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Experimental and quasi-experimental designs have been increasingly employed in education. Mediation analysis has long been used to measure the role of mediators. Causal mediation analysis provides a modern approach to evaluate potential causal roles of mediators. Compared with conventional mediation analysis, causal mediation analysis has several advantages, e.g., by enabling us to evaluate necessary assumptions to establish a valid causal role of the mediator of interest. Despite these advantages and the availability of various software programs, causal mediation analysis has not been employed frequently in educational research. In this paper, we provide a step-by-step guide to causal mediation analysis using the free R package mediation in order to promote the more frequent application of causal mediation analysis in education, with an accessible data example from a Comprehensive College Transition Program (CCTP).

Keywords: causal mediation analysis, college transition program, psychosocial outcome, educational program evaluation, mediation analysis


INTRODUCTION

The randomized control trial (RCT) along with quasi-experimental designs have been increasingly employed in education at the national, state, and district levels to evaluate the effectiveness of intervention programs (e.g., De Witte and Rogge, 2016; Baroni et al., 2019; Kireev et al., 2019; Legaki et al., 2020) and to inform educational policy decision-making (Sadoff, 2014; Raudenbush and Schwartz, 2020). Often in these studies, researchers and practitioners would like to determine if the intervention (e.g., an instructional model, or a new technological tool) impacts the outcome (e.g., student learning outcome, or teacher quality). In addition, underlying causal mechanisms are of interest; in other words, how the intervention influences the outcome through a mediator (e.g., student engagement, or student motivation).

Mediation analysis (Baron and Kenny, 1986; MacKinnon, 2008) is routinely applied to investigate mediation effects. Recently, causal mediation analysis (Robins and Greenland, 1992; Pearl, 2001; Robins, 2003; Imai et al., 2010a,b, 2011; Imai and Yamamoto, 2013; VanderWeele, 2015) has been proposed and provides a new perspective to understanding mediation. Conventional mediation analysis and causal mediation analysis are not completely different in terms of modeling perspectives. However, based on the potential outcomes framework (Holland, 1986), causal mediation analysis provides methods to evaluate the assumptions required in establishing the causal role of a mediator, which may not be the case with conventional analysis. Causal mediation analysis does so by clearly identifying and evaluating required assumptions through sensitivity analysis that supplies measures of how robust results are to violations of the assumptions needed to establish causality.

In addition, causal mediation analysis introduces a more general definition of the causal mediation effect. The approach provides non-parametric definitions of causal mediation effects and allows accommodating various types of models (linear and nonlinear), mediators (continuous and discrete), and outcome variables (continuous and discrete). Based on non-parametric definitions, causal mediation effects can be estimated through various parametric and non-parametric estimation methods.

Despite these advantages and the availability of various software programs (Valente et al., 2020), causal mediation analysis does not appear to be employed as much as conventional mediation analysis in experimental designs found in educational studies (Imai et al., 2010a; Cuartas and McCoy, 2021). The insufficient use of causal mediation methods is notable considering the more recent focus on experimental and quasi-experimental methods to evaluate causal effects (Hufstedler et al., 2021; Yeboah et al., 2021). The current What Works Clearinghouse (WWC) standards for effectiveness studies do not yet include guidance on causal mediation methods (What Works Clearinghouse, 2020). To encourage the use of causal inference in applied studies, in this paper, we provide practical guidance for applied researchers. We provide a step-by-step explanation of causal mediation analysis with an accessible example. Through this guide, we aim to promote and foster more use of causal mediation analysis in applied educational research.

The remainder of this paper is structured as follows: “A Running Example” presents our empirical example of an RCT design in education. “Conventional Mediation Analysis” briefly reviews conventional mediation analysis and how it is typically applied in education research. This section also discusses several assumptions needed to establish a valid causal mediation effect. “Causal Mediation Analysis” introduces causal mediation analysis and compares it with conventional mediation analysis. “A Practical Guide” recommends a four-step procedure that can be applied in practice and illustrates the procedure through an empirical example. “Concluding Remarks” provides a summary and final thoughts.



A RUNNING EXAMPLE

Comprehensive college transition programs (CCTPs) include several different types of transition programs that range in intensity and comprehensiveness, including summer bridge programs (e.g., Strayhorn, 2011), first-year seminars (e.g., Keup and Barefoot, 2005), paired developmental courses within cohorts (e.g., Weiss et al., 2014), financial awards with intensive advisement (e.g., Page et al., 2019), and learning communities (Taylor, 2003; Price, 2005). The CCTP studied in the present study supports low-income, in-state high school graduates and was offered on three campuses of the University of Nebraska. At each campus, portions of applicants to this program were randomly assigned to three conditions: (a) the CCTP treatment condition, in which the participants received financial assistance and a comprehensive set of supports (e.g., academic classes, and first-year seminars); (b) the college opportunity scholars (COS) condition, where the participants received financial assistance only; and (c) the control condition, where participants received neither financial aid nor the CCTP (Angrist et al., 2016).

