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Abstract. We study a problem of learning classifier chains in multi-
label classification with a special focus on feature selection. It turns
out that standard classifier chains tend to select too many features,
when feature selection method is embedded in base learner, which
is due to the fact that selection is performed separately for each of
the models in the chain. This can be a serious limitation in domains
where the acquisition of feature values is costly or where including
too many features (e.g. diagnostic tests) is associated with negative
effects. We propose a novel method parCC (parsimonious classifier
chains) that controls the total number of features without significant
deterioration in the quality of the prediction. In the proposed method
we jointly learn all models in the chain by combining `2,1 regular-
ization to select features shared across the models and `1 regulariza-
tion to select relevant labels in each model. In theoretical analysis
we provide a bound on generalization error for the algorithm using
Rademacher complexity. We apply our method to predict multimor-
bidity (co-occurrence of multiple diseases in one patient) using vari-
ous medical diagnostic tests. The experiments carried out on a large
clinical database (MIMIC III) show that parCC achieves higher ac-
curacy than related methods when the number of features is limited.
We also demonstrate the efficacy of the proposed method on a set of
standard benchmark datasets.

1 Introduction

Multi-label classification (MLC) is one of the most intensively stud-
ied problems in machine learning. This is motivated by a large num-
ber of new applications, including medicine, genetics, text catego-
rization, image and video annotation among others, see e.g. [9]. In
MLC each object of interest (e.g. patient, text, image) is described
by a vector of features and a vector of target variables (labels). The
main objective is to learn a model which predicts labels for previ-
ously unseen instance using the feature vector. In this work we focus
on interesting application of multi-label learning, that is predicting
multiple diseases in one patient based on various features, such as
results of diagnostic tests or administrative information.

Classifier chains (CC) introduced by [25] are among the most pop-
ular and successful approaches in MLC. The basic idea of CC is to
transform the multi-label learning problem into a chain of single-
label problems, where subsequent models in the chain are built us-
ing the predictions of preceding ones. Classifier chains have sev-
eral advantages. First, unlike in Binary Relevance, the dependencies
between labels are exploited, which improves classification perfor-
mance [5]. Secondly, the inference (prediction for new instances) is
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straightforward and does not require significant computational ef-
fort. This feature distinguishes Classifier Chains from many other
approaches, e.g. Conditional Dependency Networks [11], in which
prediction is computationally expensive (usually Gibbs Sampling is
used for inference in CDN). Finally, they are generic in a sense that
every single-label classifier can be used as a base learner. Moreover
it is possible to use different models for different tasks in the chain
and even mix regression and classification problems. Such general
scenario is considered in this work.

Despite many advantages, Classifier Chains also have limitations.
In this paper we deal with a significant limitation of CC, that is the
lack of control of the number of features used in the model. It turns
out that, when some feature selection procedure is embedded in the
base learner, CC-based methods tend to select too many features.
This is due to the fact that the models in the chain are trained inde-
pendently and thus feature selection is performed separately for each
of the models in the chain. Correlations between features which are
relevant in different models in the chain are not taken into account.
This may be a serious problem when one wants to fit the model under
a constraint on the number of features. Such constraints are important
in domains where the acquisition of the feature values is costly, e.g.
in medical diagnosis where each diagnostic test is associated with its
cost. In such cases it may be better to have a model with an accept-
able classification performance, but a much lower cost. The issue is
important, as a considerable proportion of healthcare costs in hos-
pitals is spent on such tests and thus it is important to reduce the
number of unnecessary expensive diagnostic tests in order to reduce
the total cost of medical care [29]. Moreover, unnecessary diagnostic
tests or treatments may cause negative effects and even increase risk
of death; examples include treatments under general anesthesia [19]
or diagnostic X-rays [13].

To overcome the above drawback of CC-based algorithms we pro-
pose a novel method, called parCC (parsimonious classifier chains),
of learning classifier chains that allows to significantly reduce the
total number of features without deterioration in the quality of the
prediction. In the method we jointly learn all models in the chain.
We combine `2,1 regularization to select features shared across the
models and `1 regularization to select relevant labels in each model.
So the proposed approach aims to integrate the strengths of common
prediction structure based methods and classifier chains. We provide
a bound on generalization error for the algorithm using Rademacher
complexity. We compare the proposed method with the related ones,
e.g. Adaptive Classifier Chains (ACC) proposed recently in [28].

