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Background: High dimensional mediation analysis is frequently conducted to explore the role of epigenetic modifiers between exposure and health outcome. However, the issue of high dimensional mediation analysis with unmeasured confounders for survival analysis in observational study has not been well solved.
Methods: In this study, we proposed an instrumental variable based approach for high dimensional mediation analysis with unmeasured confounders in survival analysis for epigenetic study. We used the Sobel‘s test, the Joint test, and the Bootstrap method to test the mediation effect. A comprehensive simulation study was conducted to decide the best test strategy. An empirical study based on DNA methylation data of lung cancer patients was conducted to illustrate the performance of the proposed method.
Results: Simulation study suggested that the proposed method performed well in the identifying mediating factors. The estimation of the mediation effect by the proposed approach is also reliable with less bias compared with the classical approach. In the empirical study, we identified two DNA methylation signatures including cg21926276 and cg26387355 with a mediation effect of 0.226 (95%CI: 0.108-0.344) and 0.158 (95%CI: 0.065-0.251) between smoking and lung cancer using the proposed approach.
Conclusion: The proposed method obtained good performance in simulation and empirical studies, it could be an effective statistical tool for high dimensional mediation analysis.
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1 INTRODUCTION
Mediation analysis is widely used in exploring the internal mechanism of exposure on outcomes, especially in the epigenetic study (Vo et al., 2022). This methodology of mediation analysis was proposed to describe the relationship between exposure, mediating variables, and outcomes (Rijnhart et al., 2021). For clinical, epidemiological, or genomic studies, within the framework of the regression models, the effect of exposure on outcomes is decomposed into direct and indirect effects in mediation analysis (Lee et al., 2021).
Epigenetic modification refers to changes in gene expression or protein expression that do not involve changes in the DNA sequence. Epigenetic modifiers mainly include DNA methylation, histone covalent modification, chromatin remodeling, gene silencing, RNA editing, and other regulatory mechanisms. It plays an important role in the occurrence, development, and prognosis of cancer (Herceg and Vaissière, 2011). Epigenetic modifiers, such as DNA methylation, are often affected by environmental factors and are one of the important factors affecting the survival outcome of cancer patients. Considering the high-dimensional feature of epigenetic modifiers, such as DNA methylation, their roles between environment exposure and cancer survival were usually analyzed using high-dimensional mediation analysis. When the methodology of mediation analysis was first proposed, it was assumed that there were no confounding factors (Baron and Kenny, 1986); however, in observational studies focusing on the role of epigenetic modifiers, this assumption is hard to hold (Stuart et al., 2021).
Recently, several methodologies have been proposed for the analysis of high-dimensional mediation analysis (Dai et al., 2020; Zhang et al., 2021a; Yang et al., 2021; Perera et al., 2022; Wang et al., 2022; Zhao and Li, 2022; Zhao and Luo, 2022). Zhang et al. (2016) raised the issue of estimating the high-dimensional mediating effect in survival analysis (Zhang et al., 2016). Gao et al. (2019), Luo et al. (2020), and Zhang et al. (2021a) all proposed high-dimensional mediating analysis approaches based on penalty methods, and Cui et al. (2021) proposed a high-dimensional mediation analysis approach for survival data based on the addictive hazard model (Gao et al., 2019; Luo et al., 2020; Zhang et al., 2021b; Cui et al., 2021). These approaches have provided useful statistical tools for practical analysis; however, the issue of confounders remained (Stuart et al., 2021).
In general, the control of confounders in the observational study mainly adopts the frame of causal inference, such as using the propensity score (PS) method (VanderWeele, 2006). The development of the confounder adjustment methodology has greatly enriched the application of mediating effect analysis (Coffman, 2011; Valeri and VanderWeele, 2013). Yu et al. (2021) expanded Luo et al.’s (2020) approach (Luo et al., 2020) with the PS adjustment to control potential confounders (Yu et al., 2021). Liu et al. (2022) proposed a powerful divide-aggregate composite-null test (DACT) for causal mediation effects (Liu et al., 2022). Tian et al. (2022) proposed the CoxMKF approach to test high-dimensional mediating effects in survival data with confounders (Tian, et al., 2022). These published methods have provided useful statistical tools making it possible to estimate indirect effects in high-dimensional data survival controlling potential confounders.
