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ABSTRACT

Our purpose in this article is to describe and illustrate the application of clus-
ter analysis to identify clinically relevant multimorbidity groups. Multimorbidity 
is the co-occurrence of 2 or more illnesses within a single person, which raises the 
question whether consistent, clinically useful multimorbidity groups exist among 
sets of chronic illnesses. Our purpose in this article is to describe and illustrate the 
application of cluster analysis to identify clinically relevant multimorbidity 
groups. Application of cluster analysis involves a sequence of critical methodo-
logical and analytic decisions that influence the quality and meaning of the clus-
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ters produced. We illustrate the application of cluster analysis to identify multi-
morbidity clusters in a set of 45 chronic illnesses in primary care patients (N =
1,327,328), with 2 or more chronic conditions, served by the Veterans Health
Administration. Six clinically useful multimorbidity clusters were identified: a
Metabolic Cluster, an Obesity Cluster, a Liver Cluster, a Neurovascular Cluster, a
Stress Cluster and a Dual Diagnosis Cluster. Cluster analysis appears to be a
useful technique for identifying multiple disease clusters and patterns of multi-
morbidity.

INTRODUCTION

Multimorbidity is defined as the presence or co-occurrence of two or more ill-
nesses in a single individual (van den Akker, Buntinx, Metsemakers, Roos, &
Knottnerus, 1998). A small but growing body of epidemiological research has
focused specifically on multimorbidity, but typically only describes the average
number of conditions, or the proportion of a population with a certain number of
conditions (van den Akker, Buntinx, Roos, Knottnerus, 2001). A small number of
studies on multimorbidity report prevalence rates ranging from 3.6% to over 50%
in various populations (van den Akker et al., 1998). The reason for the widely
varying rates is that most of the existing research has focused on a limited number
of diseases in restricted populations such as the elderly.

Little is known about the clustering of diseases. Only rarely have studies
reported the frequencies of specific combinations of diseases. For example, of
studies reporting the frequency or co-occurrence of multiple chronic illnesses
among outpatients or the general population, 2 have identified the frequency of
specific, co-occurring disease pairs (Fried, Bandeen-Roche, Kasper, & Guralnik,
1999; Verbrugge, Lepkowski, & Imanaka, 1989). Although a third study provided
two examples of the most common disease triads, the frequency of the triads in
the study population (N = 565) was not stated (Grimby & Svanborg, 1997).

The paucity of research identifying the most frequently occurring clusters of
diseases is perhaps not that surprising. Although it is possible to compare the
observed and expected occurrence of specific combinations of diseases or the
observed and expected patterns of all specific combinations possible, many calcu-
lations and large samples are needed (van den Akker et al., 2001). This is due in
part to the astronomically high number of theoretically possible combinations for
any set of diseases. For example, given p diseases, there are [p×(p-1)]/2 possible
2-disease pairs; [p(p-1)(p-2)]/[(3)(2)] possible disease triads; [p(p-1)(p-2)(p-3)]
/[(4)(3)(2)] possible disease quartets, and so on. For example, given 20 diseases,
there would be 380 possible disease pairs, 1140 disease triads, 4845 disease
quartets, and so on. What is needed is a technique to help identify potentially
meaningful clusters of diseases ‘‘up front.’’

The purpose of this paper is to describe our approach to the use of cluster
analysis to identify clinically meaningful patterns of diagnoses in the hopes of
identifying some order in the clinical ‘‘chaos’’ of complex patients with multi-
morbidity. We describe our approach to the search for multimorbid clusters
within the decision-making framework described by Milligan (1996) in section 2.
Section 3 describes the results of our cluster analysis, and we conclude with a
general discussion of the application of clustering methods to the problem of
discovering patterns among binary indicators in large datasets.
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2. Cluster Analysis and the Search for Multimorbidity Patterns

Cluster analysis is a statistical technique used to classify objects into coherent
categories based on a set of measurements or indicator variables. A common use
of cluster analysis in medicine is to categorize patients into subgroups or diagnos-
tic categories based upon patterns of clinical signs and symptoms that empirically
go together (Everitt, Landau, & Leese, 2001). Two-way clustering techniques are
frequently used to organize genes into groups or clusters with similar levels of
expression across relevant subgroups of patients, tissue samples or cell lines
(Eisen, Spellman, Brown, & Botstein, 1988; Do, Broom, & Wen, 2003).

In practice, a cluster analysis is the end product of a series of analytical deci-
sions. The analytic decisions made at each point in the series can significantly
affect subsequent decisions, as well as the overall results of a cluster analysis
(Everitt et al., 2001). This series of analytic decisions typically involve choices
about what objects to cluster, what unit of measurement to use for the variables,
what proximity measure to use as an index of similarity or dissimilarity among
the objects, what type of clustering algorithm to use, and what criteria to use for
determining the number and quality of clusters in the data.

2.1 Objects to Cluster and Unit of Measurement.

The classical approach to cluster analysis assumes that we wish to classify n
objects into a set of k categories based on some index of proximity among the n
objects. An index of proximity measures the closeness of one object to another
computed from a set of p measurements. Closeness is defined in terms of multi-
variate distance for quantitative measures (e.g., Euclidean distance) or similarity
coefficients (sij) for binary measures (e.g., Jaccard coefficient). Similarity coeffi-
cients range from 0.00 to 1.00 and are easily converted to a dissimilarity coeffi-
cient (dij) by taking dij = 1 - sij. In the classical set-up, indexes of proximity are
computed across objects, yielding an n × n proximity matrix reflecting the degree
of closeness among the objects. The dimensions of this n × n proximity matrix for
groups of patients in large administrative databases can rapidly exceed the capaci-
ty of most systems to manipulate and analyze the data. However, we are interest-
ed in identifying multimorbidity groups based on the presence or co-occurrence
of two or more chronic illnesses in a single individual. Our data are represented as
a collection of binary objects xij = {1,0} arranged in an n × p matrix with rows
representing the n patients and columns representing the p indicator variables for
each of the chronic illness categories. Our objective is to search for clinically
meaningful clusters of chronic illness, rather than clusters of patients. This situa-
tion is similar to Q factor analysis where associations are computed across the
measurements rather than across individuals (Gorsuch, 1983). Thus, we wish to
produce groupings of chronic illness based on their relative similarity or dissimi-
larity. The problem simplifies to reducing the transposed p × n data matrix to a
much smaller p × p proximity matrix among the chronic illness conditions, rather
than a potentially large n × n proximity matrix.

2.2 Similarity and Proximity Measures for Binary Data.

Similarity measures (sij) for binary data are based on a 2 × 2 table (Figure
1.A.) where cell a records the number of positive matches and cell d records the
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number of negative matches. A number of similarity coefficients for binary data
have been proposed in the literature. The choice of coefficient depends on the
relative weight given to positive matches (a) and negative matches (d) (Seber,
1984). The decision about how much weight to assign each type of match de-
pends on the nature of question and the relative importance of positive and nega-
tive matches (Everitt et al., 2001). We are essentially interested in a measure of
similarity based on the ratio of the number of cases contained in the intersection
of the two diagnoses to the number of cases in the union of the two diagnoses.
Negative matches are virtually non-informative in this case. We also have no a
priori reason to weight positive matches more heavily than non-matches (cells b
and c in Figure 1.A.). Thus, we chose a measure that assigns zero weight to nega-
tive matches, and equal weights to positive matches and non-match elements of
the union of the two diagnoses. Jaccard’s coefficient (Jaccard, 1908) satisfies
these requirements (see Figure 1.C.). Thus, sij is the proportion of cases that have
both condition i and condition j relative to the total number of patients who have
either condition i or condition j or both. The proximity matrix consists of a set of
dissimilarity coefficients easily obtained from the similarity coefficient by setting
dij = 1 - sij.

2.3 Agglomerative Hierarchical Clustering

Clustering algorithms are broadly classified as hierarchical or nonhierarchical.
Hierarchical algorithms are most appropriate for classification problems where
objects are related via some underlying systematic structure (Everitt, et al., 2001;
Seber, 1984) Chronic diseases can co-occur for several reasons (van den Akker, et
al., 2001; Kraemer, 1995). Certain diseases share the same underlying genetic,
environmental, or behavioral risk factors. For example, obesity is a risk factor for
a variety of chronic illnesses, such as osteoarthritis, hypercholesterolemia, type 2
diabetes, hypertension, and sleep apnea. Individual chronic diseases may lead to
multiple sequelae, as in the case of diabetes leading to complications such as
neuropathy, retinopathy, nephropathy, and impotence. In addition, some chronic
illnesses may simply randomly co-occur without any clinical, epidemiological, or
yet defined relationship between them; this is likely to be uncommon, however
(Kraemer, 1995). Thus, given our expectation that multimorbidity clusters arise
from common underlying factors or as multiple sequelae of a primary condition, a
hierarchical algorithm appears most appropriate for our purposes.

Hierarchical algorithms are further classified according to whether the algo-
rithm proceeds by successively merging (agglomerative) or splitting (divisive)
clusters. Agglomerative methods produce a series of partitions of data starting
with the most elementary cluster composed of a single object and successively
grouping objects and sets of objects together until the final grouping contains all
the original objects. Divisive algorithms start with one large cluster and progres-
sively subdivide the objects into a series of smaller clusters. With binary data,
divisive algorithms use measures of association that include negative, as well as
positive matches. Thus, we chose an agglomerative hierarchical method to search
for multimorbidity clusters.

Algorithms for agglomerative hierarchical clustering include single linkage,
(Sneath, 1957), complete linkage (Sorensen, 1948), average linkage (Sokal &
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Michener, 1958), median linkage (Gower, 1967), and Ward’s method (Ward,
1963). Each algorithm, however, is a special case of the Lance and Williams
(1967) recurrence formula for the distance between cluster k and cluster (ij):

dk(y) = αidki + αjdkj + βdij - γ dki + dkj .

One can reproduce the results for each agglomerative algorithm by substituting
different values for the coefficients  α i , α j , β, and γ  into the Lance-Williams
recurrence formula (see Table 4.2 in Everitt et al., 2001) for the Lance-Wallace
parameter values for each agglomerative algorithms). Different choices for β
provide different representations of the space defined by the proximity measures.
Ideally, we want clusters that conserve the original space as much as possible.

Lance and Williams’ flexible scheme provides a method to control the space-
conserving and space-dilating characteristics of the solution. It imposes the fol-
lowing four conditions on the coefficients in the equation: α i + α j + β= 1, α i = α j,
β < 1, and γ = 0. Under these conditions the Lance-Williams flexible recurrence
formula simplifies to the following:

1 -β
dk(ij) =(dki +dkj ) β dy .

2

Values of β > 0 contract the space and tend to induce ‘‘chaining’’ in the structure.
Chaining occurs when objects are linked together by a string of intermediate,
often noisy clusters, producing a long chain of clusters. Values of β < 0 dilate the
space. A space-dilating system magnifies the dissimilarity among clusters. It is
the opposite of chaining and often produces ‘‘nonconformist’’ clusters, consisting
of rejects from other clusters (Seber, 1984). A desirable solution, therefore, is one
that tends to conserve the space defined by the proximity measures. Values close
to β = 0 conserve the space. Lance-Williams recommend that coefficient β be set
to some small negative number such as β = -0.25. Setting β = -0.50, however,
often provides a better solution (Scheibler & Schnieder, 1985).

2.4 Evaluative Criteria for Determining the Number and Quality of Multimorbidi-
ty Clusters

There is little consensus about how to determine the number and quality of
clusters that represent a meaningful grouping of objects. Subjective criteria, based
on subject expertise, are the most frequent approach used to determine the
number and quality of the clusters revealed in a hierarchical cluster analysis.
(Paraphrased from a quote by Baxter (1994) found in Everitt, et al., 2001). We
advise that the criteria used to evaluate a cluster solution be carefully delineated
prior to conducting an analysis.

For example, in the application described below, we adopted clinical criteria
to evaluate the cluster solution that were based upon the informed judgments and
consensus of a team of 7 health services researchers, including 3 primary care
physicians (2 internists and 1 family practice physician who each had 10 or more
years of clinical experience) about what comprises a theoretically or clinically
meaningful set of diagnoses for the clusters. The following clinical criteria were
used to identify multiple disease clusters with the most relevance for chronic
disease management in primary care.
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a) Do the groupings of the diseases within the cluster match known epide-
miology?

b) Would it be important for physicians to be aware of the frequent co-
occurrence of these illnesses for co-management purposes (e.g., potential
for drug-drug interactions)?

c) Are most of, or all of, the diseases within the cluster known to respond (or
have the potential to respond) to chronic disease management approach-
es?

3. Example: Multimorbidity in a Large Veterans Heath Administration
Sample

Our motivation for the application of cluster analysis to the problem of identi-
fying multimorbid groupings of disease conditions grew out of a study designed
to identify and describe the self-reported collaborative care needs among groups
of veterans who are members of well defined, high frequency multimorbid groups
of disease conditions. The immediate objectives of this exploratory study were: 1)
Identify and describe the most prevalent chronic disease clusters among veteran
primary care patients; and 2) Identify and describe differences in self-reported
patient-centered needs and preferences among veterans with multiple chronic
illnesses. The Veterans Health Administration is the ideal health care system in
which to apply this technique to the study the multimorbidity phenomenon be-
cause it serves a large, aging population and has a well-established administrative
database that contains patient encounter diagnoses.

3.1 Chronic Illness Diagnosis Groups

Based on a methodology used in a large survey of health status and outcomes
among patients served by the U.S. Veterans Health Care Administration, (Perlin,
Kazis, Skinner, Ren, Lee, Rogers, et al., 2000). ICD-9-CM diagnosis codes repre-
senting highly prevalent diseases for the veteran population were selected by a
consensus panel of experts to create a set of 36 easily identifiable disease cohorts.
Related diagnostic conditions were collapsed into a single diagnostic category.
For this study we added additional ICD-9-CM codes, selected by two senior
internists, to form other diagnosis groups of relevance to the primary care setting.
This created a total of 45 diagnosis groups, 38 medical and 7 psychiatric disease
categories, representing prevalent chronic illnesses in the VA primary care popu-
lation.

3.2 Data Sources

Data were extracted from the outpatient (OPC) and inpatient (PTF) files of the
National Patient Care Database (NPCD), which is a administrative database for
patients served by the US Department of Veterans Affairs. (Veterans Affairs
Information Resource Center, 2001). These files contain diagnostic information in
the form of International Classification of Disease (ICD-9) codes. The OPC is the
Veterans Health Administration’s (VHA) national database for outpatient care.
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All outpatient encounters are stored in these datasets. The Diagnosis file can
contain 10 diagnostic variables per encounter: one primary diagnosis and up to
nine secondary diagnoses. The PTF is the national database for inpatient care in
the VHA. All inpatient episodes of care, with the exception of admissions to
Extended Care (nursing home), Observation Care, and Non-VA Care are stored in
these datasets. Principal diagnosis is the admission diagnosis, while primary
diagnosis is the diagnosis most responsible for the length of stay. Secondary
diagnoses treated, observed, or known to have impacted the patient’s length of
stay are also recorded.

