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a b s t r a c t
Background: Characterizing the effects of physical activity (PA) and cardiorespiratory ﬁtness (CRF) on mortality is
challenging because the causal relationship between PA, CRF, and other cardiovascular risk factors is unclear.
Methods: To better understand the effects of PA and CRF on mortality, we re-analyzed data from 42,373 participants in the Aerobics Center Longitudinal Study (ACLS) using a modiﬁed version of VanderWeele's four-way
causal effect decomposition method. The method was applied to decompose the causal effects of PA and CRF
on median time to death into parts reﬂecting mediation, interaction, mediated interaction, and neither interaction nor mediation.
Results: We found that 67% of the effect of PA on mortality was mediated by CRF, while the effect of CRF was not
signiﬁcantly mediated by PA. The effects of both PA and CRF were mediated to a small extent by hypertension and
diabetes. There were no meaningful interactions.
Conclusions: Our ﬁndings strengthen the evidence that the beneﬁt on mortality from PA is largely mediated by its
effect on CRF, and support efforts to increase longevity by encouraging PA.
© 2019 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
The Aerobics Center Longitudinal Study (ACLS) was a prospective
observational study of men and women who were clinically examined
at the Cooper Clinic in Dallas, TX to ascertain a number of baseline
cardiovascular (CV) risk factors, including physical activity (PA) and
cardiorespiratory ﬁtness (CRF). In 2011, Lee et al. analyzed data from
the ACLS to “deﬁne more clearly the beneﬁts of PA and CRF to reduce
mortality risk,” with the hope that the information “may be useful in
developing future PA guidelines” [1]. The authors used Cox regression models to assess the effect of both PA and CRF on mortality,
adjusted for age (years), year of baseline examination, body mass
index (BMI, kg/m2), smoking status (never, former or current), presence or absence of hypertension, diabetes, hypercholesterolemia and
parental cardiovascular disease (CVD) at baseline. In these models,
CRF had a larger protective effect compared to PA. The risk ratio
(RR, with 95% CI) for high vs low CRF was 0.56 (0.47 to 0.65) in
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men, and 0.59 (0.40 to 0. 85) in women, whereas the RR for recommended versus inactive PA was 0.87 (0.77 to 0.99) in men and 0.83
(0.59 to 1.15) for women. The authors concluded that “CRF was
more strongly associated with all-cause mortality than PA.” [1] Based
on the seminal work of Baron and Kenny [2], the study then assessed
what the authors termed the “independent effects” of PA and CRF, deﬁned as the effect of each variable adjusted for all the above variables
and also adjusted for the other exposure variable, i.e., PA adjusted for
CRF, and CRF adjusted for PA. In these models, the effect of CRF
remained nearly the same in both men and women. However, the effect
of PA was essentially eliminated in both men (RR = 1.05, 95% CI = 0.91
to 1.20) and women (RR = 0.95, 95% CI = 0.67 to 1.35). The authors
concluded, “it is likely that the effect of PA on mortality is mediated
largely by CRF.” [1]
While the data from Lee et al. [1] are consistent with their conclusions, they are also consistent with several other types of causal
relationships, including interactions between variables and other mediation mechanisms. The relationship between PA and CRF is complex; one
may mediate the other, but they may also interact to affect mortality.
Most existing statistical methods assess either mediation or interaction
(i.e., effect modiﬁcation), but not both simultaneously, which could
lead to interpretation of effect modiﬁcation as mediation and vice
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versa. For example, Lee et al.'s results could also be explained if PA affects
mortality differently in those who have high baseline CRF and those who
have low baseline CRF, or if PA decreases the probability of diabetes
(or hypertension or hypercholesterolemia) which, in turn, improves CRF.
In 2014, VanderWeele introduced a technique for decomposing
the effects of exposure into four components reﬂecting mediation,
interaction, both mediation and interaction, and neither mediation nor
interaction [3]. While intuitively appealing, it has not been widely
applied in analyzing real data. In this paper, we adapted the four-way
decomposition method to reanalyze the data from the ACLS with the
goal of characterizing the direct and indirect effects of PA and CRF
on time to death. We present the results of this novel analysis, and
discuss how the individual components of the decomposition can be
interpreted in a cardiovascular risk management context.
Methods
Population
As described by Lee, et al. in 2011 [1], the ACLS was a prospective
observational study of men and women who received preventive medical examinations during 1978–2002 at the Cooper Clinic in Dallas, TX.
Among 50,244 participants aged 20–82 years at baseline, relatively
healthy participants were included in this analysis (31,818 men and
10,555 women). The details of the participant demographics and measurements are outlined previously [1]. In brief, the participants were
generally college graduates, non-Hispanic White, and middle to upper
socioeconomic status. All participants underwent a standardized clinical
evaluation by trained personnel including a medical history questionnaire and physical evaluation along with an exercise test, body composition assessments, blood pressure measurements, ECG, fasting blood
chemistry analysis. There have been over 300 publications based on
these data.
The main exposure variables for our analysis were PA and CRF. PA
was assessed using a validated self-report questionnaire on leisuretime or recreational activities during the past 3 months [4]. The
intensity of the activities were estimated via speed-speciﬁc or activity-

