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Residual-based tree for clustered binary data
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Tree-based methods are widely used for classification in
health sciences research, where data are often clustered. In
this paper, we propose a variant of the standard classifica-
tion and regression tree paradigm (CART) to handle clus-
tered binary outcomes. Using residuals from a null general-
ized linear mixed model as the response, we build a regres-
sion tree to partition the covariate space into rectangles.
This circumvents modeling the correlation structure explic-
itly while still accounting for the cluster-correlated design,
thereby allowing us to adopt the standard CART machinery
in tree growing, pruning, and cross-validation. Class predic-
tions for each terminal node in the final tree are estimated
based on the success probabilities within the specific node.
Our method also allows easy extension to ensemble of trees
and random forest. Using extensive simulations, we com-
pare our residual-based trees to the standard classification
tree. Finally, the methods are illustrated using data from
a study of kidney cancer and a study of surgical mortality
after colectomy.

Keywords and phrases: Clustered data, Classification,
Tree-based methods, Residuals, Kidney cancer, Colectomy
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1. INTRODUCTION

Tree-based methods have become one of the most flexi-
ble, intuitive, and powerful data analytic tools for exploring
complex data structures. The applications of these meth-
ods are far reaching. The best documented, and arguably
most popular uses of these methods are in health sciences
research where classification is a central issue. The fitted
tree identifies subgroups with common covariate values and
homogeneous outcome, which is often used for decision mak-
ing in the clinical setting. Some interesting applications of
tree-based methods in the health sciences literature are de-
scribed by Zhang and Singer [40], Banerjee et al. [4] and
Segal et al. [31].

Tree-based methods were originally introduced by Mor-
gan and Sonquist [29], and further advanced by Breiman et
al. [7] in their monograph on Classification and Regression
Trees (CART). In the CART paradigm, the covariate space
is recursively partitioned into disjoint rectangle regions and
the corresponding data is split into groups (nodes). The

∗Corresponding author.

partitions are intended to increase within-node homogene-
ity in the response distribution. For each node, extent of
homogeneity is measured quantitatively using an impurity
function, e.g., Gini or entropy for binary outcomes. At each
step of the splitting process, a parent node gives rise to two
daughter nodes (binary partitioning). Goodness of a split is
assessed by the reduction in impurity going from the parent
node to the two daughter nodes. All possible splits for each
covariate are evaluated, and the covariate with the corre-
sponding split point that results in the maximum impurity
reduction is chosen. This splitting procedure is applied re-
cursively until each node is pure in response or all predictor
variables, or only contains a few observations. After a large
tree is grown, there are rules for pruning and readjusting
the size of the tree. The final result can be represented as
a binary tree. Terminal nodes in the final tree represent
subgroups characterized by common covariate values and
homogeneous outcomes.

Clustered data frequently arise in the social, behavioral,
and health sciences since individuals can be grouped in many
different ways. For example, in studies of health services and
outcomes, patients are clustered within physicians and/or
hospitals (Haymart et al. [28], Miller et al. [20]). Such data
are referred to as hierarchical/multilevel, with patients re-
ferred to as level 1 units and physicians/hospitals as level 2
units. The clustering induces correlation among individuals
within the same cluster, and this intra-cluster correlation
has to be accounted for in order to obtain valid statistical
inferences.

Several authors have studied extensions of the original
CART method to clustered outcomes. Historically, the at-
tempt was to treat the clustered responses as a multivariate
outcome and modify the tree splitting criterion accordingly.
For continuous outcomes, Segal [30] proposed splitting func-
tions that focus on either the mean vector (while treating
the covariance as nuisance) or the covariance heterogeneity.
Abdolell et al. [1] assumed a multivariate normal distribu-
tion and employed the likelihood ratio statistic to evaluate
splits. Zhang [39] developed classification trees for clustered
binary outcomes by employing three different splitting cri-
teria, the generalized entropy, logarithm of the determinant
of sample covariance, and a Wald-type statistic. However,
these approaches require the cluster size to be equal and
cannot handle individual-level covariates, such that individ-
uals within a cluster always end up in the same node of the
tree. Missing data is also a challenge for these methods.

Recently, multiple efforts have been made to build (gen-
eralized) mixed effects trees for clustered data. Hajjem et al.
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[16] and Sela and Simonoff [32] independently developed
mixed effects regression trees for continuous outcomes. Ha-
jjem et al. [17] also developed mixed effects random forests
for regression. Hajjem et al. [18] further extended their
work to non-continuous outcomes and proposed a general-
ized mixed effects tree model (GMERT). These authors used
CART to model the fixed effect and global (node-invariant)
random effects to capture the within cluster correlations.
Since neither the fixed effect tree nor the random effects were
known, Expectation-maximization (EM) algorithm was em-
ployed to iteratively estimate the model. Despite the flexibil-
ity of these models to handle unbalanced clusters with miss-
ing data, both individual- and cluster- level covariates, they
have not been widely used in the literature. This may be
largely due to the computational challenges in implement-
ing the EM algorithm and lack of easily accessible software.

A few authors have also explored applying other types
of tree models to clustered or longitudinal data. Lee [25]
proposed to use generalized estimating equations (GEE) to
build trees for general types of responses. Unlike CART,
this method fits a GEE at each node and then splits based
on the residuals. Loh and Zheng [27] and Eo and Cho [10]
extended the Generalized, Unbiased, Interaction Detection
and Estimation (GUIDE) [26] to longitudinal continuous
outcomes. Fu and Simonoff [14]) developed a mixed effects
regression tree using the conditional inference tree [22] as the
fixed effect structure. Speiser et al. [34] combined Bayesian
Mixed Models with CART to create a Binary Mixed Model
(BiMM) tree for longitudinal binary outcomes. This ad-
dressed the model convergence issue in fitting a generalized
mixed effects model and could incorporate prior knowledge.
Instead of employing the EM algorithm in the estimation
process, this approach applied three different functions to
convert the fitted probabilities to binary outcomes, based on
sensitivity, specificity and both. Speiser et al. [35] further ex-
tended this work and created Binary Mixed Model (BiMM)
random forests. With the main goal of studying moderation
effects between predictors, Bürgin and Ritschard [9] devel-
oped a varying coefficient regression model for longitudinal
ordinal responses by extending multivariate generalized lin-
ear mixed models such that the fixed coefficients could vary
as nonparametric functions of some variables, which were
approximated by model-based recursive partitioning (MOB)
[38]. This approach updated the splitting procedure, i.e., the
“coefficient constancy test” of MOB, so that global random
effects were allowed in each split. Finally, Fokkema et al. [11]
combined MOB with generalized linear mixed effects mod-
els and developed the generalized linear mixed-effects model
(GLMM) trees. Unlike GMERT which assumes a constant
value in each terminal node, this method allows fitting dif-
ferent parametric models in each partition.

Among these methods, (generalized) mixed effects type
models generally include random effects to model the corre-
lation structure explicitly, e.g., [9], [11], [16], [17], [18], [34],
[35]. Sela and Simonoff [32] and Fu and Simonoff [14] fur-
ther allow the use of different residual covariance structures.

This is particularly helpful when the correlation structure is
complicated but well-understood, for example, in longitudi-
nal studies, where both random intercept and random slopes
could be used.

