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a b s t r a c t

Bankruptcy prediction has been widely studied as a binary classification problem using financial ratios
methodologies. In this paper, Leave-One-Out-Incremental Extreme Learning Machine (LOO-IELM) is
explored for this task. LOO-IELM operates in an incremental way to avoid inefficient and unnecessary
calculations and stops automatically with the neurons of which the number is unknown. Moreover,
Combo method and further Ensemble model are investigated based on different LOO-IELM models and
the specific financial indicators. These indicators are chosen using different strategies according to the
financial expertise. The entire process has shown its good performance with a very fast speed, and also
helps to interpret the model and the special ratios.

& 2013 Published by Elsevier B.V.

1. Introduction

The business failure has been widely studied, trying to identify
the various determinants that can affect the (Non) existence of
firms. Especially due to the recent changes in the world economy
and as more firms, large and small, seem to fail now more than
ever. The prediction of the bankruptcy is then of increasing
importance.

In most of the studies, bankruptcy prediction is treated as a
binary classification problem. The target (output) variable of the
models is commonly a dichotomous variable where “firm filed for
bankruptcy” is set to 1 and “firm remains solvent” is set to 0. The
reference (input) variables are often financial ratios drawn from
financial statements and include measures of profitability, liquid-
ity, and leverage. The pioneer study using univariate statistic of
financial ratios originated from Beaver [1] and Altmans work [2].
Using multivariate discriminate analysis to assess predictive
power of ratio analysis, financial ratios methodologies are becom-
ing indispensable tools for modeling, analysis and prediction.
The other main stream is employing Artificial Intelligence (AI)
methods, which have been applied to bankruptcy prediction
problem from 1990s, including decision tree [3,4], fuzzy set theory,
case-based reasoning [5], genetic algorithm [6], support vector

machine, several kinds of neural networks such as BPNN (back
propagation trained neural network), PNN (probabilistic neural
networks) [7], SOM (self-organizing map). However, all those
mentioned methods including existing financial models suffer
from the problems of strict hypothesis, poor generalization ability,
low prediction accuracy and low learning rate, slow computational
time, etc. To overcome these, a newly popular method Extreme
Learning Machine (ELM) is considered in this paper.

Extreme Learning Machine (ELM), which is a simple and
efficient learning algorithm for single-hidden layer feedforward
neural networks (SLFNs), has been recently proposed in [8]. ELM
has shown good generalization performances for many real
applications with an extremely fast learning speed [9–15]. How-
ever, like other similar approaches based on feedforward neural
networks, some issues with the practical applications of the ELM
still arise, most importantly, how to obtain the most appropriate
architecture of the network. In other words, how to select or
search for the optimal number of hidden neurons remains a
difficult problem.

Many methods have been exploited recently trying to choose
the most suitable network structure of ELM and to further reduce
the number of neurons without affecting the generalization
performance. Pruning methods are one type of algorithms to
address this problem. For example, Rong et al. in [16] proposed a
pruned ELM (P-ELM) for classification, and Miche et al. in [17,14]
presented a method called optimally pruned ELM (OP-ELM). But
pruning methods in general are rather inefficient since most of the
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time they are dealing with a network structure larger than
necessary. On the other hand, some researchers manage to solve
the problems via incremental learning. Like the Incremental
Extreme Learning Machine (I-ELM) [18] which adds randomly
generated hidden nodes one-by-one to the hidden layer until
achieving an expected training accuracy or reaching the maximum
number of hidden nodes. There are also some modifications made
to I-ELM, like shown in [19–21]. However, these methods need to
set the expected training error or maximum number of neurons in
advance.

In this paper, a method called Leave-One-Out-Incremental
Extreme Learning Machine (LOO-IELM) is proposed. It is operated
in an incremental way but stops automatically based on the stop
criteria. Besides, Combo method and Ensemble model are explored
based on LOO-IELM, as well as some preknowledge of financial
expertise in order to improve the bankruptcy prediction accuracy.
In the experiments, all methods are tested on both two sets (9
priori selected Variables from automatic black-box variable selec-
tion [22] and 12 priori selected Variables from financial expertise
[23]).