speciﬁc metabolic equivalent (MET) values from the Compendium of
Physical Activities [5]. The MET value was then summed for all activities
over a week to obtain MET-minutes/week of PA, which is the principal
metric used in the 2008 PA Guidelines [6]. Participants were classiﬁed
as either “inactive” (0 MET-minutes/week), “insufﬁcient” (1–499
MET-minutes/week) or “recommended” (≥500 MET-minutes/week).
CRF was deﬁned as the total duration of a maximal treadmill test
using a modiﬁed Balke protocol [7]. Details of the test have been
published previously [4]. Participants were assigned to one of three
ﬁtness categories; low (least ﬁt 20%), moderate (next ﬁt 40%), or high
(most ﬁt 40%), based on cut-points derived from age- and sex-speciﬁc
treadmill time distributions in the ACLS population, as published previously [8]. CRF was further dichotomized into “unﬁt” (low ﬁtness) or “ﬁt”
(moderate or high ﬁtness).
The main outcome of the study, and for our analysis, was all-cause
mortality. Mortality follow-up was completed until the date of death
for descendants or 31 December 2003 for survivors using the National
Death Index. There were 1492 (469 per 10,000) and 230 (218 per
10,000) deaths in men and women, respectively.
Analysis
Our analyses were guided by two theoretical causal diagrams
(Fig. 1a and b) reﬂecting competing hypotheses about the relationship
between PA, CRF, and mortality. Fig. 1a reﬂects the hypothesis that
CRF mediates the effect of PA on mortality, while Fig. 1b reﬂects the
hypothesis that PA mediates the effect of CRF on mortality. Both ﬁgures
include “upstream variables,” deﬁned as those that could not have been
the result of PA or CRF, i.e., sex, age, year of baseline measurement,
smoking status, and parental CVD. We adjusted for these variables in
our analyses. Since BMI could be affected by PA, and/or PA could affect
BMI, we ran the primary analysis with and without BMI (under or normal weight: b25; overweight: BMI = 25–29.9; obese: BMI ≥ 30 kg/m2)
in the model and found that the results were similar. Hence, we chose to
also include BMI in our models as an upstream variable. In addition to
PA, CRF, mortality, and upstream variables, Fig. 1a and b also include
“downstream” variables (denoted in gray) which could plausibly be

