including dual scaling, reciprocal
averaging, and canonical correlation analysis of contingency tables.

ca performs CA on the cross-tabulation of two integer-valued variables or on two sets of crossed
(stacked) integer-valued variables. camat performs CA on a matrix with nonnegative entries—perhaps
from a published table. See [MV] ca for details.

A suite of commands are available following ca and camat. These include commands for producing
CA biplots and dimensional projection plots; for generating fitted values, row coordinates, and column
coordinates; and for displaying distances between row and column profiles, individual cell inertia
contributions, 2 distances between row and column profiles, and the fitted correspondence table.
See [MV] ca postestimation and [MV] ca postestimation plots.

mca performs multiple (MCA) or joint (JCA) correspondence analysis on two or more categorical
variables and allows for crossing (stacking). See [MV] mca.

Postestimation tools available after mca provide graphing of category coordinate plots, dimensional
projection plots, and plots of principal inertias; display of the category coordinates, optionally with
column statistics; the matrix of inertias of the active variables after JCA; and generation of row scores.
See [MV] mca postestimation and [MV] mca postestimation plots.

Bayesian analysis

Bayesian analysis provides a flexible framework for fitting a variety of Bayesian models, including
multivariate models. See Stata Bayesian Analysis Reference Manual.

Item response theory

Item response theory (IRT) is used in the design, analysis, scoring, and comparison of tests and
similar instruments whose purpose is to measure unobservable characteristics of the respondents; see
Stata Item Response Theory Reference Manual.
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Multivariate time-series models

For time-series data, a variety of multivariate models are available. These include multivariate
GARCH models, vector autoregressive (VAR) models, vector error-correction (VEC) models, dynamic-
factor models, and state-space models. See [TS] Stata Time-Series Reference Manual

Dynamic stochastic general equilibrium (DSGE) models are specialized multivariate time-series
models that allow current values of variables to depend not only on past values but also on
expectations of future values. See [DSGE] Stata Dynamic Stochastic General Equilibrium Models
Reference Manual.

Bayesian VAR and Bayesian DSGE models are also available. See Stata Bayesian Analysis Reference
Manual.

Multivariate meta-regression

Multivariate meta-regression models are used to investigate the relationship between study-level
covariates, called moderators, and multiple dependent effect sizes reported by each study. Random-
effects and fixed-effects models are available to fit the data using the meta mvregress command.
For the random-effects models, several estimation methods are possible to estimate the covariance of
the random effects. See [META] meta mvregress for details.

Postestimation tools include predicting the random effects and their variance—covariance matrix
and other diagnostic tools for assessing the model assumptions. Multivariate heterogeneity may be
quantified using the postestimation command estat heterogeneity. See [META| meta mvregress
postestimation.

Also see
[R] Intro — Introduction to base reference manual

[MV] Glossary
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alpha — Compute interitem correlations (covariances) and Cronbach’s alpha

Description Quick start Menu Syntax
Options Remarks and examples Stored results Methods and formulas
Acknowledgment References Also see

Description

alpha computes the interitem correlations or covariances for all pairs of variables in varlist and

Cronbach’s « statistic for the scale formed from them. At least two variables must be specified with
alpha.

Quick start

Cronbach’s alpha and the average interitem covariance of 6 variables
alpha vl v2 v3 v4 v5 v6

Same as above, but standardize the variables to give average interitem correlation
alpha vl v2 v3 v4 vb v6, std

Same as above, and show table of item-test and item-rest correlations and the effect of removing each
variable from the scale

alpha vl v2 v3 v4 vb v6, std item

Same as above, and also list each interitem correlation
alpha vl v2 v3 v4 v5 v6, std item detail

Same as above, but force v2 and v5 to enter with reversed sign
alpha vl v2 v3 v4 vb v6, std item detail reverse(v2 vb)