3.3 Study Population

The study population consisted of all patients who had primary care clinic
visits at any VHA facility during a 4-year period (FY 1997-2000). Patients were
considered to have had a primary care clinic visit if they had an encounter record-
ed for any of the following 6 ‘‘clinic stop’’ codes in the Visit file in the Outpa-
tient Care System records of the NPCD: 301 (General Internal Medicine), 318
(Geriatric Clinic), 319 (Geriatric Evaluation & Management), 322 (Women’s
Clinic), 323 (Primary Care/Medicine), and 350 (Geriatric Primary Care). Eligible
patients were required to have had at least one primary care visit per fiscal year in
at least 3 of the 4 years. The three years did not have to be consecutive.

All inpatient and outpatient encounter diagnoses (including primary and
secondary diagnoses), were extracted from the OPC and PTF for all patients
meeting eligibility criteria. These included the Diagnosis files from the OPC and
all 12 files in the PTF. For each patient, the presence of each of the 45 diagnosis
groups was coded with a ‘‘1’’ if the patient had any of the corresponding ICD-9
codes recorded as a primary or secondary diagnosis for any outpatient or inpatient
encounter over the 4 year period. The absence of ICD-9 codes corresponding to a
particular diagnosis group was coded with a ‘‘0.’’

3.4 Statistical Procedures

A SAS PROC/IML program was written and used to reduce the transposed
p × n data matrix to a p × p proximity matrix of dissimilarity coefficients among
the chronic disease categories. Jaccard’s coefficient was used to estimate these
dissimilarity coefficients. The Lance-Williams flexible method, implemented in
the agnes algorithm developed by Kaufman and Rousseeuw (1990) for agglom-
erative hierarchical clustering, was applied to the proximity matrix to identify the
most highly associated diagnoses among the 1,327,382 patients with 2 or more
chronic illnesses. We used the flexible-beta approach with β set at -0.50. The
algorithm is available in the R statistical language.1 The plot function in R takes
the data object created by agnes and produces a dendrogram that depicts the
successive grouping of chronic illness categories into clusters at each step in the
hierarchical algorithm. The agglomerative coefficient (AC) provides a measure of
the amount of structure found by the algorithm. It is based on the ratio of bet-
ween-cluster dissimilarities to within-cluster dissimilarities. AC is the average
ratio, and it ranges between 0 (no structure) and 1 (completely defined structure).



APPLIED MULTIVARIATE RESEARCH

170

4. Results

1,645,314 unique patients met the eligibility criteria for primary care visits. Of
these, 94.6% were male. The average age was 62.4 years, SD = 13.6. 76% were
white, 17% were African American; 6% were Hispanic, and 1% belonged to other
ethnic groups (American Indian and Asian American). The average number of
diagnoses per patient was 3.49, SD = 2.22, and ranged from 0 to 20 diseases.
Prevalence rates for the 45 chronic illnesses are displayed in Table 1. 101,814
(6.2%) had none of the 45 chronic illnesses, while 216,118 (13.1%) had only 1 of
the 45 chronic illnesses. This left 1,327,382 (80.7%) patients who had 2 or more
of the 45 chronic diseases. In the population with only 1 chronic disease, the
frequency of individual diagnoses ranged from 46,608 (22.49 %) patients with
hypertension to 113 (0.05 %) patients with Hepatitis B.

4.2 Hierarchical Cluster Analysis Results

Our expert panel of 7 health services researchers reviewed our hierarchical
cluster results for the 45 chronic illness conditions relative to the three clinical
criteria for identifying multiple disease clusters relevant to chronic disease
management in primary care. Hypertension and hyperlipidemia had the smallest
normed flexible distance and formed the first cluster to appear in the dendrogram.
Ischemic heart disease was joined to this cluster at the next branch in the dendro-
gram. After joining substance abuse and alcohol abuse together, the algorithm
added diabetes to the cluster representing the union of hypertension, hyperlipide-
mia and ischemic heart disease. This grouping of chronic illnesses associated with
the metabolic syndrome produced the most distinct multimorbid grouping in our
analysis. The normed flexible-beta distances become rapidly smaller as we move
further toward the root of the dendrogram. Our hierarchical cluster analysis
produced a number of single disease and predictable two disease clusters: i.e.,
cataract and glaucoma, congestive heart failure with irregular heart rate, and
COPD with tobacco abuse, as well as two larger more heterogeneous groupings.
A group of heterogeneous diseases whose common clinical link is the aging
process is also present: i.e., arthritis, rheumatological conditions, hip fractures,
skin cancer, and impotence. The presence of such heterogeneous diagnostic
categories can substantially distort the cluster solution and creates interpretive
ambiguity. Since neither of these more heterogeneous clusters nor the numerous
two disease clusters met our third criterion for multimorbid clusters with rele-
vance for chronic disease management in primary care, we trimmed these diag-
nostic categories from the cluster analysis. Our final cluster solution, based on 23
diagnostic categories, is displayed in Figure 3. The agglomerative coefficient for
this solution is AC = 0.52 indicating that only a modest amount of structure is
present in the data.

4.3 Clinically Meaningful Multimorbidity Clusters

Our expert panel identified six clinically meaningful multiple disease clusters
that met all three a priori clinical criteria for multimorbid disease clusters with
relevance to chronic disease management in primary care. These disease clusters
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were identified as follows: 1) ‘‘Obesity’’ Cluster with Osteoarthritis, Low Back
Pain, Enlarged Prostate, GERD, and Obesity; 2) ‘‘Metabolic’’ Cluster with
Diabetes, Hypertension, Hyperlipidemia, and Ischemic Heart Disease; 3)
‘‘Neurovascular’’ Cluster with Peripheral Vascular Disease, Stroke, TIA, Alz-
heimer’s Disease, and Seizures; 4) ‘‘Liver’’ Cluster with Hepatitis B, Hepatitis C,
Chronic Liver Disease, and HIV; and 5) ‘‘Dual Diagnosis’’ Cluster with Sub-
stance Abuse, Alcohol Dependence, Schizophrenia, and Bipolar Disease; and 6) a
‘‘Mixed Anxiety-Depression’’ Cluster with Depression, PTSD, and Other Anxie-
ty Disorders.

The cluster composed of diagnostic groups with the highest degree of associa-
tion was the Metabolic Cluster. Of the patients who had 2 or more chronic diseas-
es, 1,088,774 (83%) fell into one of the 15 possible subsets of the 4 diseases
within this cluster: e.g., hypertension and hyperlipidemia; hypertension and dia-
betes; hypertension, hyperlipidemia and diabetes; etc. The prevalence for patients
with all four chronic conditions in this cluster is 0.05033. The emergence of this
cluster was not surprising, since it has been identified previously in the literature
(e.g., the Deadly Quartet, Deedwania, 2000). The diseases within this cluster have
well-established epidemiological ties; diabetes (or underlying insulin resistance)
is thought to be a risk factor for the other 3 diseases.

The Obesity Cluster was the second most prevalent cluster; 711,272 (54%) of
all patients who had two or more chronic illnesses fell into one of the 31 possible
subset combinations of the 5 diseases within this cluster (obesity, osteoarthritis,
low back pain, enlarged prostate, and GERD). The prevalence for patients who
have all 5 chronic diseases in this cluster is 0.00038. Although the inclusion of
GERD and enlarged prostate in this cluster was somewhat surprising, obesity is a
known risk factor for esophagitis (Wilson, Ma, & Hirschowitz, 1999). Obesity
has also been associated with benign prostatic hypertrophy (Dahle, Chokkalin-
gam, Gao, Deng, Stanczyk, & Hsing, 2002). Recognition of this cluster may also
be important considering the prevalence of these diseases and the potential for
adverse events in the treatment of illnesses in this cluster. For example, NSAIDs
for osteoarthritis may exacerbate GERD symptoms.

The diseases within the two clusters with the lowest prevalence rates, Neuro-
vascular (186,881; 14%) and Liver (48,466; 4%) have strong epidemiological
links in terms of risk factors or disease transmission. The prevalence rates for
patients with all chronic conditions defining these clusters are 0.00025 and
0.00004 for the Neurovascular and Liver clusters, respectively. The true preva-
lence of subsets of the diseases within the Neurovascular cluster, however, may
be higher, since studies suggest that Alzheimer’s disease and other dementias are
under-recognized, especially during the early stages of the disease process.

Frequency counts indicated that 280,711 (21%) of the patients with 2 or more
chronic illnesses fell into1 of the possible subsets of diseases within the Mixed
Anxiety-Depression Cluster, and 153,962 (12%) fell into 1 of the subsets of dis-
eases in the Dual Diagnosis Cluster. The prevalence rate for patients with all 3
conditions in the Mixed Anxiety-Depression Cluster is 0.01077, and the preva-
lence rate for patients with all 4 conditions in the Dual Diagnosis Cluster is
0.00063. The strong associations among the psychiatric diagnoses is not surpris-
ing, given the high rates of psychiatric comorbidity that have been documented in
the literature, as well as recognized problems with the reliability and validity of
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the psychiatric nosology. Interestingly, the 7 diagnosis groups within these clus-
ters form a triad of diagnoses at lower levels in the hierarchy that parallel conven-
tional diagnostic groupings: abuse disorders, psychotic disorders, and neuroses or
mood disorders.

Many health care systems organize and deliver specialty mental health servic-
es organized along these diagnosis groupings. The large numbers of primary care
patients who had recorded diagnoses across the psychiatric subgroups suggests
the importance of providing integrated care for these complex patients. The Mixed
Anxiety-Depression Cluster is consistent with the growing literature on the exten-
sive comorbid relationship between these two disorders and the biological evi-
dence of linkage which suggests a core disorder (Barlow, Campbell, 2000; Bar-
bee, 1998). The presence of the Dual Diagnosis Cluster is particularly interesting,
however, and is supported by a vast literature on the comorbid prevalence and
symbiotic nature of these conditions with their complicated etiology and causal
direction (Mueser, Drake, & Wallach, 1998; Dixon, Hass, Weiden, Sweeney, &
Frances, 1991). The prevalence of substance misuse among patients with severe
psychiatric conditions, estimated to be at least 50% (Kessler, McGonagle, Zaho,
Nelson, Hughes, Eshleman, Wittchen, & Kendler, 1994; Drake & Wallach, 1989),
is a matter of increasing concern to mental health workers.

Patients with comorbid substance abuse represent a complex population to
treat, with a significantly higher risk of relapse, psychiatric readmission (Hunt,
Bergen, & Bashir, 2002; Haywood, Kravitz, Grossman, Cavanaugh, Davis, &
Lewis, 1995), and poor medication adherence (Weiss, Smith, Hull, Piper, &
Huppert, 2002; Owen, Fisher, Booth, & Cuffel., 1996). Furthermore, this ‘‘double
jeopardy’’ leads to more severe symptoms, cognitive difficulties, and greater
health services utilization (Swofford, Scheller-Gilkey, Miller, Woolwine, &
Mance, 2002; Curran, Sullivan, Williams, Han, Collins, Keys, & Kotrla., 2003).
The cost to heath care systems for treating dual diagnosis patients is more than
twice that for other psychiatric patients. For example, the cost of treatment in FY
1999 for a sample N = 57,000 psychiatric patients in the Veterans Administration
Health Care System found the man average cost to be $23,405 for dual diagnosis
compared with only $11, 096 for schizophrenic patients (Zeber, personal commu-
nication). The clinical and financial significance of this multimorbid pattern of
psychiatric conditions has prompted many service delivery systems to develop
comprehensive, collaborative care strategies for diagnosis and management of
dual diagnosis patients (Coyne, Ward, and Doran, 2003; Barry, Zeber, Blow, &
Valenstein, 2003).

5. Discussion

Agglomerative hierarchical clustering was used to identify clinically meaning-
ful multimorbid groupings among a set of 45 chronic illnesses that are highly
prevalent or considered to be high priority diseases among patients served by the
Veterans Health Administration. We identified 6 clinically valid clusters among
23 chronic conditions that met our a priori criteria for multimorbid groupings
with relevance to chronic disease management: Metabolic, Obesity, Liver,
Neurovascular, Mixed Anxiety-Depression, and Dual Diagnosis related chronic
disease groups.
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Cluster analysis, however, is an exploratory data technique that involves a
series of analytic decisions. Decisions made at each step in the analytic process
may have a profound influence on the final results. It is critically important that
researchers think through the various steps in the process and set out their criteria
for making these decisions prior to conducting a cluster analysis. Following
Milligan (1996), we organized our analytic work around 5 basic questions: What
objects to cluster, what unit of measurement to use for the variables, what proxim-
ity measure to use as an index of similarity or dissimilarity among the objects,
what type of clustering algorithm to use, and what criteria to use for determining
the number and quality of clusters in the data.

5.1 Objects to Cluster and Unit of Measurement.

Since our objective was to search for multimorbid groupings among chronic
diseases, we choose to identify clusters of chronic disease categories, rather than
clusters of patients, as is commonly done in published cluster analyses. The
natural unit of measurement in this case is a simple binary variable. Another
approach that may have fit our problem would be to use principal components
factor analysis to group the sets of chronic diseases, compute factor scores for
each patient, and cluster the factor scores. Factor scores are continuous rather
than binary variables. Hallman, et aI. used this strategy to identify symptom pat-
terns among veterans who suffer from symptoms and diseases associated with the
Gulf War syndrome (Hallman, Kipen, Diefenbach, Boyd, Kand, Leventhal, &
Wartenberg, 2003). Factor analysis on binary data can be problematic. Binary
items may group together on a factor because they share similar distributions
rather than some underlying common trait (Nunnelly & Berstein, 2003). Factor
analysis uses a measure of association (phi coefficient or tetrachoric correlation)
that incorporates information from negative, as well as positive matches. We
regarded negative matches as non-informative and chose a similarity measure that
excluded negative matches.

5.2 Proximity Measures for Binary Data.

Our decision to use Jaccard’s coefficient to compute the dissimilarity measure
for our proximity matrix was based on the notion that multimorbidity groups
reflect the likelihood that one or more chronic conditions occur conditionally.
Thus, negative matches are uninformative in forming multimorbid grouping
among our 45 chronic disease categories. Jaccard’s coefficient is one of several
similarity measures for binary data that satisfy our conceptual model for multi-
morbid groupings. It differs from the other coefficients in that they assign more or
less weight to the non-match cells (b and c in Figure 1); but, as we argued earlier,
we had no a priori reason to assign different weights to the positive and non-
matches.