To address the challenges of iterative estimation usually
required by the generalized mixed effects tree models, we
propose an alternative solution to extend CART for cluster-
correlated binary data. Our approach uses Pearson or de-
viance residuals from a null generalized linear mixed model
as the outcome to partition the covariate space into rect-
angles. This circumvents modeling the correlation structure
explicitly while still accounting for the cluster-correlated de-
sign, thereby allowing us to adopt the original CART ma-
chinery in tree growing, pruning and cross-validation. Our
method can be viewed as a one-step approximation of the
generalized mixed effects tree. It can handle both individual-
and cluster- level covariates, does not require balance in clus-
ter sizes, is able to handle missing data, and can be easily
implemented in standard statistical softwares. Furthermore,
our residualization approach can be easily combined with
other types of tree methods. Lastly, our method lends itself
to a natural extension to ensembles of trees, which can often
give more accurate predictions and address the instability in
a single tree.

This paper is organized as follows. In Section 2, we in-
troduce the methodology for growing trees for clustered bi-
nary outcomes using residuals from a null generalized linear
mixed model. Section 3 compares our residual-based trees
to standard classification trees via simulations. We illustrate
our methodology in Section 4 using data from a health ser-
vices research study to investigate determinant of kidney
cancer treatment receipt. Section 5 applies our methodol-
ogy to investigate determinants of surgical mortality after
receiving colectomy surgery. Finally, Section 6 contains some
concluding remarks.

2. RESIDUAL-BASED TREE FOR
CLUSTERED DATA

For clustered data, individuals within the same cluster
are usually correlated. In familial segregation studies, fam-
ily members are usually alike as they share the same ge-
netic factors. In clinical studies, patients treated by the same
provider are usually more similar in terms of treatment re-
ceived. Popularized by Breslow and Clayton [8], general-
ized linear mixed effects models (GLMMs) have become a
standard framework for modeling such clustered non-normal
data, where the inclusion of cluster-specific random effects
induces correlation among individuals within the same clus-
ter. Consider a two-level hierarchical data structure: let yij
be the binary response of the jth individual (level-one unit)
in the ith cluster (level-two unit), where 0 stands for ‘fail-
ure’ and 1 stands for ‘success’, i = 1, ...,m, j = 1, ..., ni,
N =

∑m
i=1 ni. The GLMM with logit link can be written as

(1) g(μij) = log(
μij

1− μij
) = xijβ + zijbi,
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where β = (β0, ..., βp) are the population level fixed ef-
fects coefficients, and bi = (bi0, ..., biq)

′ are the random ef-
fects for cluster i. The xij = (1, xij1, ..., xijp)

′ and zij =
(1, zij1, ..., zijq)

′ are the fixed effects covariates and random
effects covariates, respectively, for the jth individual in clus-
ter i. The random effects bi are assumed to follow a mul-
tivariate normal distribution with mean 0 and covariance
matrix Σ. The μij = E(yij |bi) = P (yij = 1|bi) is the con-
ditional expectation of yij given random effects bi. Note that
given random effects bi, all ni individuals yij from cluster i
are conditionally independent.

Parameter estimation in GLMMs typically uses maxi-
mum likelihood (ML) or variants of ML. This involves in-
tegration over the random effects that cannot be done ana-
lytically. Instead, numerical approximate algorithms such as
penalized quasi-likelihood (PQL) or Gauss–Hermite quadra-
ture (GHQ) are often employed. One limitation with PQL
is that it tends to under-estimate the regression coefficients
and variance components, especially when the random ef-
fects are heterogeneous (Jang and Lim [24]). And the bi-
ases usually decrease as cluster size increases. In contrast,
GHQ uses numerical integration to approximate the true
likelihood. The accuracy of GHQ increases as the number of
integration points increase, at the cost of higher computa-
tions. The random effects bi are estimated using empirical
Bayes method.

(Generalized) linear mixed effects models can be ex-
tended by replacing the fixed effect linear part xijβ with
tree f(xij), i.e.,

(2) g(μij) = f(xij) + zijbi.

The main challenge of fitting a (generalized) mixed effects
tree lies in the model estimation, since neither the random
effects nor the fixed effects are known. Several authors have
proposed to solve this problem by essentially approaching it
like an EM algorithm, i.e., alternating between estimating
the tree, assuming the estimated random effects are correct,
estimating the random effects, assuming the estimated tree
is correct, and cycle until convergence. Predictions from the
fitted model are obtained using both estimated fixed effect
tree and estimated random effects. When growing the tree,
several versions of residualization have been employed. For
example, for continuous outcomes, Hajjem et al. [16] and
Sela and Simonoff [32] explicitly used conditional partial
residuals yij − zijbi. A first-order Taylor series (i.e. lin-
ear) approximation of the conditional partial residuals were
used when the outcomes were non-normal (Hajjem et al.
[18]). Fokkema et al. [11], in contrast, included zijbi as an
offset, which is equivalent to using conditional partial resid-
uals when the outcomes are continuous. However, iterative
estimations are not easily achievable.

2.1 Residuals from the null model

When modeling survival data, Therneau et al. [37] had
advocated using null martingale residuals from a Cox pro-

portional hazards model as the response to grow trees. Fol-
lowing this approach, we propose to grow trees for clustered
binary data using classic residuals from the null GLMM as
the new response.

The null GLMM g(μij) = β0 + bi0 includes one fixed
effect β0, which is the population-level intercept, and ran-
dom effects bi0, which are cluster-level intercepts. Random
intercept bi0 captures the shared correlation among all indi-
viduals within cluster i. The prediction from this null model
is μ̂ij = g−1(β̂0+ b̂i0), where g

−1(.) is the inverse of the logit
link. It is easily seen from this model that all ni individuals
from cluster i have the same predicted value, which is the
estimated success probability for cluster i after accounting
for the hierarchical structure.

Two types of residuals are commonly used for binary re-
sponses: the Pearson residual and the deviance residual [12].
For individual j in cluster i, given its prediction μ̂ij from the
fitted null GLMM, the Pearson residual prij can be defined
as

(3) prij =
yij − μ̂ij√
μ̂ij(1− μ̂ij)

.

The deviance residual drij is defined as

drij = sign(yij − μ̂ij)

√
2yijlog(

yij
μ̂ij

)+ 2(1− yij)log(
1− yij
1− μ̂ij

),

(4)

where sign(yij − μ̂ij) is the sign of yij − μ̂ij .

2.2 Residual-based trees

In the CART paradigm, the covariate space is recursively
partitioned into disjoint rectangular regions and the data is
divided into subgroups (nodes). Here we denote the rectan-
gular region formed by terminal node l as Rl. Suppose tree
T has L terminal nodes, then we can envision this tree as an
additive model f with L terms, where each term corresponds
to a terminal node

(5) f(xij) =

L∑
l=1

alI(xij ∈ Rl),

and al is the predicted value of observations falling in termi-
nal node l. Indicator function I(xij ∈ Rl) = 1 if individual j
of cluster i falling in terminal node l. Fitting a tree involves
greedy searching for the optimized combination of L, Rl’s
and al’s.

