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Overview

In any association study, it is important to distinguish direct and indirect effects in order to build truly
functional models. For this purpose, we consider a directed acyclic graph (DAG) setting with an exposure
variable, primary and intermediate outcome variables, and confounding factors. In order to make valid
statistical inference on the direct effect of the exposure on the primary outcome, it is necessary to consider all
potential effects in the graph, and we propose to use the estimating equation method with robust Huber-White
sandwich standard errors. Then, a large-sample Wald-type test statistic is computed for testing the absence
of the direct effect. In this package, the proposed causal inference method based on estimating equations
(CIEE) is implemented for both the analysis of continuous and time-to-event primary outcomes subject to
censoring for the model in Figure 1. Additionally, standard multiple regression, regression of residuals, and
the structural equation approach are implemented for fitting the same model.

Results from simulation studies (Konigorski et al., 2018) showed that CIEE successfully removes the effect of
intermediate outcomes from the primary outcome and is robust against measured and unmeasured confounding
of the indirect effect through observed factors. Also, an application in a genetic association study in the
same study showed that CIEE can identify genetic variants that would be missed by traditional regression
methods. Both multiple regression methods and the structural equation method fail in some scenarios where
their corresponding test statistics lead to inflated type I errors. An alternative approach for the analysis of
continuous traits is the sequential G-estimation method (Vansteelandt et al., 2009).

In this package, CIEE is implemented for the model described in the DAG in Figure 1, which includes the
direct effect αXY of an exposure X on the primary outcome Y and an indirect effect of X on Y through a
secondary outcome K. The model further includes measured and unmeasured factors L and U, respectively,
which potentially confound the effect of K on Y. CIEE can also be applied to different models with different
error distributions. The goal is to estimate and test the direct effect αXY , while removing the indirect effect
of X on Y through K, and with robustness against effects of L and U. Without restriction of generality, it is
assumed that there aren’t any factors affecting X and that any such factors are included as covariates in the
analysis or have been dealt with using other approaches. Also, we generally assume that either αLY = 0 (L is
a factor influencing K) or αXL = 0 (L is a measured confounder of K → Y ). Otherwise, the effect of L as
intermediate outcome could be removed from Y in the analysis analogously to K.

Alternative approaches

Two traditional methods for the aim to estimate and test αXY are (i) to include the intermediate outcomes
and factors as covariates in a multiple regression (MR) model of the primary outcome on the exposure, or (ii)
to first regress the primary outcome on the intermediate outcome and factors, and then regress the extracted
residuals on the exposure (regression of residuals, RR). In more detail, estimates of αXY are obtained from
fitting the following models in the quantitative outcome setting for a normally-distributed Y (GLM setting):

MR: Obtain the least squares (LS) estimate of αXY by fitting

Yi = α0 + αXY xi + α1ki + α2li + εi, εi ∼ N(0, σ2
1)

.
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Figure 1: Overview of the underlying directed acyclic graph considered in this study. It is assumed that
αLY = 0 so that L is a measured predictive factor of K, however, CIEE is also valid if L is a measured
confounder of K → Y (i.e., αLY 6= 0 and αXL = 0).
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RR: First, obtain residuals ε̂1i = yi − α̂0 − α̂1ki − α̂2li by fitting

Yi = α0 + α1ki + α2li + ε1i, ε1i ∼ N(0, σ2
1)

using the LS estimation. Second, obtain the LS estimate of αXY by fitting

ε̂1i = α3 + αXY xi + ε2i, ε2i ∼ N(0, σ2
2).