A natural application of the proposed method is predicting multi-
morbidity, which is a co-occurrence of two or more diseases in one
patient. The goal is to predict occurrences of diseases (labels) us-
ing various features, mainly results of diagnostic tests (see Section
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’Experiments’ for examples). Many diagnostic tests may be redun-
dant to predict the diseases or are associated with costs and risk of
negative effects. Therefore, the total admissible number of features
should be limited and one should learn the model under the constraint
on the number of features. We perform experiments on a large clin-
ical database MIMIC III, containing more than 30000 patients and
more than 300 features. They show that parCC achieves higher ac-
curacy than the related methods when the total number of features is
limited. This is confirmed by the experiments on standard benchmark
datasets.

The paper is organized as follows. We first introduce the
related work and present a general framework for learning
classifier chains. Next, the proposed learning method is pre-
sented as well as the most similar methods. We then re-
port the experimental results and conclude the paper. Sup-
plement (https://home.ipipan.waw.pl/p.teisseyre/
PUBLICATIONS/parcc/parcc_supplement.pdf) contains
results of additional experiments and information about datasets.

2 Related work

Multi-label classification has received increasing attention in recent
years, due to its wide applications in practice. There is a rich body
of work on multi-label learning in the literature, see comprehensive
reviews [9, 30]. We provide a review to the most related methods in
this section. Classifier Chains (CC) [25] are among the most promis-
ing MLC methods which use the problem transformation strategy.
CC-based methods originates from Binary Relevance (BR), which
simply decomposes a multi-label problem into a set of binary clas-
sification problems, ignoring dependencies between labels. CC over-
comes the label independence assumption of BR, by augmenting the
feature space with labels from the previous models. There are some
challenges associated with CC-based methods that can be divided
into three groups: (1) designing optimal inference strategy [4, 18],
(2) optimizing order of the chain [24, 20] and (3) reducing dimen-
sionality of the feature/label space. In recent years, several modifi-
cations of the Classifier Chains have been proposed that address the
above problems.

In this work, we focus on issue (3), i.e. dimensionality reduction
of the feature/label space. Several approaches have been proposed
to select relevant features in MLC (see the comprehensive reviews
[23, 17]), but they are usually not associated directly with classifier
chains. CC-specific feature selection method was proposed in [21],
who use information-theoretic measures to select features in CC and
in [27], who uses `1 regularization to select features in subsequent
models in the chain. However in the latter approach feature selection
is performed separately, for each of the models in the chain. As a
result, the total number of selected features is too large. The most
related method to our approach is ACC (Adaptive Classifier Chains),
proposed recently by [28] in the context of cost-sensitive learning.
ACC is inspired by the adaptive lasso [31] designed for single-label
classification, where adaptive weights are used for penalizing differ-
ent coefficients in the `1 penalty. In adaptive lasso the penalties are
based on some preliminary calculation of the coefficients in linear or
logistic regression (e.g. using ordinary least squares). In contrast to
adaptive lasso, in ACC penalties are calculated based on the previous
models in the chain (see Section 5 for description).

Here we propose a novel method that finds a more parsimonious
feature representation. The method combines `2,1 and `1 regulariza-
tion terms. Using `2,1 norm ensures that the selected features will
be shared across the models in the chain. Such regularization has

been effectively exploited in simultaneous multi-task learning prob-
lems [1] and also in multi-label classification [14, 22]. Different from
these works which consider only common input features and ignore
label dependencies, in our approach we additionally consider regu-
larization term corresponding to label vectors. Various forms of joint
sparsity regularizations are considered for Conditional Dependency
Network (CDN), see e.g. [12]. Note however than in CDN, the in-
ference for new instance is much more difficult than for CC method,
which is a drawback of this method in the case of large-scale prob-
lems.

Applying multi-label methods for multimorbidity prediction has
been investigated in [32] and [28]. In both studies, the previous ver-
sion of MIMIC database (MIMIC II) has been used. Zufferey et
al. [32] compare several multi-label algorithms (including CC-based
methods), but they did not perform any feature selection, which is of
the particular interest in the present paper. In the present work, we
use an updated version of the database-MIMIC III [15].