We propose to build the tree architecture by growing a
regression tree using residuals from the fitted null GLMM as
the response (i.e. in a transformed scale). At each stage, we
search for the best split that maximizes the node impurity
reduction, which is measured as the mean squared error of
the residuals, i.e.,

∑
ij∈node(rij − r̄)2, where rij is the resid-

ual of individual j in cluster i from the fitted null GLMM.
After an overly complicated initial tree is grown, we prune it
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back by applying cost complexity pruning on the residuals
as well. Therefore, L and Rl’s are both obtained by optimiz-
ing the within-node homogeneity based on the transformed
outcomes.

We recommend applying 10-fold cross-validation for cost
complexity pruning. Depending on the application, two cri-
teria could be used for selecting the optimal tree (Therneau
and Atkinson [36]). First, look for the tree with final splits
corresponding to the cp value that minimizes the 10-fold
cross-validation error. This tree should have the best pre-
diction performance and the maximum power of detect-
ing meaningful subgroups, which could be valuable for ex-
ploratory data analysis. However, there is a potential risk
that this tree is still overly complicated. Another choice
is the “one standard error (SE)” rule. Standard errors are
also calculated with the cross-validations. After the mini-
mal cross-validation error is found, choose the tree with final
splits corresponding to the largest cp value that has 10-fold
cross-validation error less than one standard error above the
achieved minimal error. In this way, we choose the simplest
tree that should have prediction performance “tied” with the
best model. This conservative approach could further trim
off false splits and provide only subgroups that are statisti-
cally meaningful. It is worth mentioning that through sim-
ulation studies, we have observed that “one SE” rule might
not pick the most predictive residual-based tree, especially
when the sample size is small. This is because when sample
size is small, the cross-validation standard error tends to be
large, hence an overly trimmed tree is selected.

Once the tree architecture (L and Rl’s) has been selected,
success probability for the lth terminal node is predicted by
the proportion of success observations falling in that termi-
nal node i.e.,

(6) âl =

∑
i,j yijI(xij ∈ Rl)∑
i,j I(xij ∈ Rl)

,

where yij is the raw binary outcome of individual j in cluster
i. The predicted probabilities range from 0 to 1. If needed,
classification prediction could be obtained by dichotomiz-
ing the estimated probabilities. Since it is individuals that
are being split, not clusters, one terminal node might have
individuals from different clusters. The clustering effect is
accounted for in the residualization step, it does not com-
plicate the selection of cut-offs. Default cut-off of 0.5 could
be used; or overall success rate in the full training set, e.g.,∑m

i=1

∑ni

j=1 yij/N could be adopted to balance type I and
type II error rates when the observed classes are skewed.

Our method can be applied to unbalanced data with vary-
ing cluster sizes. Furthermore, our method can split on both
individual- and cluster- level covariates, since it is individ-
uals that are being split, not clusters. Finally, our method
inherits CART’s flexibility to handle missing covariates via
the surrogate variables approach.

The residual-based tree algorithm is as follows:

1. Fit a null GLMM with population-level intercept as the
fixed effect and cluster-level random intercepts.

2. Calculate residuals rij from the fitted null GLMM
model.

3. Grow a full regression tree using residuals rij as the
response.

4. Prune the full tree back by applying cost-complex prun-
ing on the residuals rij as well.

5. Convert the pruned tree terminal nodes into a set of
indicators I(xij ∈ Rl).

6. Estimate class probability as the proportion of suc-
cesses (raw outcomes) in each terminal node,

(7)

∑
i,j yijI(xij ∈ Rl)∑
i,j I(xij ∈ Rl)

.

One limitation of a single tree is that it is usually unsta-
ble, where a small change in data may largely affect the tree
architecture. Another shortcoming is its modest prediction
performance. Ensemble methods such as bagging (Breiman
[5]) and random forests (Breiman [6]) can greatly improve
these deficiencies. The framework of our residual-based ap-
proach can be easily extended to generate residual-based
ensemble of trees, where the architecture of each tree in the
ensemble is built using residualized responses, and the pre-
dictions are estimated from the raw binary outcomes.

2.3 Software implementation

Our residual-based tree algorithm can be easily imple-
mented in R. The null GLMM could be fitted using ei-
ther the “glmmPQL” function from the “MASS” package
(default), which utilizes the penalized quasi-likelihood algo-
rithm; or the “glmer” function from the “lme4” package,
which employs adaptive Gauss-Hermite quadrature. The
later can correct for the potential bias in the PQL estima-
tion at a higher computational cost. In our applications,
we have seen that these two functions give almost identical
null residuals. The regression tree with residuals as the new
response is grown and pruned using the standard “rpart”
package. We create an R function that extracts the archi-
tecture of the regression tree and gives the class prediction
for every terminal node.

3. SIMULATION STUDIES

In this section, we compared our residual-based tree to
standard classification tree via simulations. Our compar-
isons focused on the architecture of the fitted trees as well
as their prediction performance.

3.1 Simulation design

We first generated data from a two-level hierarchical de-
sign with 75 clusters, and equal cluster size of 5, 10, 50 to
100. We also considered the situation in which the number
of individuals per cluster vary from 50 to 100. For the jth
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individual in cluster i, its binary response yij was gener-
ated from a two-level random intercept model via a latent
variable formulation

(8) y∗ij = log(
p(xij)

1− p(xij)
) + bi + εij ,

where the random intercept bi was generated from normal
distribution N(0, σ2

b ), and the level-one error εij was gener-
ated from a logistic distribution with mean 0 and variance
π2/3. We defined yij = 1 if y∗ij > 0, and yij = 0 other-
wise.

For every observation, eight independent covariates were
generated 1) from two distributions, 2) at the cluster- and
individual- levels, i.e., xij = (xij1, ..., xij8)

′. Covariates xij1,
xij2, xij5 and xij6 followed standard normal distributions,
while xij3, xij4, xij7 and xij8 had Bernoulli distributions
with mean 0.5. The xij1, xij3, xij5 and xij7 were individual-
level covariates, i.e., varied by individual j, while the others
were at the cluster-level, i.e., stayed the same for all indi-
viduals within cluster i.

The fixed effect p(xij) depended on covariates xij1 to
xij4 (xij5 to xij8 were noise variables) via an underly-
ing tree illustrated in Figure 1, where (p1, p2, p3, p4, p5)

′ =
(0.9, 0.4, 0.8, 0.3, 0.7)′ were the marginal probabilities of suc-
cess in terminal nodes:

• Terminal Node I: If xij3 = 0 and xij1 ≤ 0, p(xij) = p1;
• Terminal Node II: If xij3 = 0 and xij1 > 0 and xij4 = 0,

p(xij) = p2;
• Terminal Node III: If xij3 = 0 and xij1 > 0 and xij4 =

1, p(xij) = p3;
• Terminal Node IV: If xij3 = 1 and xij2 ≤ 0, p(xij) = p4;
• Terminal Node V: If xij3 = 1 and xij2 > 0, p(xij) = p5.

Figure 1. Underlying tree structure of the two-level random
intercept model used for generating data, where

(p1, p2, p3, p4, p5)
′ were the marginal probabilities of success

in terminal nodes.

Under this simulation design, individuals from different
clusters were independent while individuals within the same
cluster were correlated. The strength of correlation could be
expressed by the intra-cluster correlation coefficient (ICC),

which was defined as the ratio of between-cluster variance
to total variance, i.e.,

ICC =
σ2
b

σ2
b + (π2/3)

.