Same as above, and generate scalevar with the summative score (scale)

alpha vl v2 v3 v4 vb5 v6, std item detail reverse(v2 v5) ///
generate(scalevar)

Menu

Statistics > Multivariate analysis > Cronbach’s alpha

11
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Syntax

alpha varlist [l_'f] [ln] [, options]

options Description
Options
asis take sign of each item as is
casewise delete cases with missing values
detail list individual interitem correlations and covariances
generate (newvar) save the generated scale in newvar
item display item-test and item-rest correlations
label include variable labels in output table
min (#) must have at least # observations for inclusion
reverse (varlist) reverse signs of these variables
std standardize items in the scale to mean 0, variance 1

by and collect are allowed; see [U] 11.1.10 Prefix commands.
Options

asis specifies that the sense (sign) of each item be taken as presented in the data. The default is to
determine the sense empirically and reverse the scorings for any that enter negatively.

casewise specifies that cases with missing values be deleted listwise. The default is pairwise
computation of covariances and correlations.

detail lists the individual interitem correlations and covariances.

generate (newvar) specifies that the scale constructed from varlist be saved in newvar. Unless asis
is specified, the sense of items entering negatively is automatically reversed. If std is also specified,
the scale is constructed by using standardized (mean 0, variance 1) values of the individual items.
Unlike most Stata commands, generate() does not use casewise deletion. A score is created
for every observation for which there is a response to at least one item (one variable in varlist
is not missing). The summative score is divided by the number of items over which the sum is
calculated.

item specifies that item-test and item-rest correlations and the effects of removing an item from the
scale be displayed. item is valid only when more than two variables are specified in varlist.

label requests that the detailed output table be displayed in a compact format that enables the
inclusion of variable labels.

min(#) specifies that only cases with at least # observations be included in the computations.
casewise is a shorthand for min (k), where k is the number of variables in varlist.

reverse (varlist) specifies that the signs (directions) of the variables (items) in varlist be reversed.
Any variables specified in reverse() that are not also included in alpha’s varlist are ignored.

std specifies that the items in the scale be standardized (mean 0, variance 1) before summing.
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Remarks and examples

Cronbach’s alpha (Cronbach 1951) assesses the reliability of a summative rating (Likert 1932)
scale composed of the variables (called items) specified. The set of items is often called a test or
battery. A scale is simply the sum of the individual item scores, reversing the scoring for statements
that have negative correlations with the factor (for example, attitude) being measured. Scales can be
formed by using the raw item scores or standardized item scores.

The reliability « is defined as the square of the correlation between the measured scale and the
underlying factor. If you think of a test as being composed of a random sample of items from a
hypothetical domain of items designed to measure the same thing, « represents the expected correlation
of one test with an alternative form containing the same number of items. The square root of « is
the estimated correlation of a test with errorless true scores (Nunnally and Bernstein 1994, 235).

In addition to reporting v, alpha generates the summative scale from the items (variables) specified
and automatically reverses the sense of any when necessary. Stata’s decision can be overridden by
specifying the reverse (varlist) option.

Because it concerns reliability in measuring an unobserved factor, « is related to factor analysis.
The test should be designed to measure one factor, and, because the scale will be composed of an
unweighted sum, the factor loadings should all contribute roughly equal information to the score.
Both of these assumptions can be verified with factor; see [MV] factor. Equality of factor loadings
can also be assessed by using the item option.

