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Abstract 

 
The main aim of mediation analysis is to study the direct and indirect effects of an 

exposure on an outcome. To date, the literature on mediation analysis with multiple 

mediators has mainly focused on continuous and dichotomous outcomes. However, 

the development of methods for multiple mediation analysis of survival outcome is 

still limited. Here we extend to survival outcomes a method for multiple mediation 

analysis based on the computation of appropriate weights. The approach considered 

has the advantage of not requiring specific models for mediators, allowing non-

independent mediators of any nature and not relying on the assumption of rare 

outcomes. Simulation studies show a good performance of the proposed estimator, in 

terms of bias and coverage probability. The method is further applied to an example 

from a published study on mortality for prostate cancer aimed at understanding to 

what extent the effect of DNA methyltransferase genotype on mortality was explained 

by DNA methylation and tumor aggressiveness. The approach can be used to quantify 

the marginal time-dependent direct and indirect effects carried by multiple indirect 

pathways and a code is provided to facilitate its application. 

 
 
Keywords: multiple mediation analysis, proportional hazards model, pure direct effect, weighting 
approach, total indirect effect 
 
 
Abbreviations: pure direct effect (PDE), total indirect effect (TIE), total effect (TE), DNA 
methyltransferase 3b (DNMT3b), CI (confidence interval) 
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In medical and epidemiological research it is often of interest to understand the biological or 

mechanistic pathways that contribute to the effect of an exposure on an outcome. The aim of 

mediation analysis is to disentangle the total effect into the indirect effect, i.e. the effect exerted by 

intermediate variables (mediators), and the direct effect, i.e. the effect involving pathways 

independent of the hypothesized mediators. 

A first approach to mediation analysis was proposed by Baron and Kenny in 1986 (1). The 

theory was later on generalized through a counterfactual approach that provided broader 

definitions of the direct and indirect effects allowing the presence of nonlinearities and 

interactions between the exposure and the mediators in the models for the outcome (2-6). 

In the counterfactual framework, methods to estimate the direct and indirect effects differ 

according to the type of outcome. As far as the survival framework is concerned, a mediation 

approach involving a single mediator was firstly proposed in 2011 by Lange et al. (7), where an 

additive hazard model was employed to model the time to an event as the outcome of interest. 

Consequently Vanderweele (8) discussed several effect measures in survival analysis and 

extended Lange's approach using both an accelerated failure time model and the Cox proportional 

hazards model with a rare outcome. These standard approaches in the presence of a single 

mediator were based on combining parameter estimates from the models for the outcome and for 

the mediator respectively, but the former required a normal continuous mediator and the latter 

rare outcomes. Tchetgen Tchetgen (9) derived new estimators for mediation analysis for 

proportional hazards and additive hazards models with appealing robustness properties. Lange 

(10) developed a weighting approach for the proportional hazards model with a non-rare outcome. 

In a more recent work, Wang and Albert proposed a mediation formula approach for survival 

outcome with a normally distributed mediator (11). 
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Several methods have also been introduced to study mediation effects for scenarios where 

multiple mediators are considered (12-21), but the focus was on survival analysis only for some 

of them (12, 14, 15, 17-20). The purpose of the present paper is to show the extension to survival 

outcome of the weighting approach for multiple mediators proposed by Vanderweele et al. (13) 

focusing on proportional hazards models. We chose to extend this method because of the many 

advantages that characterize its employment. It is easily implementable in the presence of 

multiple mediators not necessarily independent, it does not require specific models for the 

mediators thus avoiding the problem of model incompatibility and, similarly to the other 

weighting approaches, it does not rely on the assumption of rare outcomes. 

The paper is organized as follows. First we provide definitions and assumptions, then we 

describe how the approach can be implemented in practice. We show the results obtained from 

simulation outcomes and a real application on a study on mortality for prostate cancer patients. 

Finally we discuss the proposed methodology.   

 
 

Definitions and assumptions 
 
 

Let the non-negative random variable denote the time until the occurrence of the event of 

interest and let denote the censoring time. Hence ( , ) are the observed data, where 

 and  is the indicator function. Let  be the survival 

function,  be the hazard function and be the density function at time . Let A be a 

dichotomous or a categorical exposure, with a and a* two possible values of A, 

 be the vector of multiple mediators and C be the vector of the baseline 

measured confounders that may affect , and  associations. We explicitly state 

that the measurements of A, M and C respects their causal ordering and precedes possible 

censoring. By assuming the independence between T and U conditional on A, M, and C, the 
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functions ,  and  can be identified and consistently estimated using the observed 

data. For a formal definition of this assumption see Web Appendix 1. 