5.3 Clustering Algorithm

In addition to our conditional model for association among chronic diseases in
multimorbidity, we also postulated that each multimorbid grouping reflects a



APPLIED MULTIVARIATE RESEARCH

174

hierarchical structure associated with a common underlying pathological origin or
process, or they are linked as sequelae of one chronic disease. These two deci-
sions led to our adopting an agglomerative hierarchical clustering technique to
explore patterns of multimorbidity among the 45 chronic disease categories.
Hierarchical algorithms produce exclusive clusters that do not reflect the fact that
one or more diseases in one cluster may have clinically important associations
with diseases in another cluster. Primary care physicians who treat diabetic pa-
tients may be surprised to see that obesity, with its well known association with
diabetes and the insulin resistance syndrome, formed its own distinct cluster
rather than grouping with diabetes in our Metabolic cluster. Multimorbidity clus-
ters are useful tools to help us organize and study the problem of multiple chronic
illnesses; and, they can assist in the design of collaborative intervention strategies
to efficiently and effective manage such conditions. The exclusive appearance of
the clusters is an artifact of the algorithm. Other clinically significant associations
may exist between diagnoses in one cluster with those in another. A fuzzy cluster-
ing algorithm based on probability of membership (grade-of-membership) or
latent-class cluster analysis may produce clusters that better reflect the complex
structure of multimorbidity (Everett, et al., 2001; Vermunt and Magidson, 2002),
but such overlapping structure may fail to produce a solution useful for planning
health care interventions. Any clustering algorithm, however, is only one step in
the process of understanding multimorbidity; clusters serve as markers and guides
to give focus and direction to our research. Recognition that diseases in one clus-
ter may have important clinical associations with diseases in another cluster is
important in the design of innovative collaborative intervention strategies; but, we
argue that the 6 primary clusters we identified in our hierarchical analysis provide
a useful starting point for the study of multimorbid grouping of diseases.

5.4 Evaluative Criteria for Determining the Number and Quality of Multimorbidi-
ty Clusters

A wide variety of approaches are taken to choose the number of clusters and
assess their quality. Most approaches rely on subject expertise and judgment to
determine the number clusters and assess the consistency and utility of the cluster
solution. We developed and used a set of three clinical criteria to determine the
number of clusters. Others might disagree with our choices of subjective criteria
or prefer more objective numeric criteria to assess the consistency and utility of a
given clustering solution. Our criteria and the process we used to generate the
criteria are explicit and were articulated prior to our attempt to evaluate and inter-
pret the results.

5.5 Replicability of the Cluster Solution

In most applications of cluster analysis, we rely on relatively small samples
drawn from a substantially larger population. Thus, replication of the cluster
solution across multiple independent samples is essential to establish consistency
and enhance our confidence in the integrity of a cluster solution. Replication is
less relevant, however, when the analysis is essentially based on the entire popu-
lation of interest, rather than relatively small samples. The chief advantage of
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working with large administrative databases is that we have access to the entire
population of interest upon which to base our inferences. Replication of the hier-
archical cluster analysis for the 23 chronic conditions identified in our final solu-
tion based on 10 independent random samples of either 10,000 or 100,000 was
entirely consistent with our solution based on the entire population.

5.6 Summary and Conclusions

Changing our research focus to study patterns of multimorbidity, as opposed
to a disease-specific focus, is important because of the enormous burdens caused
by multiple chronic illnesses. Although health care systems have recognized and
begun to respond to the special needs of outpatients with chronic disease through
such initiatives as promoting primary care, instituting case-management pro-
grams, and implementing clinical practice guidelines, most of these initiatives
have focused on single chronic illnesses. Often overlooked, however, are the
issues that patients, providers, and systems face in attempting to manage multiple
diseases or problems in a single individual. Although disease-specific strategies
may be effective for the single illnesses that they target, these strategies can also
result in fragmentation of care and are often unable to address the complex needs
of patients with multimorbidity. (Starfield, Lemke, Bernhardt, Foldes, Forrest, &
Weiner, 2003).

For example, case management may be successful for diabetes or heart failure,
but must the patient with both go to two different case managers (or three if
COPD is also present)? Most clinical practice guidelines deal with a single dis-
ease entity and are derived from efficacy studies that often exclude patients with
comorbidities. Yet the exclusion of patients with comorbidity restricts the gener-
alizability of results. Providers often cite this as a barrier to guideline implementa-
tion and argue that clinical practice guidelines are simply not relevant or applica-
ble to their ‘‘typical’’ patients who have multiple chronic illnesses.{Cabana,
Rand, et al. 1999}

Identification of the most commonly occurring clusters of chronic diseases
creates an opportunity for further research and quality improvement initiatives in
two areas: 1) design and implementation of chronic disease management pro-
grams for complex patients with multimorbidity, and 2) identification of strate-
gies to implement multiple evidence-based guidelines for a patient with multiple
chronic illnesses. Recognition of these relatively high frequency clusters may be
useful in allocating resources and designing chronic disease strategies. Instead of
focusing on single diseases, case managers could be transformed into ‘‘multidi-
sease’’ specialists. Ideally, their training would equip them to monitor, educate,
and provide medication management and supportive care for patients with clus-
ters of high-frequency diseases. Group visits could be organized not just for
patients with a single chronic illness, but for patients with highly prevalent dis-
ease clusters. In addition, patient education programs could offer menus of self-
management and skills training programs of most relevance to patients with high
frequency clusters.

Cluster analysis is a useful tool to help organize our research efforts by identi-
fying clinically meaningful multimorbid grouping of diseases. Although this
analysis was conducted on primary care patients served by a single health care
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system, the results should be generalizable to aging patients with similar demo-
graphics (e.g., Medicare). Furthermore, this methodology could be used to inform
any health care system of the patterns of multimorbidity occurring within their
own unique patient populations. Health care systems are faced with the reality
that a growing number of patients have more than one chronic illness (van den
Akker, 2001). Those systems that develop disease management strategies across
common clusters rather than for individual diseases may improve patient-centered
outcomes and increase efficiency.
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Footnotes

1. R is an open-source version of the S language. It is an official part of the
Free Software Foundation’s GNU project and is available for download from
http://www.r-project.org/. A powerful, user friendly implementation of the S
language is the commercially available S-Plus software package from Insightful
Corporation,  Seatt le,  WA. The URL for the Insightful  website is
http://www.insightful.com/.

Table 1: Prevalence rates for each of the 45 chronic disease categories

Sample with 1   Sample with ≥  2
Total Sample    chronic illness   chronic illnesses

Chronic Disease Category
(n = 1,645,314)   (n = 216,118)      (n = 1,327,382)

Frequency  %     Frequency  %     Frequency  %

Those with none of the 45                101,814     6.19
chronic illness groups

Hypertension                                    885,055   53.79      48,608   22.49     836,447   63.01

Hyperlipidemia                                 497,570   30.24      13,859     6.41     483,711   36.44

Diabetes                                            395,382   24.03      14,708     6.81     380,674   28.68

Ischemic Heart Disease (IHD)         383,040   23.28        9,086     4.20     373,954   28.17

Osteoarthritis                                    301,469   18.32      13,610     6.30     287,859   21.69

COPD                                               249,076   15.14      10,536     4.88     238,540   17.97

Enlarged Prostate                              204,529   12.43        5,357     2.48     199,172   15.00

GERD                                               204,456   12.43        6,441     2.98     198,015   14.92

Depression                                        195,660   11.89        6,520     3.02     189,140   14.25

Low Back Pain                                 188,799   11.47      13,353     6.18     175,446   13.22

Cancers (excluding Skin Cancer)     171,814   10.44      10,304     4.77     161,510   12.17
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Table 1 continued

Cataract                                             164,127     9.98        3,161     1.46     160,966   12.13

Obesity                                              155,387     9.44        2,699     1.25     152,688   11.50

Tobacco Abuse                                 135,241     8.22        4,445     2.06     130,796     9.85

Congestive Heart Failure (CHF)      108,767     6.61        1,346     0.62     107,421     8.09

Anemia                                             105,604     6.42        2,559     1.18     103,045     7.76

PTSD                                                  97,811     5.94        3,289     1.52       94,522     7.12

Peripheral Vascular Disease (PVD)    91,206     5.54        1,403     0.65       89,803     6.77

Other Anxiety Disorders                    91,693     5.57        2,185     1.01       89,508     6.74

Glaucoma                                            88,143     5.36        1,662     0.77       86,481     6.52

Peptic Ulcer Disease                           89,069     5.41        2,795     1.29       86,274     6.50

Irregular Heart Rate                            87,939     5.34        2,187     1.01       85,752     6.46

Alcohol                                               83,825     5.09        2,847     1.32       80,978     6.10

Thyroid                                               77,909     4.74        3,266     1.51       74,643     5.62

Other Arthritis                                    71,586     4.35        2,724     1.26       68,862     5.19

Stroke                                                  67,674     4.11        1,708     0.79       65,966     4.97

Impotence                                           64,300     3.91        1,446     0.67       62,854     4.74

Gout                                                    56,431     3.43        1,247     0.58       55,184     4.16

Schizophrenia                                     51,897     3.15        3,374     1.56       48,523     3.66

Asthma                                                52,573     3.20        4,381     2.03       48,192     3.63

Renal Disease                                     41,399     2.52           725     0.34       40,674     3.06

Bipolar                                                37,735     2.29        1,378     0.64       36,357     2.74

Skin Cancer                                        32,672     1.99           797     0.37       31,875     2.40

Substance Abuse                                 32,836     2.00        1,037     0.48       31,799     2.40

Alzheimer’s Disease &                       29,628     1.80        1,660     0.77       27,968     2.11
Other Dementias

Hepatitis C                                          28,064     1.71        1,374     0.64       26,690     2.01

Rheumatology                                    22,828     1.39        1,170     0.54       21,658     1.63

Chronic Liver Disease                        21,541     1.31           843     0.39       20,698     1.56

Hip Fractures                                      19,690     1.20           751     0.35       18,939     1.43

Transient Ischemic Attacks (TIA)      15,192     0.92           311     0.14       14,881     1.12

Seizures                                               13,822     0.84        1,263     0.58       12,599     0.95

Gallbladder Disease                            11,354     0.69           858     0.40       10,496     0.79

Bowel Disease                                      8,685     0.53        1,010     0.47         7,675     0.58

HIV                                                       8,498     0.52        1,722     0.80         6,776     0.51

Hepatitis B                                            4,448     0.27           113     0.05         4,335     0.33
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Figure 1. Jaccard’s coefficient as a measure of the joint occurrence of two
chronic medical conditions
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A TRULY MULTIVARIATE APPROACH TO MANOVA
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ABSTRACT

All too often researchers perform a Multivariate Analysis of Variance
(MANOVA) on their data and then fail to fully recognize the true multivariate
nature of their effects. The most common error is to follow the MANOVA with
univariate analyses of the dependent variables. One reason for the occurrence of
such errors is the lack of clear pedagogical materials for identifying and testing
the multivariate effects from the analysis. The current paper consequently reviews
the fundamental differences between MANOVA and univariate Analysis of
Variance and then presents a coherent set of methods for plumbing the multivar-
iate nature of a given data set. A completely worked example using genuine data
is given along with estimates of effect sizes and confidence intervals, and an
example results section following the technical writing style of the American
Psychological Association is presented. A number of issues regarding the current
methods are also discussed.

INTRODUCTION

Multivariate statistical methods have grown increasingly popular over the past
twenty-five years. Most graduate programs in education and the social sciences
now offer courses in multivariate methods. Statistical software such as SAS and
SPSS that provide canned routines for conducting even the most complex multi-
variate analyses can also be found on the computers of modern educational re-
searchers, psychologists, and sociologists, among other scientists. A wide array of
multivariate textbooks written for both novices and experts can likewise be found
on the bookshelves of these scientists. The continued proliferation of multivariate
statistical procedures can no doubt be attributable to the belief that models of
nature and human behavior must often account for multiple, inter-related varia-
bles that are conceptualized simultaneously or over time. Multivariate Analysis of
Variance (or MANOVA) is one particular technique for analyzing such multi-
variable models.

In MANOVA the goal is to maximally discriminate between two or more
distinct groups on a linear combination of quantitative variables. For instance, a
psychologist may wish to investigate how children educated in Catholic schools
differ from children educated in public schools on a number of tests that measure:
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(1) reading, (2) mathematics, and (3) moral reasoning skills. Using MANOVA the
psychologist could examine how the two groups differ on a linear combination of
the three measures. Perhaps the Catholic school children score higher on moral
reasoning skills relative to reading and math when compared to the public school
children? Perhaps the Catholic school children score higher on both moral reason-
ing skills and math relative to reading when compared to the public school child-
ren? These potential outcomes, or questions, are multivariate in nature because
they treat the quantitative measures simultaneously and recognize their potential
inter-relatedness. The goal of conducting a MANOVA is thus to determine how
quantitative variables can be combined to maximally discriminate between dis-
tinct groups of people, places, or things. As will be discussed below this goal also
includes determining the theoretical or practical meaning of the derived linear
combinationor combinationsof variables.

Many excellent journal articles and book chapters have been devoted to
MANOVA in the past twenty-five years. Chapters by Huberty and Petoskey
(2000) and Weinfurt (1995), for instance, provide lucid introductions to this
complex and conceptually powerful statistical procedure. Multivariate textbooks
by Stevens (2001), Tabachnick and Fidell (2006), and Hair, et al. (2006), to name
a few, also provide outstanding treatments of MANOVA. Despite these resources,
however, a central premise of the current paper is that many published applica-
tions of MANOVA fail to exploit the conceptual advantage of conducting a
multivariate, rather than univariate, analysis. Recent reviews (Huberty & Morris,
1989; Keselman, et al., 1998; Kieffer, Reese, & Thompson, 2001), for instance,
have shown that studies employing MANOVA to explore group differences on
multiple quantitative variables often fail to realize the multivariate nature of the
reported effects. Instead, authors tend to resort to ‘‘follow-up’’ univariate statisti-
cal analyses to make sense of their findings (viz., following a significant
MANOVA with multiple ANOVAs). One potential reason for these bad habits of
data analysis is a paucity of clear examples that demonstrate appropriate pro-
cedures. Consequently, we draw upon the work of Richard J. Harris (1993, 2001;
Harris, M., Harris, R., & Bochner, 1982) and Carl J. Huberty (Huberty, 1984;
Huberty & Smith, 1982; Huberty & Petoskey, 2000; also, see Enders, 2003) in the
current paper to demonstrate a general strategy for conducting MANOVA. This
strategy focuses on the linear combinations of variables, or multivariate compo-
sites, that are the numerical and conceptual basis of any multivariate analysis;
subsequently, specific techniques for identifying and testing these composites for
statistical significance will be shown. An approach for interpreting and labeling
the multivariate composites will also be presented, and an example write-up of
MANOVA results that follows APA style will be provided.