Then, H0 : αXY = 0 versus HA : αXY 6= 0 is tested using the default t-test in the lm() function in R. For
the analysis of a censored time-to-event primary trait Y (accelerated failure time setting; AFT), only the
MR approach is implemented. Here, the equivalent censored log-linear regression model is fitted using the
survreg() function in the survival R package to obtain the maximum likelihood estimate of αXY , and a
Wald-type test is performed for testing the null hypothesis H0 : αXY = 0. Both approaches are implemented
in the functions mult_reg() and res_reg() and can be used as follows. For this illustration, data is first
generated using the generate_data() function, which generates data for the quantitative outcomes Y and K,
a genetic marker X (single nucleotide polymorphism, SNP, taking values 0, 1, 2) as exposure, and observed as
well as unobserved confounders L, U.
dat <- generate_data(setting="GLM", n = 1000, maf = 0.2, cens = 0.3, a = NULL, b = NULL,

aUL = 0, aXL = 0, aXK = 0.2, aLK = 0, aUY = 0, aKY = 0.3, aXY = 0.1,
aLY = 0, mu_U = 0, sd_U = 1, X_orth_U = TRUE, mu_X = NULL,
sd_X = NULL, mu_L = 0, sd_L = 1, mu_K = 0, sd_K = 1, mu_Y = 0,
sd_Y = 1)

head(dat)

## Y K X L U
## 1 -0.23965145 0.09331782 0 -0.1400198 1.1113094
## 2 -0.75616406 -0.64008650 0 -0.3279090 3.0742111
## 3 -1.18735068 -1.60268137 1 -0.2548383 0.1969440
## 4 0.41099986 -1.06778617 1 1.0544170 -0.9795992
## 5 0.08834074 -0.83609516 0 1.7725423 1.3740967
## 6 -2.62444349 -0.08343116 0 0.3533810 -2.1312793

mult_reg(setting = "GLM", Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)

## $point_estimates
## alpha_0 alpha_1 alpha_XY alpha_2
## -0.02134390 0.26223626 0.14692155 -0.03239028
##
## $SE_estimates
## alpha_0 alpha_1 alpha_XY alpha_2
## 0.04104382 0.03299917 0.05761168 0.03416411
##
## $pvalues
## alpha_0 alpha_1 alpha_XY alpha_2
## 6.031603e-01 5.158534e-15 1.091472e-02 3.433191e-01

res_reg(Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)

## $point_estimates
## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 0.04055824 0.27114095 -0.03601262 -0.06205390 0.14498574
##
## $SE_estimates
## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 0.03318801 0.03290435 0.03422865 0.04099162 0.05717597
##
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## $pvalues
## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 2.219680e-01 5.366391e-16 2.929998e-01 1.303883e-01 1.137128e-02

As another approach for modeling DAGs, the structural equation modeling method (SEM; Bollen, 1989) can
be used. Among others, it is implemented in the sem() function of the lavaan package (Rosseel, 2012). For
a comparison of the results, the function sem_appl() applies the SEM method to the DAG in Figure 1 based
on the following model equations:

Li = α0 + α1xi + ε1i, ε1i ∼ N(0, σ2
1)

Ki = α2 + α3xi + α2li + ε2i, ε2i ∼ N(0, σ2
2)

Yi = α5 + α6ki + αXY xi + ε3i, ε3i ∼ N(0, σ2
3)

sem_appl(Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)

## $point_estimates
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## -0.07505174 0.18473464 -0.02834126 0.26309271 0.14919247
##
## $SE_estimates
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## 0.05299357 0.05489876 0.03272686 0.03293561 0.05747254
##
## $pvalues
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## 1.567045e-01 7.654210e-04 3.864936e-01 1.370430e-15 9.434588e-03

Further proposed approaches for fitting the model in Figure 1 include the two-stage sequential G-estimation
method (Vansteelandt et al., 2009). It first removes the effect of K from the primary outcome Y, and then
tests the association of X with the adjusted primary outcome.