The PS is the conditional probability of the individual in a specific exposure/treatment group estimated based on the level of the known confounding factors and is currently one of the most commonly used methods in the controlling of confounders (VanderWeele, 2006; Heinze and Jüni, 2011). The conduction of the PS method requires that all (at least the main) confounders are known and measured; however, it is not always true in practice, especially in observational studies (Armstrong, 2012). With the existence of unknown confounders, the efficacy of the PS approach would be seriously affected (VanderWeele, 2006; Heinze and Jüni, 2011; Armstrong, 2012). Therefore, the PS method will not always be able to guarantee a reliable estimation and inference when there are unmeasured confounders.
Instrumental variable (IV) analysis is commonly used to control bias caused by potential unknown confounders (Chen and Briesacher, 2011). The IV approach decomposes treatment/exposure into a part related to confounding factors and an irrelevant part to eliminate the influence caused by confounders (Chen and Briesacher, 2011). By isolating and using the part with no association with confounders, it is possible to estimate the association between the key explanatory variable and the outcome with the influence of potential confounders could be controlled using regression models (Chen and Briesacher, 2011). One of the many advantages of the IV approach is that it does not require the information of the confounders (Chen and Briesacher, 2011). It works as an effective alternative when the PS method does not work (Chen and Briesacher, 2011; Armstrong, 2012). The widely applied Mendelian randomization approach is also one of the most typical uses of the IV method which specifically refers to the use of genetic variation as IV to infer a causal relationship (Didelez and Sheehan, 2007). Tchetgen Tchetgen et al. (2015) implemented the IV method in time-to-event data analysis with the classic Cox regression model (Tchetgen Tchetgen et al., 2015). Li et al. (2014) applied the IV approach in the estimation of the additional hazard model (Li et al., 2014). Dippel et al. (2019) expanded the IV method into the analysis of the mediation effect with one mediator and one IV (Dippel et al., 2019). However, IV-based methods for high-dimensional mediation detection controlling potential unmeasured confounders, especially for the time-to-event outcome, have not yet been proposed.
In this study, we aim to propose an IV-based mediation analysis and an indirect effect estimation approach in high-dimensional mediation analysis for Cox regression models with unmeasured confounders. The rest of the paper is organized as follows. In the next section, we first briefly introduce the key idea, basic notation, definitions, assumptions, the IV approach, and propose the method. Then we conducted the simulation study to illustrate the statistical performance of the proposed method. We also compared the statistical performance of the proposed method, the PS method, and classical approach in estimation of indirect effects with existence of unmeasured confounders through the simulation study. Additionally, considering the high-dimensional nature of the data, the identification of IVs is also important. Therefore, we also compared different variable selection approaches in the screening of potential IVs in the simulation study. Then, a real data analysis was also conducted to show the application of the proposed method.
2 STATISTICAL METHOD
2.1 Definitions of models
Let X and Z=(Z1, Z2,…, Zk) be the exposure variable and vector of IVs, respectively. The IVs may be continuous or binary variables, and X is a binary variable. The outcome variable [image: image] is time-to-event. Let M=(M1, M2,…, Mi,…, Mq) be the vector of normally distributed mediators with dimension q. Define n be the sample size, and q > n. Let L=(L1, L2,…, Lj) be confounders that influence the relation between exposure X and outcome [image: image]. With a directed acyclic graph (DAG), we expand Dippel et al. (2020) mediation model (Dippel et al., 2020) to a high-dimensional situation with unmeasured confounders. The relationships between variables could be illustrated in Figure 1.
[image: Figure 1]FIGURE 1 | DAG describing high-dimensional mediation with IVs, and confounders affecting the relation between exposure, mediator, and outcome. The dotted box indicated that the confounders L may not be able to be measured in observational studies.