MANOVA vs. ANOVA

Simply defined, MANOVA is the multivariate generalization of univariate
ANOVA. In the latter analysis mean differences between two or more groups are
examined on a single measure. For instance, a psychologist may wish to study the
mean differences of ethnic groups on a continuous measure of implicit racism, or
an educator may wish to examine the differences between boys and girls regard-
ing their mean performance on a test of mathematical reasoning ability. In com-
parison, and as stated above, the goal in MANOVA is to examine mean differ-
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ences on linear combinations of multiple quantitative variables. Ethnic groups,
for instance, could be compared on a combination of explicit and implicit meas-
ures of racism, or boys and girls could be compared with regard to their mean
performances on a combination of mathematical, spatial, and verbal reasoning
tasks. In both instances the variables would be analyzed simultaneously (i.e.,
multivariately) rather than individually (i.e., univariately).

Because the differences between these univariate and multivariate procedures
can best be explicated by way of example, we will proceed with a complete
analysis of genuine data. Specifically, we will draw data from a Master’s thesis
by Iwasaki (1998) in which the personality traits of different cultural groups were
examined.1 In addition to other measures, college students in Iwasaki’s study
completed the NEO PI-r (Costa & McCrae, 1992), a popular questionnaire that
measures the Big Five personality traits: Neuroticism, Extraversion, Openness-to-
Experience, Agreeableness, and Conscientiousness. The students were also classi-
fied into three groups:

EA:  European Americans (Caucasians living in the United States their
entire lives)

AA:  Asian Americans (Asians living in the United States since before the
age of 6 years)

AI:  Asian Internationals (Asians who moved to the United States after their
6th birthday)

The three groups form mutually exclusive categories, and the personality ques-
tionnaire yields quasi-continuous trait scores (viz., they may range in value from
0 to 192) that are assumed to represent an interval scale. The categorical grouping
variable will herein be referred to as the independent variable, and the quasi-
continuous trait measures will be referred to as the dependent variables. Note this
terminology will be used throughout solely for the sake of convenience and is not
intended to imply a causal ordering of the variables. As is well known, attributing
cause is a logical and theoretical task that extends beyond the bounds of statistical
analysis.

The goal in univariate ANOVA is to examine differences in group means on a
single, continuous variable. Therefore each dependent variable (Big Five trait
score) is analyzed and interpreted separately. The results for the univariate tests of
overall differences among the EA, AA, and AI groups from the SPSS MANOVA
procedure (which can also be used to conduct ANOVAs) are as follows:

EFFECT .. GRP
Univariate F-tests with (2,200) D. F.

Var    Hypo. SS      Error SS      Hypo. MS      Error MS        F     Sig. F     eta-sqr

Neu       456.85      90650.37        228.43          453.25         .50    .605        .01
Ext    12180.69      68087.41      6090.35          340.44     17.89    .000        .15
Ope     8773.97      58283.59      4386.99          291.42     15.05    .000        .13
Agr     6550.10      61033.79      3275.05          305.17     10.73    .000        .10
Con     1297.48      68134.10        648.74          340.67       1.90    .152        .02
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Using a Bonferroni adjusted a priori p-value of .01 (.05/5), the population means
for the three groups are judged to be unequal on the extraversion, openness-to-
experience, and agreeableness traits. The largest univariate effect is noted for
extraversion, for which 15% (η2 = .15) of the variability in the extraversion trait
scores can be explained by group membership. This effect seems small, although
it could be judged as large using Cohen’s (1988) conventions (.01 = small, .06 =
medium, .14 = large). It should also be noted the homogeneity of population
variances assumption was tested for each analysis and no violations were noted.

Each of the statistically significant univariate, omnibus effects could be fol-
lowed by complex or paired comparisons to clarify the nature of the mean differ-
ences between the EA, AA, and AI groups. The results from such analyses would
be interpreted separately for each of the Big Five trait scores because the univar-
iate approach essentially treats any potential correlations among the dependent
variables as meaningless.

By comparison a multivariate approach takes into account the inter-correla-
tions among the Big Five personality traits. As can be seen in the following SPSS
CORRELATION output, a number of the trait scores are modestly correlated:

Correlations

Agreeable-    Conscien-
Neuroticism  Extraversion  Openness    ness             tiousness

Neuroticism                     1.000             -.255**        -.019          -.097            -.397**

Extraversion                    -.255**          1.000            .363**         .011             .371**

Openness                        -.019              .353**        1.000            .232**          .125

Agreeableness                -.097              .011            .232**       1.000             .097

Conscientiousness          -.397**            .371**          .125            .097           1.000

** Correlation is significant at the 0.01 level (2-tailed)

Reasoning multivariately with the same data, the question becomes: In what way
or ways can the Big Five traits be combined to discriminate among the three
groups? Perhaps a combination of high extraversion and low neuroticism sepa-
rates the groups, or perhaps a combination of high extraversion, high agreeable-
ness, and low conscientiousness discriminates among the three groups? These
questions demonstrate how a multivariate frame of mind entails considering the
dependent variables simultaneously rather than separately. Whether or not such
questions are justified or meaningful is an issue that must be addressed by any
researcher confronted with the prospect of conducting a MANOVA. In the current
example this issue manifests itself as follows: Are we truly interested in examin-
ing the multivariate, linear combinations of Big Five traits, or are we content with
considering each trait separately? Another way of considering the issue regards
the intent to interpret the multivariate effect that might underlie the data. For the
current example, if we have no intention of interpreting the multivariate compo-
sites (that is, the linear combinations of traits  the dependent variables), then the
univariate analyses above are perfectly sufficient. There is certainly no shame in
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conducting multiple ANOVAs and separately interpreting the results for each
dependent variable. It is more than a methodological faux pas, however, to
conduct a MANOVA with no intent of interpreting the multivariate combination
of variables.

In fact, two common errors seem to be associated with the failure to accurately
discriminate between univariate and multivariate approaches toward data analy-
sis. First, many researchers believe that conducting a MANOVA will provide
protection from Type I error inflation when conducting multiple univariate
ANOVAs. Following this erroneous reasoning, for instance, we would first
conduct a MANOVA for the personality data above and, if significant, judge the
statistical significance of the univariate ANOVAs based on their unadjusted
observed p-values rather than their Bonferroni-adjusted p-values. Although such
an analysis strategy is common in the literature, it is not to be recommended
because the Type I error rate will only be properly controlled when the null
hypothesis is true (Bray & Maxwell, 1982), which is an unlikely occurrence in
practice and therefore an unrealistic assumption. Type I error inflation can be
controlled through the use of a Bonferroni adjustment or a fully post hoc critical
value derived from the results of a MANOVA, but the researcher must make the
extra effort to compute the critical values against which to judge each univariate
F-test (see Harris, 2001, and below). To reiterate, simply running a MANOVA
prior to multiple ANOVAs will not generally provide appropriate protection
against Type I error inflation. The extra step of computing the Bonferroni-adjust-
ed critical values or the special MANOVA-based post hoc critical value must also
be taken.

Second, many researchers believe that ANOVA should be used as a follow-up
procedure to MANOVA for interpreting and understanding the multivariate ef-
fect. While common, this analysis strategy is based on the misconception that
results from multivariate analyses are simply additive functions of the results
from univariate analyses. As will be described below, however, the multivariate
information from a MANOVA is contained in the linear combinations of depend-
ent variables that are generated from the analysis. Conducting an ANOVA on
each of the dependent variables following a MANOVA completely ignores these
linear combinations. Furthermore, the conceptual meaning of the results from a
series of ANOVAs will not necessarily match the conceptual meaning of the
results from a MANOVA. In other words, the multivariate nature of the results
will not necessarily emerge from a series of univariate analyses. Techniques for
identifying and exploring the linear combinations of variables that result from a
MANOVA are therefore of critical importance.

CONDUCTING THE MANOVA

Returning to the Big Five trait example, let us decide to pursue a truly multi-
variate approach. In other words, let us commit to examining the linear combina-
tions of personality traits that might differentiate between the European American
(EA), Asian American (AA), and Asian International (AI) students. Assuming
that no a priori model for combining the Big Five traits is available, these six
steps will consequently be followed:
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1. Conduct an omnibus test of differences among the three groups on
linear combinations of the five personality traits.

2. Examine the linear combinations of personality traits embodied in the
discriminant functions.

3. Simplify and interpret the strongest linear combination.
4. Test the simplified linear combination (multivariate composite) for

statistical significance.
5. Conduct follow-up tests of group differences on the simplified multi-

variate composite.
6. Summarize results in APA style

If an existing model for combining the traits were available, a priori, then an
abbreviated approach, which will be discussed near the end of this paper, would
be undertaken.

Step 1: Conducting the Omnibus MANOVA.

The omnibus null hypothesis for this example posits the EA, AA, and AI
groups are equal with regard to their population means on any and all linear
combinations of the Big Five personality traits. This hypothesis can be tested
using any one of the major computer software packages. In SPSS for Windows
the General Linear Model (GLM) procedure can be used or the dated MANOVA
routine can be run through the syntax editor. There are several slight advantages
to using the MANOVA syntax; consequently these procedures are employed
herein, and the complete annotated syntax statements can be found in the Appen-
dix. The multivariate results from SPSS MANOVA are:

EFFECT .. GRP
Multivariate Tests of Significance (S = 2, M = 1 , N = 97 )

Test Name        Value       Approx. F       Hypoth. DF       Error DF       Sig. F

Pillais               .41862      10.42982            10.00           394.00             .000
Hotellings        .53723      10.47592            10.00           390.00             .000
Wilks               .62327      10.45320            10.00           392.00             .000
Roys                 .25313
Note.. F statistic for WILKS’ Lambda is exact.

As can be seen, four test statistics are reported for the group effect: ‘‘Pillais’’,
‘‘Hotellings’’, ‘‘Wilks’’, and ‘‘Roys.’’ Huberty (1994, pp. 183-189) offers a
detailed discussion of these four statistics, and the first three tests indicate the
multivariate effect is statistically significant for the current data (all ‘Sig. F’
values, that is, p’s < .001). Wilks’ Lambda is arguably the most popular multivar-
iate statistic, and Tabachnik and Fidell (2006) generally support reporting it in-
stead of the other values.

The analysis strategy recommended in this paper, however, employs Roy’s
g.c.r. A number of details regarding this statistic must therefore be clarified. First,
it is often reported in two different metrics. In the SPSS output shown above,
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which was generated with the MANOVA routine, it is reported as a measure of
association strength, θ = .25, that indicates the proportion of overlapping variance
between the independent variable and the first linear combination of dependent
variables. In other words, θ is equivalent to the well-known η2 measure of asso-
ciation strength. SPSS output generated from the GLM option in the pull-down
menus appears in a different format:

Multivariate Tests
c

Effect                                                Value            F           Hypotheses df    Error df      Sig.

Intercept Pillai’s Trace                      .995     7270.287a 5.000     196.000     .000

Wilk’s Lambda                   .005     7270.287a 5.000     196.000     .000

Hotelling’s Trace          185.466     7270.287a 5.000     196.000     .000

Roy’s Largest Root      185.466     7270.287a 5.000     196.000     .000

GRP       Pillai’s Trave                      .419         10.430              10.000     394.000     .000

Wilk’s Lambda                   .623         10.453a 10.000     392.000     .000

Hotelling’s Trace                .537         10.476              10.000     390.000     .000

Roy’s Largest Root            .339         13.354b 5.000     197.000     .000

a. Exact statistic

b. The statistic is an upper bound on F that yields a lower bound on the significance level.

c. Design: Intercept + GRP

As can be seen, except for ‘‘Roy’s Largest Root’’, the test values are equal to
those generated by the MANOVA routine. The value for Roy’s g.c.r. from GLM
is reported as an eigenvalue (λ = .34) which can be easily computed from the θ
value:

λλ =
1 + λ

, =
1 −

θ θ
θ

When using a program other than SPSS, the researcher should be certain to ex-
plore the software manuals to determine which metric is being reported. Alterna-
tively, as will be shown in the next step in the procedures, the value of θ can be
computed ‘‘manually’’ with compute statements.

The second issue regarding Roy’s g.c.r. is the F-value and hypothesis test
generated by the GLM procedure. This test is an upper bound that may unfor-
tunately lead to dramatically high Type I error rates (Harris, personal communica-
tion, October 26th, 2005). It should consequently be avoided, and the tabled
values for θ reported by Harris (1985, 2001) should instead be used. A program
reported by Harris (1985, p. 475) can also be used to compute the observed p-
value for Roy’s g.c.r. (in the θ metric) with s, m, and n degrees of freedom.2

These values are computed as:

s  = min(dfeffect, p)
m = (dfeffect - p - 1) / 2
n = (dferror - p - 1) / 2
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where,
p = number of dependent variables
dfeffect = k - 1
dferror = N - k
N = number of observations
k = number of groups

For the current data p = 5, k = 3, and N = 203. Consequently, dfeffect = 2, dferror =
200, s = min(2,5) = 2, m = (2 - 5 - 1) / 2 = 1, and n = (200 - 5 - 1) / 2 = 97 as
reported in the MANOVA output above. Harris’ program yields a critical θ value
(θcrit) of .07056 for a critical p-value (pcrit) of .05. The observed θ of .25313
exceeds θcrit and is therefore statistically significant. Entering various p-values
through trial-and-error in Harris’ program reveals the observed p-value to be less
than .0005.

Finally, now that Roy’s statistic has been explained, the other omnibus tests of
the multivariate effect can be succinctly described for pedagogical purposes as
follows:

Pillai’s Trace is the sum of the effect sizes for the discriminant functions;
that is, Σθi. A value approaching s indicates a large omnibus effect, and
when s = 1 Pillai’s Trace will equal Roy’s θ.
Hotelling’s Trace is similar to Pillai’s Trace, but is based on eigenvalues;
namely, Σλi. The magnitude of Hotelling’s Trace is difficult to interpret
since it has no set range, although when s = 1 the result will equal Roy’s λ.
Wilks’ Lambda (Λ) is based on overlapping variances, or effect sizes,
namely, Π(1−θi). Opposite of the other test statistics, values near 0 indicate
large omnibus effects.

These three tests differ from Roy’s test by combining, in some manner, the
information for all the discriminant functions produced from the analysis for a
given effect.

Step 2: Examining the Linear Combinations

As was stated at various points above the multivariate effect is conveyed
through the linear combinations of Big Five traits. These linear combinations are
defined by the discriminant function coefficients that can be requested from most
computer programs in both raw and standardized form. The coefficients from
SPSS MANOVA for the current example are reported as follows:
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EFFECT .. GRP (Cont.)
Raw discriminant function coefficients

Function No.