To study the effect of different within cluster correlations,
we varied σ2

b between 0, 0.52, 12 and 22, which corresponded
to estimated ICC of 0, 0.07, 0.23 and 0.55.

The simulated data were randomly divided into a training
set and a test set by clusters. The training set contained 50
clusters and was used for building the tree models. The re-
maining 25 clusters were employed as the test set for evaluat-
ing predictions. The simulations were repeated 1,000 times.

3.2 Simulation results

We compared how similar the fitted residual-based tree
and the standard classification tree were to the underlying
true tree model. Two choices of similarity metrics were used,
namely, tree size, i.e., the number of terminal nodes, and the
number of times each covariate was used as a splitter in the
tree.

In addition, we argued that the fitted tree and the under-
lying true model were similar if they place the same obser-
vations together in a terminal node and separate the same
observations in different terminal nodes (i.e., if observations
g and h were in two different terminal nodes under the true
model T0, then these two observations should also be placed
in two different terminal nodes by the fitted tree T1 for it
to be similar to the underlying true model). As introduced
in Banerjee et al. [2], we employed a metric d to quantify
how observations were clustered in tree terminal nodes. For
all

(
N
2

)
pairs of observations, if observations g and h were

in the same terminal node by tree T , then IT (g, h) = 1,
otherwise IT (g, h) = 0. The difference of terminal nodes
(over all distinct pairs of observations) between the fitted
tree T1 and underlying true model T0 was then measured
as

(9) d(T0, T1) =

∑
g>h

∑
h |IT0(g, h)− IT1(g, h)|(

N
2

) ,

where the factor
(
N
2

)
scaled this metric to range from 0 to

1 such that d = 0 when the terminal nodes of fitted tree
T1 were exactly the same as the terminal nodes of underly-
ing true model T0, and d = 1 when they were completely
different.

Lastly, we compared the fitted residual-based trees and
the standard classification tree in terms of prediction ac-
curacy using AUC evaluated on the test data. AUC was
known as the area under the Receiver Operating Charac-
teristic (ROC) curve formed by a binary classifier, which
estimated the probability that the classification predictions
and the actual binary responses were concordant, i.e., ob-
servations with the larger y also had the larger ŷ. It is
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considered the standard method to assess the accuracy of
predictive classification models. As it avoids the subjectiv-
ity in the threshold selection when converting probability
scores to binary outcomes, by summarizing overall model
performance over all possible thresholds. The values of AUC
should range from 0.5 to 1, where 0.5 indicated that the
predictions were no better than random guessing, and 1 in-
dicated that the classifier had perfectly identified all binary
responses.

Penalized quasi-likelihood estimation via “glmmPQL”
and “rpart” package were used in this simulation. The de-
fault values for most “rpart” parameters were adopted, ex-
pect for “minsplit” and “cp”. “minsplit” controls the min-
imum number of observations that must exist in a node in
order for a split to be attempted, and it was set to 10. “cp”
is the complexity parameter, and only splits that reduce the
impurity by a factor of “cp” will be attempted. “cp” was up-
dated to 0. We first grew an overly complicated tree. Then
we pruned it back via 10-fold cross-validation cost complex-
ity pruning. “one SE” rule was used for choosing the optimal
tree size. By doing so, we removed the potential impact of
arbitrary parameter values, and let data decide the statisti-
cally meaningful tree size.

Table 1 contains the averages of the above mentioned
metrics over 1,000 simulations, under different combinations
of cluster size (n) and random effect (σ2

b ). To examine the
variation over different runs, in Figure 2–4 we show the box-
plots of fitted tree sizes, terminal nodes similarity metrics
d, and AUC on the test set. Within each figure, the top,
second, third, fourth and bottom panel correspond to equal-
sized clusters of size 5, 10, 50, 100 and unequal clusters with
sizes varying from 50 to 100, respectively.

When intra-cluster correlation is zero or small, e.g.,
ICC = 0 or 0.07, the architectures of the fitted stan-
dard classification tree (RPART), Pearson residual-based
tree (PR) and deviance residual-based tree (DR) are all sim-
ilar to the underlying true tree model, for equal size clusters
50, 100 and unequal clusters with sizes varying from 50 to
100. The average fitted tree sizes are all around 5; the four
signal covariates X1 to X4 are correctly selected for split-
ting, and each covariate is split once on average; and the
terminal nodes similarity metric d are all near 0. The pre-
diction performances of the three fitted trees are also simi-
lar based on their AUCs. The boxplots further indicate that
these statistics have little variations over the 1,000 simula-
tions.

When intra-cluster correlation is moderate to strong, e.g.,
ICC = 0.23 or 0.55, and cluster size is reasonably large,
RPART fits overly complicated trees, with average tree sizes
much larger than 5. This is primarily because RPART fails
to distinguish between signal and noise variables, and fre-
quently splits on the noise variables X5, X6 and X8. One
possible explanation is that without properly accounting
for the clustering correlation, random effects give rise to
spurious subgroup detection, which is represented by noise

Figure 2. Boxplot of tree sizes over 1,000 simulations, under
different random intercept variance σ2

b . The top panel is for
equal cluster size 5, the second panel is for equal cluster size
10, the third panel is for equal cluster size 50, the fourth

panel is for equal cluster size 100, and the bottom panel is for
unequal clusters with sizes varying from 50 to 100 (RPART:
standard classification tree; PR: Pearson residual-based tree;

DR: Deviance residual-based tree).

variables. Furthermore, it shows a propensity to over-split
individual-level continuous covariates. This agrees with the
well-known selection bias issue of RPART (Hastie et al.
[19]). In contrast, PR and DR, particularly DR, fit trees
with sizes close to the true underlying tree. Both PR and
DR are unaffected by noise variables, and in general, make
correct splits on the signal covariates only. The average of
metric d over 1,000 simulations is consistently smallest for
DR, indicating that the DR tree is most similar to the true
underlying tree in terms of terminal nodes. Furthermore, the
AUC of the DR tree is consistently larger than the PR or
RPART tree, demonstrating its superior prediction perfor-
mance.

The performance of both residual-based trees and the
standard classification tree decrease as cluster size (hence
sample size) gets smaller. When cluster size is 5 or 10, all
three methods generate overly pruned trees than the truth.
This is partly because we have chosen the “one SE” rule
in deciding the optimal tree size, which prefers conserva-
tive trees over plausible splits. The small sample size also
makes the fitted trees highly variable. The improvements
of PR and DR trees over RPART are less evident when
cluster size is small. In fact, for ICC = 0.55 and clus-
ter size 5, residual-based trees appear to be slightly worse
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Table 1. Average of comparison metrics over 1,000 simulations (RPART: standard classification tree; PR: Pearson
residual-based tree; DR: Deviance residual-based tree; ICC: intra-cluster correlation coefficient; d: terminal nodes similarity

metric; AUC: Area under the receiver operating characteristic curve evaluated on test data)