3 General framework for learning classifier chains

We consider a general framework for learning classifier chains al-
lowing for different loss functions. To reduce over-fitting and select
relevant features, we add regularization terms to the loss function.
First we introduce some notations. Let || · ||1, || · ||2 denote `1 and
`2 norms, respectively. Moreover, let 〈·, ·〉 denote a scalar product.
In multi-label classification each object is described by feature vec-
tor x ∈ Rp and label vector y ∈ {0, 1}K . For simplicity we as-
sume that all labels are binary, but actually all results presented be-
low remain valid for any types of labels. The goal is to use train-
ing sample S = {(x(i),y(i)) : i = 1, . . . , N} to learn a model
to predict y using x. Both x and y are assumed to be random.
Let A ∈ RK×p be a matrix of parameters, whose k-th row ak is
a parameter vector corresponding to the model for k-th label. De-
fine y1:k−1 = (y1, . . . , yk−1,0K−k), for k ≥ 2 (for convenience
we augment first k − 1 labels by zeros and we set y1:0 = 0K−1).
Let bk ∈ RK−1 be the corresponding parameter vectors and B ∈
RK×(K−1) be matrix of parameters, whose k-th row is bk. Moreover
let W = [A,B] ∈ RK×(p+K−1) be matrix containing all parame-
ters and wk its k-th row. In classifier chains the linear predictor for
k-th label is 〈x,ak〉 + 〈y1:k−1,bk〉. The quality of the prediction
for the k-th label is assessed by a loss function lk(s, y). The most
popular are: logistic loss l(s, y) = log(1 + exp(−ys)) or hinge-
loss l(s, y) = max{0, 1 − sy}, corresponding to SVM method.
In the case of quantitative labels, the natural choice is squared loss
l(s, y) = (s − y)2. To keep generality we allow that the loss func-
tions may differ across the models. The empirical risk based on sam-
ple S = {(x(i),y(i)) : i = 1, . . . , N} is defined as

LS(W) =
1

N

N∑
i=1

K∑
k=1

lk
(
〈x(i),ak〉+ 〈y(i)

1:k−1,bk〉, y
(i)
k

)
. (1)

We also define theoretical risk

L(W) := Ex,y

K∑
k=1

lk (〈x,ak〉+ 〈y1:k−1,bk〉, yk) (2)

which will be used in our theoretical results. Matrix W can
be learnt by minimizing regularized empirical risk, i.e. solving
argmin
W∈W0

{LS(W)}, whereW0 = {W = [A,B] :
∑K
k=1 ||ak||1 +∑K

k=1 ||bk||1 ≤ Λ} and Λ is a parameter. The first term induces
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sparsity in a parameter vector ak which in turn allows to select rele-
vant features. The second term induces sparsity in vector bk, which
allows to select labels influencing the current target label. The above
problem is equivalent to solving dual problem

argmin
W

{
LS(W) + λ

K∑
k=1

||ak||1 + λ

K∑
k=1

||bk||1

}
, (3)

which reduces to solving K independent problems with `1 regular-
ization each. Parameter λ in (3) corresponds to Λ.

4 Parsimonious classifier chains (parCC)
4.1 Description of the method
In this Section we describe the proposed method and provide the-
oretical analysis. The proposed approach aims to integrate the
strengths of classifier chains and joint feature selection, derived
from multi-task learning. It allows to exploit label dependencies
and at the same time reduce the number of features. Learning
under a constraint on the number of features can be expressed
as solving argmin

W∈WC

{LS(W)}, where WC = {W = [A,B] :∑p
j=1 1{∃1≤k≤K |ak,j | 6= 0} ≤ T}, ak,j is j-th coordinate of ak

and T is maximal admissible number of features. The discrete and
non-convex nature of the constraint makes its optimization challeng-
ing. The possible strategy for tackling this problem is to approximate
the constraint with continuous and convex function. We approximate
the constraint in WC using `2,1 norm (sum of the `2 norms of the
columns) and in addition we use l1 norm to ensure sparsity in label
vectors. In the proposed method we solve argmin

W∈W
{LS(W)}, where

W = {W = [A,B] :

p∑
j=1

||Aj ||2 +

K∑
k=1

||bk||1 ≤ Λ}, (4)

Aj is j-th column of matrix A and Λ is a regularization parameter.
The first term in (4) ensures common sparsity pattern in A, whereas
the second term induces sparsity in label vectors. The second term is
introduced to discard labels that are conditionally independent from
the label being a current target, given the feature vector. Problem (4)
is equivalent to

argmin
W

{
LS(W) + λ

p∑
j=1

||Aj ||2 + λ

K∑
k=1

||bk||1

}
, (5)

where λ corresponds to Λ. From the practical point of view it is im-
portant to establish a connection between regularization parameter λ
and T , the maximal number of features that can be used in the model.
It is relatively easy to obtain the solutions for many different values
of λ (using technique of so-called ’warm starts’ [8]), which in turn
allows to select the value of λ best corresponding to the desired num-
ber of features. We use the following strategy. Assume that the max-
imal admissible number of features is T0 and we would like to select
λ corresponding to T0. For a decreasing sequence of regularization
parameters λ1 > λ2 > . . . > λL we have corresponding subsets
of selected features of sizes T1 < T2 < . . . < TL. If T0 = Ti, for
some i = 1, . . . , L, then we select λi as the value corresponding to
T0. Otherwise we select λi, such that T0 ∈ (Ti, Ti+1), i.e. a value
of λ that best matches T0. In order to obtain more accurate solution,
one can take denser grid of λ.