Suppose to be interested in evaluating how much of the effect of A on T is mediated through M 

jointly and through pathways other than through M. Within the context of mediation in survival 

analysis, the decomposition of the total effect of an exposure on the outcome in the indirect and 

direct effects can be expressed in different ways and scales (8). We will consider here the 

decomposition on multiplicative scale in terms of hazard functions. By indicating with  the 

hazard corresponding to a potential survival time had the exposure A been set at a and with  

 the hazard corresponding to a potential survival time under the indicated manipulation 

of A and M (specifically exposure A was set to a, but the mediators M were set to their potential 

values if A had been set to a*), we can give the following formal definitions in terms of hazard 

functions:  

- total effect (TE), ; 

- pure direct effect (PDE), ; 

- total indirect effect (TIE), . 

Briefly, the expresses how much the hazard at time t would change if the exposure were 

changed from level  to level  uniformly in the population. The  expresses how much 

the hazard at time t would change if the exposure were set at versus  but the 

mediators were kept at the level they would have taken had the exposure been set at . Thus 

the PDE captures which part of the effect of the exposure on the outcome would be maintained if 

we were to disable the pathways from the exposure to the mediators. Finally, the  

expresses how much the hazard at time t would change if the exposure were fixed at the level 

 but the mediators were changed from the level they would have taken if to the level 



 6 

they would have taken if . Thus the TIE captures the effect of the exposure on the outcome 

that operates through the mediators. Under the composition assumption  (that is, the 

value of T that would occur if A were set to a is equal to the value of T that would occur if A were 

set to a and M were set to what it would have been if A were set to a; i.e. under an hypothetical 

intervention on a, interventions on M to set it to its naturally occurring level Ma have no further 

effect on the outcome, the total effect is given by the product of total indirect and pure direct 

effects ( ).  

In order to identify and estimate the causal direct and indirect effects, several assumptions need to 

be satisfied, specifically the consistency and positivity assumptions, the absence of unmeasured 

confounders for the exposure-outcome relationship, exposure-mediators relationships, mediators-

outcome relationships and the absence of measured/unmeasured mediators-outcome confounders 

affected by the exposure. However, in some sense, we can now handle violations of this last 

assumption because if there were such a confounder we could include the variable in the mediator 

vector M and this fourth assumption would not be violated. For a formal definition of these 

assumptions see Web Appendix 1.  

The approach we propose in this paper is an extension of the method proposed for continuous and 

binary outcomes by Vanderweele and Vanstenlandt (13) to survival outcome. The marginal 

hazard function can be estimated as the ratio between the marginal density and survival functions, 

both obtained by means of the mediation formula as follows: 

 

A proof of this equation is provided in Web Appendix 1. The approach is then based on inverse 

probability weighting. Its main feature is that it does not require models for the mediators but only 
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for the exposure conditional on confounders and for the outcome conditional on the exposure, the 

mediators and the confounders. The correct specification of these models is a requisite for the 

validity of the proposed method. Exposure-mediator interactions and interactions between 

mediators can also be included and the independence between mediators is not necessary. 

However it allows to consider only binary or categorical exposures.  

Specifically we applied the method by using a proportional hazards model for the outcome 

conditional on the exposure, the mediators and the confounders. Because of non-collapsibility of 

hazard ratio in the presence of non-rare outcomes, the marginal hazard function could not satisfy 

the proportionality assumption (22) and hence the pure direct and the total indirect effects may 

vary over time.  

 

The estimation procedure 
 
 
The algorithm for the estimation of causal effects requires the computation at any fixed time of three 

weighted averages that we will call ,  and .  If we suppose that  and , 

these weighted averages correspond to the estimates of the counterfactual ,  and 

 respectively. We denote as  and  (for ) the estimates of  and 

 respectively where  denotes the actual confounder values for subject i and as  and 

the estimates of  and respectively. Furthermore, we indicate by  and the subsamples of 

subjects with  and  respectively and by and  their sizes. The algorithm for the 

estimation of the effects at a specific time  proceeds as follows: 

1. Estimation of  
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For each subject with the hazard function is modelled to obtain a predicted estimate of 

the density and of the survival functions at time separately if the subject had had  

rather than , but using the individual's own values of mediators and confounders.  

Two weighted averages of these predicted values are computed for subjects with  (each 

subject i is given a weight ). Then the ratio of the two weighted averages is computed. 

2. Estimation of  

 

 

For each subject with the hazard function is modelled to obtain a predicted estimate of 

the density and of the survival functions at time separately using the individual's own 

values of exposure, mediators and confounders.  

Two weighted averages of these predicted values are computed for subjects with  (each 

subject i is given a weight  ). The ratio of the two weighted averages is computed. 

3. Estimation of  

 

It is computed as in 2., considering subjects with  and weights . The probability 

estimates  and  in the denominator of the weights are always obtained by fitting 

suitable logistic regressions.  
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4. Computation of the effects: the pure direct effect, the total indirect effect and the total effect 

at time  can then be obtained as follows: 

 

 

. 

5. Computation of the confidence intervals (CI) of the effects: using non-parametric bootstrapping. 
 

The procedure described above can be repeated for a given sequence of times  thus allowing to 

observe how the causal effects possibly vary over time. Specifically we modelled the hazard 

function by the Royston-Parmar model (23, 24), a flexible parametric Cox model that estimates 

the baseline hazard using natural cubic splines. No constraints are imposed on the use of 

alternative survival models as long as they correctly specify the survival and the density 

functions.  
 