Cluster
Size

σ2
b ICC

Tree
Type

Tree
Size

Selection Frequency
d AUC

X1 X2 X3 X4 X5 X6 X7 X8

Equal,
5

02 0.00
RPART 3.4 0.3 0.9 0.8 0.1 0.1 0.1 0.0 0.0 0.279 0.651

PR 2.9 0.4 0.6 0.7 0.1 0.0 0.0 0.0 0.0 0.317 0.641
DR 2.9 0.4 0.6 0.7 0.1 0.0 0.0 0.0 0.0 0.304 0.647

0.52 0.07
RPART 3.3 0.4 0.8 0.8 0.1 0.1 0.1 0.0 0.0 0.316 0.631

PR 2.6 0.4 0.4 0.7 0.1 0.0 0.0 0.0 0.0 0.359 0.619
DR 2.7 0.4 0.5 0.7 0.1 0.0 0.0 0.0 0.0 0.348 0.623

12 0.23
RPART 3.4 0.4 0.8 0.7 0.1 0.1 0.2 0.0 0.0 0.372 0.600

PR 2.1 0.3 0.2 0.5 0.1 0.0 0.0 0.0 0.0 0.480 0.576
DR 2.2 0.3 0.3 0.5 0.1 0.0 0.0 0.0 0.0 0.458 0.582

22 0.55
RPART 5.2 0.6 1.3 0.5 0.2 0.4 1.0 0.1 0.1 0.398 0.551

PR 1.4 0.1 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.652 0.524
DR 1.5 0.1 0.1 0.3 0.0 0.0 0.0 0.0 0.0 0.618 0.530

Equal,
10

02 0.00
RPART 4.0 0.5 1.1 1.0 0.4 0.1 0.0 0.0 0.0 0.156 0.703

PR 4.1 0.8 0.9 1.0 0.4 0.0 0.0 0.0 0.0 0.093 0.726
DR 4.2 0.8 0.9 1.0 0.4 0.0 0.0 0.0 0.0 0.088 0.731

0.52 0.07
RPART 4.2 0.5 1.1 1.0 0.4 0.1 0.1 0.0 0.0 0.173 0.686

PR 3.8 0.8 0.7 1.0 0.3 0.0 0.0 0.0 0.0 0.123 0.701
DR 4.0 0.8 0.8 1.0 0.4 0.0 0.0 0.0 0.0 0.107 0.710

12 0.23
RPART 4.8 0.6 1.3 1.0 0.3 0.2 0.3 0.0 0.0 0.205 0.657

PR 3.2 0.7 0.3 0.9 0.2 0.0 0.0 0.0 0.0 0.201 0.654
DR 3.5 0.8 0.5 1.0 0.2 0.0 0.0 0.0 0.0 0.157 0.671

22 0.55
RPART 10.7 1.3 3.4 0.9 0.5 0.7 2.7 0.1 0.3 0.247 0.574

PR 2.0 0.4 0.1 0.6 0.0 0.0 0.0 0.0 0.0 0.443 0.566
DR 2.5 0.5 0.2 0.7 0.1 0.0 0.0 0.0 0.0 0.334 0.588

Equal,
50

02 0.00
RPART 5.2 1.0 1.0 1.1 1.0 0.0 0.0 0.0 0.0 0.030 0.769

PR 5.0 1.0 1.0 1.0 0.9 0.0 0.0 0.0 0.0 0.010 0.773
DR 5.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.006 0.774

0.52 0.07
RPART 5.2 1.0 1.1 1.1 1.0 0.0 0.1 0.0 0.0 0.048 0.752

PR 4.9 1.0 1.0 1.0 0.9 0.0 0.0 0.0 0.0 0.016 0.759
DR 5.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.007 0.764

12 0.23
RPART 11.2 1.5 3.4 1.1 1.2 0.4 2.3 0.0 0.2 0.100 0.709

PR 4.6 1.0 0.7 1.0 0.8 0.0 0.0 0.0 0.0 0.049 0.721
DR 4.9 1.0 1.0 1.0 0.8 0.0 0.0 0.0 0.0 0.020 0.734

22 0.55
RPART 27.8 2.5 10.7 1.6 1.5 0.9 8.6 0.1 0.9 0.192 0.586

PR 3.2 0.9 0.1 1.0 0.1 0.0 0.0 0.0 0.0 0.154 0.629
DR 4.4 1.0 0.8 1.0 0.6 0.0 0.0 0.0 0.0 0.068 0.664

Equal,
100

02 0.00
RPART 5.2 1.1 1.0 1.1 1.1 0.0 0.0 0.0 0.0 0.015 0.774

PR 5.3 1.0 1.2 1.0 1.0 0.0 0.0 0.0 0.0 0.008 0.776
DR 5.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.002 0.776

0.52 0.07
RPART 5.6 1.1 1.2 1.1 1.1 0.0 0.1 0.0 0.0 0.029 0.761

PR 5.3 1.0 1.3 1.0 1.0 0.0 0.0 0.0 0.0 0.009 0.766
DR 5.1 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.004 0.766

12 0.23
RPART 16.7 1.7 5.8 1.3 1.5 0.5 4.4 0.0 0.5 0.108 0.713

PR 5.1 1.0 1.1 1.0 1.0 0.0 0.0 0.0 0.0 0.013 0.740
DR 5.1 1.0 1.1 1.0 1.0 0.0 0.0 0.0 0.0 0.008 0.742

22 0.55
RPART 33.3 2.6 13.7 2.0 1.7 0.8 10.3 0.1 1.2 0.196 0.585

PR 3.7 1.0 0.3 1.0 0.4 0.0 0.0 0.0 0.0 0.116 0.645
DR 5.6 1.0 1.4 1.0 1.0 0.0 0.1 0.0 0.0 0.037 0.676

Unequal,
varying
from

50 to 100

02 0.00
RPART 5.3 1.1 1.0 1.1 1.1 0.0 0.0 0.0 0.0 0.022 0.772

PR 5.1 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.006 0.774
DR 5.1 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.004 0.775

0.52 0.07
RPART 5.5 1.1 1.1 1.1 1.1 0.0 0.1 0.0 0.0 0.038 0.758

PR 5.1 1.0 1.1 1.0 1.0 0.0 0.0 0.0 0.0 0.009 0.765
DR 5.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.005 0.766

12 0.23
RPART 13.9 1.6 4.7 1.2 1.3 0.4 3.3 0.0 0.4 0.101 0.710

PR 4.9 1.0 0.9 1.0 1.0 0.0 0.0 0.0 0.0 0.025 0.731
DR 5.0 1.0 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.010 0.738

22 0.55
RPART 30.8 2.6 12.3 1.8 1.6 0.9 9.6 0.1 1.1 0.196 0.584

PR 3.4 1.0 0.2 1.0 0.3 0.0 0.0 0.0 0.0 0.134 0.637
DR 4.9 1.0 1.0 1.0 0.8 0.0 0.0 0.0 0.0 0.044 0.671
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Figure 3. Boxplot of terminal nodes similarity metrics d over
1,000 simulations, under different random intercept variance
σ2
b . The top panel is for equal cluster size 5, the second panel
is for equal cluster size 10, the third panel is for equal cluster
size 50, the fourth panel is for equal cluster size 100, and the
bottom panel is for unequal clusters with sizes varying from
50 to 100 (RPART: standard classification tree; PR: Pearson

residual-based tree; DR: Deviance residual-based tree).

than the standard classification tree. This is possibly due
to the bias in the empirical Bayes estimation of the clus-
ter effect (b̂i) when the cluster size is small (Skrondal and
Rabe-Hesketh [33]), which could affect the residuals of the
fitted null GLMM. It is worth mentioning that in addition to
oversimplification, RPART also tends to mis-split on noise
variables.

