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Abstract. We introduce a new ensemble learning strategy called clag-
ging (for cluster aggregating) which consists in combining models fitted
on different clusters. First, we perform K clustering tasks on the same
training set D, increasing linearly the number of clusters from 1 to K.
Next, we fit a model on each of those 1 + 2 + . . . + K clusters. Finally,
the output for a given test point is obtained by combining the predictions
of the corresponding models using the distance of the test point to the
clusters’ centroids. We perform an extensive horse race study where we
benchmark clagging on 10 regression datasets and 7 prediction algorithms.
Our results suggest that clagging outperforms the standard version of bag-
ging and typically performs best when choosing K > 1, indicating that it
outperforms the considered model trained on the whole training set D
(K = 1).

1 Introduction

Ensemble learning consists in fitting multiple models φ1, . . . , φJ (called base
learners hereafter) and aggregating their predictions (model combination) to get
a single output. This approach has been shown to outperform individual models
ŷ = φ(x) on a wide range of tasks, especially when there is some diversity in
the set of base learners [1]. The purpose of ensemble learning is to reduce the
variance of the prediction errors compared to the output of a single base learner
φ fitted on the full training set D. Several approaches can be considered to foster
diversity in the set of base learners. A first class of approaches is to rely on dif-
ferent predictive algorithms φj (e.g., linear, non-linear, rule-based, tree-based,
...) fitted on the same training set D [2, 3]. Another class of approaches is to
choose a model φ from a given family (e.g., a decision tree) and fit the latter
on various subsets D1, . . . ,DJ of D. The most popular example in this class is
perhaps bagging, where the subsets Dj are bootstrapped samples drawn from D.
It has been shown to work both theoretically and empirically [4, 5]. In bagging,
a bootstrapped sample Dj is usually created by drawing observations from the
original training set D with replacement so that the size of the bootstrapped
samples coincides with the size of the original training set, ♯Dj = ♯D. However,
this choice is quite arbitrary and might be suboptimal in terms of generalization
accuracy. For instance, it is shown empirically that the optimal choice for the
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bootstrap size in terms of out-of-bag estimate of the generalization error is gen-
erally lower than the size of the original training set, i.e., ♯Dj < ♯D [6]. This is
because smaller samples tend to increase the diversity of base learners.

Enhancing diversity can also be achieved by forcing the sets Dj to be disjoint.
For instance, empirical evidence suggests that a committee of J > 1 base learners
fitted on random partitions of D can outperform a committee created using
the same number and size of bootstrap aggregates [7]. Similarly, non-random
partitioning methods, where the sets Dj ’s are obtained via clustering, also favor
diversity. This idea has been investigated in the specific context of Random
Forests in regression tasks [8]. The authors fix a number J of (disjoint) clusters
Dj , fit a forest on each of them and compute stacked regression weights to
combine the forests φj ’s. A different approach is considered in [9], where the
authors propose to compute the output ŷ associated with a test point x by
considering multiple clustering tasks. First, they set a number K of layers.
For each layer k = 1, . . . ,K, the training set D is partitioned into k clusters,
Ck

1 , . . . , C
k
k , and a model φ is fitted on each of them, leading to k base learners

φk
1 , . . . , φ

k
k. Next, for each layer, they identify the model φk

i(x) associated with the

cluster Ck
i(x) which the test point x belongs to. Finally, the resulting prediction

is given by the simple average of the local predictions:

ŷ =
K∑

k=1

1

K

k∑
i=1

1{x∈Ck
i }φ

k
i (x) =

K∑
k=1

1

K
φk
i(x)(x) .

Note that the first layer (k = 1) coincides with the standard fit approach where a
single model φ is trained on the set D available for training. In contrast with [7],
however, observe that the clusters C1

i(x), . . . , C
K
i(x) involved in the combination

are related to different layers but to the same test point x, hence, are typically
not disjoint. The authors provide theoretical insights about why clustering could
be a useful step prior to prediction. The reason for averaging over K layers is
to avoid relying on an arbitrary number k of clusters, thereby reducing the
sensitivity of the results with respect to K.

In this work, we propose a general framework for cluster aggregating (in short
clagging) which is a compromise between these clustering-based approaches: It
adopts the multi-layer approach proposed in [9] but, as in [8], all the J = 1 +
2+ . . .+K = K(K+1)/2 models intervene when predicting the response of any
test point x. In addition, in line with the philosophy of clustering, we replace
the binary weights 1{x∈Ck

i }/K considered in [9] by continuous variables whose
values are related to the distance d between x and each of the J clusters:

ŷ =
K∑

k=1

k∑
i=1

wk
i φ

k
i (x) , wk

i ∝ d(x,Ck
i ) .