The aforementioned relations presented in Figure 1 can be expressed with the classic Cox regression model with mediators, confounders, and IVs asfollows:
[image: image]
[image: image]
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where [image: image] is the error term and [image: image]. [image: image] is the coefficient relating exposure X and outcome [image: image]. [image: image] is the q-dimension coefficient vector relating the mediators M and outcome [image: image]. [image: image] is the j-dimension coefficient vector relating confounders L and outcome [image: image]. [image: image] is the j-dimension coefficient vector relating confounders L and exposure X. [image: image] is the k-dimension coefficient vector relating IVs Z and exposure X. [image: image] is the coefficient relating exposure X to ith mediator Mi;. a, c, and d are intercepts.
The parameters in Eqs. 1, 3 were estimated through the maximum likelihood estimation (MLE) approach while parameters in Eq. 2 were estimated through the ordinary least square (OLS) method.
2.2 Instrumental variable
The IV is used to help remove the influence of potential confounders, especially those unmeasured ones (Chen and Briesacher, 2011). Desirable IV is closely associated with exposure X and there is no direct relationship between IV and outcome variables (Chen and Briesacher, 2011). The outcome variables can only be affected by IV through exposure (Chen and Briesacher, 2011).
In general, IV analysis for linear models is estimated with the two-stage least square (2SLS) method. In the first stage, with the notifications in Eqs. 1–3, we use the IV to divide the exposure X into two parts as X = D + V, in which [image: image]. Since IV is not associated with confounders, D is not affected by confounders either. For V, it is the part that cannot be explained by IV and is associated with confounders, which could be regarded as residuals ([image: image]). Then, the exposure X can be expressed as in Eq. 3. In the second stage, in non-mediation analysis, we could use Eq. 3 to replace the exposure in Eq. 1 and obtain the following equation:
[image: image]
As shown in Eq. 4, Z is not affected by confounders L, and the IV approach allows the existence of unknown or unmeasured confounders by removing the association between potential measured or unmeasured confounders and the exposure.
2.3 Assumptions
To ensure the identification of the mediating effects, there are several assumptions that need to be hold for the methodology proposed in this study (VanderWeele, 2011; Huang and Yang, 2017; Yu et al., 2021; Tian et al., 2022).
A1. There are no confounders between the IVs and exposure.
A2. The mediators are independent of each other.
A3. There are no confounders between the mediators and the outcome.
A4. The IVs are not associated with any mediators.
2.4 Variable selection based on penalized approaches
Considering the presence of high-dimensional covariates, we need first to separate potential IVs from all available covariates. Several penalized approaches have been taken into consideration in the beginning, including the least absolute shrinkage selection operators (LASSO) (Tibshirani, 1996), the adaptive LASSO (ALASSO) (Huang et al., 2008), the elastic net (EN) (Zou and Hastie, 2005), and the MCP approach (Zhang, 2010), while the MCP approach yielded the best performance (details shown in the Simulation Study section).
2.5 Significance test for the mediation effect
We can identify the true mediator [image: image] between the exposure and outcome from the potential mediator set [image: image] when the path-specific indirect effect is significant. Here, we used three methods to test whether the mediation effects between exposure [image: image] and outcome [image: image] are significant, including the joint significance test (MacKinnon et al., 2002), the Sobel’s test (Sobel, 1982), and the bootstrap test (Efron and Tibshirani, 1994).
The joint test is based on path-specific (i.e., [image: image]; [image: image]) indirect effect p-values. The p-value for the joint significance test is defined as follows:
[image: image]
where [image: image] is the p-value for testing [image: image] of pathway [image: image], and [image: image] is the p-value for testing [image: image] of pathway [image: image]. In addition, we use the Bonferroni method to get an adjusted p-value for multiple comparisons as follows:
[image: image]
where q is the number of potential mediators in set M.