Melguizo et al. (2021) compared the participants in the CCTP condition to those in the COS condition and demonstrated that the CCTP participants experienced substantial gains in two psychosocial outcomes: sense of belonging to a campus community and mattering to a campus community. The former is defined as the perception that one is a part of the broader campus community (Hausmann et al., 2007; Hurtado et al., 2008; Chang et al., 2011; Strayhorn, 2012). The latter refers to the sense that one is of consequence to other people in the broader campus community (Rosenberg and McCullough, 1981; Schlossberg, 1989; Gossett et al., 1996; Cooper, 1997; Marshall, 2001; Rayle and Chung, 2007; Dixon and Kurpius, 2008; Klug, 2008; Tovar et al., 2009; France and Finney, 2010; Tovar, 2013). These two psychosocial outcomes were measured through the Longitudinal Survey of Thompson Scholars (STS) at the second follow-up of the program.

To explain the differences between the CCTP and COS conditions in the psychological outcomes, the mediating roles of four types of personal interactions that have been previously associated with them are examined. These interactions between participants and nonprogram faculty and peers are: (a) faculty course-related interaction (e.g., student utilization of faculty office hours); (b) faculty non-course-related interaction (e.g., discussions with faculty about personal problems and ambition); (c) academic peer interaction (e.g., discussing class topics, assignments, and concerns with peers); and (d) social peer interaction (e.g., discussing current events, personal concerns, and social issues with peers). These interactions were measured via the STS at the first follow-up (see Supplementary Material for the survey items).

Aside from the STS data, additional background information was collected from applications to the CCTP and the Free Application for Federal Student Aid, including participants’ unweighted high school grade point average and aggregate gross family income, if their guardian(s) attended college, their gender and race/ethnicity (Black, Latino, White, other), and if they are members of the 2016 cohort.

To illustrate conventional mediation analysis and causal mediation analysis, we use data from this study the sections “Conventional Mediation Analysis” and “Causal Mediation Analysis”, focusing on exploring the causal mechanism of how faculty course-related interaction is impacted by participants’ CCTP status (if they are in the CCTP condition or the COS condition) and in turn influences their sense of belonging to a campus community (i.e., the mediation effect of faculty course-related interaction).



CONVENTIONAL MEDIATION ANALYSIS

Conventional mediation analysis (Baron and Kenny, 1986; MacKinnon, 2008) is formulated under a linear structural equation modeling (LSEM) framework.


Common Practices

To address the research question of how faculty course-related interaction is impacted by participants’ CCTP status and in turn influences their sense of belonging to a campus community, with conventional mediation analysis, three linear regression equations are usually specified based on a single mediator model shown in Figure 1:
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FIGURE 1. Model with only focal mediator. Path diagram for conventional mediation analysis with only focal mediator.


In the above equations, Y represents the outcome variable, T denotes a binary treatment variable and takes the value of 1 if participant i is in the CCTP condition (Ti = 1) and 0 if the participant is in the COS condition (Ti = 0), and M is the mediator. Equation 1 indicates that participant i’s level of sense of belonging to a campus community is the sum of the intercept, α1, the total effect of the CCTP, cTi, and the unexplained residual, ei. Equation 2 states that Yi is the sum of the intercept, α2, the direct effect of the CCTP, c′Ti, the effect of faculty course-related interaction (i.e., the focal mediator), bMi, and the residual, eyi. Equation 3 shows that the level of the mediator is the sum of the intercept α3, impact of participant i’s CCTP status, aTi, and the residual, emi. Note that measured confounders (e.g., participants unweighted GPA) can be controlled for by incorporating the confounders into the above equations.

The above equations can be estimated, through approaches such as ordinary least squares (OLS) and logistic regression, to obtain parameter estimates and the associated standard errors. The mediation effect is then computed as the product of estimates of a and b parameters, [image: image], or the difference between the total and the direct effects, [image: image]. The presence of a mediation effect can be determined using significance tests or confidence intervals (CIs). It is shown that CIs that account for the non-normal sampling distribution, such as the bias-corrected bootstrap CI and percentile bootstrap CI, generally have higher power to detect a statistically significant mediation effect than normal-theory CIs and significance tests (MacKinnon et al., 2004; Fritz and MacKinnon, 2007; Hayes and Scharkow, 2013).

When other mediators (that are not of major interest) other than the focal mediator are also measured in a study, the effects of these mediators can be incorporated through a multiple mediation model. For example, if both faculty course-related interaction and faculty non-course-related interaction are to be considered and are assumed to be independent (Figure 2A), four linear regression equations can be specified as:
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FIGURE 2. Path diagram for mediation analysis model with multiple mediators. (A) Model with independent mediators. (B) Model with related mediators. In each panel, the solid arrows represent the average causal mediation effect (ACME) through the focal mediator. The solid and dashed arrows, together, represent the total effect of participation in the comprehensive college transition program. In panel (A), the focal mediator is assumed to be independent of the other mediators. With this assumption, ACME estimates for each focal mediator are not allowed to be confounded by post-treatment changes in other mediators. In panel (B), the focal mediator is allowed to depend on other mediators. Figure adapted from Imai and Yamamoto (2013). Copyright 2013 by K. Imai and T. Yamamoto.