> Example 1

To illustrate alpha, we apply it, first without and then with the item option, to the automobile
dataset after randomly introducing missing values:

. use https://www.stata-press.com/data/r18/automiss
(1978 automobile data)

. alpha price headroom rep78 trunk weight length turn displ, std

Test scale = mean(standardized items)
Reversed item: rep78

Average interitem correlation: 0.5251
Number of items in the scale: 8
Scale reliability coefficient: 0.8984

The scale derived from our somewhat arbitrarily chosen automobile items (variables) appears to be
reasonable because the estimated correlation between it and the underlying factor it measures is
1/0.8984 ~ 0.9478 and the estimated correlation between this battery of eight items and all other
eight-item batteries from the same domain is 0.8984. Because the “items” are not on the same scale,
it is important that std was specified so that the scale and its reliability were based on the sum
of standardized variables. We could obtain the scale in a new variable called sc with the gen(sc)
option.
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Though the scale appears reasonable, we include the item option to determine if all the items fit
the scale:

. alpha price headroom rep78 trunk weight length turn displ, std item

Test scale = mean(standardized items)

Average
Item-test Item-rest interitem
Item Obs Sign correlation correlation correlation alpha
price 70 + 0.5260 0.3719 0.5993 0.9128
headroom 66 + 0.6716 0.5497 0.5542 0.8969
rep78 61 - 0.4874 0.3398 0.6040 0.9143
trunk 69 + 0.7979 0.7144 0.5159 0.8818
weight 64 + 0.9404 0.9096 0.4747 0.8635
length 69 + 0.9382 0.9076 0.4725 0.8625
turn 66 + 0.8678 0.8071 0.4948 0.8727
displacement 63 + 0.8992 0.8496 0.4852 0.8684
Test scale 0.5251 0.8984

“Test” denotes the additive scale; here 0.5251 is the average interitem correlation, and 0.8984 is
the alpha coefficient for a test scale based on all items.

“Obs” shows the number of nonmissing values of the items; “Sign” indicates the direction in
which an item variable entered the scale; “~” denotes that the item was reversed. The remaining four
columns in the table provide information on the effect of one item on the scale.

Column four gives the item-test correlations. Apart from the sign of the correlation for items that
entered the scale in reversed order, these correlations are the same numbers as those computed by
the commands

. alpha price headroom rep78 trunk weight length turn displ, std gen(sc)

. pwcorr sc price headroom rep78 trunk weight length turn displ

Typically, the item-test correlations should be roughly the same for all items. Item-test correlations
may not be adequate to detect items that fit poorly because the poorly fitting items may distort the scale.
Accordingly, it may be more useful to consider item-rest correlations (Nunnally and Bernstein 1994),
that is, the correlation between an item and the scale that is formed by all other items. The average
interitem correlations (covariances if std is omitted) of all items, excluding one, are shown in column
six. Finally, column seven gives Cronbach’s « for the test scale, which consists of all but the one
item.

Here neither the price item nor the rep78 item seems to fit well in the scale in all respects.
The item-test and item-rest correlations of price and rep78 are much lower than those of the other
items. The average interitem correlation increases substantially by removing either price or rep78;
apparently, they do not correlate strongly with the other items. Finally, we see that Cronbach’s «
coefficient will increase from 0.8984 to 0.9128 if the price item is dropped, and it will increase
from 0.8984 to 0.9143 if rep78 is dropped. For well-fitting items, we would of course expect that
« decreases by shortening the test.

N
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> Example 2

The variable names for the automobile data are reasonably informative. This may not always be
true; items in batteries commonly used to measure personality traits, attitudes, values, etc., are usually
named with indexed names, for example, item12a, item12b, item12c. The label option forces
alpha to produce the same statistical information in a more compact format that leaves room to
include variable (item) labels. In this compact format, alpha excludes the number of nonmissing
values of the items, displays the statistics using fewer digits, and uses somewhat cryptic headers:

. alpha price headroom rep78 trunk weight length turn displ, std item label detail

Test scale = mean(standardized items)

Items S it-cor ir-cor ii-cor alpha Label

price + 0.526 0.372 0.599 0.913 Price

headroom + 0.672 0.550 0.554 0.897 Headroom (in.)

rep78 - 0.487 0.340 0.604 0.914 Repair record 1978
trunk + 0.798 0.714 0.516 0.882 Trunk space (cu. ft.)
weight + 0.940 0.910 0.475 0.863 Weight (1bs.)