Fig. 1. a: Potential causal diagram on mortality with CRF serving as a mediator of PA. The causal relationships between upstream variables themselves is not displayed to improve clarity. All
upstream variables need to be adjusted for unless one is willing to assume that 100% of the effect of one upstream variable was mediated by the other upstream variables. b: Potential
causal diagram on mortality with PA serving as a mediator of CRF.
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impacted by PA/CRF: presence of hypertension (HTN, systolic or
diastolic blood pressure ≥ 140/90 mmHg or history of hypertension),
diabetes mellitus (DM, fasting glucose ≥126 mg/dL, current therapy
with insulin or history of diabetes) and hypercholesterolemia (total
cholesterol ≥240 mg/dL or history of hypercholesterolemia). These
downstream variables represent alternate pathways through which
the effects of PA and CRF on mortality could be mediated, and hence,
as explained below, they may play an important role in estimating the
causal effects of PA and CRF. The dotted arrows indicate paths mediated
by CRF (Fig. 1a) and PA (Fig. 1b); dashed arrows indicate paths not
mediated by PA and CRF.
To assess effect modiﬁcation and mediation for PA and CRF, we
adapted VanderWeele's method which decomposes the effect of an
exposure on an outcome into four main components: a Controlled
Direct Effect (CDE), a Pure Indirect Effect (PIE), a Reference Interaction
Effect (INTref) and a Mediated Interaction Effect (INTmed) [3]. The
CDE quantiﬁes the causal effect of exposure when the mediator is
ﬁxed at an arbitrary value, while the PIE quantiﬁes the causal effect
of the mediator when the exposure is ﬁxed. The sum of the four
components is the Total Effect (TE), and the components can be combined to estimate and make inference about the percent of the total
effect of PA or CRF which is due to mediation (% mediated = 100 ×
[INT med + PIE] / TE) and to interaction (% interaction = 100 ×
[INTmed + INTref] / TE). To extend the method to the right-censored
time-to-death outcome in our application, we used parametric accelerated failure time (AFT) regression models. Unlike the semiparametric
Cox proportional hazards models used by Lee et al. [1], which estimate
the relative instantaneous hazard of death, AFT models estimate the
relative median time to death. Also in contrast to Cox models, in AFT
models protective exposures (e.g., higher CRF) are indicated by risk
ratios N1, corresponding to an increased median time to death. All analyses were performed in R [9]. Code for implementing the four-way
decomposition is available at: [removed for blinding purposes].
Key to VanderWeele's method is the estimation of the “direct” and
“indirect” effects of exposure on outcome. Indirect effects are those
which are mediated by another variable on the causal pathway between
exposure and outcome, while direct effects are those which are not
mediated by that variable. Note that indirect and direct effects are
speciﬁc to an exposure-mediator pair; it is possible (indeed, likely)
that the “direct” effect of exposure which bypasses a given mediator is
in fact mediated by other variables in the system. We therefore
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estimated mediation and interaction effects of each exposuremediator pair by omitting primary and downstream variables other
than that pair from the analysis. For example, to assess whether hypertension mediates the effect of PA on mortality, we omitted CRF, diabetes, and hypercholesterolemia from the model. Then, the indirect
effect captures the effect of PA on mortality acting via hypertension,
and the direct effect reﬂects a combination of all the other paths from
PA to mortality (including via CRF, diabetes, hypercholesterolemia,
and any other omitted variables).
This approach is valid if Fig. 1a and b accurately reﬂect the causal
relationships between the primary, upstream, and downstream variables and mortality. However, these ﬁgures do not reﬂect the possibility
that the downstream variables could be associated with the mediator.
As described in existing literature [10], the presence of variables
affected by exposure is potentially problematic if they are confounders
of the relationship between the mediator and mortality; in this case,
they lie on both the direct path (since they are affected by exposure,
but omitted) and indirect path (since they are associated with the
mediator) from exposure to outcome. Therefore, they must convey
information about different exposure settings simultaneously, a phenomenon which has been termed the “recanting witness problem”
[10]. When the recanting witness problem occurs, the components of
the four-way decomposition cannot be validly estimated from data
without additional assumptions. This issue is addressed at greater
length in the Discussion.
Results
Table 1 shows the decomposition of the effects of PA and CRF
on mortality into mediated and interaction effects. After adjusting for
all upstream variables, recommended PA (vs. insufﬁcient/inactive)
was associated with a 9% (95% CI: 3%, 15%) increase in median time to
death compared with individuals in the insufﬁcient or inactive category.
Decomposition analysis found that 67% (95% CI: 27%, 388%) of the effect
of PA was mediated by CRF, and a small percentage of the effect of PA
was mediated by HTN (5%, 95% CI: 2%, 18%) and Diabetes (3%, 95% CI:
1%, 10%). There was no statistically signiﬁcant interaction between PA
and CRF, HTN, DM, or hypercholesterolemia. Regarding CRF, those
who were “ﬁt” (vs unﬁt) had a 33% increase in the median time to
death (95% CI: 25%, 41%). A small amount of the effect of CRF was mediated by HTN (7%, 95% CI: 5%, 10%) and DM (4%, 95% CI: 1%, 7%). There

Table 1
Adjusted, mediated and interaction effects of PA and CRF on mortality.
Exposure

Mediator/
interacting variable

Adjusted effect
of exposurea

% Mediated

% Interaction

Physical activity
(Recommended vs. Insufﬁcient/Inactive)

(None)