The Sobel test focuses on the null hypothesis [image: image] of no indirect effect, that is, we tested whether the coefficient product of the pathway [image: image] and [image: image] is equal to zero or not. The p-value of the Sobel’s test is defined as follows:
[image: image]
where [image: image] is the estimate of Sobel’s standard error, [image: image] is the standard normal cumulative distribution function, [image: image] and [image: image] are the effect estimates of pathway [image: image] and [image: image], respectively. Similarly, we can get the revised p-value via the Bonferroni approach as mentioned previously.
The bootstrap test obtains the asymmetric indirect effect [image: image] level confidence interval using the resampling method. Then we can reject the null hypothesis [image: image] when the confidence interval does not contain zero and conclude [image: image] is the mediator between exposure X and outcome [image: image]. Here, we calculate the percentile bootstrap confidence interval. Given the original data with sample size n, the percentile bootstrap method is described as follows (Efron and Tibshirani, 1994):
Step 1:. We obtained the bootstrap sample with sample size n by sampling with replacement from the original sample.
Step 2:. We calculated the estimate of indirect effect [image: image] by using the bootstrap sample obtained previously.
Step 3:. We repeated steps 1 and 2 for B times (usually B =1,000), then get B estimates of [image: image].
Step 4:. We constructed the confidence interval of the B estimates of [image: image] with a confidence level of [image: image] using the percentile method.
Step 5:. Then, we concluded the indirect effect [image: image] is not significant at [image: image] significance level if the confidence interval contains zero; otherwise, the [image: image] is the mediator between exposure X and outcome [image: image].
2.6 Proposed method
Considering that in observational studies, there is no guarantee that all confounders between the exposure and outcome can be measured, we propose the following high-dimensional mediation analysis method based on IV.
For the conduction of IV analysis, we need to select those variables associated with the exposure but not associated with others as candidate IVs. Then, we used the 2SLS method to conduct the regression-based IV analysis and estimated the effects of exposure on the outcome. Since the number of potential covariates (including IVs and mediators) is far more than that of the sample size, we need to reduce the dimensionality of the mediators to meet the requirements and capacity of the classic Cox and logistic regression models.
To ensure the efficacy of variable selection, we followed Luo et al. (2020) and Yu et al. (2021) and used the sure independence selection (SIS) (Fan and Lv, 2008) method to conduct a preliminary selection. Then we applied the MCP-based Cox regression model to select potential mediators followed by Luo et al. (2020) and Yu et al. (2021). For the selection of IVs, we compared four commonly used variable selection approaches in the simulation study (Table 1) and decided to use the MCP-based logistic regression.
TABLE 1 | Performance of the four penalized approaches in the selection of IVs.
[image: Table 1]Then, we estimate the indirect effects and corresponding standard errors between exposure to mediators, exposure to the outcome, and mediators to the outcome. At last, we test the mediation effect through the hypothesis test. For the hypothesis test of the mediation effect, we considered three commonly used approaches including the Sobel’s test, the joint test, and the bootstrap test. Also, considering the possible multi-comparison issue caused by the existence of multi-mediators, we used the Bonferroni approach to adjust the p-values.
The proposed approach can be summarized as follows:
Step 1:. For all covariates, we use the SIS approach to preliminarily select variables associated with the exposure X and the outcome [image: image]. The selected variables are contained in subsets I0 (associated with exposure) and M0 (associated with the outcome). Both subsets are with a size of t = 2n/log(n), in which n is the sample size.
Step 2:. With subset I0, we implement MCP-based logistic regression with exposure X being the dependent variable to select potential IVs. The selected variables are contained in set I1.
Step 3:. With subset M0, we implement MCP-based Cox regression with the outcome ([image: image]) being the dependent variable to select potential mediators. The selected variables are contained in set M1.Step 4:. Variables in I1 but not in M1 were regarded as candidate IVs and contained in set I2. All variables in M1 were candidate mediators.
Step 5:. We conduct a 2SLS-based IV analysis with exposure X, the outcome, and candidate IVs to estimate [image: image] between IVs and exposure X, [image: image] between mediators and the outcome, and β between exposure and the outcome.
Step 6:. With the estimated effects, we conduct the mediation analysis. The test of mediator and indirect effects is based on the hypothesis test methodologies including the joint test, the Sobel’s test, and the bootstrap method.