Variable                           1                         2

N                            -.00580               -.00700
E                            -.06027               -.00017
O                             .04239               -.04230
A                            -.02758               -.03102
C                              .00748               -.00956

Standardized discriminant function coefficients
Function No.

Variable                           1                         2

N                            -.12356               -.14893
E                           -1.11200               -.00309
O                             .72369               -.72218
A                            -.48180               -.54193
C                              .13811               -.17640

The discriminant function coefficients are regression weights that are multiplied
by the Big Five scale scores (N, E, O, A, C) in original or z-score units to create
the multivariate composites referred to throughout this manuscript. Consequently,
these regression weights are the heart and soul of MANOVA because they repre-
sent exactly how the dependent variables are combined to maximally discriminate
between the EA, AA, and AI groups. Depending on the number of groups and the
number of dependent variables, one or more linear combinations, or multivariate
composites, will be generated. The value of s degrees of freedom will in fact
indicate the number of multivariate composites produced. In the current example,
two composites are produced based on the three groups and five personality traits.
These two composites are furthermore uncorrelated (orthogonal) and ordered in
terms of their ‘‘strength’’; that is, the extent to which they overlap with the inde-
pendent variable.

Using the unstandardized coefficients above, the first multivariate composite
can be written and computed as follows:

Composite #1 = (N)(-.0058) + (E)(-.06027) + (O)(.04239) + (A)(-.02758) +
(C)(.00748).

This new variable can be entered as a single dependent variable in an
ANOVA, yielding the following results:

Source of Variation          SS            DF           MS            F          Sig of F

WITHIN CELLS        200.01        200          1.00
GRP                              67.79            2        33.89       33.89          .000
(Total)                         267.80        202          1.33
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A measure of association strength between the independent variable and multivar-
iate composite, η2, can then be computed:

(Fobserved)(dfbetween) (33.89)(2)η2 = = = .25
(Fobserved)(dfbetween) + dfwithin

(33.89)(2) + 200

The result, .25, is equal to Roy’s g.c.r. reported above as θ. Computing the
multivariate composite and conducting an ANOVA thus demonstrates that Roy’s
g.c.r. is a measure of effect size for the first linear composite. The second multi-
variate composite is orthogonal to (i.e., uncorrelated with) the first and can be
written and computed as follows:

Composite  #2 = (N)(-.007) + (E)(-.00017) + (O)(-.0423) + (A)(-.03102) +
(C)(-.00956). Conducting an ANOVA and computing η2 yields:

Source of Variation          SS            DF           MS            F          Sig of F

WITHIN CELLS        199.88        200          1.00
GRP                              39.64            2        19.82       19.83          .000
(Total)                         239.52        202          1.19

(Fobserved)(dfbetween) (19.83)(2)η2 = = = .17
(Fobserved)(dfbetween) + dfwithin

(19.83)(2) + 200

As mentioned above, the strength of association for this second composite is
lower than the first. Nonetheless, it too can be tested for statistical significance
using the same m and n degrees of freedom for testing the first composite, but s =
min(k - j, p - j + 1), where j is equal to the composite’s ordinal value. In this case
the second composite (j = 2) is being tested for statistical significance, and s =
min(3 - 2, 5 - 2 + 1) = 1, and θcrit = .04702 for pcrit = .05. The second composite is
therefore also statistically significant since .17 > .04702. It is also noteworthy that
the sum of the η2 values for the first (.25) and second (.17) composites equals .42,
which is the value for the Pillai’s Trace multivariate statistic above. Pillai’s Trace
thus differs from Roy’s g.c.r. by testing group differences on the complete set of
linear combinations generated from the analysis. Wilks’ Lambda and Hotelling’s
Trace similarly provide tests of the complete set of multivariate composites. The
omnibus nature of these three tests is a distinct disadvantage in the current ap-
proach, however, which focuses on testing and interpreting the individual discrim-
inant functions.

Step 3: Simplifying and Interpreting the First Linear Combination

The next step in the analysis involves interpreting the multivariate composites
defined by the discriminant functions. As was noted above, the first composite
will always yield the highest θ (i.e., η2) value, and in many genuine data sets the
remaining composites can be ignored because of their small effect sizes. The
second composite in the current example, however, shares 17% of its variance
with the independent variable, which is nearly as high as the percentage for the
first composite (25%). Nonetheless, solely for the sake of convenience, we will
simplify and interpret only the first composite for the personality data.
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It is often useful to determine the ‘‘multivariate gain’’ of the composite under
consideration over the univariate approach toward the same data. The gain is
determined by comparing the θ value for the composite to the corresponding
values from the univariate F-tests. For the current data the largest univariate η2

value was .15 for Extraversion, which is modestly lower than .25 for the first
multivariate composite. The multivariate gain over simple univariate analyses
was thus .10; in other words, the multivariate effect was 10 percentage points
higher than the strongest univariate effect in terms of shared variance.

As with any estimate of effect size the researcher must draw upon his or her
experience and theoretical framework as well as existing literature to judge the
importance of the multivariate gain. This judgement will also go hand-in-hand
with the conceptual interpretation or labeling of the multivariate composite. The
reader is most likely familiar with the process of interpreting and labeling multi-
variate composites in the realm of Exploratory Factor Analysis (EFA). In EFA
one begins with a pool of items and attempts to identify a set of common factors
believed to represent theoretically meaningful constructs (e.g., personality traits,
clinical syndromes, dimensions of intelligence, etc.) that underlie the original
items. Through a process of examining pattern, structure, or factor score coeffi-
cients the factors are ‘‘interpreted’’, which is to say they are labeled or named.
The factors themselves are mathematically determined as multivariate functions
of the original items in the analysis and are thus similar to the discriminant func-
tions in MANOVA. Consequently, the methods commonly employed to interpret
factors can be used to interpret multivariate composites. In factor analysis, for
example, an arbitrary criterion is often used (e.g., .30, .40) to judge pattern
or structure coefficients so that ‘‘salient’’ items may be identified for a given
factor. Once the salient items are identified, their content is examined for a
common theme which is then named and used as the factor label.

In MANOVA this process of labeling should begin with an examination of
simplified versions of the discriminant function coefficients. If the dependent
variables are on different scales the standardized function coefficients and stan-
dardized variables (z-scores) should be used when interpreting and computing the
simplified composite variable. If the dependent variables are all on the same
scale, as in the current data, the raw (i.e., unstandardized) coefficients and raw
scores should be preferred. The first composite is thus simplified by focusing only
on the relatively large raw discriminant function coefficients. The full function is
repeated here:

Composite #1 = (N)(-.0058) + (E)(-.06027) + (O)(.04239) + (A)(-.02758) +
(C)(.00748). Clearly, the coefficients for Neuroticism and Conscientiousness are
relatively small and near zero. Converting these small coefficients to zero yields:

Simplified Composite #1 = (N)(0) + (E)(-.06027) + (O)(.04239) +
(A)(-.02758) + (C)(0). As is done in interpreting factors differences between the
relatively large function coefficients are ignored. In other words, the coefficients
are changed to unity while their signs are retained:

Simplified Composite #1 = (E)(-1) + (O)(1) + (A)(-1) = O - (E + A). The
rationale behind this simplifying process is to round to zero those coefficients that
are relatively small because they are assumed to be deviating from zero well
within the bounds of sampling variability (Einhorn & Hogarth, 1975; Grice, 2001;
Wainer, 1976), although no statistical test of this assumption exists. Furthermore,
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the differences among the large coefficients are assumed to be within the bounds
of sampling variability, and thus important information is not lost by converting
these values to 1s and -1s consistent with their original signs (see Rozeboom,
1979, for further discussion of this topic). Again, this is the same process used
when interpreting factors in factor analysis, when creating sum scores from a
factor analysis or multiple regression analysis, and generating contrast coeffi-
cients in analysis of variance from an examination of means.

In words then, the multivariate composite that discriminates between the
European American, Asian American, and Asian International students is higher
Openness-to-Experience relative to lower Extraversion and Agreeableness. A
sensible label to apply to this novel multivariate composite is ‘‘Reserved-Open-
ness.’’ Individuals who score high on this composite are quietly or reservedly
open to new experiences, whereas individuals who score low on this composite
can be described as gregariously traditional (i.e., extraverted, agreeable, and low
on openness). The composite can thus be interpreted as Reserved-Openness vs.
Gregarious-Traditionalism.

The nature of this multivariate composite can further be understood by exam-
ining the means in Figure 1. As can be seen in the highlighted (i.e., the ‘‘boxed’’)
portions of the graph European Americans rate themselves higher on Extraversion
and Agreeableness relative to Openness-to-Experience, whereas Asian Americans
and Asian Internationals rate themselves higher on Openness-to-Experience rela-
tive to Extraversion and Agreeableness. It is thus the pattern of means, or more
specifically the differences in patterns of means, that is captured by the simpli-
fied, multivariate composite. When reporting the results of the analyses for this
particular study, the multivariate effect could possibly be discussed with respect
to cultural differences between Asian and Caucasian Americans in terms of their
personality types. Types, in the realm of personality psychology, are considered
to be multivariate clusters of traits or other stable personal characteristics.

The simplification and interpretation process is perhaps the most important
stage of the MANOVA since it provides the bridge from a purely statistical effect
to a theoretically meaningful effect. If at this point in the analysis the multivariate
composite (i.e., the discriminant function) can not be labeled or theoretically
interpreted, a switch to separate univariate analyses would be prudent. Otherwise,
the researcher will be faced with a situation in which the multivariate effect is
potentially large and statistically significant, but conceptually meaningless.
Because of the importance of interpretation in the current approach toward
MANOVA, a number of pointers for interpreting the multivariate function will be
presented below.

Step 4: Testing the Simplified Multivariate Composite for Statistical Significance.

Do the EA, AA, and AI groups differ significantly in their means on the sim-
plified composite, Reserved-Openness? Recall the three groups differed signifi-
cantly on the full composite, as indicated by the Roy’s g.c.r. test (θ = .25, p
< .0005). The mathematics underlying MANOVA will insure the θ values are
maximized for each of the linear combinations of dependent variables, subject to
the condition that each is uncorrelated with preceding discriminant functions. The
multivariate composite produced from the simplification process is essentially a
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crude approximation of the first exact discriminant function, and it will always
yield a lower θ value that must be tested for statistical significance. The formula
can be found in Harris (2001, p. 222):

dferrorθcritFcrit =
(1 - θcrit) dfeffect

Using Harris’ g.c.r. program, θcrit = .0706 for s = 2, m = 1, n = 97, and pcrit
= .05.

dferrorθcritFcrit =
(1 - θcrit) dfeffect

= (200)(.0706)
(1-.0706)(2)

= 7.60

The simplified composite, Reserved-Openness, can be computed in SPSS and
entered as the dependent variable in an ANOVA:

Source of Variation          SS            DF           MS            F          Sig of F

WITHIN CELLS   104562.38        200      522.81
GRP                        28955.74            2  14477.87       27.69          .000
(Total)                   133518.12        202      660.98

R-Squared = .217          Adjusted R-Squared =  .209

The observed F-statistic (F
obs

= 27.69) exceeds Fcrit = 7.60 and is therefore statis-
tically significant. The results consequently indicate the three EA, AA, and AI
groups differ in terms of their population means on the multivariate composite
Reserved-Openness. Moreover, the η2 value is .22, which compares favorably
to .25 for the full composite. The multivariate gain of the simplified composite
(.15 compared to .22) is still substantial and similar to the multivariate gain of the
full composite (.15 compared to .25). In other words, very little overlapping
variance with the independent variable was lost in the simplification process.

The direction of this effect can be understood by first computing the range of
values that are possible on the simplified composite. The original scores on the
Big Five scales could range in value from 0 to 192. The lowest possible score for
Reserved-Openness is therefore -384 [viz., 0 - (192 + 192)], and the highest
possible score is equal to 192 [viz., 192 - (0 + 0)]. The European Americans (M =
-129.67, SD = 21.85) scored approximately 24 scale points lower, on average,
than the Asian American (M = -107.68, SD = 26.03) and Asian International (M =
-103.25, SD = 21.21) students on the Reserved-Openness composite. On a 576-
point scale, this average difference seems to reflect a modest, or small, effect size.
On the other hand, the observed scores on the Reserved-Openness composite
ranged from -179 to -28 for all 203 participants. Compared to this observed range,
the approximate 24-point mean difference might be interpreted as more theoreti-
cally or practically significant.

Step 5: Conducting Follow-up Tests on the Simplified Multivariate Composite.

As in univariate ANOVA, an omnibus multivariate effect for three or more
groups should be followed by pairwise comparisons or tests of complex contrasts.
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Moreover, in univariate ANOVA the choice of an adjustment procedure (e.g.,
Tukey’s HSD, or Scheffe’) for controlling the Type I error rate will depend on
two factors: (1) the type of contrasts, pairwise or complex; and (2) whether the
contrasts are planned or constructed after examining the results. The same factors
must be considered in MANOVA when contrasting the groups on the simplified
multivariate composite. Additionally, one must consider whether the simplified
multivariate composite was planned or constructed after examining the discrimi-
nant function coefficients.

In the current example of Iwasaki’s personality data, the multivariate com-
posite Reserved-Openness was constructed in a purely post hoc fashion. Let us
further investigate, post hoc, a complex contrast and pairwise comparisons
between the EA, AA, and AI groups. The complex contrast entails a comparison
of the average AA and AI means with the EA multivariate composite mean [viz.,
(1)(AA) + (1)(AI) - (2)(EA)].3 Given the fully post hoc nature of the multivariate
composite and the follow-up tests, Harris (2001) recommends a Scheffe’-style
adjustment equal to the product of the g.c.r.-based Fcrit value above and dfeffect:
(7.60)(2) = 15.20. This adjustment is admittedly conservative, but it is the price
that must be paid when a priori theory is not available for constructing the multi-
variate composite or the group contrasts. More will be said about adjustments for
Type I error rates below.

For the current data the results for the complex comparison and all possible
pairwise comparisons on the simplified composite (‘‘Comp 1’’) generated from
SPSS GLM appear as follows:

Contrast Coefficients

Group

European           Asian                Asian
Contrast     Americans     Internationals     Americans

1                        -1                      .5                   .5

2                        -1                        1                    0

3                        -1                        0                    1

4                         0                      -1                    1

Contrast Tests

Value of
Contrast       Contrast     Std. Error           t           df          Sig. (2-tailed)

Reserved-Openness    Assume equal       1      24.2024      3.3347       7.258            200               .000
variances               2         26.4167      3.7725       7.002            200               .000

3        21.9881      4.0382       5.445            200               .000

4        -4.4286      4.0740      -1.087            200               .278

Does not assume  1       24.2024      3.3100       7.312     160.290               .000
equal variances     2        26.4167      3.5520       7.437     144.982               .000

3      21.9881      4.2978       5.116     106.810               .000

4       -4.4286      4.2838      -1.034     104.810               .304
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The tests for the contrasts are reported as t-values and must therefore be com-
pared to the square root of 15.20, which equals 3.90 (t2 = F for single degree of
freedom contrasts). The results clearly show the European Americans are distinct
from the Asian Americans and Asian Internationals on the multivariate com-
posite. Specifically, the European Americans scored lower, on average, than the
Asian International and Asian American students on the Reserved-Openness
composite. The population means for the Asian groups were concluded to be
equal.