Equations 4–7 indicate that the other mediator (faculty non-course-related interaction, denoted by W) is impacted by participants’ CCTP status, and together with the focal mediator influences the levels of the sense of belonging to a campus community. The mediation effect of the focal mediator, M, can then be computed and evaluated. In a subsequent section, we relax this assumption that the causal effect estimate of the focal mediator on the outcome is independent from that of other mediators. Instead, the other mediators are allowed to influence the focal mediator.



Several Key Considerations

Conventional mediation analysis, as just described, establishes the association between the mediator and the outcome, but does not always guarantee a valid conclusion regarding the causal role of the focal mediator. Potential confounders that are either measured or unmeasured may not be adequately considered. Thus, results tend to be over-interpreted (i.e., estimates of the mediation effect have an upward bias) in these studies. In this section, we discuss several key requirements needed for the establishment of the causal role of the focal mediator.

First, it is important to consider if the samples of the comparison groups are balanced in characteristics. Randomization can yield identical comparison groups, on average, but non-random attrition from the samples can confound results. In the running example, if the CCTP group includes a significantly higher number of White participants than the COS group, suggesting non-random attrition, the mediator-outcome effect, the treatment-mediator and treatment-outcome effects could all be biased. The imbalance suggests the possibility that an unmeasured participant characteristic is correlated to both treatment status as well as the levels of the faculty course-related interaction mediator and the sense of belonging to a campus community outcome.

Second, it is prudent to examine how unmeasured pre-treatment or post-treatment confounders would impact the estimates of a mediation effect. Both unmeasured pre-treatment or post-treatment confounders would confound the relationship between the focal mediator and the outcome. An example of pre-treatment confounders in the CCTP example could be participants’ motivation to interact with college peers and faculty before they are assigned to either the CCTP or COS groups. Post-treatment confounders can include unmeasured factors that are induced by the CCTP status, such as the unique CCTP camaraderie. Post-treatment confounders can also include other measured non-focal mediators. The assumption regarding pre-treatment and post-treatment confounders are crucial for a valid inference of the mediation effect of interest; however, they are untestable with observed data.

Third, Equations 2 and 5 indicate that there exists no interaction between the focal mediator and the treatment (i.e., the no-interaction assumption). However, this assumption may not always hold in practice, because the role of mediator can be different in the treatment and control conditions. This assumption can be relaxed by incorporating a treatment-mediator interaction term in Equations 2 and 5. The additional interaction term also reflects the approach taken in conventional mediation analysis (Judd and Kenny, 1981; MacKinnon et al., 2020).




CAUSAL MEDIATION ANALYSIS

In this section, using the CCTP running example, we first briefly review causal mediation analysis. Next, we present two sensitivity analyses, through which the robustness of the mediation effect estimates can be evaluated. For more technical details, we refer interested readers to Imai et al. (2010a,b, 2011), Imai and Yamamoto (2013), and VanderWeele (2015).


Causal Mediation Effects

In causal mediation analysis, the causal mediation effect is defined in the potential outcome framework. Let Mi(t) represent the potential mediator value for participant i if the participant’s treatment status is Ti = t. Let Yi(t,m) denote the potential outcome value for participant i if Ti = t and participant i has a mediator value Mi = m. The causal mediation effect for participant i captures the difference between the participant’s observed outcome and a counterfactual outcome if the participant’s treatment status remains the same but the mediator value equals the value under the other treatment status (Robins and Greenland, 1992; Pearl, 2001):

[image: image]

where t = 0, 1. If t = 0, the term Yi(0,Mi(1)) is counterfactual and Yi(0,Mi(0)) is observed. δi(0) is also termed pure indirect effect. When t = 1, the term Yi(1,Mi(1)) is observed and Yi(1,Mi(0)) is counterfactual. δi(1) is termed the total indirect effect.

As the causal mediation effect depends on the treatment status, population average causal mediation effects (ACMEs) under the treatment and control conditions are computed separately, denoted by ACME(1) and ACME(0). In addition to the mediation effects, direct effects under the two conditions (also known as the pure direct effect and total direct effect) are also defined,
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where t = 0, 1. The total causal effect is defined as τi = δi(t) + ζi(1−t).

In our running example, where the mediation effect of faculty course-related interaction is of major importance, ACME(1) represents the averaged difference between two outcomes associated with the CCTP participants: (a) their observed levels of sense of belonging to a campus community, and (b) the levels of sense of belonging to a campus community when they stay in the CCTP condition, but their faculty course-related interaction levels are what they would be if assigned to the COS group. ACME(0) indicates the difference between two outcomes of the COS participants: (a) their levels of sense of belonging to a campus community when they stay in the COS group, but their faculty course-related interaction levels are what they would be if assigned to the CCTP group, and (b) their observed sense of belonging to a campus community levels. Through fixing participants’ CCTP status (i.e., the treatment), levels of faculty course-related interaction (i.e., the mediator) and sense of belonging to a campus community (i.e., the outcome) are isolated and the causal relationship between the mediator and outcome can be established.

