
Introduction
This research proposes the use of multi-learner ensemble, or ensemble 
of heterogeneous algorithms, to improve the prediction performance of 
bagging (bootstrap aggregation) for classification problems. 

Idea flow  

Diversity
The intuition behind ensemble learning is that “two heads are better 
than one” or “crowds are smarter than individuals”. In order to have 
ensemble working, member classifiers in ensemble are expected to be 
different. The degree of difference could be described by diversity. 
Several diversity measures are proposed, while none of them are 
standard. 

Conclusions
•  There exists a non-linear relationship between diversity and 

correlation, which could be related to overall accuracy.
•  Letʼs consider two algorithms used in heterogeneous 

ensemble. If one is stable enough and the other is different 
enough, then there is a lower bound of the probability that 
the diversity for such a mini ensemble would be larger than a 
certain quantity.

•  Bagging with heterogeneous algorithms could outperform 
classic bagging, and provide comparable performance to 
some others.

Future work
•  More insights into the dynamics

•  Different combinations of base algorithms
•  Prediction performance vs. number of iterations

•  Different ways to combine predictions from classifiers
•  More plans to select algorithms

•  For example, self-adjustment or “context-aware” plans
•  Parallel implementation

•  From algorithm perspective, e.g. multi-core hardware
•  From data perspective, e.g. cloud computing platform
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Figure 2. Experimental results. X-
axis is the value of DIS and y-axis 
corresponds to values of Q or 
correlation. A (blue) diamond and a 
(pink) square represent respectively 
an observed and an observed 
correlation, while a (yellow) triangle 
gives an upper bound of the 
corresponding value of Q. 

Figure 1. Relationships among diversity, correlation, and overall accuracy. 
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Figure 3. T-diversity 
and A-diversity. 
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Figure 4. ALT/RAN plans to select ones from the given “bag of algorithms”. 

Figure 5. ALL plan to select ones from the given “bag of algorithms”. 

Figure 6. MAX plan to select ones from the given “bag of algorithms”. 

Table 1. Experimental results with respect to diversity in various measures. 

HE/HO presents 
hetero-/homo-
geneous ensemble. 
HE uses  pairwise 
combinations from 
algorithms DT, 
NB, kNN, ANN, 
and SMO; HO 
uses each of them 
individually 

Table 2. Experimental results from using RAN on 40 benchmark datasets. 


