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Clinical research focuses on the relation-
ship between one or more independent
variables and somedependent variable or
outcome chosen to reflect some under-
lying process. For categorical variables,
the research may either be focused on a
specific end point such as myocardial
infarction (MI) or on an underlying con-
struct such as vascular disease (withMI as
just one exemplar). In the latter instance,
a composite index such as major adverse
cardiovascular event (MACE), defined as
either a nonfatal stroke, nonfatal MI, or
cardiovascular death, may be used.
Composite categorical outcomes such as

MACE optimize power by ensuring a high
event rate, and the results they yield are
generalizabletodiseasesthatareconsistent
withtheunderlyingconstruct. It istherefore
surprising that there is no widely used
method to combine continuous variables
into composite continuous outcomes. Nev-
ertheless, there is a clear need for such a
methodology when the underlying con-
struct cannot be easily captured by one
measurement. Glucose control is an exam-
ple of a construct that can be assessed in
many ways, including fasting or postpran-
dial plasma glucose, HbA1c, fructosamine,
or “time in target.” A composite of two or
more of these could provide a better re-
flection of glucose control than any one
alone. Whereas sophisticated statistical

techniques such as structural equation
modeling (1) can be used to model some
underlying construct or latent variable
from two or more measurements, a sim-
plerwayof combining them into an index
that reflects the underlying construct
could provide a powerful tool for both
researchers and clinicians. Such an ap-
proach is described below.

Whenthesamemeasurementsaremade
using the same scale, the arithmetic mean
provides a more precise estimate than any
one measurement alone. The challenge
ariseswhendifferentmeasurements (e.g.,
heart rate and body temperature) are
usedtomeasuresomeunderlyingconstruct
(e.g., illness severity) using different scales.
In this instance, an arithmetic mean is
nonsensical. This is usually managed by
converting the measurements into stan-
dardized Z scores (2) after ensuring that
they are normally distributed (or are trans-
formed to a normal distribution) (3). Thus,
if a person’s heart rate Z score is 1.1 and
body temperature Z score is 0.9, the arith-
metic mean of those two Z scores may
better reflect the construct of illness se-
verity than either Z score alone. Clearly, all
component measurements must have
the same directional relationship with
the underlying construct, and any that
have inverse relationships need to be
reverse-scored before being combined.

A simpler approach is to calculate the
geometric mean of the nmeasurements
being combined. The geometric mean is
simply thenth rootof theproductof then
measurements (Supplementary Fig. 1)
and can be understood as a function
that reflects the multiplicative relation-
ship between the components. Thus, for
the geometric mean of measurements
“a” and “b,” something that increases “a”
by some relative amount (e.g., two- or
threefold) will yield the same geometric
mean as something that increases “b” by
the same relative amount. Therefore, in
contrast to the arithmeticmean, it canbe
used to combine measurements from
scales with different distributional prop-
erties and represents an easy-to-calculate
composite index of n disparatemeasures
that eliminates the need for standardi-
zation before combining them.

The geometric mean can therefore
reflect many aspects of some underlying
construct, is simple to calculate, and
reduces the need for complex multi-
variable analyses. Limitations (Table 1)
include the inability to calculate a geo-
metric mean when either the product of
the component variables is a negative
number (since the nth root of a negative
number is an imaginary number) orwhen
the value of any of the components is
0 (because it would return a geometric
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mean of 0). They also include ensuring
that the components of the geometric
mean are all either positively or nega-
tively related to the underlying construct
and that themeasurements are normally
distributed or can be transformed to ap-
proximate a normal distribution.
Some clinically relevant potential compos-

ite indices that could be constructed by
calculating geometric means of continuous
variablesarenoted inSupplementaryTable1.
Data from the Outcome Reduction

With Initial Glargine Intervention (ORI-
GIN) trial (4) were used to estimate indices
reflecting three disease constructs.
These included the fasting plasma glu-
cose and HbA1c levels for the degree of
dysglycemia (available for 12,345 peo-
ple), the urine albumin-to-creatinine ra-
tio (ACR) and the estimated glomerular
filtration rate (eGFR) for renal disease
(available for 12,187 people), and the
Mini-Mental State Examination and the
Digit Symbol Substitution Test scores for
cognitive status (available for 3,676 peo-
ple). Because the ACR and eGFR have
opposite relationships to renal disease,
the reciprocal of eGFR was used. All
variables were natural log (ln)-transformed.
TheACRandreciprocalofeGFRwereboth
multiplied by 1,000 prior to this trans-
formation to avoid ln-transformed val-
ues that were either 0 or negative. Each
participant’s ln-transformed value for
each variable was then converted to a
Z score, and the mean of the two Z scores
was calculated and compared with each
participant’s geometric mean using a

quantile-quantile plot. All analyses
were done using SAS (version 9.4),
and figures were drawn using R (version
4.00).

Mean values of the ln-transformed
measurementsofeachof thesevariables,
the arithmetic means of the index de-
rived fromthe twoZ scores, and the index
derived from the geometric mean of the
ln-transformed variables are listed in
Supplementary Tables 2 and 3. The quan-
tile-quantile plots of these two indices
(Supplementary Fig. 2) demonstrate that
higher quantiles of the geometric mean
reflect higher quantiles of the mean of
the two Z scores.

These examples illustrate that the
geometric mean of different measure-
ments of an underlying disease construct
has the same ordinal relationship as the
arithmetic mean of the standardized
scores of these measurements. The facts
that the examples were based on differ-
ent types of measurements reflecting
different health-related states and that
they used data collected as part of a large
trial suggest that the findings are robust
and generalizable. This implies thatwhen
more than onemeasurement is available
that reflects some underlying health
state, and when the measurements all
satisfy the conditions in Table 1, they can
be combined into an index by computing
their geometric mean. This index can
then be used as either a dependent
variable (i.e., outcome) or independent
variable (risk factor or covariate) in sub-
sequent analyses.

This approach reduces the number of
variables that need to be included in
analyses and combines information from
different aspects of an underlying health
state into one single index. The perfor-
mance characteristics of each index cre-
ated in this way, aswell as any thresholds
for classifying people with or without
disease, would clearly need to be eval-
uated in a variety of databases. Never-
theless, the geometric mean represents
a novel and simple way of creating com-
posite indices from continuous data that
is likely to promote new insights and
identify new health-related outcomes
and risk factors.
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Table 1—Prerequisites for calculating the geometricmean of two ormore variables
c No variable can have a value that is negative or 0, or be missing.

c The component variables should all be different measurements of the same underlying
construct.

c Component variables should have near-normal distributions or be transformed so that they
follow near-normal distributions.

c Variables to be combined must have the same directional relationship with the underlying
construct, such that all are positively or negatively correlated with the underlying construct;
when component variables have inverse relationshipswith the construct, the reciprocal or the
complement of all of the positively or negatively correlated variables should be used to
calculate the geometric mean.
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