To compute the ACMEs, two regression equations are first specified and fitted, one for the mediator and one for the outcome,

[image: image]

In both Equations, Xi is a vector of control variables, such as the background characteristics of participants. Compared with Equation 5, Equation 11 has an additional treatment-mediator interaction term, MiTi. It is worth noting here that although it is possible in conventional mediation analysis to relax the no-interaction assumption and include this interaction term, this interaction term is rarely estimated and tested in conventional mediation analysis (MacKinnon et al., 2020). Without the interaction term, it is assumed the role of the mediator in influencing the outcome is the same regardless of treatment status.

The mediator and outcome in our example are both continuous; therefore the ACME(1) and ACME(0) can be computed using the product of coefficients approach:

[image: image]

The causal mediation model can be extended easily to various nonlinear models including quantile, probit, and survival models and can accommodate discrete mediators and outcomes (Imai et al., 2010a).

As alluded to earlier, the focal mediator M can either be independent from other mediators W (e.g., faculty non-course-related interaction; Figure 2A) or be impacted by W (Figure 2B). The causal mediation analysis has been extended to the case of multiple causal mechanisms (Imai and Yamamoto, 2013; VanderWeele and Vansteelandt, 2014):

[image: image]

By including the term Wi in Equation 14, the focal mediator can be dependent on the other mediator, which is also impacted by the treatment. Regression coefficients in these two equations vary across participants (via the individual subscript i), allowing for heterogeneous treatment effects. The causal mediation analysis with multiple mediators relaxes the independence assumption but still assumes that the mediator-treatment interaction is homogeneous across participants (which is different from the no-interaction assumption). The inclusion of one or more non-focal mediators allows for a sensitivity analysis to examine if the causal effect of the focal mediator on the outcome depends on treatment status. Such a dependence would mask our primary interest in isolating the effect of the mediator on the outcome.



Sensitivity Analysis

To identify the estimates obtained through causal mediation analysis as a causal mediation effect, it is assumed that there are no unmeasured pre-treatment confounders and no post-treatment confounders. However, these two assumptions are untestable. An important advantage of causal mediation analysis over conventional mediation analysis is that it allows us to examine how sensitive the ACME estimates are to the potential violation of these assumptions.

In causal mediation analysis, the degree of the possible violation of the no unmeasured pre-treatment confounders assumption can be quantified via a measure that is based on the correlation between the residuals of the regression equations,
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When the no unmeasured pre-treatment confounders assumption holds, ρ = 0. An extreme value of ρ indicates that there exists strong confounding between the mediator and the outcome variables. We can also set ρ to different values and re-estimate the associated ACME to find the value for ρ at which ACME=0. This value for ρ represents the amount of pre-treatment mediator-outcome confounding necessary to result in no ACME. The larger this value is, the more robust the ACME estimate.

In causal mediation analysis with multiple mediators, we can measure the sensitivity to the homogeneous interaction assumption (i.e., the effect of the treatment-mediator interaction on the outcome is the same across units), which if violated, indicates bias in the effect estimate of the mediator on the outcome from a treatment-mediator interaction. The homogenous interaction assumption can be measured using the standard deviation of the coefficient β3 in Equation 15. The value of σ, at which simulated bounds on the estimated ACME equal zero, divided by its highest possible value represents the degree of the allowable violation of this assumption. Thus, larger values of σ suggest less sensitivity to this type of violation. An approach suggested in Imai and Yamamoto (2013) to help gauge whether the focal mediator is influenced by other mediators is to regress the focal mediator to other mediators. Note that even though this approach accounts for the role of other measured mediators, these methods do not account for unmeasured mediators.




A PRACTICAL GUIDE

In this section, a four-step procedure is recommended to establish a valid causal role of the mediator of major interest in RCT designs. The procedure starts with comparing participants in the control and treatment groups in key background characteristics. In Step 2, mediation, direct, and total effects are computed based on causal mediation models with the focal mediator. In Step 3, the sensitivity of the estimates obtained in Step 2 to unmeasured pre-treatment confounders is examined. In Step 4, the robustness of estimated mediation effects to the assumptions that the focal and other mediators are independent are further examined if multiple mediators are measured in the study.

To illustrate this procedure, we use data collected from the CCTP described in the section “A Running Example” and present sample R code.


Step 1: Comparing Participants in Baseline Characteristics

The step of comparing participants in different groups in key background characteristics examines the possibility of non-random attrition from the study after participants are randomized to treatment conditions and before the outcome is observed. The virtue of randomization is that it can provide comparison groups that are, on average, the same. However, if participants with certain characteristics in one treatment condition attrit more frequently, it is possible that the differences in the levels of mediators or outcomes are caused by pre-treatment confounders. The difficulty is that the source of such confounding may not have been measured. To alleviate concerns of non-random attrition, we can compare observed characteristics through statistical techniques such as the t-test.

