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Abstract

Statistical inference is a major scientific endeavor for many researchers. In terms of
inferential methods implemented to mixed-effects models, significant progress has been
made in the R software. However, these advances primarily concern classical estimators
(ML, REML) and mainly focus on fixed effects. In the confintROB package, we have im-
plemented various bootstrap methods for computing confidence intervals (CIs) not only
for fixed effects but also for variance components. These methods can be implemented
with the widely used 1lmer () function from the Ime4 package, as well as with the rlmer ()
function from the robustlmm package and the varComprob () function from the robustvar-
Comp package. These functions implement robust estimation methods suitable for data
with outliers. The confintROB package implements the Wald method for fixed effects,
whereas for both fixed effects and variance components, two bootstrap methods are im-
plemented: the parametric bootstrap and the wild bootstrap. Moreover, the confintROB
package can obtain both the percentile and the bias-corrected accelerated versions of Cls.

Keywords: robust estimators; bootstrap; confidence intervals; linear mixed models; lme4;
robustlmm; robustvarComp, R.
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Type Function Package Estimator Argument

Classical 1mer () Ime4 ML REML = FALSE
REML REML = TRUE

Robust  rlmer() robustlmm RSE method = "DAStau"
fast RSE method = "DASvar"

varComprob() robustvarComp T method = "Tau"

composite- 7 method = "compositeTau"
S method = "S"
composite-S method = "compositeS"
MM method = "MM"

composite-MM method = "compositeMM"
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Method Type Estimates Function specification

Wald - Fixed effects confintROB(object = model.output,
method = "Wald")

Percentile  wild All confintROB(object = model.output,
boot.type = "wild")

parametric All confintROB(object = model.output,

boot.type = "parametric")

BCa wild All confintROB(object = model.output,

clusterID = "id", method = "BCa",
boot.type = "wild")

parametric  All confintROB(object = model.output,
clusterID = "id", method = "BCa",
boot.type = "parametric")
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R> library(confintROB)
R> data(medication)
R> str(medication)

'data.frame': 1242 obs. of b5 variables:
$obs :int 123456789 10 ...
$ id cint 1111111111 ...
$ treat: int 1111111111 ...
$ time : num O 0.333 0.667 1 1.333 ...

$ pos : num 107 100 100 100 100 ...

where obs denotes the observation number, id identifies the 64 subjects of the sample , treat
is a dichotomous variable to define control (treat=0 for 27 subjects) and treatment (treat=1
for 37 subjects), time takes 21 values (from 0 to 6.67 increasing by 0.33 at each time point),
pos is the positive mood score, varying from 100 to 500 (mean = 167.79). Although the data
set does not contain any NAs, it is unbalanced because 33 subjects were assessed fewer than
21 times, which amounts to 7.59 % of data missing.

The group-specific representation is presented in Figure ?7. Here, we see each subject’s
measurements represented by lineplots. We can see that individual trajectories are extremely
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variable between subjects (between-subject variability) and unstable in time (within-subject
variability). If we try to represent the trajectories by straight lines, the two groups seem to
differ with respect to their slopes, but not on their starting levels. To emphasize this, we
plotted with a solid (treat = 0) and a dotted (treat = 1) line the group-implied average
straight-line trajectories. The shade of the individuals’ lineplots provides information about
the weight(s) assigned to each individual by the estimator. The lower the weight(s) of an
individual, the darker their line, thus the greater the chance that the individual be considered a
between-subject outlier (7). Two individual trajectories are particularly darker, because those
subjects’ data appear extreme with respect to their group, probably due to their extremely
high slope scores (?). Their weights are 0.41 and 0.12, for the individual in the treat = 0
and treat = 1 group, respectively. A second individual in the treat = 1 group has a weight
of 0.90, rendering their line less distinguishable than those of the two individuals mentioned
before. According to 7, these are the outliers that have the greatest impact on the estimates
of the time by group interaction fixed parameter, which is the parameter of main interest in
many group comparison studies, because it captures the different effect of time across the two
groups (e.g., differential treatment effect). The inferential results of this particular parameter
are also greatly affected by this type of outlier. The presence of random slope between-subject
outliers can greatly affect the rejection rates regarding the fixed interaction effect 7.