Finally, we adapt our framework to accommodate categorical data.
We analyze the performance of our approach via an extensive horse race study

on 10 regression datasets with 7 prediction algorithms. We use as benchmarks
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not only a standard model fitted on the whole training set (which corresponds to
the special case K = 1) but also a bagging model that contains a similar number
of base learners. Our evidence suggests that relying on clustering to build non-
random partitions of the training set boosts the performance when compared to
the standard bagging procedure. Moreover, we find that clagging can improve
the performance of any prediction algorithm compared to a standard fit on the
whole training set in the sense that clagging with K > 1 leads to better results
compared to choosing K = 1, in general.

2 Methodology

The first step of clagging consists in setting the number K of layers and, for
each layer k = 1, . . . ,K, to apply a clustering algorithm splitting the training
set D in k clusters. By doing so, one obtains K partitions of D made of an
increasing number of sets {Ck

1 , . . . , C
k
k}, from k = 1 to k = K. We denote

by S the resulting list of the J := K(K + 1)/2 subsets of D. In this paper,
we focus on k-means, which has become one of the most popular clustering
algorithms due to its computational speed, convergence, ease of interpretation
and scalability. Moreover, it can create clusters of different shapes and sizes. We
rely on K-prototypes when confronted to datasets including both numerical and
categorical variables. However, the choice of the clustering algorithm does not
seem to have a significant impact on the results [8]. The second step consists
in fitting a prediction algorithm φk

i on each subset Ck
i ∈ S. By doing so, we

have for each test point x a set of predictions (ŷ1, ..., ŷJ)
T = ŷ that we need

to combine. The third step consists in aggregating the predictions ŷ1, . . . , ŷJ
computed above into a single response, ŷ. We restrict ourselves to discussing
linear combinations, ŷ = wT ŷ where w ∈ RJ , although non-linear schemes can
be considered, too.

For clarity, we order the J models according to the index mapping (i, k) →
j(i, k) := k(k − 1)/2 + i for k = 1, . . . ,K and i = 1, . . . , k, such that φk

i (x) =
ŷj(i,k). A first widely used method to determine the weights is the equally-
weighted strategy where wEW

j := 1/J . Another possibility is to adopt the
minimum-variance strategy, aiming to minimize the variance of the error. For
instance, it is shown in [10] that minimizing E || y−wT ŷ ||22 under the constraint
wT1 = 1 is equivalent to setting:

wMV := argmin
w

wT Σ̂w,

where Σ̂ is the estimated covariance matrix of models’ prediction error vj :=
y − ŷj . Choosing a robust estimator of the covariance matrix can outperform
the robust equally-weighted scheme, as explained in [3]. In the specific setup of
clagging, one could adopt the setup proposed in [9] and combine only the pre-
dictions associated with models trained on the K clusters (one per layer) which
the test point belongs to wTPH

j(i,k)
:= 1{x∈Ck

i }/K. For each layer k, a test point

x belongs to one and only one of those k clusters, Ck
i(x), the one for which the
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centroid is the closest in terms of distance, i(x) := argmini∈{1,...,K} d(x,Ck
i ). By

construction, there will be exactly K ones and J −K zeros in the vector wTPH .
We also consider setting the weights wj proportional to the distance between
the test point x and the centroids of the corresponding cluster. Denoting by p
the number of explanatory variables in the dataset, the aggregated prediction
associated with a test point x is given by the combination scheme defined as:

wd
j(i,k) :=

1
d(x,Ck

i )

p−1∑K
k=1

∑k
i=1

1
d(x,Ck

i ))

p−1 .

This ensures that the weight vector is defined on the unit simplex.

3 Empirical Analysis

We restrict ourselves to regression due to space constraints, but clagging could
be easily extended to classification. We consider 10 different regression datasets
coming from UCI repository displayed in Table 1 and 7 different prediction
algorithms: Decision Tree (CART), Partial Least Squares, Boosted Generalized
Linear Model, Extreme Gradient Boosting, Multivariate Adaptive Regression
Spline, Linear Regression and Least Angle Regression. Algorithms are fitted
using the R package Caret. To avoid cherry-picking, we fix the hyperparameters
of each algorithm for all the datasets a priori using default values from the R

package Caret. For each of the 10 datasets and using the same random seed,
we allocate 75% of all observations to a training set to train base learners, 10%
of all observations to a validation set to compute the weights and 15% of all
observations to a testing set to test the performance of each strategy. Note
that only the minimum-variance combination scheme needs a validation set to
compute the weights. For the other combination schemes, we merge the training
and validation sets.