All analyses were performed using the software R. We report in Web Appendix 2 the R code for 

the implementation of the estimation algorithm described above. 

 
Simulations 

We performed simulation studies to examine the finite sample performance of the proposed 

estimating procedure. We simulated a binary confounder C (1 with 50% frequency; 0 otherwise) 

and a binary exposure A (1 with 60% frequency in the group with C=1; and 1 with a 50% 

frequency in the group with C=0). We considered different scenarios with two mediators, M1 and 

M2. Firstly, we generated M1 and M2 according to the probabilities 

 and 

. In the second scenario, we replaced 

with a normally distributed variable according to the model 
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, where .  In both scenarios we generated the 

time-to-event T according to the exponential model 

 and the censoring time from the exponential 

distribution with mean 1.25 (the censoring probabilities were 26-41%). Several configurations of 

the parameters and  were considered and for each configuration 500 simulated data sets 

were generated with a total sample size of n=2000.  

The true causal effects for each data set were calculated by using equation (8) (Web Appendix 1). 

For each generated data set, the weighting approach was employed to estimate the causal 

quantities at the median survival time, and 95% CI were computed from 500 bootstrap samples.  

We considered the following simulation statistics: the average of the effect estimates, the standard 

deviation of the effect estimates, the bias and the coverage probability. Table 1 shows the 

simulation statistics for the case of two binary mediators while Table 2 shows the simulation 

statistics for the case of one binary and one continuous mediator. The bias ranges are (0.000-

0.003) and (0.000-0.008) in the first and second scenario respectively. The coverage probabilities 

are equal or greater than 92% for both scenarios. 

 
 
Empirical data example 

In this Section we illustrate the methodology proposed using data from (25). In this paper the 

relationships among DNA methyltransferase genotype (polymorphism rs406193), DNA 

methylation, tumor aggressiveness (measured through Gleason score) and long-term mortality for 

prostate cancer were studied. It was hypothesized that rs406193 affected prostate-cancer mortality 

directly and indirectly via tumor tissue methylation and Gleason score. In fact it is known that 

DNA methylation is affected by the family of DNA methyltransferase enzymes, among which 

DNA methyltransferase 3b (DNMT3b) that was considered in the study. Furthermore in a 
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previous study (26) an association was found between tumor tissue DNA methylation in three 

selected genes (GSTP1, APC, RUNX3) and prostate cancer-specific mortality. It was hypothesized 

that: i) the activity of DNMT3b affects the methylation status of such genes; ii) their methylation 

status affects the Gleason score and not viceversa; iii) their DNA methylation affects prostate 

cancer mortality directly and indirectly through Gleason score (Figure 1). In mediation analysis 

terms, the exposure was the DNMT3b variant (carriers of at least one T compared to CC carriers), 

the two mediators were DNA methylation (coded with three levels: 0-1, 2 or 3 methylated genes 

respectively) and the Gleason score (coded with two levels, having or not a score 8) and the 

outcome was the time to death for prostate cancer. The DNMT3b variant and the DNA 

methylation were measured by analyzing DNA from slides of tumor tissue obtained at recruitment 

and also used to assign the Gleason score. The sequential temporality of the variables involved in 

the mediation pathway is plausible, being the DNMT3b variant time-independent, the DNA 

methylation an epigenetic process over time and the Gleason score a marker of tumour 

aggressiveness assumed to be affected by DNA methylation and not viceversa. Age at diagnosis, 

source for tumor tissue typing and period of diagnosis were considered potential confounders of 

exposure-outcome, mediators-outcome and exposure-mediators association.  

The analyses of the reference paper highlighted clues on the role of genotype in prostate cancer 

mortality, however they did not decompose the total effect into direct and indirect effects. The 

study was based on 451 prostate cancer patients of any age diagnosed between 1982 and 1988 and 

between 1993 and 1996 at the San Giovanni Battista Hospital, Turin, Italy. Here we analyzed 

only subjects with complete information (n=393).  

Having this example an educational purpose, our analyses focused on mortality from any cause in 

order not to consider the presence of competing risks (out of 333 observed events, 172 were 

deaths from prostate cancer and 161 from other causes). Doing so, we expect all the effects to be 
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diluted. Hence a further extension of the methodology to competing risks needs to be developed 

and it is the object of future research.  

Firstly we carried out standard analyses to evaluate exposure-outcome, exposure-mediators, and 

mediators-outcome associations. Then we performed the mediation analysis using the weighting 

approach. We estimated the causal effects over about 100 equidistant epochs between the 

minimum and the maximum values of observed survival times. Confidence intervals were 

constructed using non-parametric percentile bootstrap.  