Finally, let us mention that parCC can be modified when some
other constraints are of interest, e.g. when total cost associated with

the features is limited, e.g.
∑p
j=1 cj1{∃1≤k≤K |ak,j | 6= 0} ≤ T ,

where cj is a cost for feature j. Then, instead of (5) we would con-
sider argmin

W

{
LS(W) + λ

∑p
j=1 cj ||Aj ||2 + λ

∑K
k=1 ||bk||1

}
.

4.2 Theoretical analysis
Let Ŵ be a solution of (5). In the following we will bound the gen-
eralization error of Ŵ using Rademacher complexity bounds. The
multi-label Rademacher Complexity (RC) [16] is defined as

RS(W) :=

Eε

[
1

N
sup

W∈W

N∑
i=1

K∑
k=1

εki

(
〈x(i),ak〉+ 〈y(i)

1:k−1,bk〉
)]

.

Here, the expectation is over εki , which are i.i.d. Rademacher ran-
dom variables, i.e. P (εki = 1) = P (εki = −1) = 0.5. Bounds on
Rademacher complexity of a class yield generalization error bounds
for classifiers picked from that class (assuming the loss function is
Lipschitz), see Theorems 2 and 3 below. The following Theorem,
giving upper bound of RC for classW , is our main tool in bounding
the generalization error.

Theorem 1 Assume that maxi ||x(i)||∞ < B and letW be a class
defined in (4). Then

RS(W) ≤

O

(
ΛB

√
K log(p)

N

)
+O

(
Λ

√
log(K(K − 1))

N

)
.

Proof. Define class W1 := {W = [A,B] : ||A||2,1 ≤
Λ and ||B||1,1 ≤ Λ}. Define also classes A := {A ∈ RK×p :
||A||2,1 ≤ Λ} and B := {B ∈ RK×(K−1) : ||B||1,1 ≤ Λ}. Since
W ⊆W1 we have

RS(W) ≤ RS(W1) =

Eε
[

sup
W∈W1

( 1

N

N∑
i=1

K∑
k=1

εki 〈x(i),ak〉+

1

N

N∑
i=1

K∑
k=1

εki 〈y
(i)
1:k−1,bk〉

)]
≤

Eε

[
1

N
sup

W∈W1

N∑
i=1

K∑
k=1

εki 〈x(i),ak〉

]
+

Eε

[
1

N
sup

W∈W1

N∑
i=1

K∑
k=1

εki 〈y
(i)
1:k−1,bk〉

]
=

RS(A) +RS(B),

where the inequality above follows from the fact that supa∈A[f(a)+
g(a)] ≤ supa∈A f(a) + supa∈A g(a). It follows from [16] that

RS(A) ≤ O

(
ΛB

√
K log(p)

N

)
and

RS(B) ≤ O

(
Λ

√
log(K(K − 1))

N

)
,

which yields the assertion.
Note that if 2 log(K) ≤ K log(p) (k2 ≤ pK ), the bound in The-

orem 1 can be simplified to O
(

ΛB
√

K log(p)
N

)
.

The following Lemma is an important tool to prove the general-
ization error bounds.
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Lemma 1 LetW be a class defined in (4) and assume that lk is ρ-
Lipschitz loss function, for k = 1, . . . ,K. The following inequality
holds

ES sup
W∈W

[L(W)− LS(W)] ≤ 2ρESRS(W).

The above Lemma can be proved using contraction Lemma (see e.g.
Lemma 26.9 in [26]) and the straightforward adaptation of the proof
of Lemma 26.2 there to the multi-label case.

The following Theorem shows that, in expectation, Ŵ is close to
the optimal matrix in classW .

Theorem 2 Assume that maxi ||x(i)||∞ < B and let lk be ρ-
Lipschitz loss function. Define W∗ := arg minW∈W L(W). Then
we have

ES [L(Ŵ)− L(W∗)] ≤

O

(
ρΛB

√
K log(p)

N

)
+O

(
ρΛ

√
log(K(K − 1))

N

)
.

Proof. Note that

ES [L(Ŵ)− L(W∗)] ≤ ES [L(Ŵ)− LS(Ŵ)] ≤
2ρESRS(W),

where the first inequality follows from L(W∗) = ESLS(W∗) ≥
ESLS(Ŵ) and the second inequality follows directly from Lemma
1. Using Theorem 1 yields the assertion.