Step 7:. P-values obtained were then adjusted through the Bonferroni approach. The adjusted p-value < 0.05 is considered statistically significant.
2.7 Evaluation of the performance of the proposed approach
To evaluate the statistical property of the proposed method, a comprehensive simulation study and an empirical study were conducted. The data used in the empirical study were obtained from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/ ).
3 SIMULATION STUDY
3.1 Simulation design
To evaluate the statistical performance of the proposed method, we conducted a comprehensive simulation study. The implementation of the proposed method and simulation study was based on R-programming language (version 4.0.5, The R Foundation, Vienna, Austria) and the RStudio software (version 1.1.383, RStudio Inc., Boston, MA, United States). The main R packages used in the current study include “survival,” “ncvreg,” “ggm,” “ivtool,” “glmnet,” and “boot.” The choice of simulation parameters was based on published methodology studies and application studies focusing on the mediating role of epigenetic factors (Luo et al., 2020; Yu et al., 2021; Tian et al., 2022).
Z=(Z1, Z2) are IVs, Z1 and Z2 were generated from a multi-normal distribution with [image: image]; [image: image]; [image: image], and cov(Z1, Z2) = 0. For the (unmeasured) confounders L=(L1, L2, L3, L4), L1 and L2 were generated from a multi-normal distribution with [image: image]; [image: image]; [image: image], and cov(L1, L2) = 0. L3 and L4 were generated from the Bernoulli distribution with parameters set as p1 = 0.4 and p2 = 0.6. The exposure X is generated based on the IVs and (unmeasured) confounders as defined in Eq. 3.
Then, the generation of the outcome variable was based on the method proposed by Wan (2016). The censoring rate was defined as 20%, 40%, and 60%, respectively. The coefficients vectors were defined as [image: image], [image: image], and β = 1.5. To evaluate the influence of the sample size, we chose three sample sizes of 200, 500, and 800. In the simulation study, we designed three scenarios.
3.1.1 Scenario 1
We set the number of potential covariates (including the confounders, IVs, and exposures) equal to 1,000. Also, we denote [image: image], [image: image]. Notably, [image: image] indicated Mi is a significant mediator which means that there were two true mediators. The confounders were then removed to simulate the existence of unmeasured confounders.
3.1.2 Scenario 2
We set the number of potential covariates equal to 3,000. Also, we denote [image: image], [image: image]. Notably, [image: image] indicated Mi is a significant mediator which means that there were four true mediators. The confounders were then removed to simulate the existence of unmeasured confounders.
An additional simulation study was also conducted to compare the statistical performance of the proposed method and other published approaches under the assumption that all confounders were measured. The results are presented in the supplementary file (Supplementary Table S1), the simulation parameters were the same as in Scenario 1 but the confounders were not removed. As shown in the supplementary file, the proposed method, the PS-based approach, and the CoxMKF method all achieved good performance.
3.2 Evaluation of the performance
The performance of the variable selection process was evaluated with the false discovery rate (FDR) and positive select rate (PSR) (Benjamini and Hochberg, 1995) which is defined as follows:
[image: image]
[image: image]
where FP is the number of false selected variables (false positive), TP represents the number of correctly selected variables (true positive), and FN is the number of false dropped variables.
3.3 Simulation results
First, we assess the selection performance for IVs. Table 1 presents the selection results of IVs in the simulation with different sample sizes and censoring rates under parameter settings in Scenario 1. As the sample size increased, the performance of all four methods became better. The LASSO and MCP approach yielded the best (and similar) PSR while the FDR of the MCP approach is lower than that of the LASSO approach as shown in Table 1. According to the results presented in Table 1, we decided to use the MCP-based logistic regression as the IV selection method.
Based on the IVs selected, we conducted the two-stage test and estimated the mediation effect. We evaluated the accuracy of the identification of mediators based on the proposed approach and made a comparison with the unadjusted approach (classical method).