By fitting a Royston-Parmar model adjusted only for confounders, T carriers had an hazard 

ratio of dying of 0.96 (95% confidence interval (CI): 0.77, 1.20). There was no evidence of 

association between carriers of the T allele and the number of methylated genes (adjusted odds 

ratio of each increase in the number of methylated genes = 0.84, 95% CI: 0.57, 1.23), while an 

association was found with Gleason score (adjusted odds ratio of having a score of 8 or more = 

0.57, 95% CI: 0.39, 0.85). Moreover, there was an association between the two mediators 

(adjusted odds ratio of having a higher Gleason score = 1.45, 95% CI: 1.08, 1.94, the DNMT3b 

variant was considered among the covariates). Two Royston-Parmar models were fitted to 

estimate the associations between the two mediators and the outcome. Both models were adjusted 

for the exposure and the confounders. The model for Gleason score was also adjusted for DNA 

methylation. Subjects with 2 or 3 methylated genes had an increased risk of mortality compared 

to those with 0-1 methylated genes (adjusted hazard ratio: 1.25, 95% CI: 0.96, 1.61 for 2 versus 0-

1 and 1.48, 95% CI: 1.08, 2.02 for 3 versus 0-1). For subjects with higher Gleason score the 

adjusted hazard ratio was 1.50, 95% CI: 1.20, 1.89. It is important to underline that the 

comparability of these estimates may be affected by non-collapsibility of hazard and odds ratios. 

Figure 2 shows the causal effects estimated as a function of time. The PDE was close to the null 

value over the whole follow-up time (Figure 2A). There was evidence of a protective TIE only in 

the first years (Figure 2B). The TE showed an increasing pattern although there was no evidence 
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of a difference from the null value (Figure 2C). Table 3 shows the causal effects estimated at 

 and years (approximately the median and the 95th percentile of the observed 

survival times). At 5 years from diagnosis, the TE was 0.98 (95% CI: 0.81, 1.18), the TIE 0.96 

(95% CI: 0.91, 1.02) and the PDE 1.02 (95% CI: 0.85, 1.21). At 13 years, the TE was 1.07 (95% 

CI: 0.90, 1.28), the TIE was 1.06 (95% CI: 0.97, 1.18) and the PDE was 1.01 (95% CI: 0.89, 

1.15).  

The positivity assumption was checked (27, 28) and the analyses did not suggest violations (range 

of the estimated propensity score: 0.24, 0.60). We assumed the absence of unmeasured 

confounders of exposure-outcome, exposure-mediators, mediators-outcome associations and the 

absence of an effect of the exposure that confounds mediators-outcome relationship. However the 

estimates of PDE and TIE and, hence, of the TE could be biased by the presence of some 

unmeasured mediator-outcome confounders such as possible non-epigenetic molecular signatures 

pointing toward Gleason score and mortality. 

To explore the role of single mediators, we conducted an additional analysis including only DNA 

methylation. The models with and without Gleason score may be not directly comparable because 

of non-collapsibility of hazard ratio. However if this is assumed not to affect greatly the estimates 

and the models’ aptness, this analysis may suggest how the addition of Gleason score modifies 

the effect estimates. Figure 3 and Table 4 report the estimated effects. Similarly to the results 

obtained previously, PDE was always close to the null value (Figure 3A) and the TIE showed a 

protective effect only in the first years, although further attenuated (Figure 3B). The PDE now 

captures also the effect of the genetic variant on mortality through the Gleason score 

independently from DNA methylation, and the TIE incorporates all the pathways through DNA 

methylation. 

 
 
 

Discussion 
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In this article we have introduced a procedure to estimate pure direct and total indirect effects 

through multiple mediators in a survival setting by showing how to extend the weighting 

approach proposed in (13) to survival outcomes.  
 

Few methods have been introduced in literature for multiple mediation analysis with survival 

data. A simple approach that can be used with any generalized linear model was developed in 

(14). Such method has the advantage of overcoming the need to specify possible exposure-

mediators interactions and it can be implemented with standard software (29). However 

difficulties may arise in detecting small indirect effects. In (15) a weighting approach for multiple 

mediation was proposed that can be used for most types of outcomes. It requires distinct causal 

pathways for the mediators and shows a worse performance in the case of continuous mediators. 

Despite being a weighting approach, the estimation procedure requires besides a model for the 

exposure also a model for each mediator in the construction of the weights. In (17) another multi-

mediator model was devised specifically for survival data with continuous mediators and a 

continuous or binary exposure. Its main advantage is that it allows the examination of path-

specific effects of each mediator. However it is employable only in a low-dimensional setting 

(one or two mediators). More recently, in (18) methods for multi-mediator analyses have been 

proposed using Aalen models, Cox models with rare outcomes and semiparametric probit models. 