Table 1 summarizes the means of participants’ unweighted high school grade point average and their aggregate gross family income, and proportions of participants whose guardian(s) attended college, male participants, different race/ethnicities, and of 2016 cohort members in both CCTP and COS groups. Results of t-tests indicate that there are no significant differences between the two groups in these background characteristics at a α = 0.05 level.


TABLE 1. Student characteristics by program group.

[image: Table 1]
If significant differences were detected, suggesting non-random attrition, methods to address the potential for bias from non-random attrition are limited (Duflo et al., 2007). In estimating the total effects of treatments, the traditional parametric method Heckman (1976, 1979) relies on restrictive assumptions, namely joint normality. Non-parametric approaches are also available (Ichimura and Lee, 1991; Ahn and Powell, 1993) but require a valid exclusion restriction: a variable that is not the cause of attrition but correlated to the cause. Such a variable may not be available. More recent methods that do not have these limitations include bound estimators (Lee, 2009). These estimators, however, are limited by the extent of attrition. More importantly, we are unaware of adaptations of these or other methods that address non-random attrition in estimates of causal mediation. To avert these issues, preventing attrition from a study in the first place is paramount.



Step 2: Fitting Causal Mediation Models With the Focal Mediator

The second step involves fitting the mediator and outcome models described in Equations 10 and 11, which assume independence between mediators and include only the focal mediator. In this step, estimates of ACMEs, average direct effects, and the total effect are obtained based on estimates of the regression coefficients. The associated confidence intervals are also computed to evaluate if these effects are statistically significant.

The causal mediation models can be fitted using the mediate() function in the R package mediation. To obtain estimates of interest, two fitted model objects for the mediator (the med object) and the outcome (the out object) need to be specified first. Discrete and other nonlinear mediators and outcomes can be accommodated by using classes other than lm. Next, the mediate() function is applied, using the mediator and outcome model objects as ingredients. R code for fitting causal mediation models with academic peer interaction as the focal mediator and mattering to a campus community as the outcome is shown in Figure 3. This is repeated eight times, each using one of the four mediators and one of the two psychological outcomes. Code for all analyses can be found in the Supplementary Material.


[image: image]

FIGURE 3. R code for fitting causal mediation models academic peer interaction as the focal mediator and mattering to campus as the outcome. The package mediation is installed first. The mediator object med and the outcome object out are specified first via lm(), since the mediator T1APIR and outcome T2MATC are both continuous. With the mediate() function, the first two arguments indicate the two fitted model objects. Its last three arguments boot = TRUE, boot.ci.type = “bca”, and sims = 5000 indicate that the nonparametric bootstrap estimation approach is used for computing the bias-corrected and accelerated confidence intervals and the number of Monte Carlo draws for nonparametric bootstrap is 5000.


Table 2 shows the estimated effects of CCTP on each of the four interaction-related mediators. Table 3 summarizes the estimates of associations between interaction-related mediators and psychosocial outcomes. Table 4 presents the estimates of ACMEs for the CCTP and COS groups and the total effects, along with their 95% bootstrapped confidence intervals (which account for the non-normality of the mediator and outcome).


TABLE 2. Direct effect estimates of comprehensive college transition program on interaction mediators.

[image: Table 2]

TABLE 3. Association of interaction mediators with psychosocial outcomes.

[image: Table 3]

TABLE 4. Mediation effect estimates assuming independence among mediators.

[image: Table 4]
According to Table 2, CCTP participation is strongly and positively associated with the two faculty-related interaction measures. In contrast, the positive association between CCTP and the two peer interaction measures is not statistically significant at the 0.10 level. These results suggest that two faculty interaction mediators are dependent on CCTP participation. Therefore, they could be potential post-treatment confounders.

Table 3 indicates that the two peer interaction measures strongly predict greater mattering to a campus community. Faculty interactions also predict greater mattering to a campus community, but with smaller magnitudes. CCTP participation is also significantly positively related to mattering to a campus community. The estimated coefficients of the mediator-CCTP interaction terms all are negative and significant at the 0.10 level for peer interactions but not significant for faculty interactions. Larger and statistically significant coefficient estimates on the interaction term suggest differences between CCTP and COS students in the mediating role of the interaction measure. In the case of sense of belonging to a campus community, results are similar but attenuated.

As shown in Table 4, for mattering to a campus community, ACME estimates for faculty course-related interaction as the mediator are positive and significant at the 0.05 level. For CCTP participants, this mediator explains a 0.038 standard deviation increase in the psychological outcome. For COS students, it explains a 0.049 standard deviation increase. The difference in estimated ACMEs between the two groups suggests the COS students may benefit more from non-CCTP faculty course-related interactions. These estimated ACMEs are relatively small compared to the total effect, which accounts for all observed and unobserved mediational paths between treatment and outcome. This suggests that there could be other mediators that play a larger role in explaining participants’ gain in this psychological outcome.