The next Theorem gives standard generalization error bound based
on Rademacher complexity.

Theorem 3 Assume that maxi ||x(i)||∞ < B let lk be ρ-Lipschitz
loss function. Moreover, assume that for all s, y we have that
|l(s, y)| ≤ c. Define W∗ := arg minW∈W L(W ). Then, with prob-
ability of at least 1− δ,

L(Ŵ)− L(W∗) ≤ O

(
ρΛB

√
K log(p)

N

)
+

O

(
ρΛ

√
log(K(K − 1))

N

)
+ 5c

√
2 log(8/δ)

N
.

Proof. Proceeding in the same way as for single-label classification
(see Theorem 26.5 in [26]) it can be shown that L(Ŵ)−L(W∗) ≤
2ρRS(W)+5c

√
2 log(8/δ)/N . The proof is based on McDiarmid’s

inequality and Lemma 1. Combining this with Theorem 1 yields the
assertion.

5 Related methods

5.1 Adaptive classifier chains

In order to reduce the total number of features one should generally
prefer features which are relevant in all models. In Adaptive Classi-
fier Chains (ACC), penalty factors corresponding to the considered
features are adaptively changed. The key idea is as follows. If a given
feature has been selected as relevant in one of the models in a chain,
then it is more likely to be selected in the next model. Adaptive clas-
sifier chains was proposed in our recent paper [28], in a simplified
form, only for logistic loss and one particular choice of penalty func-
tion h, in the context of cost-sensitive feature selection. Here we con-
sider more general form, allowing arbitrary loss functions. We also

propose long-memory penalty functions. The method works as fol-
lows. For k = 1 we minimize w.r.t ak

1

N

N∑
i=1

lk
(
〈x(i),ak〉, y(i)k

)
+ λ

p∑
j=1

|ak,j |,

as in standard classifier chains. The next steps in ACC and CC are
different, namely in ACC, for k ≥ 2 we minimize with respect to ak
and bk

1

N

N∑
i=1

lk
(
〈x(i),ak〉+ 〈y(i)

1:k−1,bk〉, y
(i)
k

)
+

λ

p∑
j=1

h(|â1,j |, . . . , |âk−1,j |)|ak,j |+ λ||bk||1, (6)

where ak,j denotes j-th coordinate of ak and λ > 0 is a regular-
ization parameter. Function h plays an important role in the above
formula. It can be seen as a penalty for j-th feature. The possible
choices for h(|â1,j |, . . . , |âk−1,j |) are: (1 +

∑k−1
s=1 |âs,j |)

−1, (1 +
max1≤s≤k−1 |âs,j |)−1 (long-memory penalties) or (1+|âk−1,j |)−1

(short-memory penalty), the last option was used in [28]. If fea-
ture j was selected as relevant in the previous model(s) then
h(|â1,j |, . . . , |âk−1,j |) < 1 and we reduce the penalty term in model
k. The more relevant is the feature in the previous models, the larger
the reduction in model k. The method is similar to adaptive lasso
method [31] designed for linear and logistic regression, where adap-
tive weights are used for penalizing different coefficients in the `1
penalty. In experiments, as penalty functions, we used: sum (this vari-
ant is denoted as ACC-SUM), max (ACC-MAX) and short-memory
penalty (ACC-ABS). Since usually ACC-SUM outperforms ACC-
MAX, we only present the results for ACC-SUM and ACC-ABS.

5.2 Binary relevance with `2,1 penalty
The natural way to enforce a common sparsity pattern is to learn
models using `2,1 regularization [22] i.e. to solve

argmin
A

{
1

N

N∑
i=1

K∑
k=1

lk
(
〈x(i),ak〉

)
+ λ

p∑
j=1

||Aj ||2

}
. (7)

We call this method binary relevance with `2,1 regularization
(BR+l21). The method aims to select features that are relevant for
different labels simultaneously. Note however that the method does
not utilize label dependencies directly, which results in lower ac-
curacy of prediction when compare to parCC (see Section ’Exper-
iments’).