400-

300-

pos

200-

100-

Figure 1: A ABURFELHIE (pos ) YENPE (time ) ANAYY (treat = 0 fEAIN, treat = 1 ¥EAH) B
PR, MIHLET A (77) PHRAHRE KL (ML) fiitE. BEOLLRE treat = 0 MARTIFYHE,
& treat = 1 MAMTINFHGLE . KEFRSAPEL (ZEm, BAETRE (G RSE) #Er 1.

A first step towards assessing whether outliers influenced estimation consists in comparing
parameter estimates from a classical estimator, here ML, with those from a robust alternative,
here RSE. In this example, we are particularly motivated by the effect of time on pos possibly
moderated by treat. Below, we show the code to model this hypothesis taking into account
that participants may differ in their intercept and slope values.
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R> library(lmerTest)
R> model.ML <- lmer(pos ~ treat * time + (timel/id), data = medication,
+ REML = "FALSE")

The object model.ML contains the parameter estimates obtained with the lmer () function
based on the ML estimator because of the argument REML=FALSE (for more details about this
function see 7). To obtain the equivalent model with RSE estimates, we use the function
rlmer ().

R> library(robustlmm)
R> model.RSE <- rlmer(pos ~ treat * time + (time|id), data = medication,
+ method = "DAStau", init = inits.RSE)

An easy way to compare estimates is to produce a table using the compare() function from
package robustlmm calling objects model.ML and model .RSE:

R> compare (model.ML, model.RSE)

model. ML model.RSE

Coefficients (Std. Error)
(Intercept) 167.46 ( 9.33) 163.831 ( 9.77)
treat -3.11 (12.33)  0.232 (12.90)
time -2.42 ( 1.73) -2.551 ( 1.40)
treat:time 5.54 ( 2.28) 4.206 ( 1.85)

Variance components

(Intercept) | id 45.95 48.51
time | id  7.98 6.38
Correlations
(Intercept) x time | id -0.332 -0.431
o 351 27.8
deviance 12680
rho.e smoothed Huber (k = 1.345, s = 10)
rho.o.e smoothed Huber, Proposal 2 (k = 1.345, s = 10)
rho.b_1 smoothed Huber (k = 5.14, s = 10)
rho.oc.b_1 smoothed Huber (k = 5.14, s = 10)

Table 3: ZHLFEIAFIIRE AR LK . xtable (compare (model.ML,model.RSE)) 4 HTE

Table 7?7 shows the output of xtable in rendered form. The Coefficients section contains the
estimates of the fixed parameters, the estimated variance of the random effects are in the
section Variance components , their estimated correlation in the Correlations section, and the
standard deviation of error terms is called o. The last part of the output gives the deviance
for model.ML and the functions used in the algorithm to obtain the robust estimates (see ?
for more details). The estimates of the variance components and the fixed-effect coefficients
for the intercept, treat and time are at times very similar (e.g., fixed and random effects of
Intercept) and at times different (e.g., fixed and random effects of time) across the two fits.
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A meaningful difference in estimates is the fixed effect of the interaction, which is slightly
smaller with RSE. This is coherent with the fact that the very high slope values of two outliers
in group treat=1 tend to increase the difference in the average slope between the two groups.
These results can be complemented by Cls, which are also useful for inferential decisions. We
therefore introduce the confintROB() function that applies the percentile wild bootstrap to
the model estimated by ML.