In more detail, for the analyis of a quantitative outcome Y with n independent observations, in the first stage,
the effect of K on Y, α1, is estimated and α̂1 is obtained using the LS estimation method under the model

Yi = α0 + α1ki + α2xi + α3li + εi, εi ∼ N(0, σ2
1), i = 1, . . . , n (1)

Then, to block all indirect paths from X to Y, the adjusted outcome Ỹ is obtained by removing the effect of
K on Y with

ỹi = yi − ȳ − α̂1(ki − k̄) (2)

where ȳ =
∑n

i=1 yi and k̄ =
∑n

i=1 ki. In the second stage, the significance of the direct effect of X on Y, αXY ,
is tested under the model

Ỹi = α4 + αXY xi + εi, εi ∼ N(0, σ2
2) (3)

using the proposed test statistic in Vansteelandt and colleagues (2009). The approach is implemented in the
CGene package, which can be obtained from cran.r-project.org/src/contrib/Archive/CGene/.

4

https://cran.r-project.org/src/contrib/Archive/CGene/


Causal inference using estimating equations (CIEE)

CIEE follows the general idea of the two-stage sequential G-estimation method with the major difference
that the approach is one-stage and obtains coefficient estimates of all parameters simultaneously by solving
estimating equations. This also allows building on existing asymptotic properties of the estimator and
obtaining robust sandwich standard error estimates considering the additional variability of the estimates
from the outcome adjustment.

In more detail, for the analyis of a quantitative outcome Y, we formulate unbiased estimating equations
U(θ) = 0 for a consistent estimation of the unknown parameter vector θ = (α0, α1, α2, α3, σ

2
1 , α4, αXY , σ

2
2)T

where

U(θ) =
(
∂l1(θ)
∂α0

,
∂l1(θ)
∂α1

,
∂l1(θ)
∂α2

,
∂l1(θ)
∂α3

,
∂l1(θ)
∂σ2

1
,
∂l1(θ)
∂α4

,
∂l1(θ)
∂αXY

,
∂l1(θ)
∂σ2

2

)T

with

l1(θ) =
n∑

i=1

[
−log(σ1) + log

(
φ

(
yi − α0 − α1ki − α2xi − α3li

σ1

))]
and

l2(θ) =
n∑

i=1

[
−log(σ2) + log

(
φ

(
yi − ȳ − α1(ki − k̄)− α4 − αXY xi

σ2

))]
,

where φ is the probability density function of the standard normal distribution.

By solving the first five estimating equations based on l1(θ), we are hence obtaining estimates of
α0, α1, α2, α3, σ

2
1 . Analogously, solving the last three estimating equations based on l2(θ) yields estimates of

α4, αXY , σ
2
2 . To give an intuition on how these estimating equations are obtained, l1(θ) is the log-likelihood

function under the model in (1) and l2(θ) is the log-likelihood function under the model in (3) given that
α1 is known. All parameters in θ are estimated simultaneously and the additional variability obtained in
the outcome adjustment in (2) is considered by using the robust Huber-White sandwich estimator of the
standard error of θ̂. Then, the large sample Wald-type test statistic θ̂/ŜE(θ̂), which has an asymptotic
standard normal distribution, is computed to test the absence of the exposure effect αXY .

For the analysis of a censored time-to-event primary outcome Y, the estimating equations can be constructed
as described above for a quantitative primary phenotype (for the same parameters except for σ1 instead of σ2

1),
but in order to remove the effect of K from Y, the true underlying log survival times Yest need to be estimated
for censored survival times. For uncensored survival times, Yest equals the observed log-survival time Y.
Then, the estimating equations are constructed accordingly, the robust Huber-White sandwich estimator
of the standard error is obtained and the large-sample Wald-type tests are computed. For more statistical
details, see Konigorski et al. (2018).

In the implementation of CIEE in this package, the est_funct_expr() function contains the estimating
equations as an expression.
estfunct <- est_funct_expr(setting="GLM")
estfunct

## $logL1
## expression(log((1/sqrt(sigma1sq)) * dnorm((y_i - alpha0 - alpha1 *
## k_i - alpha2 * x_i - alpha3 * l_i)/sqrt(sigma1sq), mean = 0,
## sd = 1)))
##
## $logL2

5



## expression(log((1/sqrt(sigma2sq)) * dnorm((y_i - y_bar - alpha1 *
## (k_i - k_bar) - alpha4 - alphaXY * x_i)/sqrt(sigma2sq), mean = 0,
## sd = 1)))

est_funct_expr(setting = "AFT")