The ACME estimates with the faculty non-course-related interaction as the mediator are similar but only statistically significant for COS participants. ACME estimates with the peer interaction measures as mediators are all positive but not statistically significant. The differences in ACMEs between CCTP and COS participants for all the interaction measures are negative, which are in line with the negative coefficient estimates on the mediator-CCTP interaction of Equation 11.

For sense of belonging to a campus community, the ACME estimates are all positive but small in magnitude and statistically insignificant. These estimates suggest that faculty and peer interactions may not significantly explain gains in this psychological outcome. The differences in estimated ACMEs between CCTP and COS students are negative except when the social peer interaction is the mediator. The direction of these differences is in line with the coefficient estimates on the mediator-CCTP interaction.



Step 3: Conducting Sensitivity Analysis

If significant mediation effects are found in the previous step, the robustness of these estimates to the potential violation of the assumption of no unmeasured pre-treatment confounders needs to be examined. This is achieved by conducting a sensitivity analysis to find the value for the sensitivity parameter ρ at which ACME=0.

In the package mediation, sensitivity analysis of the estimated ACMEs to such confounding is conducted through the function medsens(). R code is shown in Figure 4. The sensitivity analysis result obtained through the R code includes two tables, one for the COS condition and one for the CCTP condition. In each result table, estimates of the ACME and their 95% confidence intervals that are associated with different values for ρ are presented first. Then, the ρ value at which ACME=0 is shown. If the ρ value is small in magnitude, it means that the ACME estimates obtained in the previous step would be reversed if the errors for the mediation and outcome models are just weakly correlated. In other words, a small value indicates the ACME estimates may not be robust to unobserved confounders. The usefulness of this measure is that it quantifies the sensitivity to such confounding, the presence of which, as mentioned earlier, is untestable with observed data. As such, there is no threshold value that determines whether a result is valid or not (Imai et al., 2011; Keele et al., 2015). Instead, sensitivity values should be compared across studies so that we can judge which analyses are more robust than others (Rosenbaum, 2002). As more causal mediation analysis report values for ρ, more meaningful comparisons can be made.
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FIGURE 4. R code for sensitivity analysis of causal mediation model with one mediator. The medsens() function takes the fitted causal mediation model from the previous step. The argument rho.by indicates the increment for the sensitivity parameter ρ.


Table 4 shows the values for the sensitivity measure ρ at which the estimated ACMEs are zero. These ρ values are relatively small, ranging from 0 to 0.3. Since a higher ρ value indicates less sensitivity to unmeasured pre-treatment confounders, the sensitivity analysis results here suggest that the ACME estimates we obtained in the previous step are sensitive to unobserved confounders. In comparison, the empirical example in Keele et al. (2015) regarded a value of 0.3 to be a “modest” violation (p. 953). For example, the ACME estimate of faculty course-related interaction on mattering to a campus community in the CCTP group is statistically significant; however, its associated ρ value is 0.1, indicating that the true ACME would not be significantly different from zero if there exist an unobserved confounder that causes a small correlation between errors for the mediator and the outcome models. Thus, caution is needed while interpreting the ACMEs and drawing conclusions regarding the mediating roles of the interactions.



Step 4: Examining Multiple Mediation Mechanism

The aim of this step is to examine if the estimates obtained in Step 2 are robust to the assumption that mediation mechanisms are independent when more than one mediator are measured in a study. It involves fitting the multiple mediator models, testing the homogenous interaction assumption, and examining the relationship between the focal mediator and other mediators (if multiple mediators are included). This step can be done through the function multimed (R code shown in Figure 5). The multiple mediator model result obtained through the R code includes two tables. The first result table presents a set of estimates under the homogeneous interaction assumption, including point estimates of ACME in the two groups and the average direct effects, along with their bootstrap confidence intervals. These estimates need to be compared with the corresponding estimates obtained through the single mediator model (Step 2). If large differences are found, there may exist another mediation mechanism that needs to be considered. The second result table shows values of a set of sensitivity parameters, σ, at which ACME and ADE first cross zero in control and treatment groups. Small σ values suggest that the ACME estimates are sensitive to the violation of the homogenous treatment-mediator interaction assumption.


[image: image]

FIGURE 5. R code for fitting causal mediation model with multiple mediators. In the multimed function, the outcome object, the mediator of interest, the post-treatment confounders, the covariate the treatment variable, are specified. Multiple covariates and confounders can be incorporated.


Table 5 presents the results of causal mediation models that allow other measured mediators to be causally related to the focal mediator. Compared with the ACME estimates in the single mediator models, estimates obtained with this weakened assumption are smaller in magnitude, mixed in sign, and all not statistically significant. The differences in ACME estimates from the estimates obtained in Step 2, which assumed independence among mediators, suggest the ACME estimates are sensitive to the focal mediator’s dependence on other mediators.


TABLE 5. Mediation effect estimates assuming dependence among mediators.