1.09
(1.03 to 1.15)
1.02
(0.96, 1.08)
1.08
(1.02, 1.14)
1.08
(1.03, 1.15)
1.09
(1.03, 1.15)
1.33
(1.25 to 1.41)
1.32
(1.24, 1.40)
1.30
(1.22, 1.38)
1.31
(1.23, 1.39)
1.32
(1.25, 1.41)

N/A
N/A
67%
(27%, 388%)
5%
(2%, 18%)
3%
(1%, 10%)
1%
(−2%, 6%)
N/A
N/A
2%
(−8%, 9%)
7%
(5%, 10%)
4%
(1%, 7%)
1%
(−0%, 2%)

N/A
N/A
−14%
(−1103%, 195%)
14%
(−24%, 72%)
1%
(−13%, 22%)
4%
(−31%, 77%)
N/A
N/A
−2%
(−30%, 20%)
2%
(−7%, 11%)
1%
(−1%, 3%)
−1%
(−11%, 7%)

Cardiorespiratory Fitness
Hypertension
Diabetes
Hypercholesterolemia
Cardiorespiratory ﬁtness (Fit vs. Unﬁt)

(None)
Physical Activity
Hypertension
Diabetes
Hypercholesterolemia

All analyses are adjusted for age, sex, year of study entry, smoking, family history of CVD, and BMI.
a
Expressed as ratio of median time to death for high vs. low level of exposure (Recommended vs. Insufﬁcient/Inactive for PA, Fit vs. Unﬁt for CRF). Estimated from an accelerated failure
time regression model for time to death.
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was no statistically signiﬁcant interaction between CRF and PA, HTN,
DM, or hypercholesterolemia. Fig. S1 in the Supplementary Materials
provides estimates of the total effects of PA and CRF along with the
components of the four-way decomposition.
In the Supplementary Materials, Table S1 summarizes a sensitivity
analysis wherein the four-way decomposition analyses from Table 1
are repeated, but with other potential mediators included as confounders instead of omitted. The estimated % mediation and % interaction are very similar to the original results, but with substantially
wider conﬁdence intervals. Table S2 reinforces the ﬁndings in Table S1
by showing the % mediation and % interaction for HTN, DM, and hypercholesterolemia viewed as exposures. The only % mediation values that
are statistically signiﬁcant are small in magnitude (b10%), suggesting
that the pathways carrying the indirect effects of PA and CRF include
only a single mediator. In Tables 1, S1, and S2, some of the % Mediated
and % Interaction estimates have very wide conﬁdence intervals with
endpoints beyond ±100%, due to the fact that these quantities represent ratios of estimates that can vary substantially when the total effect
of exposure is small.
Discussion
Our study reanalyzed data from the Aerobics Center Longitudinal
Study to quantify the contributions of mediation and interaction in
explaining the effects of PA and CRF on mortality. The results of our
re-analysis were qualitatively consistent with the ﬁndings of Lee et al.
[1] We found that PA had a much smaller effect than CRF on mortality:
those who were physically active had a 9% higher median time to death
than those who were insufﬁciently active or inactive, while those who
were ﬁt had a 33% higher median time to death as compared with
those who were unﬁt. Using the four-way causal effect decomposition
method of VanderWeele [3], we found that approximately two-thirds
of PA's effect on mortality was mediated by its effect on improving
CRF. In contrast, PA was not a meaningful mediator of the effect of CRF
on mortality. We also found that a small proportion of the beneﬁt of
PA was via mediated effects through decreasing HTN and DM. Similarly,
a small proportion of the beneﬁt of higher CRF was via decreasing
hypertension, DM and hypercholesterolemia. We found no statistically
signiﬁcant interactions with any of the main covariates on the effects
of PA or CRF.
While qualitatively similar, our results bring additional insight
to those reported in Lee et al. [1] by providing evidence for or against
particular mechanisms of action for PA and CRF that cannot be distinguished using the traditional Baron and Kenny [2] approach to assess
mediation. Our ﬁndings are consistent with the causal diagram in
Fig. 1a, and inconsistent with Fig. 1b as well as other alternative
causal mechanisms. For example, our results argue against the hypothesis that PA's effect on CRF is itself mediated via DM (or HTN or hypercholesterolemia), since only a small fraction of the effect of PA on
mortality was mediated by DM/HTN/hypercholesterolemia whereas
67% was mediated by CRF. Further, our analyses suggest little interaction between CRF or PA and these other variables. In estimating the
separate mediating effect of each variable of interest, we excluded
other potential mediators from our statistical models, but this omission
could be problematic if the omitted variables confound the mediatoroutcome relationship. However, sensitivity analyses showed that
including potential mediators as confounders had a minimal impact
on the results.
Beyond the usual ignorability (“no unmeasured confounders”)
assumption, our analysis relies on the assumption that no confounders
of the mediator-outcome relationships are themselves affected by exposure (i.e., no “recanting witnesses”) [10]. Fig. 1a and b omit arrows
connecting the mediators, including CRF (in 1a), PA (in 1b), hypertension, diabetes, and hypercholesterolemia. Fig. S2a and b show diagrams
representing these scenarios, for example where hypertension is
affected by PA and affects both CRF and mortality. While this is certainly