Given the American Psychological Association’s recent efforts (Wilkinson, et
al., 1999) to encourage researchers to compute and report estimates of effect size
as well as confidence intervals, these statistics should be derived and interpreted
for the follow-up contrasts as well. As demonstrated above θ is a measure of
association strength that can be reported as an indicator of the magnitude of ef-
fect. Similarly, η2 values can easily be computed for the t-values obtained from
the contrasts using the well-known formulae:

t2
contrast Fcontrastη2

contrast = = 
t2
contrast + dferror Fcontrast + dferror

The η2 result for the complex comparison, for instance, is .21 and indicates a
large effect using Cohen’s conventions.

Computing confidence intervals for contrasts of means on the simplified
multivariate composite is more difficult and may require a modicum of matrix
algebra (see Harris, 2001, p. 221). The confidence interval must take into account
the contrast coefficients, the weights used to create the multivariate composite,
and the matrix of residuals from the MANOVA. Specifically, the formula for a
multivariate contrast is as follows:

c2
j

cXa' ±  Σ (aEa')λcritn
j

where c is a row vector of k contrast coefficients, a is a row vector of p weights
used to define the multivariate composite, × is a k × p matrix of group means on
the dependent variables, E is a p × p matrix of residuals (i.e., the error matrix
from MANOVA), and λcrit is transformed from the θcrit value used for the omni-
bus test. The c

j
’s and nj’s are the contrast coefficients and sample sizes for the

groups, respectively.
Fortunately, as pointed out by a reviewer of this manuscript, the equation

above can be simplified so that computing confidence intervals is a manageable
task:

Value of Contrast ± std. error (dferror) λcrit ,

where ‘Value of Contrast’, ‘std. error’, and dferror are taken from the SPSS
‘Contrast Tests’ table above (24.2024, 3.3347, and 200, respectively) for the first
contrast. Using θcrit (.0706) from above,

- ✓ -
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θcritλcrit =
1 - θcrit

= (.0706)
(1-.0706)

= .0760

Thus,

24.2042 ± 3.3347 (200)(.0760) ,

and the 95% confidence interval for contrasting the EAs with the Aas and Ais on
the Reserved-Openness multivariate composite can be written as:

11.20 < µ
Comp(AA,AI)

- µ
Comp(EA)

< 37.20.

The center of the confidence interval is located at 24.20, the mean difference
between the EA and averaged AA and AI groups on the Reserved-Openness
composite which can range in value from -384 to 192 (576 units). The width of
this confidence interval is only 26 units, or 4.5% (26 / 576) of the scale range, and
is therefore a highly precise confidence interval.

Step 6: Summarizing Results using APA style.

When reporting the results of a MANOVA in APA style it is important to
provide the overall tests of statistical significance, the full discriminant function
coefficients, and the simplified multivariate composite. The theoretical or concep-
tual interpretation of the composite must also be presented along with the statisti-
cal tests of the composite and follow-up comparisons. For the overall tests of
significance, Roy’s g.c.r. must be reported when following the approach outlined
in this paper. Wilks’ Lambda or other tests can also be reported, although they are
superfluous in this context. A complete example write-up of the analysis of
Iwasaki’s data above can be found in the Appendix. The reader will find the
example includes brief assessments of several of the assumptions underlying
MANOVA. Such assessments are also important, although they were not de-
scribed above.

Three assumptions underlie significance testing in MANOVA: (1) indepen-
dence of observations, (2) multivariate normality of the group population depend-
ent variables, and (3) homogeneity of group population variance-covariance
matrices. Each of these assumptions should be assessed as part of the analysis.
Stevens (2002, Chapter 6) offers an excellent discussion of these assumptions as
does Tabachnick and Fidell (2006, Section 9.3). The participants’ observations in
Iwasaki’s study were determined to be independent across and within groups
(e.g., the participants completed the questionnaires separately and were not relat-
ed). Although multivariate normality cannot be assessed in SPSS, univariate
normality was evaluated for each of the Big Five variables within each of the
three groups. All but two of the Kolmorogov-Smirnov tests were not statistically
significant (p’s > .05), indicating that most of the variables were normally distrib-
uted. Although these results for univariate normality do not guarantee multivar-
iate normality, they at least make the latter assumption more reasonable. Moreo-
ver, the simplified multivariate composite was itself tested and found to follow a
normal distribution within the bounds of typical sampling variability, thus but-
tressing the statistical conclusions made for the composite. Lastly, Box’s M test
for equality of covariance matrices was not statistically significant at the .05
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level, indicating that the group population covariance matrices could be assumed
equal. Stevens discusses potential adjustments for violations of each of the three
assumptions, and Harris (2001, pp. 237-238) discusses the relevance of these
assumptions for the g.c.r. test, specifically. It is worth noting briefly that Harris
addresses the common criticism against the g.c.r. test regarding its sensitivity to
violations of multivariate normality and/or homogeneity of covariance matrices.
He points out that creating, interpreting, and testing simplified composites offsets
the problems of the g.c.r. test.

ADDITIONAL ISSUES

Subsequent Discriminant Functions

Although the second function was tested for statistical significance, only the
first discriminant function was examined in detail above. Certainly, the second
function could have been examined using all of the procedures that were applied
to the first function. The functions are independent and could yield distinct and
interesting multivariate information regarding group differences, keeping in mind
that the functions will be rank-ordered with respect to their proportion of overlap
with the independent variable. In other words, the first function will always
possess the highest θ (or η2) value, followed by the second, and so on. A quick
comparison of Roy’s g.c.r. value, reported as θ, and Pillai’s trace from the omni-
bus MANOVA will give an indication of the strength of the first discriminant
function compared to the remaining functions. The researcher must then decide if
pursuing the subsequent functions is worthwhile both conceptually and statistical-
ly. Are the subsequent functions interpretable? Are they statistically significant?
Recall from above that subsequent functions can be tested using the same m and n
degrees of freedom for the first composite, but s = min(k - j, p - j + 1), where j is
equal to the composite’s ordinal value. Can the other functions be simplified
easily? Such questions must be answered by the researcher in the context of his or
her study when deciding to pursue the subsequent functions.

Strategies for interpreting the multivariate composites and results

Perhaps the most challenging aspect of the current approach is interpreting the
discriminant functions; that is, making conceptual or theoretical sense of the
multivariate composites generated by the analysis. Following the advice of Harris
(2001) the interpretation process must begin with the discriminant function coef-
ficients, and with a measure of good fortune the process will end with these coef-
ficients. If an investigator is looking for additional information to help solidify or
shore up a composite label the structure coefficients, which are the correlations
between the multivariate composites and original measures, may also be comput-
ed and examined. The structure coefficients can be requested using the DISCRIM
option in SPSS, which is accessible from the pull-down menus in Windows. A
simpler and arguably more appropriate strategy, however, is to compute the corre-
lations between the simplified composite (which represents the interpreted multi-
variate effect) and the dependent variables. For Iwasaki’s data, for instance, the
simplified composite was computed as a new variable in SPSS and then simply
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correlated with the original Big Five scale scores. In this example the signs and
relative magnitudes of these correlations (i.e., structure coefficients) were similar
to the discriminant function coefficients for Neuroticism (r = -.15), Extraversion
(r = -.64), Openness-to-Experience (r = .50), and Agreeableness (r = -.67). The
correlation between Reserved-Openness and Conscientiousness (r = -.50) was
negative and relatively large in absolute magnitude even though the discriminant
function coefficient for Conscientiousness was near zero (b < .01). Individuals
who scored relatively high on the multivariate composite scored, on average,
relatively low on the Conscientiousness scale. In other words, the Gregarious-
Traditional individuals tended to report relatively higher levels of Conscientious-
ness than Reserved-Open individuals. This correlation is certainly consistent with
the traditionalism aspect of the multivariate construct and thus supports the inter-
pretation of the discriminant function. Such interpretive congruence between the
discriminant function coefficients and the structure coefficients will not always
occur, and there is a body of literature discussing this intriguing fact of multivar-
iate statistics. While some authors argue vehemently in support of using primarily
structure coefficients to interpret multivariate composites, our strategy relies
almost exclusively on the discriminant function coefficients as the basis for the
interpretation process (see Harris, 2001). If the structure coefficients are exam-
ined at all, they are used only in a secondary role in an attempt to clarify or
enhance the theoretical understanding of the multivariate composite.

Another aid to the interpretation process is the reflective nature of the signs of
the raw and standardized discriminant function coefficients. In other words, the
signs of the coefficients are arbitrary and can be reflected without loss of mean-
ing. For example, the above Reserved-Openness composite could have originally
been computed as (E)(1) + (O)(-1) + (A)(1) rather than (E)(-1) + (O)(1) + (A)(-1).
The three groups would therefore differ in terms of higher Extraversion and
Agreeableness relative to lower Openness-to-Experience (Gregarious-Traditional-
ism). It is important to note that the signs for all of the variables in the composite
must be reversed if this strategy is employed. In our experience, simply reversing
the signs can at times provide the necessary insight for deriving an interpretation
when it is not readily evident with the original discriminant function coefficients.
Consider the second multivariate composite for the current data, which could be
simplified to (1)(O) + (1)(A). What personality type might we apply to a person
who is high in openness-to-experience and agreeableness? Reversing the signs of
the coefficients [(-1)(O) + (-1)(A)] changes the task to inquiring what type of
person is closed to new experiences and disagreeable? It seems the label ‘‘Rigid’’
applies to this composite, and the opposite label ‘‘Flexible’’ would thus apply to
the opposite pole. The new composite can therefore be scored as either an index
of Rigidity (-O + -A) or Flexibility (O + A) without loss of meaning.

When working with the unstandardized discriminant function coefficients and
original dependent variables, manipulating the scaling of the simplified multivar-
iate composite can also greatly aid the interpretation process. MANOVA maxi-
mizes the differences between group means on linear combinations of the de-
pendent variables. Consequently, it can be very useful to center the original
variables before computing the multivariate composite. The centered scaling will
generate the same η2 values for the multivariate composite and the same results
for post hoc comparisons of groups. Each dependent variable is centered by
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subtracting its mean from the individual scores. For instance, the mean for Extra-
version for all 203 participants in the example above is equal to 116.73. A comp-
ute statement in SPSS can be written to center the Extraversion (E) scale scores:

COMPUTE E_center = E - 116.73.

Reserved-Openness would then be computed from the centered variables,
O_center - (E_center + A_center). The primary benefit of centering the variables
is interpreting group differences on the multivariate composite. The means for the
EA (M = -15.44), AA (M = 6.55), and AI (M = 10.98) groups more clearly in-
dicate that the AIs and AAs score relatively high on Reserved-Openness whereas
the EAs score relatively low.

When the dependent variables are measured on different scales, the standard-
ized discriminant function coefficients are often easier to simplify and interpret.
As standardized coefficients they are derived from a MANOVA conducted on the
z-scores of the dependent variables, thus removing differences in their scaling and
variance. The multivariate composite should consequently be computed from the
z-scores rather than the original variables; for example, (1)(Oz) + (-1)(Ez) +
(-1)(Az), keeping in mind the η2 value for the standardized composite will likely
differ from the η2 value for the original composite. Similar to centered scores,
however, working with the standardized scores may also facilitate thinking about
the groups in terms of their relative, rather than their absolute, performances on
the dependent variables and on the multivariate composite. For instance, the
means for the EA (M = -.73), AA (M = .31), and AI (M = .50) groups on the
standardized composite again clearly indicate that the AIs and AAs score relative-
ly high on Reserved-Openness whereas the EAs score relatively low. The concep-
tual or theoretical nature of the multivariate composite may therefore be easier to
understand when switching from a scale-based to a standardized perspective.

Lastly, a topic related to the scaling of the simplified weights used in the
multivariate composite is that of complex weighting schemes. In most instances
the discriminant function coefficients can be simplified to -1s, 0s, and 1s because
it is easier to think of whole and equivalent units of Extraversion, Agreeableness,
etc. than of fractional or unequal units of these variables. Some analyses, howev-
er, may call for more complex weighting schemes in which one or more of the
variables is given greater weight in the simplified composite. For instance, given
the relatively large discriminant function coefficient for Extraversion in the first
function above, the simplified composite could have been computed as (-2)(E) +
(1)(O) + (-1)(A). It may be that the label Reserved-Openness is better captured by
greater weight given to extraversion relative to agreeableness. Such judgments
would of course be driven primarily by logic and theory, although the η2 values
for the composites derived from different weighting schemes could be computed
and compared. Furthermore, if a fully post hoc critical value is employed, as
above, an infinite number of such composites can be computed and compared. A
conceptually meaningful multivariate composite derived from a complex weight-
ing scheme that also yields a high η2 value may finally be preferred over a
competing composite derived from equal weights. Given the long history of
evidence showing that complex weighting schemes are generally no more effec-
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tive, practically speaking, than complex weighting schemes, it is nonetheless
reasonable to expect simple and equal weighting schemes to perform adequately.

More complex designs

The essence of conducting a truly multivariate analysis of variance entails an
examination of the multivariate composite or composites of the dependent varia-
bles that are generated from the analysis. Depending on the number of groups and
the number of dependent variables, the number of composites generated will vary.
Furthermore, with factorial designs (i.e., designs with two or more independent
variables) distinct sets of multivariate composites will be generated for each
interaction and main effect. The task of the researcher then becomes interpreting,
simplifying, and analyzing the composite or composites for each effect in the
analysis. Suppose differences between men and women were examined in the
example above. The inclusion of this additional independent variable would yield
a 2 x 3 (gender by group) factorial MANOVA with five dependent variables. The
s degree of freedom parameter is computed as min(dfeffect, # dependent varia-
bles) and indicates the number of independent discriminant functions computed
for each effect. The gender main effect would yield one discriminant function, the
group main effect would yield two functions, and the interaction would yield two
functions. All of these discriminant functions would be distinct, and would possi-
bly yield different simplified multivariate composites with different interpreta-
tions. Obviously, the burden can become great, and the researcher must then
return to the critical point made above: Is a truly multivariate question being
asked? In other words, does the researcher have reason to expect significant
multivariate gain (both statistically and conceptually) from the MANOVA
compared to conducting a series of univariate factorial ANOVAs? If the answer is
‘‘yes’’, then the considerable work involved with simplifying and interpreting the
discriminant functions produced by the factorial MANOVA must be undertaken
with patience. Alternatively, Harris (2001) suggests the factorial MANOVA can
initially be ignored to create a single simplified composite for all effects. For
instance, the suggested 2 x 3 MANOVA for Iwasaki’s data could be ‘‘reduced’’
to a oneway MANOVA with 6 groups (EA males, EA females, AI males, AI
females, AA males, AA females), which would produce 5 discriminant functions
that could be simplified and interpreted. Of course the first function would yield
the highest θ value and may be the only multivariate composite worth pursuing.
Regardless, the simplified composite (or composites) can than be examined using
the procedures above in which univariate ANOVA procedures, with the appro-
priate critical values, are employed to test the two main effects and the interaction
for the simplified composite(s). This approach saves a substantial amount of
effort compared to simplifying and labeling different composites for each effect
in the factorial MANOVA.