One heuristic explanation for the better performance of
deviance residual-based tree over Pearson residual-based
tree is that for extreme observations, e.g., yij = 0 and
μ̂ij from the null GLMM is around 1, or yij = 1 and μ̂ij

is around 0, deviance residuals are smaller than Pearson
residuals in absolute value, thereby preventing the deviance
residual-based tree from being overly influenced by these
extreme observations.

In summary, based on the simulations, we conclude that
the residual-based trees outperform the standard classifica-
tion tree for modeling clustered binary data. Specifically, de-
viance residual-based trees can recover the true underlying
tree model, and provide accurate predictions. The improve-
ments are substantial when the intra-cluster correlations are
strong and the cluster sizes are moderate to large. Even
when random effects are small or negligible, residual-based
trees still show better or equal performance.

Figure 4. Boxplot of AUC (area under the receiver operating
characteristic curve) evaluated on test data over 1,000

simulations, under different random intercept variance σ2
b .

The top panel is for equal cluster size 5, the second panel is
for equal cluster size 10, the third panel is for equal cluster
size 50, the fourth panel is for equal cluster size 100, and the
bottom panel is for unequal clusters with sizes varying from
50 to 100 (RPART: standard classification tree; PR: Pearson

residual-based tree; DR: Deviance residual-based tree).

4. APPLICATION OF DEVIANCE
RESIDUAL-BASED TREE AND RANDOM

FOREST TO KIDNEY CANCER
TREATMENT STUDY

To illustrate our method, we present an analysis of data
from a population-based study of kidney cancer where the
outcome of interest is receipt of treatment. Radical nephrec-
tomy is the traditional gold standard for treating patients
with organ-confined kidney cancer. During the last two
decades, however, the introduction of a nephron-sparing al-
ternative (i.e., partial nephrectomy) to radical excision has
appreciably modified the therapeutic options for patients
with kidney cancer. Partial nephrectomy yields oncologic
outcomes that are indistinguishable from radical excision,
and it preserves long-term renal function while reducing
overtreatment of patients with benign tumors. Despite these
potential benefits, population-based data suggest that the
adoption of partial nephrectomy has been slow, and radical
nephrectomy remains the predominant surgical therapy for
patients with kidney cancer (Hollenbeck et al. [21], Banerjee
et al. [3]). The goal of our study was to apply the residual-
based tree to understand the pattern of utilizing partial
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Figure 5. Deviance residual-based tree applied to kidney cancer data. In each terminal node, we list the estimated probability
of receiving partial nephrectomy (PAR) (p̂) and the number of patients (n) falling in that node.

nephrectomy in the population.
Our analysis cohort was comprised of 11,136 Medicare

beneficiaries treated by 2,031 urologists for kidney cancer
diagnosed between year 1995 and 2006. This data set exhib-
ited a two-level hierarchical structure with patients nested
within surgeons. The median number of patients treated by
a surgeon was 4 (min = 1, Q1 = 2, mean = 5.5, Q3 = 7, max
= 96). The outcome of interest was receipt of partial ver-
sus radical nephrectomy (i.e., binary outcome). Among the
11,136 patients, 1,667 underwent partial nephrectomy, and
the event rate is 0.15. The ICC is around 0.09. A total of six-
teen covariates were considered for analysis, which included
eight patient characteristics such as socio-demographic vari-
ables (age, race/ethnicity, gender, marital status and socioe-
conomic status), year of surgery, tumor size and the number
of preexisting comorbid conditions (using a modification of
the Charlson index based on claims submitted during the
12 months before kidney cancer surgery). On the basis of
standard clinical guidelines, we categorized tumor size as
≤ 4 cm, 4.1–7 cm and > 7 cm. We also considered eight
surgeon-level covariates including the surgeon’s age, gen-
der, year of medical school graduation, practice size (solo or
two-person, group practice, HMO or hospital-based, medi-
cal school, or other/unclassified), practice location (rural vs.
urban), academic affiliation (major, minor, or no academic
affiliation), surgeon’s association with a National Cancer In-
stitute (NCI)-designated Cancer Center, and surgeon’s av-
erage annual nephrectomy volume during the study period.
Among these sixteen covariates, patient’s age, number of
preexisting comorbid conditions, surgeon’s age and annual
nephrectomy volume were treated as continuous variables,
while others were treated as nominal variables.

We implemented our residual-based tree approach on the
entire cohort of 11,136 Medicare beneficiaries. After a full
tree was grown on the transformed outcome, we performed
cost complexity pruning. The final tree was chosen based on

10-fold cross-validation, and the tree with minimum error
in the residualized outcome was selected. Here we have cho-
sen the tree with the minimal cross-validation error because
we would like to retain the maximum power in detecting
clinical meaningful subgroups. And based on the simulation
study, we have found that “one SE” rule might give overly
simplified trees when cluster size is small. The deviance and
Pearson residual-based trees were very similar. In Figure 5
we present the deviance residual-based tree. At each level of
the tree, we show the best split (covariate with cut-point).
The numbers in the terminal nodes denote the estimated
probability of receiving partial nephrectomy (PAR) (p̂) and
the number of patients (n) falling in that node.

The deviance residual-based tree identified patient’s tu-
mor size and the year of performing surgery as the primary
factors of receiving PAR. For patients with tumor size > 4
cm, the estimated probability of receiving PAR was only 5%.
As a relatively new technique, utilization of PAR gradually
increased over the study period. Surgeons’ association with
NCI-designated cancer centers seemed to be another factor
of utilizing PAR. Between year 2000 and 2003, among sur-
geons associated with NCI-designated cancer centers who
graduated from medical school before 1989, the estimated
probability of performing PAR on patients with tumor size
≤ 4 cm was as high as 61%! In contrast, during this time,
for surgeons who were not associated with NCI-designated
cancer centers, the estimated probability of performing PAR
on patients with tumor size ≤ 4 cm was only 22%. It was
also noticeable that even among surgeons associated with
NCI-designated cancer centers, the estimated probability of
utilizing PAR was merely 9% if they graduated from medical
school after 1989. One possible explanation was that these
surgeons were at their early career edge of independently
performing surgeries, which might have restricted them from
performing the new technique PAR. Since 2003, surgeons’
academic affiliations became a factor of utilizing PAR. Sur-
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geons with minor or no academic affiliations performed PAR
on about 28% of their patients with tumor size ≤ 4 cm. On
the other hand, the estimated probability of utilizing PAR
was much higher for surgeons with major academic affilia-
tions. Among these surgeons, the estimated probability of
utilizing PAR was 56% if their patients were younger than
75 years with tumor size ≤ 4 cm; and the estimated proba-
bility was 38% if the patients were older than 76 years with
tumor size ≤ 4 cm.

We also analyzed this data by growing a deviance
residual-based random forests. Individual tree structures
were lost in growing the forest, therefore, we evaluated the
effect of covariates by examining their permutation variable
importance. For each covariate, its permutation importance
was calculated as the average percentage increase in mean
squared error (MSE) of the predicted responses (in residual-
ized outcome) from the forest, after randomly permuting the
values of this variable. The permutation variable importance
plot is displayed in Figure 6. This plot again confirms that
tumor size is the most important determinant of PAR usage.
The second and fourth most important factors according to
the ranked variable importance, i.e., year of medical school
graduation and year of surgery also align with our findings
from the single deviance residual-based tree. Surgeon age
was also deemed important in the residual-based forest.