6 Experiments
In the experiments we compared the proposed method parCC with
the related ones, describe above: BR+l21, ACC-ABS and ACC-
SUM. As baseline we use standard classifier chains with `1 regu-
larization separately in each model in the chain (denoted as CC+l1)
[25] and standard BR with `1 regularization (denoted as BR+l1). To
make a comparison fair, in all methods we used logistic loss. We also
experimented with hinge loss, for which the conclusions are similar.
We study how the number of selected features affect classification
performance; in particular we are interested in improving the perfor-
mance for limited number of features. We consider 4 popular evalua-
tion measures: subset accuracy, example-based F measure, Hamming
measure (1-Hamming loss) and ranking measure (1-ranking loss) [9],
averaged over 10 CV folds (repeated 5 times). Formal definitions of
the measures are included in the Supplement.
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6.1 Application to mutlimorbidity prediction
Multimorbidity (co-occurence of two or more diseases in one patient)
is one of major challenges facing health care systems worldwide.
Multimorbidity is associated with significant reductions in functional
status, quality of life and increased risk of death [7, 10]. Successful
prediction of multimorbidity enhances the decision support of med-
ical doctors, helps to develop preventive strategies and identify in-
dividuals at risk. We apply the methods discussed above to large
clinical database MIMIC III, which can be used to multimorbidity
prediction. The database contains information on 33166 patients of
various intensive care units who are diagnosed according to the cod-
ing scheme ICD-9. As labels we consider indicators of 10 families
of diseases, which were already used in previous studies [32, 3]: hy-
pertension, kidney, fluid, hypotension, lipoid, liver, diabetes, thyroid,
copd and thrombosis. Table 1 contains summary statistics and distri-
butions of labels. Among considered diseases, Hypertensive disease
is the most common (66% of patients) whereas Thrombosis is the
rarest disease (6% of patients). Label density (average fraction of ac-
tive labels among all labels per observation) is 0.27. We observe sig-
nificant dependencies between diseases (see Figure 1), among which
(fluid, kidney) is the pair with the highest correlation 0.31 (non-
significant dependencies are marked with ’X’, i.e. those with p-value
of the corresponding test larger than sign. level α = 0.05). We use
308 numerical features, most of which correspond to some labora-
tory events. All features are listed in Tables 1-3 in Supplement. The
first, relatively small, group of features is obtained from medical his-
tory or are administrative information (e.g. sex, age, marital status).
The second group are medical scores used to track a person’s status
during the stay in an intensive care unit (e.g. Braden score used to
assess a risk of developing a pressure ulcer). The largest group of
features are blood and diagnostic tests (e.g. Glucose, Sodium, etc.).
Obviously some diagnostic tests may be irrelevant in prediction of a
particular disease. Methods proposed in this paper are useful to re-
duce the number of unnecessary diagnostic tests, which is important
to control healthcare costs as well as to reduce the possible negative
effects of some diagnostic procedures.

Table 1. Summary statistics of MIMIC III database.

number of observations (patients) 33166
number of features 308
number of labels (diseases) 10
label density (LD) 0.27
% of patients with hypertension disease 66%
% of patients with kidney disease 38%
% of patients with fluid disease 37%
% of patients with hypotension disease 35%
% of patients with lipoid disease 31%
% of patients with liver disease 23%
% of patients with diabetes disease 14%
% of patients with thyroid disease 14%
% of patients with copd disease 7%
% of patients with thrombosis disease 6%

Figure 3 shows how the considered performance measures depend
on the number of features. First, the proposed method parCC out-
performs other methods with respect to Subset Accuracy, F measure
and ranking measure. For Hamming measure, parCC works on par
with BR+l21, which is concordant with well-known results stating
that utilizing label dependencies does not improve Hamming mea-
sure [5]. Observe that BR+l21 is second best, followed by CC+l1.
The ranking of the methods ’parCC’�’BR+l21’�’CC+l1’�’BR+l1’
suggests that both chaining and simultaneous learning improve the
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Figure 1. MIMIC III database. Label-label dependencies.

results. Surprisingly, adaptive classifier chains (ACC) work better
than CC+l1 and BR+l1 only for small number of features (below 40),
whereas for larger number of features the performance of ACC de-
teriorates. The curves show that parCC allows to choose the most
parsimonious model. For example assume that we would like to
achieve subset accuracy equal to 10%, then we need to use 60 fea-
tures for parCC and as many as 100 features for the second best
method BR+l21. Alternatively we can assume that our budget is
limited to 60 features. Then for parCC, Subset Accuracy is 10%,
whereas for BR+l21 is 9%. The experiment indicates that the pro-
posed method can be successfully applied to real-world multi-label
medical datasets for which the admissible number of features should
be limited. We also analysed which features are selected as the most
relevant ones by the proposed methods. Note that parCC selects fea-
tures which are correlated with many labels simultaneously. To ver-
ify this, we performed a post-hoc analysis, namely we analysed de-
pendencies between top features selected by parCC and labels. The
results are shown in Figure 2. The non-significant dependencies are
marked with ’X’. The larger the circle, the larger the dependency.
BUN (blood urea nitrogen), which is a medical test that measures
the amount of urea nitrogen found in blood, is a top-ranked feature,
accorindg to parCC. It is correlated with 5 diseases simultaneously
and the largest correlation is with kidney disease. The importance of
BUN in predicting mortality in ICU patients has been proved in other
studies, e.g. [2] report that BUN is associated with mortality in crit-
ically ill patients admitted to ICU and might constitute an important
parameter for risk stratification in the critically ill.