Post hoc vs. a priori tests

The example above was fully post hoc, meaning that interpreting and con-
structing the simplified, multivariate composite was done after an examination of
the results from the MANOVA and the EA, AI, and AA group contrasts were
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conducted after an examination of the means on the simplified composite. When
considering the issue of post hoc versus a priori analyses in the current approach,
then, two factors must be considered: (1) the construction of the multivariate
composite, and (2) the construction of group contrasts. Harris (2001, p. 222)
crosses these two factors to produce a table reporting the critical values for differ-
ent scenarios:

Dependent Variable Composite a priori?

Yes No

Yes

No

Independent
Variable
Contrast
a priori?

Fα(1, dferror)

Bonferroni adjustment can
be applied to α for
multiple comparisons

df
effect

• Fα(dfeffect, dferror)

Bonferroni adjustment can be applied to α 
for multiple comparisons

df
effect

• F
crit

p • dferror

dferror - p+1
Fα(p, dferror - p+1)

The value for Fcrit is computed as:

dferrorθcritFcrit =
(1 - θcrit) dfeffect

The values for dfeffect, dferror, etc. are defined above under Step 1. Fα refers to the
critical value from the F-distribution with the indicated degrees of freedom and an
a priori p-value equal to α. As can be seen in the table, the multivariate composite
can be generated prior to or after the omnibus MANOVA. It is conceivable to
generate a multivariate composite on a priori grounds, particularly when replicat-
ing previous results. In the example above, it is also conceivable the Reserved-
Openness composite could have been theoretically anticipated based an under-
standing of differences between American and Asian cultures. If the composite
were created prior to the analysis and the group contrasts were also planned, then
the critical value in the upper lefthand corner of the table [viz., Fα (1, df

error
)]

would have been used to test the statistical significance of the various results. As
with univariate ANOVA the choice of critical values is to maximize power, and
the most powerful tests will usually be those in which the composites and group
contrasts are constructed on an a priori basis.

When the multivariate composite is constructed prior to the analyses, we
would further recommend a number of omnibus post hoc tests in which the
dependent variables are removed, individually, from the multivariate composite
and the resulting η2 values recorded. In this way the importance of each variable
to the a priori composite can be assessed. A large drop in η2, for instance, would
indicate that the variable is an important component of the multivariate com-
posite. Unfortunately, a test of statistical significance for the individual variables
in the composite is not available in the context of the methods employed herein.
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Multicollinearity and Singularity among Predictors

Some textbook authors (e.g., Stevens, 2002, and Tabachnick & Fidell, 2006)
argue that high correlations among the dependent variables are problematic.
When two or more of the dependent variables are completely redundant (either
considered pairwise or in linear combination), they are said to be singular, and
this problem should be resolved by removing the problematic dependent varia-
bles. When the variables are highlybut not perfectly related they are said to
suffer from multicollinearity. This condition is problematic because it tends to
result in high variability in the discriminant function coefficients, much like
multicollinearity ‘‘increases the variances of the regression coefficients’’ (Ste-
vens, 2002, p. 92) in multiple regression. But how much multicollinearity among
the dependent variables should be tolerated? Common rules of thumb are 80% or
90% overlap, while some might consider even moderate overlap (25% - 50%) to
be too high. It is our opinion that other than singularity or near singularity (>90%
overlap), the multicollinearity issue should not weigh heavily in the decision
process behind the analysis. The beauty of multivariate statistical models is that
they incorporate the interrelations among variables, and to argue that the depend-
ent variables in a MANOVA, for example, must be nearly orthogonal is to argue
that one should always opt for conducting independent univariate analyses. In
other words, when the variables are independent (i.e., uncorrelated) the results
from multivariate analyses are completely predictable from univariate or bivariate
analyses of those same variables. Consider a case in which the outcome variable
in a multiple regression is standardized, and the predictor variables are also stan-
dardized and uncorrelated with one another. In this instance the regression
weights will equal the bivariate correlations between each predictor and the
outcome variable. Insisting that multicollinearity be low is thus tantamount to
insisting that one’s multivariate results match a series of univariate analyses
performed on the same dependent variables. Such reasoning leaves us to wonder
why we should bother with multivariate statistics at all.

Stepdown Analysis

A much recommended method for following up a significant omnibus
MANOVA is to conduct what is referred to as a stepdown analysis. This proce-
dure is equivalent to a series of analyses of covariance (ANCOVAs) in which the
dependent variables are evaluated in terms of their unique overlap with the inde-
pendent variable. Stevens (2002) and Tabachnick & Fidell (2006) both offer
discussions of this type of analysis. An important feature of stepdown analysis is
that the order of variables in the ANCOVAs is of utmost importance and must be
driven by a clear rationale. The methods above, by comparison, permit the re-
searcher to examine the importance of the dependent variables simultaneously
and is a relatively straightforward alternative to stepdown analysis. The similari-
ties between the above procedures and Discriminant Function Analysis and
multivariate profile analysis are also readily apparent and reveal the intimate
connections between these methods. Lastly, conducting a stepdown analysis
requires the additional rigid assumptions (e.g., homogeneity of regression slopes)
associated with ANCOVA. For these reasons, we prefer the methods above to
stepdown analysis.
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NOTES

1.  The data set, which includes the independent and dependent variables, can be
downloaded from the first author’s website: http://psychology.okstate.edu/faculty
/jgrice/personalitylab/
2.  The program ‘‘gcrcomp’’ can be downloaded from the first authors’ website:
http://psychology.okstate.edu/faculty/jgrice/personalitylab/
3.  An argument could certainly be made that contrasting the EA with the com-
bined AA and AI groups is obvious enough to be considered as a priori rather
than post hoc. The approach taken herein and the analyses reported above,
however, are distinct from the analysis strategy reported in Iwasaki’s (1998)
thesis. We therefore chose a conservative route for the multivariate analyses.

Author Note

The authors would like to thank two anonymous reviewers for their thorough and
thoughtful comments regarding this manuscript. Correspondence concerning this
article should be addressed to James W. Grice, Department of Psychology, 215
North Murray Hall, Oklahoma State University, Oklahoma, 74078-3064. Elec-
tronic correspondence may be sent to james.grice@okstate.edu.



MULTIVARIATE ANALYSIS OF VARIANCE

223

Neuroticism Extraversion Openness Agreeableness Conscientiousness
90

100

110

120

130

Asian Americans
Asians (International)
European Americans

Personality Dimensions

N
E

O
 P

I-
r 

T
o

ta
l S

co
re

Figure 1.  Means for European American, Asian International, and
Asian American students on Big Five personality traits as measured

by the NEO PI-r.

APPENDIX

Annotated Syntax Statements for SPSS

Title ‘Grice & Iwasaki MANOVA results’.

Subtitle ‘Step 1 Analyses’.

* Both univariate and multivariate results will be printed from the MANOVA

* command below.

MANOVA n e o a c by grp(0,2)

/print cellinfo(means) homogeneity

/discrim(raw stan) alpha(1.0)    /* ’alpha(1.0)’ insures all discriminant

functions will be printed */

/design.
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* The following GLM procedure will yeild the same results but will not print

* the discriminant function coefficients. It reports Roy’s g.c.r. as an

* eigenvalue (lambda) rather than a proportion of overlap (theta).

GLM

n e o a c  BY grp

/METHOD = SSTYPE(3)

/INTERCEPT = INCLUDE

/PRINT = DESCRIPTIVE ETASQ HOMOGENEITY

/CRITERIA = ALPHA(.05)

/DESIGN = grp .

Subtitle ’Step 2 Analyses’.

* Compute the 1st full multivariate composite.

COMPUTE Comp1=(N * -0.0058) + (E * -0.06027) + (O * 0.04239) + (A * -0.02758)

+ (C * 0.00748).

MANOVA Comp1 BY grp(0,2)

/design.      /* using MANOVA to conduct univariate ANOVA on ‘Comp1’. */

COMPUTE Comp2=(N * -.007) + (E * -.00017) + (O * -.0423) + (A * -.03102)

+ (C * -.00956).

MANOVA Comp2 BY grp(0,2)

/design.      /* Using MANOVA to conduct univariate ANOVA on ‘Comp2’. */

Subtitle ‘Step 3 Analyses’.

COMPUTE Simp1=(E * -1) + (O * 1) + (A * -1).

VARIABLE LABEL Simp1 ’Reserved-Openness’.

Subtitle ‘Step 4 Analyses’.

* Test Simp1, the simplified multivariate composite (Reserved-Openness) for

* statistical significance.

* F-critical (p = .05) for the test is 7.60.

MANOVA Simp1 BY grp(0,2)

/print cellinfo(means)

/design.

Subtitle ‘Step 5 Analyses’.

* Follow-up Tests comparing three groups on simplified multivariate composite

* (Reserved-Openness).

ONEWAY Simp1 BY grp

/contrast = -1 .5 .5

/contrast = -1  1  0

/contrast = -1  0  1

/contrast =  0 -1  1

/statistics descriptives

/plot means

/missing analysis.

Subtitle ‘Additional Analyses’.

* Computing structure coefficients; i.e., correlations between multivariate

* composite and DVs.

CORR Simp1 with N E O A C.
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APA STYLE EXAMPLE

A one-factor, between-subjects multivariate analysis of variance (MANOVA) was
conducted. The Big Five personality trait scores from the NEO PI-r served as the
dependent variables in the analysis, and the ethnic groups (European Americans,
Asian Americans, Asian Internationals) comprised the independent variable. Evalua-
tion of the homogeneity of variance-covariance matrices and normality assumptions
underlying MANOVA did not reveal any substantial anomalies, and the a priori level
of significance was set at .05. The bivariate correlations for the dependent variables
across all 203 participants are presented in Table 1.

Results from the MANOVA were statistically significant according to Wilks’ Λ
(.62), F(10, 392) = 10.45, p < .001. Furthermore, Roy’s greatest characteristic root
(g.c.r.) was statistically significant (s = 2, m = 1, n = 97, p < .001) and indicated that
the independent variable and first multivariate combination of dependent variables
shared 25 percent of their variance. Univariate means and standard deviations and the
unstandardized discriminant function coefficients for the first multivariate combina-
tion are reported in Table 2. As can be seen, the coefficients (ws) indicate the EA, AA,
and AI groups differed as a function of relatively high Openness-to-Experience (ws
= .04) compared to lower reported levels of Extraversion (ws = -.06) and Agreeable-
ness (ws = -.03). The coefficients for Neuroticism (ws = -.01) and Conscientiousness
(ws = .01) were relatively small in absolute value. Following the MANOVA analysis
strategy recommended by Harris (2001), a simplified multivariate composite was
created from the centered dependent variables with extreme discriminant function
coefficients. For the current data the simplified composite was equal to: (-1)(Extra-
version) + (-1)(Agreeableness) + (1)(Openness-to-Experience), or Openness - (Extra-
version + Agreeableness). Conceptually, this combination of traits represents someth-
ing akin to a personality type that we labeled ‘‘Reserved-Openness’’. We labeled the
opposite of this type ‘‘Gregarious-Traditionalism’’.

As can be seen in Figure 1, the three groups differed in the patterns of the Extra-
version, Openness-to-Experience, and Agreeableness traits. Specifically, the Euro-
pean Americans reported higher levels of Extraversion and Agreeableness compared
to Openness-to-Experience; in other words, they exhibited Gregarious-Traditionalism.
The opposite pattern of means was observed for the Asian American and Asian Inter-
national students who exhibited Reserved-Openness. Indeed, the three groups differed
on the simplified multivariate composite (based on the centered variables) represent-
ing Reserved-Openness, F(2, 200) = 27.69, p < .001, η2 = .22, according to a fully
post hoc criterion for statistical significance (Harris, 2001). Furthermore, using a
Scheffe’-adjusted critical value to control for Type I error inflation, we conducted
several follow-up contrasts. The European Americans (n = 75, M = -15.44, SD =
21.86) were found, on average, to score lower on Reserved-Openness than the Asian
International (n = 72, M = 10.98, SD = 26.03) and Asian American (n = 56, M = 6.55,
SD = 21.21) students combined (Mean difference for contrast, Mcontrast, = 24.20, p
< .05, η2 = .21, CI.95: 11.19, 37.21). Moreover, the EAs were found to score lower
than the AIs (Mcontrast = 26.42, p < .05, η2 = .20, CI.95: 11.71, 41.12) and AAs (Mcontrast
= 21.99, p < .05, η2 = .13, CI.95: 6.25, 37.73), considered separately. The mean dif-
ference between the AIs and AAs was not statistically significant (Mcontrast = -4.43, p
> .05, η2 = .01, CI.95: -20.31, 11.45). While the estimated effect sizes were small, the
95% confidence intervals were precise when compared to the possible range of values
on the simplified multivariate composite.
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Table 1. Intercorrelations among Big Five Personality Traits

Trait                   N                E                O                A                C

Neuroticism             1.00            -.26*          -.02            -.10            -.40*
Extraversion               1.00              .35*            .01              .37*
Openness                   1.00              .23*            .13
Agreeableness            1.00              .10
Conscientiousness      1.00

*p < .001

Table 2. Means, Standard Deviations, and Discriminant Function Coef-
ficients for EA, AA, and AI Groups on the Big Fiver Personality Traits

Personality Trait        Group M SD ws

Neuroticism                 All                   95.91                  23.17               -.0058
EA                   93.95                  22.83
AA                  97.04                  22.07
AI                    97.07                  18.88

Extraversion                All                 116.53                  22.09               -.0603
EA                 126.23                  18.46
AA                114.98                  20.45
AI                  108.19                  16.73

Openness                     All                 116.22                  20.60                .0424
EA                 113.40                  17.12
AA                126.98                  19.11
AI                  111.36                  15.24

Agreeableness             All                 113.75                  20.61               -.0276
EA                 116.84                  18.69
AA                119.68                  19.78
AI                  106.42                  13.88

Conscientiousness       All                 111.62                  20.81                .0075
EA                 113.87                  15.53
AA                113.34                  22.56
AI                  108.38                  17.72

Note. EA = European American (N = 75); AA = Asian American (N = 56); AI =
Asian International (N = 72). ws = coefficients from first unstandardized discrimi-
nant function.
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GETTING PUBLISHED: AN EDITOR’S PERSPECTIVE1

Roger E. Kirk
Baylor University

ABSTRACT

The process of publishing journal articles is examined from the perspective of
an editor. Suggestions are given for starting the writing process, producing a good
manuscript, and improving your chances of having your manuscript accepted. The
manuscript review process is discussed as well as reasons why editors reject
manuscripts.