Table 2 presents the FDR and PSR of mediator detection based on Sobel’s test, joint test, and the bootstrap test through the proposed approach and the classical approach (without adjustment of potential confounders) under the parameter setting in Scenario 1. As shown in Table 2, in general, compared with the classical unadjusted approach, the proposed method yielded a more reliable FDR level and higher PSR.
TABLE 2 | FDR and PSR in the mediation test by the proposed method, PS method, CoxMKF, and classical method with unmeasured confounders.
[image: Table 2]As presented in Table 2, under a fixed censoring rate, the proposed method with the bootstrap test yielded the best performance. However, with the increase in the sample size, the performance of the proposed method with Sobel’s, joint, and bootstrap approaches tended to be close to each other. With the increase in the censoring rate, the FDR and PSR levels of the proposed method and classical method with all three hypothesis test approaches became worse. With unmeasured confounders, the performance of the PS method and the classical method is similar, and both were worse than the proposed method.
The performance of the proposed method, PS method, and unadjusted method in estimation of indirect effects with unknown confounders under parameter setting in Scenario 2 is presented in Table 3. In general, with the increase in sample size, the MSE of all approaches decreased. The MSE became larger when the censoring rate increased in both scenarios. The estimation of the mediation effect obtained with the proposed method was close to the set level and got closer when the sample size became larger. While the estimation obtained with the unadjusted classical approach and the PS approach was quite biased, as shown in Table 3.
TABLE 3 | Estimation of the mediation effect with 1,000 potential covariates (including the confounders, IVs, and exposures) and γ=(1.2,0.8,1.5,0,0,…,0), λ=(0.8,1.2,0,1.5,0,…,0) with unmeasured confounders.
[image: Table 3]Table 4 presents the simulation results illustrating the performance of the proposed method and classical approach in estimation of indirect effects with parameter setting in Scenario 3. When the number of covariates (as well as the number of mediators) increased, the proposed method still yielded good performance. The estimation of indirect effects by classical approach is seriously biased.
TABLE 4 | Estimation of the mediation effect with 3,000 potential covariates (including the confounders, IVs, and exposures) and γ=(1.2,0.8,-1.2,1.2,1.5,0,0,…,0), λ=(0.8,1.2,0.8,-0.8,0,1.5,0,…,0) with unmeasured confounders.
[image: Table 4]4 EMPIRICAL STUDY
In this empirical study, we aimed to identify potential DNA methylation markers that may act as a mediator between smoking and the overall survival (OS) outcome of patients with squamous cell lung cancer. Data were obtained from the project LUSC of The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). A total of 754 patients with squamous cell lung cancer were included in the analysis. The basic features of the included patients are presented in Table 5. In summary, a total of 305 patients died during follow-up, and the median survival time was 54.4 (44.9–61.4) months.
TABLE 5 | Basic features of the included cases.
[image: Table 5]DNA methylation is an endogenous modification process present in eukaryotes that involves the transfer of a methyl group to the C5 position of cytosine to form 5-methylcytosine. A published study has indicated that DNA methylation plays an important role in tumorigenesis and can trigger the initiation of cancer by reactivating silenced oncogenes (Bolger et al., 2014). Environmental factors also have a great impact on DNA methylation levels, especially long-term smoking or exposure to second-hand smoke, which may significantly alter DNA methylation levels (Lee and Pausova, 2013).
In this empirical study, we aim to identify DNA methylation CpGs that act as mediators between smoking and OS in patients with squamous cell lung cancer. Considering that there might be confounders and may not be measured during the data collection process, we applied the proposed IV-based two-stage approach with different mediation test methods to explore potential mediators controlling for potential confounders. We used the smoking status (yes or no) as exposure and survival prognosis (live or dead, and survival time in months) as an outcome. DNA methylation signatures were regarded as potential high-dimensional mediators. The results are proposed in Table 6. As shown in Table 6, PSobel refers to the p-values obtained with the Sobel’s test, PJoint refers to the p-values obtained with the joint test, and PBoot refers to the p-values obtained with the bootstrap test, and all p-values were corrected with the Bonferroni approach. The hazard ratios and corresponding 95%CIs for mediators cg27042065, cg21926276, and cg26387355 were 1.097 (1.016 and 1.1841), 1.254 (1.114 and 1.411), and 1.171 (1.067 and 1.285), respectively. The selected IVs using the proposed method include cg06320150, cg16205058, cg02089348, cg07964097, and cg02599390.