## $logL1
## expression(-c_i * log(sigma1) + c_i * log(dnorm((y_i - alpha0 -
## alpha1 * k_i - alpha2 * x_i - alpha3 * l_i)/sigma1, mean = 0,
## sd = 1)) + (1 - c_i) * log(1 - pnorm((y_i - alpha0 - alpha1 *
## k_i - alpha2 * x_i - alpha3 * l_i)/sigma1, mean = 0, sd = 1)))
##
## $logL2
## expression(log((1/sqrt(sigma2sq)) * dnorm(((c_i * y_i + (1 -
## c_i) * ((alpha0 + alpha1 * k_i + alpha2 * x_i + alpha3 *
## l_i) + (sigma1 * dnorm((y_i - alpha0 - alpha1 * k_i - alpha2 *
## x_i - alpha3 * l_i)/sigma1, mean = 0, sd = 1)/(1 - pnorm((y_i -
## alpha0 - alpha1 * k_i - alpha2 * x_i - alpha3 * l_i)/sigma1,
## mean = 0, sd = 1))))) - y_adj_bar - alpha1 * (k_i - k_bar) -
## alpha4 - alphaXY * x_i)/sqrt(sigma2sq), mean = 0, sd = 1)))

The function get_estimates() obtains estimates of the parameters in the models (1)-(3) by using the lm()
and survreg() functions for computational purposes. The estimates are identical to estimates obtained by
solving the estimating equations.
estimates <- get_estimates(setting = "GLM", Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)
estimates

## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## -0.02134390 0.26223626 0.14692155 -0.03239028 1.07921182 -0.06392287
## alpha_XY sigma_2_sq
## 0.14935249 1.08018650

In order to compute the robust Huber-White sandwich estimator of the parameters, in a first step, the
deriv_obj() function computes the expression of all first and second derivatives for the 8 parameters
α0, α1, α2, α3, σ

2
1 , α4, αXY , σ

2
2 by using the expressions from the est_funct_expr() function as input. Then,

the numerical values of all first and second derivatives are obtained for the observed data and parameter
point estimates for all observed individuals, using the scores() and hessian() functions.
derivobj <- deriv_obj(setting = "GLM", logL1 = estfunct$logL1, logL2 = estfunct$logL2,

Y = dat$Y, X = dat$X, K = dat$K, L = dat$L, estimates = estimates)
names(derivobj)

## [1] "logL1_deriv" "logL2_deriv"

head(derivobj$logL1_deriv$gradient)

## alpha0 alpha1 alpha2 alpha3 sigma1sq alpha4
## [1,] -0.2291618 -0.02138488 0.0000000 0.03208718 -0.4370435 0
## [2,] -0.5351937 0.34257025 0.0000000 0.17549482 -0.3200849 0
## [3,] -0.8347772 1.33788191 -0.8347772 0.21273318 -0.1148746 0
## [4,] 0.5555789 -0.59323947 0.5555789 0.58581187 -0.3089671 0
## [5,] 0.3579948 -0.29931774 0.0000000 0.63456097 -0.3992209 0
## [6,] -2.3811589 0.19866285 0.0000000 -0.84145626 2.3716577 0
## alphaXY sigma2sq
## [1,] 0 0
## [2,] 0 0
## [3,] 0 0
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## [4,] 0 0
## [5,] 0 0
## [6,] 0 0

score_matrix <- scores(derivobj)
head(score_matrix)