length + 0.938 0.908 0.473 0.862 Length (in.)

turn + 0.868 0.807 0.495 0.873 Turn circle (ft.)
displacement + 0.899 0.850 0.485 0.868 Displacement (cu. in.)
Test scale 0.525 0.898 mean(standardized items)

Interitem correlations (reverse applied) (obs=pairwise, see below)

price headroom rep78 trunk
price 1.0000
headroom 0.1174 1.0000
rep78 -0.0479 0.1955 1.0000
trunk 0.2748 0.6841 0.2777 1.0000
weight 0.5093 0.5464 0.3624 0.6486
length 0.4511 0.5823 0.3162 0.7404
turn 0.3528 0.4067 0.4715 0.5900
displacement 0.5537 0.5166 0.3391 0.6471
weight length turn displacement
weight 1.0000
length 0.9425 1.0000
turn 0.8712 0.8589 1.0000
displacement 0.8753 0.8422 0.7723 1.0000
Pairwise number of observations
price headroom rep78 trunk
price 70
headroom 62 66
rep78 59 54 61
trunk 65 61 59 69
weight 60 56 52 60
length 66 61 58 64
turn 62 58 56 62
displacement 59 58 51 58
weight length turn displacement
weight 64
length 60 69
turn 57 61 66
displacement 54 58 56 63

Because the detail option was also specified, the interitem correlation matrix was printed, together
with the number of observations used for each entry (because these varied across the matrix). Note
the negative sign attached to rep78 in the output, indicating the sense in which it entered the scale.
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Better-looking output with less-cryptic headers is produced if the linesize is set to a value of at
least 100:

. set linesize 100
. alpha price headroom rep78 trunk weight length turn displ, std item label
Test scale = mean(standardized items)

Item-test Item-rest Interitem

Item Obs Sign corr. corr. corr. alpha Label

price 70 + 0.5260 0.3719 0.5993 0.9128 Price

headroom 66 + 0.6716 0.5497 0.5542 0.8969 Headroom (in.)

rep78 61 - 0.4874 0.3398 0.6040 0.9143  Repair record 1978
trunk 69 + 0.7979 0.7144 0.5159 0.8818 Trunk space (cu. ft.)
weight 64 + 0.9404 0.9096 0.4747 0.8635 Weight (1lbs.)

length 69 + 0.9382 0.9076 0.4725 0.8625 Length (in.)

turn 66 + 0.8678 0.8071 0.4948 0.8727 Turn circle (ft.)
displacement 63 + 0.8992 0.8496 0.4852 0.8684 Displacement (cu. in.)
Test scale 0.5251 0.8984 mean(standardized items)

4

Users of alpha require some standard for judging values of «. We paraphrase Nunnally and
Bernstein (1994, 265): In the early stages of research, modest reliability of 0.70 or higher will suffice;
values in excess of 0.80 often waste time and funds. In contrast, where measurements on individuals
are of interest, a reliability of 0.80 may not be nearly high enough. Even with a reliability of 0.90,
the standard error of measurement is almost one-third as large as the standard deviation of test scores;
a reliability of 0.90 is the minimum that should be tolerated, and a reliability of 0.95 should be
considered the desirable standard.

Stored results

alpha stores the following in r():

Scalars

r(alpha) scale reliability coefficient

r(k) number of items in the scale

r(cov) average interitem covariance

r(rho) average interitem correlation if std is specified
Matrices

r(Alpha) scale reliability coefficient

r(ItemTestCorr) item-test correlation

r(ItemRestCorr) item-rest correlation

r (MeanInterItemCov) average interitem covariance

r(MeanInterItemCorr) average interitem correlation if std is specified

If the item option is specified, results are stored as row matrices for the k subscales when one
variable is removed.