INTRODUCTION

Publishing a journal article can be a daunting process. I examine the publish-
ing process from the perspective of an editor and offer some suggestions for
improving your chances of having your article published. For twenty years I was
the consulting editor in statistics for Brooks/Cole, a division of Wadsworth Pub-
lishing Company. Since then I have had editorial roles in seven publication
venues including thirteen-years as the associate editor of the Journal of Educa-
tional and Behavioral Statistics. My remarks are addressed to those who are just
beginning their publication journey, but experienced authors also may find my
suggestions useful.

Role of Publications In the Academe, Industry, and Government

None of us like the admonition: publish or perish. However, like it or not,
having a track record of publications is the sine qua non for advancing profes-
sionally. To reach your full potential in the academe, industry, and government,
your talents need to be known and appreciated. Publishing helps you accomplish
this. The sum total of your writings, available in libraries around the world and
the Internet, is an important part of your résumé. Writing journal articles is
a natural extension of your dissertation scholarship. Except now, you don’t have 
a major professor looking over your shoulder.

Publication Venues

When you think of publication venues, you probably think of peer-reviewed
journal articles and books. But there are other venues that can contribute to your
résumé. These include chapters in handbooks, encyclopedia articles, on-line jour-
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nal articles, chapters in edited books, book reviews, software reviews, conference
and workshop proceedings, and ERIC Document Reproduction papers. At the
bottom of the list in terms of prestige are technical reports from laboratories, web
page articles, and research reports for funding agencies. You wouldn’t want to
build a résume on, for example, book reviews, but it is probably good to do a few.
A book review suggests that someone thinks that you have sufficient expertise
and discernment to critically evaluate another person’s work. How do you get
invited to do a review? I’ll give some suggestions later.

I expect that most readers of this journal submit articles to quantitative jour-
nals. How many quantitative journals can you name? If you can name ten you are
doing pretty well. My list contains 52 journals and is growing. Fortunately, with
so many journals, there is a publication venue for almost anything that you write.
However, in the eyes of your colleagues, all venues are not equal. The pecking
order among journals in terms of citation and acceptance rates is well known. The
American Psychologists, for example, regularly publishes acceptance rates for all
APA journals. The Institute for Scientific Information’s Journal Citation Reports
provides a wealth of citation information for a variety of journals. Two of their
indices, Total Citations and Impact Factor, are particularly useful for judging a
journal’s quality.

I can’t over emphasize the importance of being familiar with the wide range of
publication venues that are available. I have never written an article that I could-
n’t get published. However, my papers don’t all appear in tier one journals. I
doubt if my dean knows the difference between Educational Researcher and
Educational and Psychological Measurement, but I know that he can count. Do
not take this as encouragement to publish as much as you can without regard to
quality. Publishing only in third-class journals is counterproductive and speaks
volumes about your scholarship. Your focus should be on publishing papers that
are cited by others. If your work is never cited, for professional purposes you
don’t exist.

Getting Down To Writing

Many researchers have a hard time starting the writing process. The problem
often surfaces in junior high and continues through graduate school. I replaced
my procrastination habit with the habit of writing at the same time and the same
place every day. I figured out that I was most productive and creative in the morn-
ing. So I decided to reserve my most productive time for myself. Five days a
week, I get up at 6:15 A.M. and am at my computer by 8:00 A.M. Habits are
wonderful. As I finish the breakfast dishes at 7:55, my mind is already working
on the current writing project. This schedule gives me a 3-hour block of uninter-
rupted time for writing and research. I leave for the university around 11:15, walk
for thirty minutes on the indoor track, have lunch, and teach my first statistics
class at 1:00. One o’clock is not my most productive time, but I can always get up
for a lecture on statistics. I have talked to many productive authors over the years.
Most of them share my compulsion for carving out a fixed block of time each day
for writing and research.
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Producing A Good Manuscript

Producing a good manuscript is not easy. At least a third of the articles and
books that I review are poorly written. How does one become a better writer?
Read the works of authors who are good at the craft of writing and try to figure
out how they do it. This is time well spent. Another technique that I find helpful
is to read aloud what I have written. Sentences that don’t sound well to the ear
don’t read well to the eye.

Several years ago, I was the section editor for an encyclopedia of statistics. I
invited thirty-eight of the leading authorities on experimental design and survey
research to write articles for the encyclopedia. You would think that these authors
would produce flawless prose. Not so. The most common flaw I found was the
tendency to write long, rambling sentences. Consider this gem from a highly
regarded author.

‘‘In the social sciences, dependent variables are typically relatively continu-
ous, and researchers typically attempt to account for or predict the variability
on those dependent variables by factors that they have manipulated, such as
group assignment, and by factors that they have measured, such as a partici-
pant’s level of depression prior to the study and the manipulated factors are
typically discrete variables, whereas those that are measured, although dis-
crete, are more often relatively continuous.’’

The writer has a love affair with certain words such as ‘‘typically’’ and ‘‘relative-
ly.’’ The writer also violated two important rules: if it is possible to leave out a
word, leave it out and if it is possible to rephrase a sentence to make it shorter, do
so.

Most authors have never had a formal course in writing journal articles. Many
of us get our first course in scientific writing from our major professor. In my
case, it was the third member of my dissertation committee. My major professor
and the second committee member approved my dissertation with minor changes.
I got to the same response from the third committee member. This frustrated me
so I asked him if he would give me a little more feedback. At that point his eyes
lit up and for the next two hours he tore my dissertation apart sentence by sen-
tence. That was a crash course in scientific writing that I will never forget. And I
try to provide a similar experience for each of my students.

I never submit an article to a journal without first getting critical comments
from trusted colleagues. It doesn’t take long to discover which colleagues provide
useful feedback. Another way to improve one’s writing is to collaborate with co-
authors who are committed to good writing.

I keep a number of writing resources next to my computer: the APA Publica-
tion Manual; the Harbrace College Handbook; The Little, Brown Handbook;
Words Into Type; and Webster’s Dictionary. After writing over a hundred papers,
I still have to look up answers about style and form in the APA Publication
Manual. And I rarely finish an article without having to look up some point of
grammar in the Harbrace College Handbook. For example, in preparing this arti-
cle, I referred to the Handbook four times and to Words Into Type once.
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Improving Your Chances of Getting Published

As an editor, I am turned off by manuscripts that are poorly written and don’t
adhere to the guidelines in the Publication Manual of the American Psychological
Association. There are five things that you can do to improve your chances of
getting an article published.

1. Have something to say and make sure that someone else hasn’t already
said it.

2. Submit a well-written article. The abstract and first several paragraphs
should present your ‘‘take-home message.’’ You want to hook the editor
early.

3. Match your paper to the journal in terms of subject matter and prestige
level. It is hard for most of us to be objective about the scientific contribu-
tion of things we write. Get feedback from others. If the contribution is
modest, don’t submit it to a top tier journal. Aiming too high risks certain
rejection and delays restarting the submission process for three to nine
months. To find a good outlet for your paper, regularly read many jour-
nals. This gives you a sense of the kinds of articles that the journals pub-
lish and helps you identify publishing trends.

4. Carefully follow the journal’s submission guidelines. The number of
manuscripts I have returned to authors because they failed to follow
submission guidelines would surprise you.

5. Once you have completed a draft of the article, put it aside for at least
three days. Then read it with a critical eye to the flow of ideas, presence
of awkward sentences, and material that can be deleted. I love the revision
stage. By then the bulk of the hard work has been done and the main ideas
are in place. You are at the polishing stage: prune out superfluous materi-
al, make sure that each paragraph has a topic sentence that carries its
weight, add transition sentences to tie sections together, and make sure
that the ideas flow in a logical progression. I spend at least a third to half
of my writing time revising. I have never found a paragraph that I could-
n’t improve if I just stared at it long enough. If your material is publish-
able, the polishing stage can mean the difference between out-right rejec-
tion and provisional acceptance.

The Review Process

Lets assume that you have followed the five recommendations and your
manuscript is in the mail. Within a few days, you will receive a notification from
the editorial assistant stating that the manuscript has been received. In the next
two to three weeks, the editor will read the manuscript and make one of three
decisions: ‘‘must publish,’’ ‘‘send to referees,’’ or ‘‘reject outright.’’ If you hear
back within a month, it either means the editor loved the manuscript and wants it
for his or her journal or it is being rejected. If the editor decides to get reviews, he
will send the manuscript to one of the associate editors, called the action editor.
The action editor will send the manuscript to several reviewers in which case you
are in for a longer waitusually three to nine months.
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The APA flagship journal, Psychological Methods, asks reviewers to address
three issues: (1) technical accuracy, (2) accessibility of the content to a wide
range of readers, and (3) the importance of the methodological issue(s) to the field
of psychology and closely related areas. The reviewer also is asked to make a
recommendation concerning the editorial action: reject or revise. The action
editor is not bound by the reviewer’s recommendation. And the reviewers often
disagree. In such cases, the reviewer’s narrative in support of the recommendation
becomes crucial. For example, one reviewer may have spotted a fatal flaw that
other reviewers missed. Or one reviewer may say, ‘‘reject’’ because he or she
thinks the author is flogging a dead horse. The action editor has to decide whether
the paper sheds new light on the issue or reject because the issue is no longer in
the spotlight. This reviewing process, with slight variations, occurs across most
journals. Psychometrika, for example, asks reviewers to rate papers in a number
of areas: Originality, Substance/content, Usefulness, Readability, Succinctness,
and Accuracy. The reviewer is asked to check one of four categories: (1) Publish
the manuscript in essentially its current form, (2) Accept the manuscript condi-
tionally upon revision, (3) Reject the manuscript with the encouragement to
resubmit, and (4) Reject the manuscript.

If the action editor ‘‘accepts the manuscript conditionally upon revision,’’
respond to all the reviewers’ suggestions and criticisms. In all likelihood, the
same reviewers will see the paper the second time around. When I have spent
three hours providing detailed suggestions and find that the author has chosen to
ignore all of them, I am not a happy reviewer. Some of the reviewer’s comments
may strike you as unimportant or off the mark. Make the changes anyway.
Remember, the reviewers were selected because the action editor considers them
to be experts in the area. In your cover letter, mention how you responded to each
of the reviewers’ suggestions. If, as sometimes occurs, the reviewer missed the
point, gently explain in a reasoned way why you haven’t made the suggested
change.

If you have successfully responded to the reviewers’ comments, eventually
you will see a copy edited manuscript. Your initial response will probably be,
‘‘Why did they make so many changes to my wonderful manuscript.’’ Take a
deep breath and remember that the copy editor has had years of experience pre-
paring manuscripts for publication. Learn from the corrections. Pasted on the
bookshelf next to my APA Publication Manual is a long list of words and phrases
from my articles that copy editors have changed. I regularly review the list so that
I won’t make the same mistakes again. I think of every copy-edited manuscript as
a lesson in how to write good prose.

If your manuscript is rejected, the action editor will send you excerpts from
the reviewer’s comments. These comments are invaluable. If the reviewers were
way off the mark, their comments provide a basis for protesting the rejection.
Know ahead of time that protests are rarely successful. The main reason that
comments are so valuable is that they highlight things that need to be revised. I
think of a rejection as the second step in the submission process. My response to a
rejection is to put the paper aside for a week while I consider alternative journals
and then start revising. Remember, there is a publication venue for almost any
manuscript.
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Ten Reasons Why Manuscripts Are Rejected

Why do editors reject manuscripts? Here are ten reasons, several of which
have nothing to do with you or your manuscript.

1. The journal has a similar article in the pipeline or they have recently
published several articles on the same topic.

2. The article doesn’t fit the journal’s audience.

3. Your major points while interesting have already been said.

4. The manuscript is too long.

5. The manuscript doesn’t conform to the journal’s submission guidelines.

6. The article doesn’t make a sufficient contribution to the literature.

7. The article is poorly written.

8. The article’s conclusions don’t follow from the data or the analyses.

9. The article has a serious technical flaw.

10. The editor had a bad day and rejected everything that crossed his or her
desk.

The Value of Networking

Over and above writing a great paper that pushes the envelop of scientific
knowledge, what else can you do to increase your chances of getting it published?
And what can you do to increase your chances of being invited to participate in
symposia, write chapters in edited books, and do book reviews. My answer is
simple—network with colleagues. When I was chair of the Fellows Committee for
Division 5 (Evaluation, Measurement, and Statistics) of APA, I remember visiting
with a distraught lady whose application for fellow status had been rejected. She
couldn’t understand why. She had done some creditable work in areas related to
Division 5. However, I had never seen her at a Division 5 business meeting. She
admitted that she hadn’t attended any Division 5 programs at the last convention
nor had she ever volunteered to review papers for Division 5 or serve on a Divi-
sion 5 committee. Some people become fellows in Division 5 without doing any
of these things, but networking helps. One of the best places to network is at the
society’s business meeting. Volunteer to be on a committee, and volunteer to
review convention submissions. At conventions, spend some time at the booths of
companies that publish in you area. Tell the acquisition editor that you are inter-
ested in reviewing manuscripts in your area of expertise. When a publisher’s
representative calls on your school, let him or her know that you are willing to
review manuscripts. I could go on, but I think that you get the point. Networking
is important.

Maximizing Your Return On Investment

In closing, I want to share some advice that I give to all of my students. It is
probably the most important advice I give. From any piece of research, you



GETTING PUBLISHED

233

should try to get at least three products. Don’t get me wrong. I am not encourag-
ing you to chop up your research into the smallest publishable units. I am suggest-
ing that if you have completed a dissertation, for example, also prepare a conven-
tion poster, and a journal article. That gives you three products for your research
efforts. Depending on the convention, you also may get into the convention
proceedings. That is four products. Most of us spend a great deal of time and
energy on each research project. To advance in the academy, you need to maxi-
mize the return on your investment.

Notes

1.  This article is based on an address I presented at a workshop conducted by the
Society for Applied Multivariate Research at the annual meeting of the South-
western Psychological Association in Memphis, TN.

Correspondence concerning this article should be addressed to Roger E. Kirk,
Baylor University, Waco, Texas 76798-7334. Electronic mail can be sent to
Roger_Kirk@baylor.edu.
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