## alpha0 alpha1 alpha2 alpha3 sigma1sq alpha4
## [1,] -0.2291618 -0.02138488 0.0000000 0.03208718 -0.4370435 -0.2242161
## [2,] -0.5351937 0.34257025 0.0000000 0.17549482 -0.3200849 -0.5243378
## [3,] -0.8347772 1.33788191 -0.8347772 0.21273318 -0.1148746 -0.8280926
## [4,] 0.5555789 -0.59323947 0.5555789 0.58581187 -0.3089671 0.5217499
## [5,] 0.3579948 -0.29931774 0.0000000 0.63456097 -0.3992209 0.3050610
## [6,] -2.3811589 0.19866285 0.0000000 -0.84145626 2.3716577 -2.3890663
## alphaXY sigma2sq
## [1,] 0.0000000 -0.4377466
## [2,] 0.0000000 -0.3254180
## [3,] -0.8280926 -0.1200144
## [4,] 0.5217499 -0.3267715
## [5,] 0.0000000 -0.4163519
## [6,] 0.0000000 2.3909359

hessian_matrix <- hessian(derivobj)
str(hessian_matrix)

## num [1:1000, 1:8, 1:8] -0.927 -0.927 -0.927 -0.927 -0.927 ...
## - attr(*, "dimnames")=List of 3
## ..$ : NULL
## ..$ : chr [1:8] "alpha0" "alpha1" "alpha2" "alpha3" ...
## ..$ : chr [1:8] "alpha0" "alpha1" "alpha2" "alpha3" ...

The robust Huber-White sandwich estimator of the standard error can then be obtained using the
sandwich_se() function:
sandwich_se(scores = score_matrix, hessian = hessian_matrix)

## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## 0.04145031 0.03417182 0.05579726 0.03436962 0.04891358 0.04120875
## alpha_XY sigma_2_sq
## 0.05548173 0.04910359

Alternatively, bootstrap standard error estimates can be computed using the bootstrap_se() function. Also,
for comparison, the function naive_se() computes naive standard error estimates of the parameter estimates
of α0, α1, α2, α3, α4, αXY without accounting for the additional variability due to the two stages in the model
in (1)-(3):
bootstrap_se(setting = "GLM", BS_rep = 1000, Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)

## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## 0.04032492 0.03457331 0.05469430 0.03381176 0.04944889 0.02362126
## alpha_XY sigma_2_sq
## 0.05435947 0.04959300

naive_se(setting = "GLM", Y = dat$Y, X = dat$X, K = dat$K, L = dat$L)

## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## 0.04104382 0.03299917 0.05761168 0.03416411 NA 0.04100836
## alpha_XY sigma_2_sq
## 0.05719932 NA
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Finally, the functions ciee() and ciee_loop() allow an easy integrated use of all above functions and a
simultaneous computation of the estimating equations approach using either standard error computation, the
traditional regression-based approaches, and the SEM method. ciee() fits the model in equations (1)-(3)
(e.g. the model in Figure 1) and yields parameter estimates, standard error estimates, and p-values for
all parameters. ciee_loop() provides an extension of ciee() and allows the input of multiple exposure
variables (e.g. multiple SNPs) which are tested sequentially. In the output of ciee_loop(), only the coefficient
estimates, standard error estimates, and p-values with respect to the direct effect αXY are provided.
results_ciee <- ciee(setting = "GLM", Y = dat$Y, X = dat$X, K = dat$K, L = dat$L,

estimates = c("ee", "mult_reg", "res_reg", "sem"),
ee_se = "sandwich")