R> set.seed(3)
R> wild.ML <- confintROB(object = model.ML, boot.type = "wild",
+ verify.saved = wild.ML)

The function confintROB() can be applied to any object of class ‘lmerMod’, ‘lmerModLmerTest’,
‘rlmerMod’ or ‘varComprob’ In this example, model.ML is an object of class ‘lmerMod’ (see
Table ??7). The percentile bootstrap CI being the default argument, we specify that we want
the wild bootstrap with the boot.type argument. We use the default values for argument
nsim and the argument level (respectively, 5000 bootstrap samples and .95 confidence level).

R> wild.ML
2.5

(Intercept) 150.1803810 185.45316421
treat -26.9182945 20.44265435
time -5.3947424  0.67222061
treat:time 1.3825904  9.89946119
Sigma id (Intercept) 37.1847684 53.02209619
Sigma id time 5.2272994 10.76968251
Sigma id (Intercept) time -0.5461602 -0.07403813
Sigma Residual 28.7413919 41.48149925

attr(,"fullResults")
Full results of confintROB, a list with components:
"Percentile", "bootstrap_estimates"

Results are saved in the object wild.ML. With the print () function, the matrix of selected
CIs is returned. In this example, the CIs for all the parameters are provided (the default). If
the interest is on a subset of the parameters, the argument parm can be used. For instance, to
obtain the CI for the variable treat only, one would specify parm = 2 or parm = "treat".
To obtain the CIs for treat and Sigma id time, one would specify parm = c(2, 6) or parm
= c("treat", "Sigma id time"). The first column of the output matrix always contains
the names of the parameters. When the name begins with Sigma, the corresponding Cls
are for the standard deviations of residuals (Sigma Residual), random effect, or correlation
between random effects. For random effects, the string Sigma is followed by the name of the
cluster (here, id (Intercept) indicates that it is the random effect of the intercept, when
random slopes are supposed, the name of the variable follows id (here, time) and correlation
is indicated with both names (in this example, (Intercept) time). The remaining effects
are fixed. The second and third columns represent, respectively, the lower and upper bound of
the CIs. The string attr(,"fullResults") indicates that the object wild.ML also contains
an attribute of class ‘fullResults’, which is a list containing the complete matrix with the
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percentile version of the CIs ("Percentile") and all the parameter estimates of the simulated
samples ("bootstrap_estimates"). We now apply the wild bootstrap to RSE estimates by
replacing the model .ML object by model.RSE.

R> set.seed(3)
R> wild.RSE <- confintROB(object = model.RSE,

+ boot.type = "wild",
+ verify.saved = wild.RSE)
R> wild.RSE

2.5
(Intercept) 146.44579838 181.89124806
treat -23.80293651 23.55395617
time -5.50695767  0.57216356
treat:time 0.02290454  8.63920558
Sigma id (Intercept) 37.14917091 53.38396261
Sigma id time 5.22385401 10.89180572
Sigma id (Intercept) time -0.54931053 -0.07081393
Sigma Residual 28.692556451 41.42750808

attr(,"fullResults")
Full results of confintROB, a list with components:
"Percentile", "bootstrap_estimates"

Again, estimates are extremely similar to the ones obtained with ML, with a slight negative
shift in the CIs for the fixed-effect parameters of the Intercept, treat, and the interaction
between treat and time.

Both classical and robust estimators agree in concluding that there is no effect of treat,
time, and a moderately strong, negative correlation between random effects in the original
sample. However, whereas the classical estimator clearly concludes that there is a time by
group interaction effect, the conclusion drawn from the robust estimator is not as clearcut,
with a lower bound much closer to 0. In substantive terms, this difference in results is of
utmost importance, as it may potentially invalidate a treatment.

Obviously, in this first example with real data it is impossible to know the true values of
the parameters in the population, and some may suspect that the robust estimator is simply
more conservative or less powerful than the classical estimator. Therefore, we introduce a
second example (medsim) inspired by the first one, but based on simulated data, for which we
know the true parameter values in model (??) and (??): v = (167.46, —3.11, —2.42, 4.00),
0 = (2111.54, 63.74, —121.63)7 and o2 = 1229.93.