Closed-form expressions for path-specific effects are provided requiring models for the mediators 

with normal errors. In (19) an approach to estimate interventional analogues of direct and indirect 

effects through a survival mediational g-formula is developed. The approach can be used with 

time-varying exposures, mediators, and confounders. However the outcome only focuses on 

survival probability at the end of follow-up and the extension to different survival models is 

proposed as a future perspective. Similarly, in (20) the effect of a time-varying exposure mediated 

by a time-varying mediator is studied in a survival setting, proposing a formulation in terms of 

random interventions. Three different double robust semi-parametric efficient estimators are 

presented, among which one based on inverse probability weighting.  
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The approach described in the present paper allows the estimation of marginal causal effects on 

the hazard function scale. The estimation performance is highly dependent on the validity of its 

assumptions among which the correct specification of the model for the outcome. In particular we 

used a flexible parametric Cox model, though alternative survival models including accelerated 

failure time and additive hazards models could be applied. Furthermore, the methodology needs 

to be extended in order to model appropriately the competing risks. Finally a sensitivity analysis 

should be performed to test the unmeasured confounding assumptions, but further studies are still 

needed. To our knowledge, Tchetgen Tchetgen and Shpitser (30) proposed a semiparametric 

sensitivity analysis technique for the presence of unmeasured confounding on the estimation of 

the effects for several types of outcomes, including common survival ones. Our aim is to extend it 

in the near future to take into account multiple mediators simultaneously as well as the time-

dependent effects. 

The method has been implemented under the assumption of proportionality for the conditional 

hazard functions and it can be applied in the presence of both non-rare and rare outcomes, with 

estimated marginal effects respectively varying or nearly constant over time. The causal 

mediation effects on the hazard function scale are estimated over a grid of times. For this aspect, 

the method is similar to that proposed in (11), but has the advantage of being applicable with 

multiple mediators of any nature, also not normally distributed. It allows exposure-mediators 

interactions and interactions between mediators and it does not require models for the mediators 

nor their independence.  

A limitation is its inability to characterize the path-specific effects of each mediator (31). Several 

procedures have been proposed in literature under various settings (16, 32-35) but few explicitly 

for survival analysis (17, 18). Since proportional hazards models are commonly used in 

biomedical research, the development of methodologies enabling to incorporate multiple 

mediators and to characterize path-specific effects is an important direction for future research. 
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Our procedure requires the computation of weights, which are particularly sensitive to bias due to 

data sparsity. Bias can arise due to positivity violations or because some confounders-exposure 

combinations are not represented or under-represented in the finite sample by chance. Diagnosis 

and quantification of this bias is recommended (27, 28, 36). Finally this approach can be only 

used with binary or categorical exposures. In fact, although the paper primarily focuses on binary 

exposures, the approach equally applies for categorical ones considering a fixed reference 

category and estimating the causal effects for each of the others with respect to that one. 
 

The main contribution of this paper is to give a useful tool in mediation analysis in the 

presence of multiple mediators and survival outcomes. The proposed approach involves 

probability weights that relate exposure, mediators and confounders and therefore can be 

implemented in most standard software. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 17 

 
Acknowledgements section 

 

Author affiliations 

1) Cancer Epidemiology Unit, Department of Medical Sciences, University of Turin, Via 

Santena 7, Turin, Italy. (Francesca Fasanelli, Daniela Zugna) 

2) Department of Mathematics "Giuseppe Peano", University of Turin, Via Carlo Alberto, 10,   

Turin, Italy. (Maria Teresa Giraudo) 

3) Department of Clinical and Biological Sciences, University of Turin, Regione Gonzole, 10, 

Orbassano, Turin, Italy. (Fulvio Ricceri) 

4) Unit of Epidemiology, Regional Health Service ASL TO3, Via Sabaudia, 164, Grugliasco, 

Turin, Italy. (Fulvio Ricceri) 

5) Harvard T.A. Chan School of Public Health, Department of Biostatistics, 655 Huntington 

Avenue, Boston, Massachusetts. (Linda Valeri) 

Thank-you's 

The author would like to thank Alex Francia and Dr. Carlotta Sacerdote for their support in the 

preliminary study of the work. They also would like to thank Dr. Anna Gillio-Tos, Dr. Valentina 

Fiano, Dr. Loredana Vizzini, Dr. Neil Pearce, Dr. Luisa Delsedime, Dr. Franco Merletti and Dr. 

Lorenzo Richiardi for kindly providing the data used in the application. 

     Conflict of interest statement 

Conflict of interest: none declared. 

 

 
 



 18 

 
References 
 
 

1. Baron RM, Kenny D. The Moderator-Mediator Variable Distinction in Social 

Psychological Research: Conceptual, Strategic, and Statistical Considerations. J 

Personal Disord. 1986; 51(6): 1173-1182. 

 

2. Robins JM, Greenland S. Identifiability and exchangeability for direct and indirect 

effects. Epidemiology. 1992; 3(2): 143-155. 

 

3. Pearl J. Direct and indirect effects. In: Breese J, Koller D, eds. Proceedings of the 

Seventeenth Conference on Uncertainty in Artificial Intelligence. San Francisco, CA: 

Morgan Kaufmann; 2001:411-420. 