6.2 Benchmark datasets

The experiments are conducted on 11 benchmark datasets http://
mulan.sourceforge.net/datasets.html. The effective-
ness of multi-label methods exploiting label dependencies can most
likely be demonstrated on datasets whose label density (LD) is rea-
sonably large. We thus chose ten most popular labels, from each of
the datasets, aiming to produce multi-label datasets with reasonable
LD. For mediamill and nuswide, we take random samples of 10000
observations. Table 2 shows: number of observations (n), features
(p), labels (K) andLD for the datasets. We consider three constraints
on the number of features: T = 10, T = 20 and T = 50.
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Figure 2. MIMIC III database. Dependencies between labels and top-
ranked features according to parCC.

Table 2. Summary statistics of benchmark datasets.

dataset n p K LD
cal500 502 68 10 0.606
nuswide 10000 128 10 0.123
medical 978 1449 10 0.096
emotions 592 71 6 0.312
yeast 2417 103 10 0.393
scene 2407 294 6 0.179
mediamill 10000 120 10 0.301
flags 194 19 7 0.485
Science 6428 1859 10 0.166
Reference 8027 1983 10 0.183
Health 9205 1530 10 0.199

Tables 3-6 show subset accuracy, F measure, Hamming measure
and ranking measure, for T = 50, for 11 benchmark datasets. Re-
sults for top 10 and top 20 features are presented in Supplemental
Material. The best performing method is highlighted in boldface. The
last row contains the averaged ranks, the larger the ranks the bet-
ter. Note that parCC is the best according to the first two evaluation
measures. For Hamming measure, BR+l21 works slightly better than
parCC, which is second best. This is consistent with theoretical re-
sults indicating that BR is an optimal strategy when Hamming loss is
of interest (we observed the similar effect for MIMIC III database).
ACC-ABS is the second best in terms of subset accuracy. As ex-
pected, BR+l1 works poorly, particularly wrt subset measure and F
measure, which is due to ignoring dependencies between labels and
not utilizing simultaneous learning via `2,1 regularization.

Our findings confirm that simultaneous learning improves clas-
sification accuracy when the number of features is limited. Indeed,
`2,1 regularization helps for both BR and CC approaches when com-
pare to standard `1 regularization. It seems that both components
(simultaneous learning via `2,1 regularization as well as exploiting
label dependencies via chaining) play important role. Observe that
for most evaluation measures CC+l1�BR+l1, which supports use-
fulness of chaining and parCC�CC+l1, which confirms advantages
of joint learning. Although the averaged ranks suggest that parCC is
an overall winner, note that ACC works better for selected dataset.
For example, ACC-SUM has the highest subset accuracy for scene
dataset. Regarding ACC, it follows from the experiments that both

penalties work similarly.
To analyse the results in detail, we followed the two-step statis-

tical procedure recommended by [6]. In the first step we use the
Friedman test (based on averaged ranks) to assess the null hypoth-
esis that all methods have equal performance. When null hypothesis
is rejected a Nemenyi post-hoc test is used to compare methods in
a pairwise way. Figure 4 shows the results for T = 50 (the results
for T = 10, 20 are shown in Supplement). In all cases, the null hy-
pothesis of the Friedman test is rejected, when standard significance
level 0.05 is assumed. The blue line denotes the Nemenyi critical
region. When the averaged rank for method ’A’ is within a critical
region of method ’B’, then we conclude that there is no significant
difference in performances between ’A’ and ’B’. The critical region
for parCC is highlighted. In all cases, parCC is in a group of best-
performing methods. Although the differences between the two first
methods are not significant, note that in almost all cases there is a
significant difference between the best performing method and the
two least efficient methods (BR+l1 and CC+l1).

7 Conclusions
In this paper we proposed a novel method parCC of learning classifier
chains. By employing an individual sparsity inducing `1 norm and
a group sparsity inducing `2,1-norm together, the proposed model
can induce both a sparse dependency structure over labels, and a
common set of predictive features across the multiple models in a
chain. In theoretical analysis we bounded the Rademacher Complex-
ity, which allowed to determine the generalization error bounds us-
ing well-known techniques. We demonstrated that the method can
be successfully applied to multimorbidity prediction, the task where
limiting the number of features is particularly important due to costs
and risk of negative effects of diagnostic tests. Our empirical results
on a number of benchmark multi-label data sets show that the pro-
posed approach can outperform related methods.