R> str(medsim)

'data.frame': 420 obs. of b5 variables:
$ obs :int 12345678910 ...
$ id :int 1111111222 ...
$ time : int 0 3 6 9 12 156 18 0 3 6 ...

$ treat: int 0000000000 ...
$ pos : num 205.8 192.5 126 51.8 59.6 ...
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R> modelSim.ML <- Ilmer(pos ~ treat * time + (time|id), data = medsim, REML = "FALSE")

R> modelSim.RSE <- rlmer(pos ~ treat * time + (time|id), data = medsim,
+ method = "DAStau", init = inits.SimRSE)

R> compare (modelSim.ML, modelSim.RSE)

FIRE, A T A . FA HE 25 Ty 220 RE S ROR TR . S 6T
confintROB() BRACH P47 | A I T WA, i) PRV SRAB B AE A 5 By B (5 I
.

R> set.seed(3)

R> wildSim.ML <- confintROB(object = modelSim.ML,

+ boot.type = "wild",

+ verify.saved = wildSim.ML)
R> wildSim.ML
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modelSim.ML modelSim.RSE

Coefficients (Std. Error)
(Intercept) 179.50 (10.18) 178.55 (10.64)
treat -20.54 (14.40) -21.07 (15.04)
time -2.90 ( 1.14)  -3.00 ( 1.21)
treat:time  3.03 ( 1.61)  3.19 ( 1.71)

Variance components

(Intercept) | id 51.13 52.83
time | id  5.90 6.17
Correlations
(Intercept) x time |id -0.234 -0.248
o 32.6 32.8
deviance 4428
rho.e smoothed Huber (k = 1.345, s = 10)
rho. o .e smoothed Huber, Proposal 2 (k = 1.345, s = 10)
rho.b_ 1 smoothed Huber (k = 5.14, s = 10)
rho. o .b_1 smoothed Huber (k = 5.14, s = 10)

Table 4: IV S < S O VO | A VA= U s O T R U= R
xtable (compare (modelSim.ML, modelSim.RSE)) .

2.5
(Intercept) 158.5044035 201.29909601
treat -48.8550232  6.93072963
time -5.25682788 -0.51693479
treat:time -0.1187373  6.17566692
Sigma id (Intercept) 38.4990062 62.30562438
Sigma id time 4.6069444  7.04286448
Sigma id (Intercept) time -0.4960982 0.05952634
Sigma Residual 28.0164266 37.43709604

attr(,"fullResults")
Full results of confintROB, a list with components:
"Percentile", "bootstrap_estimates"

R> set.seed(3)

R> wildSim.RSE <- confintROB(object = modelSim.RSE,

+ boot.type = "wild",

+ verify.saved = wildSim.RSE)
R> wildSim.RSE

2.5
(Intercept) 157.54765680 199.99603194
treat -49.50558142  6.54352734
time -5.33278702 -0.59838226
treat:time 0.04245368 6.33599786
Sigma id (Intercept) 38.49685977 62.11219643

Sigma id time 4.60446985  7.04626841
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Sigma id (Intercept) time -0.49917653 0.06116436
Sigma Residual 27.94773579 37.41651808
attr(,"fullResults")
Full results of confintROB, a list with components:
"Percentile", "bootstrap_estimates"

[ERE, SASHEFXE (CI) AEFALL, FF HACE R, S A RN A W
WE, MIMTFEA KA LB A I X451 RN, doE HER T8 R R 2 AR
SPECESSR R, T2 S R R
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THa b e TR, PAMET 52T T I, I Vi T e o B Ay 20 B EE
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ARULGR 2] R 4.3.1 robustlmm  3.2-3 F1 Imed 1.1-34 £, R A< B HIFTA {4 JH 1%k
4R Al PAM Comprehensive R 7E#4M %% (CRAN) ¥F https://CRAN.R-project.org/ .
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