[image: Table 5]
Table 5 also shows values of the parameterσ, with which the homogenous treatment-mediator assumption is assessed. Values of σ at which the ACMEs equal to zero are relatively small, suggesting that the ACME estimates are sensitive to the violation of the homogenous treatment-mediator effect assumption. Table 6 presents the associations of each focal mediator with other mediators. Estimates range from –0.091 to 0.678 standard deviations; most relationships are statistically significant. The significant relationships suggest the violation of the key assumption that there are no post-treatment confounders.


TABLE 6. Associations of each interaction mediator with other interaction mediators.
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Result Interpretation and Implications

Within the context of this study, student interactions with faculty and peers in the broader campus community likely played a minimal role in explaining Melguizo et al.’s (2021) findings of the large effects on students’ mattering and sense of belonging to the campus. The ACME estimates are minimal because of the small constituent relationships (to and from the mediator) that explain the role of the mediators. Though faculty interactions are affected strongly by CCTP participation, they have a weak association with psychosocial outcomes. Mediational pathways are a product of these relationships; so, even though one part of the pathway may be large, if the other part is small, the overall role of the pathway is diminished. The large effects of CCTP participation on faculty interactions are consistent with qualitative evidence that CCTP supports and trains students to interact with faculty (Kitchen et al., 2021; Perez et al., 2021). If the CCTP seeks to increase students’ mattering and sense of belonging, then increasing the CCTP’s emphasis on interactions with non-CCTP peers may be beneficial.

The CCTP’s much smaller impact on interactions with peers in the broader campus community suggests that the program can increase its emphasis in this area. Qualitative evidence that the program builds a sense of community among program participants soon after students enter their institutions may explain the low level of interaction with non-CCTP peers. Evidence from other institutions suggests that relationships formed early in college are stable and do not expand appreciably to other students later in a student’s college tenure (Nathan, 2005; Chambliss and Takacs, 2014). In the context of CCTPs, the role of interactions with peers in the broader campus community is worthy of additional consideration.

Results of the sensitivity analyses suggest that the ACME estimates are relatively sensitive to the violations of key assumptions required for establishing valid inferences of causal effects. Thus, the results need to be interpreted with caution.




CONCLUDING REMARKS

In this article, we review causal mediation analysis, which is a new and insightful method to study mediation effects under the potential outcomes framework. We compare it to conventional mediation analysis. In addition, we provide a step-by-step guide for the application of causal mediation analysis to establish valid causal role of the mediator in RCT designs. Specifically, Step 1 compares participants in baseline characteristics through statistical techniques such as the t-test to alleviate concerns of non-random attrition. Step 2 involves computing estimates of ACMEs, average direct effects, and the total effect, assuming independence between mediators and including only the focal mediator. Step 3 evaluates the robustness of these estimates to the potential violation of the assumption of no unmeasured pre-treatment confounders through sensitivity analysis. Step 4 further examines how robust the estimates obtained in Step 2 are to the assumption that mediation mechanisms are independent when more than one mediator is measured in a study.

We illustrate the proposed procedure with empirical data collected from an educational study to present how causal inference involving a mediator can be performed. The mediation estimates are of small size, suggesting other mediational pathways largely generated the changes in the outcome variables. Additionally, we provide values of the sensitivity parameters which may be benchmarked against sensitivity values from future studies. For the program studied, the suggestion for practitioners is to consider the benefits of nonprogram peer interactions and how they may be further emphasized.

Through the illustration, we aim to offer a practical guide on applying and reporting causal mediation analysis using basic terminology. It is also worth nothing here that although we conduct all analyses with the R package mediation, there are other available programs and approaches for causal mediation analysis (e.g., Hong, 2015; Muthén et al., 2017). Tingley et al. (2014) include a more expanded discussion of the R causal mediation package and references such as Imai et al. (2010a) provide more theoretical and technical details. However, these references are written for a more general readership rather than targeting applied researchers in education; plus, the examples are not from educational studies and the language may not be immediately translative for education research. Additionally, a step-by-step procedure to assist applied education researchers to easily follow and apply to their own data sets is not found in those papers.

Unlike conventional mediation analysis, causal mediation analysis focuses on causal inference in its precise non-parametric definitions of causal mediation effects, clearly demonstrates required assumptions for a valid causal effect and provides measures of sensitivity to these assumptions. By comparing estimates of the mediation effects and the associated sensitivity parameters across analyses and studies, researchers can gain a better understanding of the causal role of mediators. Compared to conventional mediation analyses, causal mediation analysis also accommodates more types of models of the mediator and outcome.