Table 3. Subset accuracy for benchmark datasets (T = 50).

BR+l21 parCC CC+l1 BR+l1 ACC-ABS ACC-SUM
cal500 0.012 0.014 0.012 0.014 0.008 0.012
nuswide 0.324 0.331 0.308 0.308 0.312 0.311
medical 0.748 0.754 0.723 0.713 0.631 0.530
emotions 0.263 0.275 0.270 0.248 0.282 0.284
yeast 0.136 0.185 0.148 0.050 0.171 0.173
scene 0.182 0.206 0.032 0.032 0.421 0.472
mediamill 0.121 0.160 0.158 0.129 0.140 0.121
flags 0.144 0.211 0.191 0.144 0.257 0.252
Science 0.203 0.209 0.185 0.179 0.219 0.221
Reference 0.309 0.323 0.231 0.226 0.293 0.292
Health 0.332 0.349 0.321 0.324 0.354 0.344
avg. rank 3.1 5.1 2.7 2.0 4.2 3.9

Table 4. F measure for benchmark datasets (T = 50).

BR+l21 parCC CC+l1 BR+l1 ACC-ABS ACC-SUM
cal500 0.712 0.701 0.713 0.719 0.691 0.696
nuswide 0.092 0.074 0.010 0.021 0.025 0.023
medical 0.654 0.655 0.634 0.638 0.531 0.456
emotions 0.579 0.599 0.573 0.522 0.577 0.581
yeast 0.605 0.593 0.569 0.545 0.580 0.589
scene 0.206 0.228 0.034 0.034 0.456 0.510
mediamill 0.595 0.590 0.592 0.596 0.566 0.544
flags 0.678 0.688 0.687 0.683 0.699 0.698
Science 0.527 0.531 0.519 0.516 0.533 0.532
Reference 0.682 0.688 0.653 0.650 0.675 0.675
Health 0.536 0.552 0.536 0.529 0.566 0.549
avg. rank 4.1 4.6 2.5 2.4 3.8 3.5
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Figure 3. MIMIC3 dataset. (a) Subset accuracy, (b) F measure, (c) Hamming measure and (d) ranking measure wrt to number of features.
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Figure 4. Results of Friedman and pairwise tests (T = 50). The blue line denotes the Nemenyi critical region. The critical region for parCC is highlighted.

Table 5. Hamming measure for benchmark data (T = 50).

BR+l21 parCC CC+l1 BR+l1 ACC-ABS ACC-SUM
cal500 0.628 0.618 0.615 0.625 0.606 0.613
nuswide 0.889 0.887 0.879 0.880 0.882 0.882
medical 0.967 0.967 0.964 0.964 0.954 0.943
emotions 0.802 0.784 0.786 0.792 0.766 0.768
yeast 0.744 0.726 0.731 0.728 0.719 0.719
scene 0.852 0.854 0.826 0.826 0.836 0.830
mediamill 0.811 0.811 0.812 0.813 0.801 0.794
flags 0.733 0.737 0.731 0.735 0.739 0.738
Science 0.876 0.876 0.873 0.873 0.877 0.877
Reference 0.908 0.909 0.900 0.899 0.906 0.906
Health 0.843 0.829 0.822 0.834 0.831 0.828
avg. rank 5.0 4.2 2.7 3.3 3.2 2.6

Table 6. Ranking measure for benchmark data (T = 50).

BR+l21 parCC CC+l1 BR+l1 ACC-ABS ACC-SUM
cal500 0.311 0.306 0.257 0.272 0.290 0.296
nuswide 0.385 0.373 0.313 0.321 0.327 0.325
medical 0.873 0.874 0.858 0.866 0.741 0.652
emotions 0.539 0.559 0.529 0.483 0.539 0.542
yeast 0.530 0.523 0.489 0.450 0.508 0.517
scene 0.205 0.226 0.034 0.034 0.452 0.504
mediamill 0.568 0.569 0.573 0.573 0.543 0.512
flags 0.496 0.527 0.514 0.495 0.528 0.525
Science 0.485 0.490 0.475 0.470 0.495 0.493
Reference 0.601 0.609 0.557 0.554 0.592 0.591
Health 0.520 0.543 0.527 0.512 0.560 0.542
avg. rank 4.1 5.0 2.4 1.9 4.0 3.6
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