Methods and formulas

Let z;, ¢ = 1,...,k, be the variables over which « is to be calculated. Let s; be the sign with
which x; enters the scale. If asis is specified, s; = 1 for all 7. Otherwise, principal-factor analysis
is performed on x;, and the first factor’s score is predicted; see [MV] factor. s; is —1 if correlation
of the z; and the predicted score is negative and +1 otherwise.
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Let 7;; be the correlation between x; and x;, c;; be the covariance, and n;; be the number of
observations used in calculating the correlation or covariance. The average correlation is
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Let c;; denote the variance of z;, and define the average variance as
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If std is specified, the scale reliability « is calculated as defined by the general form of the
Spearman—Brown Prophecy Formula (Nunnally and Bernstein 1994, 232; Allen and Yen 1979,
85-88):

kT
14+ (k-1

This expression corresponds to « under the assumption that the summative rating is the sum of
the standardized variables (Nunnally and Bernstein 1994, 234). If std is not specified, « is defined
(Nunnally and Bernstein 1994, 232 and 234) as
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Let x;; reflect the value of item ¢ in the jth observation. If std is specified, the jth value of the
scale computed from the k x;; items is

k
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where S() is the function that returns the standardized (mean 0, variance 1) value if T4 is not missing
and returns zero if x;; is missing. k; is the number of nonmissing values in x;;, ¢ = 1,..., k. If
std is not specified, S() is the function that returns z;; or returns missing if x;; is missing.
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Lee Joseph Cronbach (1916-2001) was born in Fresno, California. He participated in a study
of gifted children and completed high school at the age of 14. He obtained a doctoral degree
in educational psychology from the University of Chicago, where he later served as an assistant
professor. During World War II, he applied his expertise as a military psychologist for the
U.S. Navy.

Cronbach is widely known for his paper on the alpha coefficient, which measures test reliability.
While his work on the reliability coefficient was focused on psychological testing and education,
Cronbach’s alpha is used in several fields. He wrote an article with Paul Meehl on psychological
test validity and later published a book with Goldine Gleser introducing generalizability theory.

Cronbach made a lasting impact on program evaluations through his collaborative research
with faculty at Stanford, along with his book Designing Evaluations of Educational and Social
Programs. He also played an active role in the American Psychological Association’s work on
test standards and later became president of the American Psychological Association. His many
contributions are reflected in the honors he received from the American Education Research
Association, the Educational Testing Service, and other associations.

Acknowledgment
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Description

biplot displays a two-dimensional biplot of a dataset. A biplot simultaneously displays the
observations (rows) and the relative positions of the variables (columns). Marker symbols (points) are
displayed for observations, and arrows are displayed for variables. Observations are projected to two
dimensions such that the distance between the observations is approximately preserved. The cosine
of the angle between arrows approximates the correlation between the variables.

Quick start

Biplot of v1, v2, v3, and v4
biplot vl v2 v3 v4

Same as above, but use standardized instead of centered variables
biplot v1 v2 v3 v4, std

Same as above, but graph dimension 3 versus 1 instead of 2 versus 1
biplot vl v2 v3 v4, std dim(3 1)

Biplot with separate row and column plots
biplot vl v2 v3 v4, separate

Only graph the column plot
biplot v1 v2 v3 v4, norow

Biplot with different color row markers for each category of catvar
biplot vl v2 v3 v4, rowover(catvar)

Label row observations using the values in variable mylabel
biplot vl v2 v3 v4, rowlabel(mylabel)

Store biplot coordinates in new variables x and y
biplot vl v2 v3 v4, generate(x y)