 

4. VanderWeele TJ, Vansteelandt S. Conceptual issues concerning mediation, 

interventions and composition. Statistics and Its Interface. 2009; 2: 457-468. 

 

5. VanderWeele TJ, Vansteelandt S. Odds ratios for mediation analysis for a 

dichotomous outcome. Am J Epidemiol. 2010; 172(12): 1339-1348. 

 

6. Imai K, Keele L, Tingley D. A general approach to causal mediation analysis. 

Psychological Methods. 2010; 15(4): 309-334. 

 

7. Lange T, Hansen JV. Direct and Indirect Effects in a Survival Context. 

Epidemiology. 2011; 22(4): 575-581. 



 19 

 

8. Vanderweele TJ. Causal Mediation Analysis With Survival Data. Epidemiology. 

2011; 22(4): 582-585. 

 

9. Tchetgen Tchetgen EJ. On causal mediation analysis with a survival outcome. Int J 

Biostat. 2011; 7(1): 33. 

 

10. Lange T, Vansteelandt S, Bekaert M. A simple unified approach for estimating 

natural direct and indirect effects. Am J Epidemiol. 2012; 176(3): 190-195. 

 

11. Wang W, Albert JM. Causal Mediation Analysis for the Cox Proportional Hazards 

Model with a Smooth Baseline Hazard Estimator. J R Stat Soc Ser C Appl Stat. 

2017; 66(4): 741-757. 

 

12. Zheng, Wenjing and van der Laan, Mark J., "Causal Mediation in a Survival Setting 

with Time-Dependent Mediators" (June 2012). U.C. Berkeley Division of 

Biostatistics Working Paper Series. Working Paper 295 

https://biostats.bepress.com/ucbbiostat/paper295 

 

13. VanderWeele TJ, Vansteelandt S. Mediation analysis with multiple mediators. 

Epidemiologic Methods. 2013; 2(1): 95-115. 

 

14. Tchetgen Tchetgen EJ. Inverse odds ratio-weighted estimation for causal mediation 

analysis. Stat Med. 2013; 32(26): 4567-4580. 



 20 

 

15. Lange T, Rasmussen M, Thygesen LC. Assessing Natural Direct and Indirect Effects 

Through Multiple Pathways. Am J Epidemiol. 2013; 179(4): 513-518. 

 

16. Daniel RM, De Stavola BM, Cousens SN, et al. Causal mediation analysis with 

multiple mediators. Biometrics. 2014; 71(1): 1-14. 

 

17. Huang YT, Cai T. Mediation Analysis for Survival Data Using Semi-parametric 

Probit Models. Biometrics. 2016; 72(2): 563-574. 

 

18. Huang YT, Yang HI. Causal Mediation Analysis of Survival Outcome with Multiple 

Mediators. Epidemiology. 2017; 28(3): 370-378. 

 

19. Lin SH, Young JG, Logan R, et al. Mediation analysis for a survival outcome with 

time-varying exposures, mediators, and confounders. Stat Med. 2017; 36(26): 4153-

4166. 

 

20. Zheng W, van der Laan MJ. Longitudinal Mediation Analysis with Time-varying 

Mediators and Exposures, with Application to Survival Outcomes. J Causal 

Inference. 2017; 5(2). 

 

21. Steen J, Loeys T, Moerkerke B, et al. Flexible Mediation Analysis With Multiple 

Mediators. Am J Epidemiol. 2017; 186(2): 184-193. 

 



 21 

22. Greenland S, Pearl J, Robins JM. Confounding and Collapsibility in Causal 

Inference. Statist. Sci. 1999; 14(1): 29-46. 

 

23. Royston P, Parmar MKB. Flexible parametric proportional-hazards and 

proportional-odds models for censored survival data, with application to prognostic 

modelling and estimation of treatment effects. Stat Med. 2002; 21(15): 2175-2197. 

 

24. Royston P. Flexible parametric alternatives to the Cox model: update. The Stata 

Journal. 2004; 4(1): 98-101. 

 

25. Gillio Tos A, Fiano V, Zugna D, et al. DNA methyltransferase 3b (DNMT3b), tumor 

tissue DNA methylation, Gleason score, and prostate cancer mortality:  investigating 

causal relationships. Cancer Causes Control. 2012; 23(9): 1549-1555. 

 

26. Richiardi L, Fiano V, Vizzini L, et al. Promoter methylation in APC, RUNX3 and 

GSTP1 and mortality in prostate cancer patients. J Clin Oncol. 2009; 27(19): 3161-

3168. 

 

27. Cole SR, Hernan MA. Constructing inverse probability weights for marginal 

structural models. Am J Epidemiol. 2008; 168(6): 656–664. 

 

28. Petersen ML, Porter KE, Gruber S, et al.  Diagnosing and responding to violations in 

the positivity assumption. Stat Methods Med Res. 2012; 21(1): 31-54. 