results_ciee

## $results_ee
## $results_ee$point_estimates
## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## -0.02134390 0.26223626 0.14692155 -0.03239028 1.07921182 -0.06392287
## alpha_XY sigma_2_sq
## 0.14935249 1.08018650
##
## $results_ee$SE_estimates
## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## 0.04145031 0.03417182 0.05579726 0.03436962 0.04891358 0.04120875
## alpha_XY sigma_2_sq
## 0.05548173 0.04910359
##
## $results_ee$wald_test_stat
## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq alpha_4
## -0.5149274 7.6740503 2.6331320 -0.9424102 22.0636454 -1.5511964
## alpha_XY sigma_2_sq
## 2.6919223 21.9981159
##
## $results_ee$pvalues
## alpha_0 alpha_1 alpha_2 alpha_3 sigma_1_sq
## 6.066038e-01 1.666487e-14 8.460146e-03 3.459827e-01 7.065325e-108
## alpha_4 alpha_XY sigma_2_sq
## 1.208546e-01 7.104150e-03 3.001915e-107
##
##
## $results_mult_reg
## $results_mult_reg$point_estimates
## alpha_0 alpha_1 alpha_XY alpha_2
## -0.02134390 0.26223626 0.14692155 -0.03239028
##
## $results_mult_reg$SE_estimates
## alpha_0 alpha_1 alpha_XY alpha_2
## 0.04104382 0.03299917 0.05761168 0.03416411
##
## $results_mult_reg$pvalues
## alpha_0 alpha_1 alpha_XY alpha_2
## 6.031603e-01 5.158534e-15 1.091472e-02 3.433191e-01
##
##
## $results_res_reg
## $results_res_reg$point_estimates
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## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 0.04055824 0.27114095 -0.03601262 -0.06205390 0.14498574
##
## $results_res_reg$SE_estimates
## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 0.03318801 0.03290435 0.03422865 0.04099162 0.05717597
##
## $results_res_reg$pvalues
## alpha_0 alpha_1 alpha_2 alpha_3 alpha_XY
## 2.219680e-01 5.366391e-16 2.929998e-01 1.303883e-01 1.137128e-02
##
##
## $results_sem
## $results_sem$point_estimates
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## -0.07505174 0.18473464 -0.02834126 0.26309271 0.14919247
##
## $results_sem$SE_estimates
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## 0.05299357 0.05489876 0.03272686 0.03293561 0.05747254
##
## $results_sem$pvalues
## alpha_1 alpha_3 alpha_4 alpha_6 alpha_XY
## 1.567045e-01 7.654210e-04 3.864936e-01 1.370430e-15 9.434588e-03
##
##
## attr(,"class")
## [1] "ciee"

maf <- 0.2
n <- 1000
dat <- generate_data(n = n, maf = maf)
datX <- data.frame(X = dat$X)
names(datX)[1] <- "X1"
for(i in 2:10){
X <- rbinom(n, size = 2, prob = maf)
datX$X <- X
names(datX)[i] <- paste("X", i, sep="")

}
results_ciee_loop <- ciee_loop(setting = "GLM", Y = dat$Y, X = datX, K = dat$K, L = dat$L)
results_ciee_loop

## $results_ee
## $results_ee$point_estimates
## X1 X2 X3 X4 X5 X6
## 0.12317845 0.01010245 0.03869885 0.02190778 -0.01305156 0.04016300
## X7 X8 X9 X10
## -0.05065346 0.06991311 -0.04743373 -0.02885766
##
## $results_ee$SE_estimates
## X1 X2 X3 X4 X5 X6
## 0.06122777 0.05850030 0.05622221 0.06281109 0.05608409 0.05763689
## X7 X8 X9 X10
## 0.05664071 0.05438420 0.06085049 0.05973439
##
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## $results_ee$wald_test_stat
## X1 X2 X3 X4 X5 X6
## 2.0118068 0.1726906 0.6883195 0.3487884 -0.2327142 0.6968280
## X7 X8 X9 X10
## -0.8942943 1.2855409 -0.7795127 -0.4830996
##
## $results_ee$pvalues
## X1 X2 X3 X4 X5 X6
## 0.04424031 0.86289461 0.49125158 0.72724820 0.81598336 0.48591046
## X7 X8 X9 X10
## 0.37116445 0.19860335 0.43567775 0.62902501
##
##
## $results_mult_reg
## $results_mult_reg$point_estimates
## X1 X2 X3 X4 X5 X6
## 0.12318239 0.01024980 0.03855405 0.02196956 -0.01293134 0.04019105
## X7 X8 X9 X10
## -0.05061906 0.06975250 -0.04735076 -0.02884759
##
## $results_mult_reg$SE_estimates
## X1 X2 X3 X4 X5 X6
## 0.05883014 0.05893657 0.05655870 0.06043904 0.05854389 0.05693801
## X7 X8 X9 X10
## 0.06020794 0.05753449 0.05811185 0.06061305
##
## $results_mult_reg$pvalues
## X1 X2 X3 X4 X5 X6
## 0.03652433 0.86196970 0.49560963 0.71630889 0.82522893 0.48043162
## X7 X8 X9 X10
## 0.40069688 0.22566215 0.41536949 0.63422835
##
##
## $results_res_reg
## $results_res_reg$point_estimates
## X1 X2 X3 X4 X5 X6
## 0.12245107 0.01024612 0.03852673 0.02191337 -0.01292071 0.04018127
## X7 X8 X9 X10
## -0.05060858 0.06965483 -0.04733995 -0.02879739
##
## $results_res_reg$SE_estimates
## X1 X2 X3 X4 X5 X6
## 0.05859721 0.05886693 0.05648199 0.06030119 0.05846115 0.05687401
## X7 X8 X9 X10
## 0.06014136 0.05743661 0.05804697 0.06049959
##
## $results_res_reg$pvalues
## X1 X2 X3 X4 X5 X6
## 0.03689673 0.86185702 0.49532983 0.71638409 0.82512708 0.48004451
## X7 X8 X9 X10
## 0.40027291 0.22552186 0.41495466 0.63418343
##
##
## $results_sem