a theoretical concern since direct and indirect effects are not welldeﬁned when there are recanting witness variables, in our data the
indirect effects of PA via hypertension, diabetes, and hypercholesterolemia are relatively modest, suggesting that these three variables
are not highly inﬂuential recanting witnesses for the relationship
between PA and mortality. Similarly, the indirect effects of CRF are
negligible via all candidate mediators, hence it is unlikely that PA
acts as an inﬂuential recanting witness for the relationship between
CRF and mortality. One approach that avoids the recanting witness
problem is to estimate slightly different causal quantities called the
randomized intervention estimates [11]. However, the randomized
intervention analogues of CDE, PIE, INTref and INTmed are difﬁcult to
interpret in a clinical context since they require imagining that
each individual can be assigned any value of the mediator chosen
at random from its conditional distribution given exposure. Further,
the randomized intervention interpretation is valid only if the exposure and recanting witness do not interact to affect the mediator, an
assumption which may be implausible.
Vanderweele's four-way decomposition involves the Controlled
Direct Effect (CDE) and Pure Indirect Effect (PIE), which differ from
the so-called “natural” direct and indirect effects that others have
argued are more clinically interpretable [12] but do not distinguish
effects of mediation and interaction. While we display the estimates
of CDE, PIE, INTref and INTmed to allow different combinations and
therefore calculation of these effects [reference: uniﬁcation paper],
the primary conclusions from our data analysis are based combinations that on the % mediated and % interaction, quantities that combine components of the four-way decomposition to yield more
interpretable quantities. For example, % mediated is based on PIE +
INTmed which equals the Total Indirect Effect, a type of natural effect.
While % mediated and % interaction could be estimated from separate models involving simpler decompositions, one advantage of
applying the four-way decomposition method is that it provides a
uniﬁed framework for estimation and inference on both quantities
simultaneously.
Our re-analysis was limited by the fact that PA, CRF, other potential mediators and covariates were only assessed at baseline, and
could be subject to measurement error. Any changes made after
the initial assessment (for example, someone who was inactive at
baseline and then became active later) were not captured; had longitudinal measurements of these variables been available, our analysis
would have to be modiﬁed to account for time-varying confounding
[13], but we are not aware of any existing techniques to do this. The
measurement of PA was via self-report rather than with objective
monitors that have become more prevalent since these data were
gathered. Self-reported PA undoubtedly has errors, with many
people over-reporting their amounts of activity [14]. Also, the measurement of PA focused on leisure-time PA and did not include
assessment of PA at home, during work or via active commuting.
Since the population of the study was disproportionately in executive or other advanced professional positions (another limitation
when applying our results to the general population), leisure-time
PA likely made up the majority of daily PA. Finally, CRF was assessed
via time on a treadmill rather than direct VO2max testing. Treadmill
time may be affected by issues such as age, gender, body weight,
medical condition, and motivation. Due to the nature of the decomposition approach, continuous-valued exposures and mediator variables were dichotomized, and the results could change if different
dichotomization thresholds were used.
One interpretation of our ﬁndings is that since PA has a smaller total
effect than CRF, and since PA's effect is strongly mediated by CRF, then
PA is of lesser importance than CRF. However, the key question for a
patient is “what can I do to live a longer life?” Thus, the important
question may not be which has the largest total effect (approximately
25–50% of CRF seems to be due to genetic makeup) [15], nor which
has the largest independent effect. Rather the important question may
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be, what can or cannot be modiﬁed and by what means? Since PA is certainly modiﬁable and increasing PA the best way for a person to modify
CRF given their genetic makeup, our ﬁndings support efforts to design
and implement interventions that increase PA.
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