Given the prevalence of RCT and quasi-experiment designs in education and the advantages of causal mediation analysis, we encourage researchers to follow the procedure recommended in this article to fully explore causal mechanisms, including sensitivity analyses, and to carefully interpret estimates of mediation effects. In addition, we argue that causal mediation analysis should be applied more often. We believe causal mediation methods will further our understanding of how different educational contexts result in changes to educational outcomes. Future methodological work is also needed, for instance, simulation studies can help illustrate the potential impacts of violating key assumptions required for to establish a valid causal role of a mediator.
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CCTP participation indicator which allows mediation to differ by treatment group. Non-symmetric 95% confidence intervals (Cl, estimated using nonparametric bootstrap

with bias correction and 5,000 resamples, used to derive p-values. *p < 0.05.
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Psychosocial outcome variable: mattering to campus
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noncourse-related interaction

Effect Estimate 95% CI Estimate 95% CI
Average Causal Mediation Effect

ccTP 0037 [-0.015, 0.090] -0.038 (-0.099, 0.020]
cos -0.020 [0.107, 0.070] 0.035 (-0.066, 0.140)
Total Effect 0,267 0.082, 0.430) 0.257* 0.084, 0.430)
Sensitivity to post-treatment confounding in mediator-outcome relationship
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Psychosocial outcome variable: mattering to campus

Mediator: faculty
course-related interaction

Mediator: faculty
noncourse-related interaction

Effect Estimate 95% ClI Estimate 95% CI
Average causal mediation effect
CCTP 0.020 [-0.038, 0.080] -0.041 (-0.104, 0.020]
Ccos -0.008 [-0.074, 0.060] 0.015 (-0.066, 0.100]
Total Effect  0.185° 0.018, 0.350] 0.185" 0025, 0.350)
Sensitivity to post-treatment confounding in mediator-outcome relationship
CCTPs 0020 0030
COS o 0.007 0.008

N = 577. CCTR, comprehensive college transition program; COS, college opportunity scholars; ACME, average causal mediation effect. Mediation estimates in each
column are from a model with one psychosocial outcome (i.e., mattering or sense of belonging), one focal mediator (ie., faculty or peer interaction variable), and three
other mediators (ie., the other faculty and peer interaction variables). For each ACME estimate, the sensitivity parameter, , represents the amount of post-treatment
mediator-outcome confounding necessary to result in no ACME: larger o values indicate less sensitivity. Models adiditionally include: unweighted high school grade point
average, aggregate gross family income, student’s guardian(s) attended college, male, race/ethnicity indicators (Black, Latino, White, other), campus, member of 2016
cohort, and the campus-cohort interaction term. Also included is the interaction between the mediator and the CCTP participation indicator which allows mediation to
differ by treatment group (CCTP versus COS). Non-symmetric 95% confidence intervals (G, estimated using nonparametric bootstrap with bias correction and 5,000

resamples, used to derive p-values. "p < 0.05.
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Dependent variable: focal mediator

Covariate Academic peer Social peer Faculty course-related Faculty noncourse-related
interaction interaction interaction interaction
Academic peer interaction 0.678" 0202 -0.091
(0.081) (0.041) (0.043)
Social peer interaction 0,672 0.002 0161
(0.060) (0.060) (0.061)
Faculty course-related interaction 0.203" 0.002 0.678"
(0.042) (0.043) (0.082)
Faculty noncourse-related interaction -0.089" 0.158" 0.654"
(0.042) (0.041) (0.081)
cotP -0.031 -0.043 0.068 0.164"*
(0.060) (0.061) (0.060) (0.061)
R? 0559 0555 0563 0547
F 39.293 38.702 39.924 37.403

N = 577. Standard errors in parentheses. CCTP, participant in comprehensive college transition program. Ordinary least square regression estimates in each column are
from a mode! with one focal mediator (a faculty or peer interaction variable) as the dependent variable and the other focal mediators (i.e., the three other faculty and
peer interaction variables) as independent variables. Additional continuous covariates: unweighted high school grade point average and aggregate gross family income.
Additional binary covariates: student's guardian(s) attended college, male, race/ethnicity indicators (Black, Latino, White, other), campus, member of 2016 cohort, and
the campus-cohort interaction term.

i < 0.001. *p < 0.01. *p < 0.05. +p < 0.10.
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install.packages("mediation™)
Tibrary(mediation)

m_med_pic <~ Im(T1lAPIR ~ TREAT + COHORT + TGT_UNK + TGT_UNL + D_MALNM +
PARCOL + D_BLACK + D_LATINO + D_OTHER + GPAUNWGHT
AGI_WZE + DM_GPAUNWGHT + AGI_MIDU + CTGT_UNK +
CTGT_UNL, data=tlt2.data)

m_med_matt_pic_mody <- Im(T2MATC ~ TREAT*T1APIR + COHORT + TGT_UNK +
TGT_UNL + D_MALNM + PARCOL + D_BLACK +
D_LATINO + D_OTHER + GPAUNWGHT +
AGI_WZE + DM_GPAUNWGHT + AGI_MIDU +
CTGT_UNK + CTGT_UNL, data=tlt2.data)

m_med_matt_pic_mody_acme <- mediate(m_med_pic, m_med_matt_pic_mody,
s1ms=5000, boot=TRUE,
boot.ci.type = "bca",
treat="TREAT", mediator="T1APIR")
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+ rho.by =

+ eps = sqrt( Mach1ne$doub1e eps),
+ effect.type = "indirect")
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