Dataset # variables # observations Type of variables
Communities&Crime 100 1,994 Numerical

Parkinsons 17 5,875 Numerical
Extreme Weather 22 7,752 Numerical

Electrical Grid 13 10,000 Numerical
Appliances Energy 28 19,735 Numerical
Superconductivity 82 21,263 Numerical

Protein 10 45,730 Numerical
Abalone 9 4,177 Mixed

Seoul 12 8,465 Mixed
Bike Sharing 13 17,379 Mixed

Table 1: Description of the 10 UCI datasets used. Mixed type of variables refers
to a dataset containing both numerical and categorical features.
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First, we test clagging with different combination schemes and we assess
if the information that a point might belong to a cluster should be regarded.
We compare the performance of a distance-based scheme against the equally-
weighted strategy, the minimum-variance strategy and the one proposed in [9].
We consider a sample covariance matrix estimator with a non-negative constraint
on the weights for the minimum-variance strategy. We aim to have an order of
magnitude for J around 100. This choice follows common practice in ensembling
[4, 11]. Therefore we set K = 14. For each of the 10 datasets and for each of the
7 prediction algorithms, we fit a model on each of the J = 105 subsamples of
the training set D. Then, we compare the performance of clagging compared to
bagging. For bagging, we consider the most widely used setup in the literature:
We create bootstrapped samples by selecting examples from the original training
dataset with replacement so that the size of the bootstrapped samples coincides
with the size of the original training set. We consider two combination schemes
for bagging: equally-weighted strategy and minimum-variance strategy. For a
fair comparison, we consider a similar number of samples (100) for bagging.
Finally, we compare the performance of clagging compared to a standard fit on
the whole training set D.

We use the MSE as performance metric and assess significance using a paired
t-test. Table 2 suggests that distance-based combination scheme with clagging
outperforms clagging using every other combination scheme. Moreover, distance-
based combination scheme with clagging outperforms bagging regardless of the
combination scheme considered. For example, comparing clagging with distance-
based weights to the approach M being bagging with equally-weighted scheme,
the former performs better than the latter in 51 configurations, worse in 4 con-
figurations, and the two approaches are statistically equivalent in 15 configura-
tions. Finally, distance-based combination scheme with clagging considering a
base learner φ performs better or similar to a standard fit of φ on the whole
training set except in 2 out of 70 configurations.

M Clagging(wd) > M Clagging(wd) ≈ M Clagging(wd) < M
Clagging(wEW ) 65 4 1
Clagging(wMV ) 63 6 1
Clagging(wTPH) 27 37 6
Bagging(wEW ) 51 15 4
Bagging(wMV ) 53 15 2
Standard fit 54 14 2

Table 2: Column 1 reports the number of configurations where clagging with
distance-based combination scheme is significantly better than clagging with
other schemes. Column 2 reports the number of configurations where there is
no significant difference between strategies. Column 3 reports the number of
configurations where distance-based combination scheme is significantly worse.
Performance metric considered is Mean Squared Error with a paired t-test at a
95% confidence level to assess significance.
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4 Conclusion

Ensemble learning has been shown to outperform individual models, especially
when there is some diversity in the set of base learners. One of the most widely
used ensemble learning model is Bagging. Usually, a bootstrapped sample is cre-
ated by drawing samples from the original training dataset with replacement so
that the size of the bootstrapped samples coincides with the size of the original
training set. In this work, we propose to aggregate clusters instead of boot-
straps. The general idea of cluster aggregating (clagging) is to rely on clustering
to divide the training set into clusters on which prediction models are fitted.
Predictions of the different models are subsequently combined and the infor-
mation that a point might belong to a cluster should not be disregarded. A
combination scheme based on the distance of a test point to each cluster is likely
to outperform standard benchmarks such as equally-weighted and minimum-
variance strategies. Our evidence obtained through a horse race study with
10 datasets and 7 prediction algorithms suggests that clagging outperforms the
standard random sampling with replacement widely used for bagging. Moreover,
clagging outperforms a standard fit on the whole training set.
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