10



## $results_sem$point_estimates
## X1 X2 X3 X4 X5 X6
## 0.12319420 0.01010319 0.03869615 0.02191862 -0.01305631 0.04016614
## X7 X8 X9 X10
## -0.05065628 0.06990954 -0.04743547 -0.02884869
##
## $results_sem$SE_estimates
## X1 X2 X3 X4 X5 X6
## 0.05871277 0.05880891 0.05643251 0.06031735 0.05841886 0.05682421
## X7 X8 X9 X10
## 0.06008717 0.05739635 0.05799170 0.06049222
##
## $results_sem$pvalues
## X1 X2 X3 X4 X5 X6
## 0.03588288 0.86359714 0.49289815 0.71631488 0.82315043 0.47966028
## X7 X8 X9 X10
## 0.39920240 0.22321873 0.41337433 0.63343387
##
##
## attr(,"class")
## [1] "ciee"

Both ciee() and ciee_loop() return ciee objects as output, and the implemented summary.ciee() function
can be used through the generic summary() to provide a reader-friendly formatted output of the results.
summary(results_ciee)

## [1] "Results based on estimating equations."
## point_estimates SE_estimates wald_test_stat pvalues
## CIEE_alpha_0 -0.02134390 0.04145031 -0.5149274 6.066038e-01
## CIEE_alpha_1 0.26223626 0.03417182 7.6740503 1.666487e-14
## CIEE_alpha_2 0.14692155 0.05579726 2.6331320 8.460146e-03
## CIEE_alpha_3 -0.03239028 0.03436962 -0.9424102 3.459827e-01
## CIEE_sigma_1_sq 1.07921182 0.04891358 22.0636454 7.065325e-108
## CIEE_alpha_4 -0.06392287 0.04120875 -1.5511964 1.208546e-01
## CIEE_alpha_XY 0.14935249 0.05548173 2.6919223 7.104150e-03
## CIEE_sigma_2_sq 1.08018650 0.04910359 21.9981159 3.001915e-107
## [1] "Results based on traditional multiple regression."
## point_estimates SE_estimates pvalues
## MR_alpha_0 -0.02134390 0.04104382 6.031603e-01
## MR_alpha_1 0.26223626 0.03299917 5.158534e-15
## MR_alpha_XY 0.14692155 0.05761168 1.091472e-02
## MR_alpha_2 -0.03239028 0.03416411 3.433191e-01
## [1] "Results based on traditional regression of residuals."
## point_estimates SE_estimates pvalues
## RR_alpha_0 0.04055824 0.03318801 2.219680e-01
## RR_alpha_1 0.27114095 0.03290435 5.366391e-16
## RR_alpha_2 -0.03601262 0.03422865 2.929998e-01
## RR_alpha_3 -0.06205390 0.04099162 1.303883e-01
## RR_alpha_XY 0.14498574 0.05717597 1.137128e-02
## [1] "Results based on structural equation modeling."
## point_estimates SE_estimates pvalues
## SEM_alpha_1 -0.07505174 0.05299357 1.567045e-01
## SEM_alpha_3 0.18473464 0.05489876 7.654210e-04
## SEM_alpha_4 -0.02834126 0.03272686 3.864936e-01