TABLE 6 | Results of the mediation effect analysis based on the proposed method with empirical data.
[image: Table 6]Since, in general, smoking increases the risk of lung cancer and reduces overall survival outcome, followed by Luo et al. (2020) and Yu et al. (2021), we also only presented those CpGs with λγ>0. More complete results (with those mediators with λγ<0) are available in Supplementary Section S2.
The identified methylation signature cg27042065 is located in gene CDCA3 which is found to be associated with the survival prognosis and may act as a potential therapeutic marker in the treatment of on-small cell lung cancer (NSCLC) (Adams et al., 2017). cg21926276 is located in gene H19 which is well-known as a tumor-related gene in multi cancers including NSCLC (Wang et al., 2021). cg26387355 is located in gene LOC338797 which is also been found to be associated with lung cancer prognosis (Song and Yang, 2018). These also suggested that the DNA methylation signatures identified with the proposed approach were reliable.
We also compared the results using the CoxMKF approach (Tian et al., 2022), as presented in the Supplementary Section S2. Most of the identified CpGs with two methods were consistent.
5 DISCUSSION
Epigenetic research is often conducted based on data collected in an observational study, and researchers are often interested in the role of epigenetic modifiers between exposures and health outcomes, thus mediation analysis is critical. Classical mediation analysis often assumes that there are no confounders, however, this assumption is hard to behold in the observational epigenetic study (Boyko, 2013). To address this issue, several methods have been proposed (Armstrong, 2012). Existing methodologies controlling confounders in mediation analysis usually assume that potential confounders, at least the most important ones, were known or measured. However, this assumption was also difficult to behold in practice. Therefore, in this study, we proposed a statistical tool to solve the issue of the control of unmeasured confounders.
In this study, we addressed the problem of adjusting for unmeasured confounders by applying the IV approach. The simulation study was conducted to decide the optimized variable selection method. We used three hypothesis testing methods including the Sobel’s test, joint test, and the bootstrap test to test the significance of the mediation effect. The results of the simulation study has suggested that the proposed approach can correctly estimate the indirect effects and yielded good performance in hypothesis testing considering the FDR and PSR rates. As shown in the simulation study, when unknown confounders existed, the estimation of the PS approach would be biased. Our approach does not require researchers to pre-obtain the measurements of all or most of the major potential confounders. This may especially benefit exploration studies. Our methods require less information, and also can well control the confounder, which is one of the strength of our methods compared with other existing methods. The empirical study based on the DNA methylation measurement of lung cancer patients also illustrated its application in real data analysis. Larger sample size may enhance the identification of mediators and the estimation of indirect effects. However, a higher censoring rate may introduce bias in identification of mediators and the estimation of indirect effects.
Though in the empirical study, five CpGs were selected as IVs; however, in the proposed approach, we did not limit the IV to only be genetic variations, the IVs can be either genetic variations or clinical or social-demographic features. The selection of IVs is completely driven by the data or the algorithm. Thus our approach may be classified as based on the general IV method. This is a difference between our approach and the Mendelian randomization method.
In addition, the Mendelian randomization is a special case of the IV approach. In the general sense of the IV method, any type of variable can be used as an IV, while Mendelian randomization specifically refers to the use of genetic variation as IV to infer a causal relationship between exposure factors and outcomes. In our approach, we did not limit the IV to only be genetic variations, thus our approach may be classified as based on the general IV method.
In the establishment of the proposed method, several assumptions have been mentioned in Section 2.3. Those assumptions were made following other published approaches (VanderWeele, 2011; Huang and Yang, 2017; Yu et al., 2021; Tian et al., 2022) to ensure the identification of mediating effects. In practical data analysis, researchers can check the assumptions through regression analysis. In practical data analysis, serious violation of those assumptions may lead to biased estimation and incorrect identification of mediators (VanderWeele, 2011; Huang and Yang, 2017).
