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definitions and download the shapefiles 
that correspond with their data needs.

To illustrate this solution, simu-
lated data were created for a hypotheti-
cal disease outbreak in Philadelphia, 
PA for 2010, including case date, case 
address, and other covariates. This data-
set was built from a random sample of 
public business addresses in Philadelphia 
(n = 166), each corresponding to a ficti-
tious disease case. The addresses were 
then geocoded to latitude and longitude, 
and serve as the starting point for the strat-
egy described herein. Next, TIGER/Line 
shapefiles were retrieved for 2010 (the 
hypothetical outbreak year) for Philadel-
phia County, Pennsylvania and used for 
mapping the latitudes and longitudes to 
their respective census tracts via the tract-
Lookup algorithm defined in the eAppen-
dix (http://links.lww.com/EDE/A876). 
The shapefiles were further used to plot 
a map (Figure), color-coded according to 
the number of incident cases per census 
tract (code also available in eAppendix, 
http://links.lww.com/EDE/A876).

This strategy has important limita-
tions. First, when analysis datasets span 
multiple years, census tract geography 
may change if a decennial census was 
conducted in the middle of the dataset 
year. Although the census tract map-
ping algorithm uses only a given year’s 
shapefiles (eg, first, last, or midpoint in 
the study period), information bias may 
be induced as individual cases which 
may be incorrectly aggregated. Second, 
the simulated dataset used herein con-
tained public business addresses; for 
actual case addresses, privacy concerns 
exist. For example, geocoding through 
Google Maps Application Programming 
Interface sends the address to Google’s 
servers. While the address can be sent 
securely, Google’s privacy policy indi-
cates that the address may be stored on 
their servers. Local institutional review 
boards need to be consulted before 
undertaking such an analysis.

In short, this solution allows for 
the researcher to resolve census-defined 
regions without need for an external paid 
utility, and create powerful maps for pre-
sentation or publication.
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variable and an outcome variable and 
examines the role of an intermediate fac-
tor, the mediator. Such an analysis can 
help explain biological and social mecha-
nisms and inform policy making. In 2013, 
we released a SAS (SAS Institute Inc, 
Cary, NC) macro for causal mediation 
analysis for binary, continuous and count 
outcomes, and binary and continuous 
mediators,1 implementing the regression-
based results of VanderWeele and Vanstee-
land,2,3 and Valeri and VanderWeele1 for 
natural direct and indirect effects.4–6 Here, 
we have extended the SAS macro for 
mediation analysis to survival outcomes.

The methods for causal mediation 
analysis yield valid inferences for natural 
direct and natural indirect effects under the 
assumptions that the measured covariates 
control for confounding of the (1) expo-
sure–outcome, (2) mediator–outcome, and 
(3) exposure–mediator relations, and (4) 
that none of the mediator–outcome con-
founders are affected by the exposure. The 
methods also require correct specification 
of the model for the outcome given expo-
sure, mediator and confounders, as well 
as correct specification of the model for 
the mediator given the exposure and con-
founders. Unlike traditional approaches to 
mediation, the causal inference methods 
allow for effect decomposition even in 
the presence of exposure–mediator inter-
action. Lange and Hansen7 and Vander-
Weele8 extended these approaches to 
survival outcomes and continuous media-
tor. We show that estimators of direct and 
indirect causal effects derived in Valeri and 
VanderWeele1 for the case of binary out-
come and binary or continuous mediator 
are valid with a failure time outcome (see 
eAppendix, http://links.lww.com/EDE/
A877, sections 1 and 4 and VanderWeele6). 
We extend the SAS statistical software in 
Valeri and VanderWeele1 to allow for sur-
vival outcomes modeled under the Cox 
proportional hazard or accelerated failure 
time models (AFT) assuming exponential 
or Weibull distributions. The causal effects 
are estimated on the hazard ratio scale if the 
Cox proportional hazard is employed and 
on the mean survival ratio scale if the AFT 
model is chosen. The Cox proportional 
hazards model mediation results require a 
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rare outcome at the end of follow-up to be 
valid; the AFT model does not require this 
assumption. See eAppendix (http://links.
lww.com/EDE/A877) for more details.

In eAppendix (http://links.lww.
com/EDE/A877) section 2, we provide 
the macro user manual, and in section 
3, we provide an example of mediation 
analysis with survival data of colorectal 
cancer patients from Surveillance, Epi-
demiology, and End Results Program car-
ried out using the macro.9 We highlight 
that the present example is for illustration 
purposes only, as several of the identifi-
cation conditions are not met. We might, 
for example, want to investigate whether 
socio-economic position, measured by 
percentage of people living below the pov-
erty line in the county of residence, affects 
survival of colorectal cancer patients and 
whether stage at diagnosis may mediate 
some of this effect. In this example, stage 
at diagnosis may be a potential media-
tor of the relation between residing in 
poor counties and the survival outcome. 
Here, we briefly present the results of the 
analyses. An AFT regression assuming 
exponential distribution is run for sur-
vival among colorectal cancer patients 
on the exposure (county percent below 
poverty line), adjusting for the media-
tor (stage at diagnosis: advanced versus 
non-advanced) and potential confound-
ers (age at diagnosis, year at diagnosis, 
race-ethnicity, cancer registry). A logistic 
regression model for stage at diagnosis on 
the exposure adjusting for potential con-
founders is fitted. The Table displays the 
output of the estimated direct and indirect 
effects at the mean level of the covariates. 
The analysis, presented in full in the eAp-
pendix (http://links.lww.com/EDE/A877) 
indicates a negative significant effect of 
poverty on survival. A positive, significant 

interaction between stage at diagnosis and 
poverty is detected. The socio-economic 
position measure displays a positive and 
significant association with stage at diag-
nosis. We find that the mean survival time 
of individuals living in counties with 30% 
of the population living below the poverty 
level is 11% lower than that of individuals 
living in counties that have no people liv-
ing below the poverty line. On the mean 
survival-time ratio scale, the direct effect 
is 0.94 (95% confidence interval = 0.87–
0.99) and the indirect effect is 0.95 (95% 
confidence interval = 0.93–0.97). Stage at 
diagnosis is estimated to mediate 42% of 
the effect of poverty on survival.

To the best of our knowledge, 
this is the first automated macro soft-
ware for mediation for survival data 
allowing for exposure–mediator inter-
actions. We anticipate that this addi-
tional feature of our SAS macro will 
foster the application of causal media-
tion analysis in life course studies. 
The macro was developed under SAS 
9.3 and is available for download at 
the authors’ websites. Further details 
are available in the eAppendix (http://
links.lww.com/EDE/A877).
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TABLE.   Output of Estimated Indirect, Indirect, Total Effects and Proportion 
Mediated from the SAS Macro

Effect Estimate 95% Confidence interval P value

cde 0.94344 (0.75896–1.17276) 0.59996

nde 0.93693 (0.87855–0.99919) 0.04717

nie 0.95126 (0.93017–0.97284) 0.00001

Total effect 0.89127 (0.83278–0.95386) 0.00089

Proportion mediated 0.41995 - -
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