Figure 6. Variable importance plot of deviance residual-based
random forest applied to kidney cancer data. Variable

importance is defined as the percentage of increase in mean
squared errors (MSE) of the predicted residualized responses,

after randomly permuting a variable.

5. APPLICATION OF DEVIANCE
RESIDUAL-BASED TREE AND RANDOM
FOREST TO SURGICAL MORTALITY

STUDY

Understanding the relationship between hospital/patient
characteristics and patient outcomes is important for im-
proving health care quality. In this analysis, we were inter-

ested in identifying hospital characteristics and patient risk
factors that might be associated with patient outcomes after
receiving colon resection surgeries (Friese et al. [13]).

We extracted data from nationwide Medicare inpatient
claims files between year 2009 and 2010 on patients hos-
pitalized for colon resection. A total of 58,816 patients 65
years or older, enrolled in fee-for-service Medicare were in-
cluded in our analysis, and these patients were treated in
3,189 hospitals. The median number of colectomy patients
treated in each hospital is 12 (min = 1, Q1 = 4, mean =
18.4, Q3 = 26, max = 173). We measured patient outcomes
using failure to rescue (FTR), which is defined as death
within 30 days of hospital admission for patients who have
experienced a postoperative complication. FTR focuses on
a hospital’s capability to recognize and address a complica-
tion and is less affected by the severity of patients’ illness,
therefore, it is considered as a better measure for comparing
hospital quality (Ghaferi et al. [15]). Of the 58,816 patients,
14,340 experienced a FTR, and the event rate is 0.24. The
ICC is about 0.02. Seven hospital characteristics were con-
sidered, including a hospital’s recognition of Magnet status
by the American Nurses’ Credentialing Center, which was a
voluntary program reflecting a hospital’s nursing care qual-
ity; the geographic location (rural vs. urban); whether a
hospital had an active organ and/or tissue transplant pro-
gram; whether a hospital had full-time equivalent medical
residents or fellows; the number of staffed beds; a hospital’s
cost to charge ratio; and a hospital’s registered nurse hours
per patient day (RNHPPD). Patient risk factors included
age (categorized into an ordinal variable as 65–69, 70–74,
75–79, 80–84, 85 years and older), gender, race/ethnicity,
and the number of comorbid conditions reported on their
insurance claims. Among all considered covariates, hospi-
tal’s number of staffed beds, cost to charge ratio, RNHPPD,
and patient’s number of comorbid conditions were treated
as continuous variables, patient’s age was treated as ordinal,
and others were treated as nominal variables.

This data set exhibited a two-level hierarchical structure
as patients were nested within hospitals. We accounted for
this hierarchical structure by fitting a hospital-specific ran-
dom effect in the null GLMM. Deviance residuals from the
fitted null model were used as response in growing the tree
and random forest. The final tree is selected minimizing 10-
fold cross-validation error, which is presented in Figure 7.
At each level of the tree, we show the best split covariate
along with the cut-point of the best split. For each terminal
node, we present the estimated failure to rescue rate (p̂) and
the number of patients (n) in that node.

The deviance residual-based tree first split by patients’
age and divided into three cohorts with age 65–74, 75–84,
and 85 or older. As expected, FTR rates increased with pa-
tients’ age. Patients aged 65–74 were further split by their
comorbid conditions: Terminal node I contained the 6,312
patients with 3 or more comorbid conditions, who had the
lowest FTR on average, which was 16%; terminal node II
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Figure 7. Deviance residual-based tree applied to surgical mortality data. In each terminal node, we list the estimated
probability of failure to rescue rate (FTR) (p̂) and the number of patients (n) falling in that node.

contained the 15,526 patients with no more than 2 comor-
bid conditions, and their average FTR was 19%. For patients
in this age group, hospital characteristics did not show an
association with FTR. Among patients aged 75–84 with 2 or
more comorbid conditions, FTR was higher in rural hospi-
tals than in urban hospitals, as indicated by terminal nodes
III, V and IV. In addition, terminal nodes I and VII sug-
gested that among patients with no more than 1 comorbid
condition, the average FTR was 5% higher for age 80–84
than age 75–79. Patients older than 85 years were further
divided by their comorbid conditions, as well as location
and bed size of the hospitals they were treated in: Terminal
nodes VIII, IX and X indicated that among patients with
2 or more comorbid conditions, the average FTR in rural
hospitals was 40%, which was much higher than urban hos-
pitals; for patients with no more than 1 comorbid condition,
the average FTR was 42% in hospitals with less than 406
staffed beds, comparing to 34% in hospitals with more than
407 staffed beds, as illustrated by terminal nodes XI and XII.

In summary, through this deviance residual-based tree,
we found that failure to rescue exhibited an increasing trend
with patients’ age. The effects of hospital characteristics
were more evident among older patients, who were com-
monly considered frailer. Older patients treated in bigger
and/or urban hospitals tended to have lower FTR. Our find-
ings on patients’ comorbid conditions were confusing, since
patients with more comorbid conditions appeared to have
lower FTR. However, the frequency table demonstrated that
for patients with 0, 1, 2, and 3 or more comorbid conditions,
the crude FTR was 26%, 27%, 24%, and 21%, respectively.
This observed pattern, although apparently counterintu-
itive, was accurately identified by our residual-based tree.
One possible explanation for this phenomenon is the bias
in coding comorbidities, also known as “DRG Creep” (Iez-
zoni [23]). The number of comorbid conditions is collected
from a patient’s insurance claim, rather than the medical

records. Thus, it is not a precise reflection of a patient’s ill-
ness condition. Furthermore, hospitals with more resources
are likely to identify and report more comorbidities in their
patients’ insurance claims, in order to receive higher reim-
bursements. These better resourced hospitals usually pro-
vide better health care service as well. Therefore, patients’
comorbid conditions could be a confounder of hospitals’ ser-
vice quality.

The permutation variable importance based on deviance
residual-based random forest is plotted in Figure 8. The
two most important variables, patients’ age and hospitals’
bed size matched with our findings from the single deviance
residual-based tree. This confirmed our conclusion that FTR
is primarily associated with patients’ age, and larger hospi-
tals have lower FTR in general. Interestingly, the impor-
tance of hospital location was relatively low, which is possi-
bly due to its confounding with other hospital characteristics
such as bed size and teaching program, as urban hospitals
are usually bigger and more likely to have teaching program.

Figure 8. Variable importance plot of deviance residual-based
random forest applied to surgical mortality data. Variable

importance is defined as the percentage of increase in mean
squared errors (MSE) of the predicted residualized responses,

after randomly permuting a variable.
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We also performed the standard classification tree anal-
ysis to this data. However, the standard classification tree
model was unable to find any split (using minimal 10-fold
cross-validation error rule), and simply returned a root node.
Therefore, this surgical mortality example illustrates a real
scenario where our residual-based trees uncovered patterns
and structures in the data that the standard classification
tree failed to identify.