2. Extreme Learning Machine

The Extreme Learning Machine algorithm is proposed by
Huang et al. in [8] as an original way of building a single Hidden
Layer Feedforward Neural Network (SLFN). The essence of ELM is
that the hidden layer needs not be iteratively tuned [24,8], and
moreover, the training error JHβ�yJ and the norm of the weights
JβJ are minimized.

Given a set of N observations ðxi; yiÞ; irN. with xiARp and
yiAR. A SLFN with m hidden neurons in the hidden layer can be
expressed by the following sum:

∑
m

i ¼ 1
βif ðωixjþbiÞ; 1r jrN ð1Þ

where βi are the output weights, f be an activation function, ωi the
input weights and bi the biases. Suppose the model perfectly
describes the data, the relation can be written in the matrix form
as Hβ¼ y, with

H¼
f ðω1x1þb1Þ … f ðωmx1þbmÞ

⋮ ⋱ ⋮
f ðω1xnþb1Þ … f ðωmxnþbmÞ

0
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1
CA ð2Þ

β¼ ðβ1;…;βmÞT and y¼ ðy1;…; ynÞT . The ELM approach is thus to
initialize randomly the ωi and bi and compute the output weights
β¼H†y by a Moore–Penrose pseudo-inverse [25].

The significant advantages of ELM are its extremely fast learn-
ing speed, and its good generalization performance while being a
simple method [8]. There has been recent advances based on the
ELM algorithm to improve its robustness (OP-ELM [17], TROP-ELM
[14], CS-ELM [26]), or make it a batch algorithm, improving at each
iteration (EM-ELM [27], EEM-ELM [28]).

Along with the increase of number of hidden nodes in ELM, the
error usually decreases. However, it also brings the corresponding
difficulty: the complexity of the model and how to optimize
between both.

3. Incremental Extreme Learning Machine with Leave-One-Out
(LOO-IELM)

In this section, a method called LOO-IELM is presented as well
as the details of the implementation steps. In general, the method
can be operated as the following:

Fig. 1 illustrates the main procedures of LOO-IELM, and how
they interact. The neurons of the ELM are selected and added
incrementally till no smaller LOO value can be found. Next
paragraphs concentrate on more details of this method.

Given a training set ðxi; yiÞjxiARd; yiAR; i¼ 1;2;…; d, activation
function f(x). H represents the output matrix of the hidden layer.
Each trial cluster contains n neurons.

3.1. Incremental strategy

Initialization step: Let the number of hidden neurons be zero at
the very beginning, then the neurons could be chosen progres-
sively later on by LOO-IELM.

Learning step:

� Randomly generate a cluster of n neurons. n is optional that can
be configured according to the different computer power or
different data sets. It saves computational time to test neurons
cluster by cluster, than one by one. In this paper, n is chosen
to be 20.

� Construct ELM using the combination of each of the n neurons
and the existing selected neurons. That means ELM models are
build 20 times in this step. (For the first round, it means to
construct ELM with each neuron separately.) Test the LOO value
for each of these ELMs, find the neuron “b” that gives the
smallest LOO.

� Check whether the LOO value with neuron “b” is smaller than
previous one. If so, continue to next step; otherwise, stop
current trial and repeat the learning step.

Stop criterion: One advantage of LOO-IELM is that no parameter
needs to be set beforehand, the number of neurons is chosen
automatically according to the algorithm. Therefore, when to stop
finding new neurons becomes an issue for this method. In this
paper, the default setting is 100 extra clusters. As we mentioned
that the neurons are tested cluster by cluster, instead of one by one
in other incremental learning algorithm. Therefore, this means
LOO-IELM stops training if LOO value does not decrease for
continuous 2000 new neurons (here each cluster contains n¼20
neurons).

3.2. Leave-One-Out (LOO)

The decision over the actual selected neurons for the model is
taken using a Leave-One-Out method. One problem with the LOO
error is that it can get very time consuming if the data set tends to
have a high number of samples. Fortunately, the PRESS (or
PREdiction Sum of Squares) statistics provide a direct and exact
formula for the calculation of the LOO error for linear models. See

Fig. 1. The framework of the LOO-IELM method.
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