In addition, the time needed for three hypothesis testing methods varies. In general, with 10,000 covariates (including three true mediators) and sample size equals to 300, the needed time for Sobel’s test was 23.73 s, for joint test 31.57 s, and for bootstrap method 33.36 s (OS: windows 10; Processor: Intel Core i7-8850H CPU @2.60 GHz; RAM: 16.0 GB). The simulation study suggested that the bootstrap method obtained the optimized FDR and PSR and was not affected much by the sample size. While the FDR and PSR for the other two methods also become better when the sample size increased. Therefore, we may suggest that when the sample size is not very large, the bootstrap method may obtain more robust results; while when the sample size is relatively large, the performance of all three methods are similar, but Sobel’s test and the joint test may need much less time.
Our method was proposed under the assumption that key confounders were unmeasured. In the additional simulation study, we also explored the statistical performance of the proposed method in the situation where all key confounders were measured. As shown in the Supplementary Table S1 in the supplementary file, the proposed method also yielded good statistical performance, so as the PS-based method and the CoxMKF method. These results and the simulation results in the main text together suggested that the proposed method can be a useful statistical tool for high-dimensional mediator analysis controlling the influence of potential confounders. Also, the advantage of the proposed method is that it can control the influence of potential confounders even when the key confounders were not measured. In addition, this may make our method a good alternative to other methods used in the analysis of high-dimensional mediated effects in survival data controlling confounding factors.
The results of the empirical study also suggested that the results obtained with the proposed method are reasonable. Though the mediators selected by the proposed method and the CoxMKF method (as shown in the Supplementary Section S2) were not completely the same; however, many of the selected mediators were consistent.
Mediation analysis provides evidence for exploring the relationship between disease and exposure by determining intermediate variables in the pathway in epigenetic studies (Vo et al., 2022). In observational epigenetic studies, confounders are inevitable and may not always be able to be measured. Ignoring the influence of confounders may easily lead to biased estimation of the effect or miss-detection of mediating factors (VanderWeele and Chiba, 2014; Valente et al., 2017; Stuart et al., 2021). Among the commonly used methods in confounder control, the IV method can better control the influence of unknown confounding factors, thus is widely used in observational data analysis.
During the last decade, there were other published methods focusing on high-dimensional mediator analysis and unmeasured confounders. Wang et al. (2017) proposed a method under the framework of linear models to solve the issue of multiple testing with unmeasured confounders (Wang et al., 2017). This method also provided useful tools for dealing with unmeasured confounders. The difference between our approach and Wang et al.’s is that their approach was focusing on continuous outcomes and has not yet expanded to survival data. It would be of potentials to expand their approaches into time-to-event outcomes. Zhang et al. (2021b) established a high-dimensional mediator identification approach for survival data based on the SIS method and a de-biased LASSO inference procedure (Zhang et al., 2021a) and this method was further extended by Perera et al. (2022) (Perera et al., 2022). Their methods can be useful in the identification of high-dimensional mediators for survival data; however, their methods also did not take the issue of unmeasured confounders into consideration. In addition, Liu et al. (2022) have proposed a novel powerful DACT approach to exploring high-dimensional mediating effects adjusting for confounders (which require all confounders were known) (Liu et al., 2022). It also would be of great values to expand the application of their method and ideas into the situation with unmeasured confounders and survival outcomes.
Still, there are several issues that are remained. First, we only considered the situation that the exposure factor has only two levels. Methodologies for ordinal, multi-levels, and continuous exposure factors are still needed to be developed. Our approach does not address the issue that confounders affect the relationship between mediators and the outcome, or exposure and the mediator. Future works focusing on these issues would also be of interest.
6 CONCLUSION
In general, the proposed method has good statistical performance and can be a useful statistical tool for high-dimensional mediation analysis in the observational study with unmeasured confounders. Our approach may promote the application of high-dimensional mediation effect analysis in observational epigenetic studies.
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