6. CONCLUSION AND DISCUSSION

In this paper, we proposed a variant of the standard
CART for modeling clustered binary outcomes. Our ap-
proach was based on using classic residuals from a null gener-
alized linear mixed model as the response. This circumvents
modeling the correlation structure explicitly while still ac-
counting for the cluster-correlated design, thereby allowing
us to adopt the original CART machinery in tree growing,
pruning and cross-validation. Class predictions were esti-
mated as the success probability, i.e., average of the raw
binary outcomes within each terminal node. The main ad-
vantage of our residual-based tree is that it is easy to im-
plement in R. It allows for unbalanced clusters with differ-
ent sizes, splits by any attribute, and can naturally handle
missing covariate data. We also provide an extension of our
residual-based approach to random forest.

Through extensive simulations, we have shown that
our residual-based trees, especially the deviance residual-
based trees, outperform the standard classification tree. The
residual-based trees are better at identifying the true tree
structure in the data, and provide more accurate predic-
tions. The improvements over the standard classification
tree are substantial when tree is the correct model, under
strong intra-cluster correlations and moderate cluster sizes.
We also applied our residual-based approach to studies of
kidney cancer and surgical mortality after colectomy, where
the data exhibited cluster correlated structures. In both
studies, residual-based tree and random forests identified
clinically meaningful subgroups. For the surgical mortality
data, the standard classification tree failed to split at all,
which further demonstrated the advantage of our residual-
based approach.

We would like to point out that the predictions of our
residual-based trees do not include the estimated random
effects b̂i. Instead, we are using f̂(xij), and the estimated
random effects are folded in by taking average of all observa-
tions in a terminal node. One potential approach to further
include random effects is to refit a generalized mixed effects
model by converting the fitted residual-based tree structure
to a set of indicator variables and treating them as the fixed
effect. However, we argue that one should really perform a
full iterative estimation (e.g., Hajjem et al. [18], Sela and
Simonoff [32]) if they are interested in specifically adopting
certain random effects and/or correlation structures.

This brings up an interesting difference between the
mixed effects trees and our residual-based trees. In mixed ef-
fects tree models, random effects and correlation structures

are introduced to capture the correlations between individ-
uals within a cluster. Both random intercept and random
coefficients can be included, allowing the flexibility of mod-
eling complicated correlation structures. Since the final pre-
dictions are based on of the estimated random effects and
the fixed effect tree, it is important to correctly specify both
parts of the model, which could be challenging in real appli-
cations. Additionally, the iterative estimation is not easily
accessible.

The motivation of this paper was to offer an easily accessi-
ble approach that could handle clustered structure data rea-
sonably well, a structure that has been typically ignored (or
underutilized). Unlike mixed effects tree models, residual-
based trees do not attempt to specify random effects and
explicitly model all potential complicated correlation struc-
tures. Instead, they are designed for the common scenario
when individuals within a cluster are correlated through a
shared clustering effect. This amounts to a compound sym-
metry structure. Since predictions are based on the propor-
tion of success in each terminal node, it is not critical to pre-
cisely estimate the random effect values, as long as the tree
structure is correct. Our simulations demonstrated that the
fitted tree structures are close to the truth when using Pear-
son or deviance residuals from the null GLMM. It is worth
mentioning that when applying the mixed effects tree to lon-
gitudinal continuous data, Sela and Simonoff [32] suggested
that including autoregressive correlation structure (AR(1))
had minimal impact on the structure of the fitted tree.

Instead of iterating between estimating the random ef-
fects and the fixed effect tree, our method can be viewed
as a one-step approximation of the generalized mixed ef-
fect tree. Through simulations, we have shown that this ap-
proximation works reasonably well at recovering the truth.
A heuristic explanation is that the null GLMM adequately
accounts for the within-cluster correlation, and the residual-
based trees estimate the truth quite well. While additional
iterations might improve the random effects estimation, the
benefit to the fitted tree is minimal. Interestingly, Sela and
Simonoff [32] showed that one-step approximation of the
mixed effect regression tree had a decent performance in
modeling correlated continuous data. Speiser et al. [34] also
showed that most BiMM trees converged in two iterations,
and BiMM tree with one iteration generally had similar pre-
diction accuracy than BiMM tree with multiple iterations
in simulations, unless when there was a large random effect
in the data generating process. Speiser et al. [35] further
pointed out that multiple iterations could cause overfitting
in BiMM forest.

There is one important consideration on the iterative es-
timation that has not received much attention in previous
literature. Sela and Simonoff [32], Fokkema et al. [11] and
Speiser et al. [34] recommend starting with zero random ef-
fect to grow the tree first. In contrast, Hajjem et al. [16]
[18] start with a null model and estimate the random ef-
fects first. When only individual-level covariates exist or the
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fixed effects model is wrong, this difference in the initial-
ization does not seem to make much difference. However,
when the fixed effects model is a tree and there are cluster-
level covariates and strong within-cluster correlations (large
random effects), our simulations (see supplement) suggested
that initializing with a null model and estimating the ran-
dom effects first work much better. An intuitive explana-
tion for this is that without the estimated random effects,
cluster-level covariates could be misused for splitting in the
first tree to account for the within-cluster correlation. Sub-
sequent iterations are needed to overcome this issue.

Another issue is the variable selection bias of CART and
its potential implication on our residual-based trees. In se-
lecting variables for partitioning, CART is known to be bi-
ased towards variables with more possible splits (Hastie et
al. [19]). However, this selection bias is usually minor, unless
among noise variables or variables that are only weakly cor-
related with the response. As called out in Fu and Simonoff
[14], “Note that in all of the discussion on bias, it is consid-
ered as a property under the null hypothesis; that is, CART
prefers to split on variables with more possible splits when
the variables have no predictive power.” For clustered data,
it is not surprising that individual-level covariates tend to
offer more possible splits than cluster-level covariates and
hence could be overly selected. In simulations, we observed
that cluster-level covariates were less likely to be split on
when the cluster sizes were small (size 5 or 10) or when the
clustering effect was very strong (ICC = 0.55), which coin-
cided with situations when the null GLMM random effects
estimations were unstable. One possible alternative is to em-
ploy other type of tree models. Our residualization approach
can be easily combined with other tree models such as Gen-
eralized, Unbiased, Interaction Detection and Estimation
(GUIDE) [26], conditional inference tree [22] or model-based
recursive partitioning (MOB) [38]. MOB builds segmented
parametric models and applies score-based fluctuation tests
on parameter instabilities to find splits. In contrast to CART
which fits a constant in each terminal node, MOB fits a
local model in each partition. Function “glmtree” from R
package “partykit” fits the MOB tree. The readily available
“offset” parameter allows for incorporating the estimated
random effects from the null GLMM in growing the tree,
which can be viewed as a special form of residualization.
Function “glmertree” from package “glmertree” further im-
plements the iteratively estimated mixed effects MOB tree
model. It is interesting to point out that “glmtree” with
null GLMM random effects as “offset” can be treated as a
one-step approximation of “glmertree”. In experiments (see
supplement), we have seen similarly good performances from
both functions when used with a null GLMM, which demon-
strates the validity and generalizability of our residualiza-
tion idea.

SUPPLEMENTARY MATERIALS

An R program implementing the residual-based
tree/random forests algorithm is attached. Additional

simulation results, and the comprehensive analyses of
the kidney cancer and the colectomy surgical mortality
studies are also presented in the supplement (http://
intlpress.com/site/pub/files/ supp/sii/2021/0014/0003/
SII-2021-0014-0003-s002.zip).
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