 

 

https://www.ncbi.nlm.nih.gov/pubmed/?term=Petersen%20ML%5BAuthor%5D&cauthor=true&cauthor_uid=21030422
https://www.ncbi.nlm.nih.gov/pubmed/?term=Porter%20KE%5BAuthor%5D&cauthor=true&cauthor_uid=21030422
https://www.ncbi.nlm.nih.gov/pubmed/?term=Gruber%20S%5BAuthor%5D&cauthor=true&cauthor_uid=21030422
https://www.ncbi.nlm.nih.gov/pubmed/?term=Diagnosing+and+responding+to+violations+in+the+positivity+assumption


 22 

29. Nguyen QC, Osypuk TL, Schmidt NM, et al. Practical Guidance for Conducting 

Mediation Analysis With Multiple Mediators Using Inverse Odds Ratio Weighting. 

Am J Epidemiol. 2015; 181(5): 349-356. 

 

30. Tchetgen Tchetgen EJ, Shpitser I. Semiparametric theory for causal mediation 

analysis. Efficiency bounds, multiple robustness and sensitivity analysis. The Annals 

of Statistics, 2012; 40(3): 1816–1845. 

 
31. Avin C, Shpitser I, Pearl J. Identifiability of Path-Specific Effects. In: Kaelbling LP, 

Saffioti A, eds. Proceedings of the International Joint Conferences on Artificial 

Intelligence. Denver, CO: Professional Book Center; 2005: 357-363. 

 
32. Vansteelandt S, Daniel RM. Interventional Effects for Mediation Analysis with 

Multiple Mediators. Epidemiology. 2017; 28(2): 258-265.  

 
33. Albert JM, Nelson S. Generalized Causal Mediation Analysis. Biometrics. 2011; 

67(3): 1028-1038. 

 
34. VanderWeele TJ, Vansteelandt S, Robins JM. Methods for effect decomposition in 

the presence of an exposure-induced mediator-outcome confounder. Epidemiology. 

2014; 25(2): 300-306. 

 

35. Taguri M, Featherstone J, Cheng J. Causal mediation analysis with multiple causally 

non-ordered mediators. [published online ahead of print November 23, 2015]. Stat 

Methods Med Res. (doi: 10.1177/0962280215615899). 
 

36. Wang, Yue; Petersen, Maya L.; Bangsberg, David; and van der Laan, Mark J., 

"Diagnosing Bias in the Inverse Probability of Treatment Weighted Estimator 

Resulting from Violation of Experimental Treatment Assignment" (September 

https://projecteuclid.org/euclid.aos/1350394518#author-euclidaos1350394518TchetgenTchetgenEricJ
https://www.ncbi.nlm.nih.gov/pubmed/?term=Vansteelandt%20S%5BAuthor%5D&cauthor=true&cauthor_uid=27922534
https://www.ncbi.nlm.nih.gov/pubmed/?term=Daniel%20RM%5BAuthor%5D&cauthor=true&cauthor_uid=27922534
https://www.ncbi.nlm.nih.gov/pubmed/27922534


 23 

2006). U.C. Berkeley Division of Biostatistics Working Paper Series. Working Paper 

211 https://biostats.bepress.com/ucbbiostat/paper211 



 24 

Figure legends 
 

 
Figure 1: Direct acyclic graph representing the assumed causal relationships between DNMT3b 

(A), DNA methylation in APC, GSTP1, RUNX3 (M1), Gleason score (M2), and prostate cancer 

mortality (T). C is the vector of confounders: age at diagnosis, source for tumor tissue typing and 

period of diagnosis. 

Figure 2: Plots of causal effects (PDE in Figure 2A, TIE in Figure 2B, TE in Figure 2C) of 

genetic variant on mortality as a function of time, considering DNA methylation and Gleason 

score as mediators. 
 

Figure 3: Plots of causal effects (PDE in Figure 3A, TIE in Figure 3B, TE in Figure 3C) of the 

effect of genetic variant on mortality as a function of time, considering only DNA methylation as 

mediator.  
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Table 1: Simulation statistics for the estimated effects in the first scenario (two binary mediators).a 

 
 

   PDE(  TIE( ) TE( ) 
   True Mean 

(sd) 
Bias Cov 

Prob 
True Mean 

(sd) 
Bias Cov 

Prob 
True Mean 

(sd) 
Bias Cov 

Prob 

0.05 0.6 0.7 1.044 1.042 
(0.05) 

-0.002 0.96 1.473 1.476 
(0.04) 

0.003 0.95 1.538 1.536 
(0.08) 

-0.002 0.94 

0.5 0.06 0.07 1.645 1.644 
(0.10) 

-0.001 0.95 1.043 1.044 
(0.03) 

0.003 0.95 1.716 1.715 
(0.10) 

-0.001 0.95 

0.05 0.06 0.07 1.051 1.049 
(0.07) 

-0.002 0.96 1.044 1.045 
(0.03) 

0.001 0.94 1.097 1.096 
(0.06) 

-0.001 0.95 

0.5 0.6 0.7 1.545 1.543 
(0.08) 