Menu

Statistics > Multivariate analysis > Biplot

19
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Syntax
biplot varlist [lf] [in} [ , options]
options Description
Main
rowover (varlist) identify observations from different groups of varlist; may not be
combined with separate or norow
dim(# #) two dimensions to be displayed; default is dim(2 1)
std use standardized instead of centered variables
ﬂha(#) row weight = #; column weight = 1 — #; default is 0.5
stretch(#) stretch the column (variable) arrows
mahalanobis approximate Mahalanobis distance; implies alpha(0)
Xnegate negate the data relative to the x axis
ynegate negate the data relative to the y axis
autoaspect adjust aspect ratio on the basis of the data; default aspect ratio is 1
separate produce separate plots for rows and columns; may not be combined
with rowover ()
nograph suppress graph
table display table showing biplot coordinates
Rows

rowopts (row_options)
row#opts (row_options)

rowlabel (varname)
norow
generate (newvar, newvar,)

Columns
colopts(col_options)
negcol
negcolopts (col_options)
nocolumn

Y axis, X axis, Titles, Legend, Overall
twoway_options

affect rendition of rows (observations)

affect rendition of rows (observations) in the #th group of varlist
defined in rowover (); available only with rowover ()

specify label variable for rows (observations)
suppress row points; may not be combined with rowover ()

store biplot coordinates for observations in variables newvar,
and newvar,

affect rendition of columns (variables)

include negative column (variable) arrows
affect rendition of negative columns (variables)
suppress column arrows

any options other than by () documented in [G-3] twoway_options

collect is allowed; see [U] 11.1.10 Prefix commands.

row_options

Description

marker_options
marker_label _options
nolabel

name (name)

change look of markers (color, size, etc.)
change look or position of marker labels
remove the default row (variable) label from the graph
override the default name given to rows (observations)
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col_options Description
pcarrow_options affect the rendition of paired-coordinate arrows
nolabel remove the default column (variable) label from the graph
name (name) override the default name given to columns (variables)
Options
Main

rowover (varlist) distinguishes groups among observations (rows) by highlighting observations on
the plot for each group identified by equal values of the variables in varlist. By default, the graph
contains a legend that consists of group names. rowover () may not be combined with separate
Or norow.

dim(# #) identifies the dimensions to be displayed. For instance, dim(3 2) plots the third dimension
(vertically) versus the second dimension (horizontally). The dimension numbers cannot exceed the
number of variables. The default is dim(2 1).

std produces a biplot of the standardized variables instead of the centered variables.

alpha(#) specifies that the variables be scaled by \* and the observations by A=) where A are
the singular values. It is required that 0 < # < 1. The most common values are 0, 0.5, and 1. The
default is alpha(0.5) and is known as the symmetrically scaled biplot or symmetric factorization
biplot. The result with alpha(1) is the principal-component biplot, also called the row-preserving
metric (RPM) biplot. The biplot with alpha(0) is referred to as the column-preserving metric
(CPM) biplot.

stretch(#) causes the length of the arrows to be multiplied by #. For example, stretch(1) would
leave the arrows the same length, stretch(2) would double their length, and stretch(0.5)
would halve their length.

mahalanobis implies alpha(0) and scales the positioning of points (observations) by v/n — 1
and positioning of arrows (variables) by 1/4/n — 1. This additional scaling causes the distances
between observations to change from being approximately proportional to the Mahalanobis distance
to instead being approximately equal to the Mahalanobis distance. Also, the inner products between
variables approximate their covariance.

xnegate specifies that dimension-1 (z axis) values be negated (multiplied by —1).
ynegate specifies that dimension-2 (y axis) values be negated (multiplied by —1).

autoaspect specifies that the aspect ratio be automatically adjusted based on the range of the data to
be plotted. This option can make some biplots more readable. By default, biplot uses an aspect
ratio of one, producing a square plot. Some biplots will have little variation in the y-axis direction,
and using the autoaspect option will better fill the available graph space while preserving the
equivalence of distance in the  and y axes.

As an alternative to autoaspect, the rwoway_option aspectratio() can be used to override
the default aspect ratio. biplot accepts the aspectratio() option as a suggestion only and will
override it when necessary to produce plots with balanced axes; that is, distance on the x axis
equals distance on the y axis.

twoway_options, such as xlabel(), xscale(), ylabel(), and yscale(), should be used