11



## SEM_alpha_6 0.26309271 0.03293561 1.370430e-15
## SEM_alpha_XY 0.14919247 0.05747254 9.434588e-03

summary(results_ciee_loop)

## [1] "Results based on estimating equations."
## point_estimates SE_estimates wald_test_stat pvalues
## CIEE_X1 0.12317845 0.06122777 2.0118068 0.04424031
## CIEE_X2 0.01010245 0.05850030 0.1726906 0.86289461
## CIEE_X3 0.03869885 0.05622221 0.6883195 0.49125158
## CIEE_X4 0.02190778 0.06281109 0.3487884 0.72724820
## CIEE_X5 -0.01305156 0.05608409 -0.2327142 0.81598336
## CIEE_X6 0.04016300 0.05763689 0.6968280 0.48591046
## CIEE_X7 -0.05065346 0.05664071 -0.8942943 0.37116445
## CIEE_X8 0.06991311 0.05438420 1.2855409 0.19860335
## CIEE_X9 -0.04743373 0.06085049 -0.7795127 0.43567775
## CIEE_X10 -0.02885766 0.05973439 -0.4830996 0.62902501
## [1] "Results based on traditional multiple regression."
## point_estimates SE_estimates pvalues
## MR_X1 0.12318239 0.05883014 0.03652433
## MR_X2 0.01024980 0.05893657 0.86196970
## MR_X3 0.03855405 0.05655870 0.49560963
## MR_X4 0.02196956 0.06043904 0.71630889
## MR_X5 -0.01293134 0.05854389 0.82522893
## MR_X6 0.04019105 0.05693801 0.48043162
## MR_X7 -0.05061906 0.06020794 0.40069688
## MR_X8 0.06975250 0.05753449 0.22566215
## MR_X9 -0.04735076 0.05811185 0.41536949
## MR_X10 -0.02884759 0.06061305 0.63422835
## [1] "Results based on traditional regression of residuals."
## point_estimates SE_estimates pvalues
## RR_X1 0.12245107 0.05859721 0.03689673
## RR_X2 0.01024612 0.05886693 0.86185702
## RR_X3 0.03852673 0.05648199 0.49532983
## RR_X4 0.02191337 0.06030119 0.71638409
## RR_X5 -0.01292071 0.05846115 0.82512708
## RR_X6 0.04018127 0.05687401 0.48004451
## RR_X7 -0.05060858 0.06014136 0.40027291
## RR_X8 0.06965483 0.05743661 0.22552186
## RR_X9 -0.04733995 0.05804697 0.41495466
## RR_X10 -0.02879739 0.06049959 0.63418343
## [1] "Results based on structural equation modeling."
## point_estimates SE_estimates pvalues
## SEM_X1 0.12319420 0.05871277 0.03588288
## SEM_X2 0.01010319 0.05880891 0.86359714
## SEM_X3 0.03869615 0.05643251 0.49289815
## SEM_X4 0.02191862 0.06031735 0.71631488
## SEM_X5 -0.01305631 0.05841886 0.82315043
## SEM_X6 0.04016614 0.05682421 0.47966028
## SEM_X7 -0.05065628 0.06008717 0.39920240
## SEM_X8 0.06990954 0.05739635 0.22321873
## SEM_X9 -0.04743547 0.05799170 0.41337433
## SEM_X10 -0.02884869 0.06049222 0.63343387
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