-0.002 0.96 1.459 1.461 
(0.04) 

0.002 0.95 2.254 2.254 
(0.12) 

0.000 0.95 

0.5 0.06 0.7 1.590 1.589 
(0.09) 

-0.001 0.96 1.338  1.340 
(0.04) 

0.002 0.96 2.127 2.128 
(0.12) 

0.001 0.94 

0.5 0.6 0.07 1.610 1.608 
(0.09) 

-0.002 0.97 1.171 1.172 
(0.03) 

0.001 0.94 1.886 1.884 
(0.10) 

-0.002 0.95 

 
 

Abbreviations: pure direct effect (PDE), total indirect effect (TIE), total effect (TE), standard 
deviation (sd), coverage probability (Cov prob). 
 
aFor each configuration of the parameters the true value of the effects (true), the mean and the 
standard deviation of the estimates obtained on 500 simulated datasets, the bias (difference 
between the true value and the average estimate) and the coverage probability (the percentage of 
simulated data sets for which the 95% confidence interval for estimated causal quantities covered 
the true value) are reported. The effects are assessed at the median survival time .   
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Table 2: Simulation statistics for the estimated effects in the second scenario (a continuous and a binary 
mediators).a 

 
   PDE(  TIE( ) TE( ) 

   True Mean 
(sd) 

Bias Cov 
Prob 

True Mean 
(sd) 

Bias Cov 
Prob 

True Mean 
(sd) 

Bias Cov 
Prob 

0.05 0.6 0.7 1.044 1.047 
(0.06) 

0.003 0.94 1.488 1.488 
(0.04) 

0.000 0.96 1.554 1.557 
(0.08) 

0.003 0.95 

0.5 0.06 0.07 1.646 1.654 
(0.11) 

0.008 0.94 1.044 1.045 
(0.03) 

0.001 0.96 1.718 1.726 
(0.10) 

0.008 0.95 

0.05 0.06 0.07 1.052 1.055 
(0.07) 

0.003 0.94 1.044 1.045 
(0.03) 

0.001 0.97 1.097 1.102 
(0.06) 

0.005 0.94 

0.5 0.6 0.7 1.551 1.557 
(0.09) 

0.006 0.92 1.482 1.482 
(0.04) 

0.000 0.95 2.298 2.306 
(0.13) 

0.008 0.94 

0.5 0.06 0.7 1.590 1.596 
(0.10) 

0.003 0.93 1.339  1.336 
(0.04) 

-0.003 0.95 2.129  2.131 
(0.13) 

0.002 0.93 

0.5 0.6 0.07 1.614 1.620 
(0.10) 

0.006 0.94 1.183 1.185 
(0.03) 

0.002 0.96 1.919 1.919 
(0.11) 

0.000 0.94 

 
 
   

Abbreviations: pure direct effect (PDE), total indirect effect (TIE), total effect (TE), standard 
deviation (sd), coverage probability (Cov prob). 
 
aFor each configuration of the parameters the true value of the effects (true), the mean and the 
standard deviation of the estimates obtained on 500 simulated datasets, the bias (difference 
between the true value and the average estimate) and the coverage probability (the percentage of 
simulated data sets for which the 95% confidence interval for estimated causal quantities covered 
the true value) are reported. The effects are assessed at the median survival time .   
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Table 3: Causal effects at times  = 5 (median) and  = 13 (95th percentile) years considering 
DNA methylation and Gleason score as mediators. 

 
Estimated effects DNMT3b rs406193 

 CC carriers CT+TT 95% CI 

PDE(  = 5) 1 1.02 0.85, 1.21 

TIE(  = 5)a 1 0.96 0.91, 1.02 

TE(  = 5) 1 0.98 0.81, 1.18 

PDE(  = 13) 1 1.01 0.89, 1.15 

TIE(  = 13)a 1 1.06 0.97, 1.18 

TE(  = 13) 1 1.07 0.90, 1.28 

Abbreviations: confidence interval (CI), carriers of at least one T (CT+TT), pure direct effect 
(PDE), total indirect effect (TIE), total effect (TE). 
 
athrough DNA methylation and Gleason score 

 
Table 4: Causal effects at times  = 5 (median) and  = 13 (95th percentile) years considering 
only DNA methylation as mediator. 
 

Estimated effects DNMT3b rs406193 

 CC carriers CT+TT 95% CI 

PDE(  = 5) 1 0.98 0.82, 1.17 

TIE(  = 5)a 1 1.00 0.97, 1.04 

TE(  = 5) 1 0.98 0.82, 1.17 

PDE(  = 13) 1 0.98 0.87, 1.13 

TIE(  = 13)a 1 1.07 0.99, 1.18 

TE(  = 13) 1 1.05 0.90, 1.25 

Abbreviations: confidence interval (CI), carriers of at least one T (CT+TT), pure direct effect 
(PDE), total indirect effect (TIE), total effect (TE). 
 
a through only DNA methylation 


