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Marginal effects can be used to express how the predicted prob-
ability of a binary outcome changes with a change in a risk factor.
For example, how does 1-year mortality risk change with a 1-year
increase in age or for a patient with diabetes compared with a
patient without diabetes? This approach can make the results more
easily understood. Marginal effects often are reported with logistic
regression analyses to communicate and quantify the incremental
risk associated with each factor.?

In a 2013 article in JAMA Psychiatry, Cummings et al® studied
factors that predicted access to outpatient mental health facilities
that accept Medicaid. Their main outcome had 3 categories, which
were labeled “no access,” "some access,” and “good access.” An or-
dered logistic regression model was developed and results were pre-
sented as the change in the probability of each outcome for a change
in certain demographic factors.

Use of Marginal Effects

Why Are Marginal Effects Used?

There are several ways to express the strength of the association be-
tween arisk factor and a binary outcome from a logistic regression.
One popular approach is the odds ratio (OR).* The odds are the ra-
tio of the probability that an outcome occurs to the probability that
the outcome does not occur. The ratio of the odds for 2 groups—
the OR—is often used to quantify differences between 2 different
groups; eg, treatment and control groups. Another approach is the
risk ratio, which is the probability that the outcome occursinthe pres-
ence of the risk factor divided by the probability that the outcome
occurs in the absence of the risk factor. Risk ratios are often easier
to use in clinical practice than are ORs.**

A third alternative is the marginal effect, which is the change in
the probability that the outcome occurs as the risk factor changes
by 1unit while holding all the other explanatory variables constant.
When the risk factor is continuous (eg, age), the change in the
probability that the outcome occurs that is associated with a 1-unit
change in the risk factor has been called a marginal effect. When
the risk factor is discrete (eg, presence or absence of diabetes), the
change has been called an incremental effect. In this article, the
term marginal effect represents this strength of association mea-
sure in both instances.

What Are Marginal Effects?

Of the 3 approaches, marginal effects are the most intuitive
because they are expressed as the change in the predicted prob-
ability that the outcome occurs that is associated with a 1-unit
change in the risk factor. Unlike ORs, it is easier to compare mar-
ginal effects across different studies because they are less sensi-
tive to the statistical model conditions that influence the reported
values of ORs.® Marginal effects depend on the values of the
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other explanatory variables and will not be the same for all mem-
bers of a group.

For example, consider a linear regression analysis predicting
body weight in pounds from a person’s height measured in inches.
If the regression coefficient is 5, it means thata1-inincrease in height
is associated with a 5-Ibincrease in weight. In thisinstance, the mar-
ginal effect of the 1-unit change in the risk factor, height, is how it
changes the predicted outcome, weight in pounds. Thisiis true in lin-
ear regressions unless the predictors included in the model in-
cludes higher powers of the risk factors (eg, age and age squared)
or interactions among the explanatory variables (eg, 2 explanatory
variables multiplied together). Inasimple linear regression (eg, with-
out interactions between predictors), this marginal effect is con-
stant across all values of the risk factor. For instance, a change in
height from 5 ft 8into 5 ft 9 in has the same predicted effect as does
achange from 6 ft 3 in to 6 ft 4 in. The marginal effect is also con-
stantacross all values of the other explanatory variables, such as age
or presence of diabetes.

In a nonlinear model like logistic regression, the marginal ef-
fect of the risk factor is an informative way to answer the research
question—how does a change in a risk factor affect the probability
that the outcome occurs? In logistic regression, neither the mar-
ginal effect nor the OR is the same as the regression coefficient. In-
stead, the marginal effect reflects the nonlinear function on which
the logistic regression model is based. Logistic regression ensures
that predicted probabilities lie between O and 1, even for extreme
values of a continuous risk factor, by modeling the relationship as a
curve that fits between O and 1. Thus, the marginal effect of a 1-unit
increase in age is not constant. The marginal effect will be small when
the probability of the outcome is close to O or 1and relatively large
when the probability is close to 0.5. Because the values of the other
covariates change the predicted probabilities, the marginal effect
of any covariate depends on the value of other covariates in the
model. For example, the marginal effect of a 1-unit increase in age
may depend on whether the study participant is a man or a woman,
even without including an interaction term between sex and age.”
The variability in marginal effects makes intuitive sense because it
is expected that the effect of arisk factor on the outcome is hetero-
geneous; ie, different effects for different values of the risk factor
and other explanatory variables.

Inlogistic regression, there is no single marginal effect for the en-
tire sample of individuals, so analysts must choose how to present mar-
ginal effects. The most common way is to report the average mar-
ginal effect across all persons in the data set, knowing that it is larger
for some individuals and smaller for others. A second way is to report
the marginal effect calculated at the means of all covariates. This can
lead to a challenging interpretation; for instance, an estimated mar-
ginal effect of arisk factor for a person who is 50% pregnant or 20%
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diabetic. A third way is to report the marginal effect for an individual
with a specific set of characteristics; for example, the effect of aniin-
tervention on pregnant patients with diabetes.

An important advantage of marginal effects over ORs is that
estimated marginal effects are less sensitive than ORs to inclusion
of different sets of explanatory variables and estimation based on
different samples of data.* The sensitivity of ORs and marginal
effects to different model specifications and data sets was
reviewed by Norton and Dowd.®

What Are the Limitations of Marginal Effects?
Marginal effects vary across individuals, so it is important to pre-
sent reported marginal effects in context by comparing the mar-
ginal effects with the magnitude of the baseline risk. For example,
a change in probability of 1% may seem small if the baseline risk is
80% but may be large for a rare outcome (eg, baseline risk of 2%).

Care must be exercised when reporting marginal effects from
case-control studies.® In this type of model, the sample proportions
of the outcome values are not representative of the population.®
Simple logistic models cannot provide either a meaningful marginal
effect or ameaningful risk ratio from a case-control study, so ORs are
the appropriate measures of association in this setting.

Until recently, it was challenging to compute marginal effects
from logistic regressions and other nonlinear models such as or-
dered logistic, Poisson, negative binomial, and conditional logistic
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models. In recent years, standard statistical packages have added
commands that make it easier to generate marginal effects, includ-
ing the margins command in Stata and the margins package in R.

How Should the Marginal Effects be Interpreted

in Cummings et al?

Cummings et al® described how changes in 4 county-level charac-
teristics would change the predicted probability of either having
no access or having good access to mental health outpatient treat-
ment facilities that accept Medicaid (see Table 2 in the article®).
For example, an increase of 31 percentage points in the fraction of
the county population living in a rural community (the standard
deviation of that variable) would on average increase the probabil-
ity of no access to mental health care by 27.9 percentage points
(baseline risk = 34.8%) but would also increase the probability of
good access by 3.4 percentage points (baseline risk = 20.2%),
holding the effect of other explanatory variables constant. Such
a change in rural population therefore would decrease the prob-
ability of some access, the third possible outcome, by 31.3 per-
centage points (27.9 + 3.4).

Marginal effects are a useful way to describe the average ef-
fect of changes in explanatory variables on the change in the prob-
ability of outcomes in logistic regression and other nonlinear mod-
els. Marginal effects provide a direct and easily interpreted answer
to the research question of interest.
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