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Background and Objectives Base learners

We have utilized several deep learning architectures to promote diversity in base

Cardiovascular diseases (CVDs) remain one of the leading causes of death worldwide. Cardiac arrhythmia, characterized by an irregular heartbeat, is one of the most ) , ,
learners. The architectures include Resnet[2], GooglLeNet[3] and InceptionV3[4].

frequently diagnosed CVDs. Electrocardiography is a standard tool to examine the heartbeat and diagnose arrhythmia. In this work we aim to produce genetic-

programming based classification ensembles of deep learning models for accurate and robust arrhythmia classification from paper ECG scans. —
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In this study, we use the Guangzhou Heart Study dataset [1] containing 1172 G G G 5 Lo JT T—
paper 12-lead ECG scans. The dataset is split into non-overlapping training - T T R?LU R?LU
and test subsets (1000 and 172 cases) with 80% and 78% of patients TV é) é
presenting healthy signals, respectively. Details are visible in Table 1. @ @ @ ( T : SN $ ; ,
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M Median gg ;(1) Figure 3: Architectures utilized as base learners. Figure shows GooglLeNet[3]
aximum ‘ (yellow), Inception modules[4] (green) and Resnet Blocks[2] (purple).
Table 1: Characteristics of the Training (T) and test (W) subsets of the o
Guangzhou Heart Study dataset utilized in this study @ m Resu Its a nd ConCI USIOnS
Genetic programming algorlthm @ Based on experimental results we conclude that:
GIRAFFE benefits from mechanisms of genetic programming (GP) to evolve * GIRAFFE performs model selection and finds relevant base learners. Five out of 56 models
architecture, content and fusion scheme of the ensemble classifiers. Each G ¢ E ’ E were selected (9%)' (Figure 3) _ . .
tree (ensemble) is composed of two types of nodes * GIRAFFE emphasizes the most important models. Some models may be included multiple
times in the calculation, emphasizing their importance. M2 was selected twice. (Figure 5)

* Operation nodes (ON), representing any reduction operation, including
the calculation of mean, minimum and maximum of inputted numerical
values.

* Value nodes (VN), storing the base models (one model in each VN),
alongside the tree evaluations at the node level

* GIRAFFE outperforms alternative ensembling techniques. Compared to other techniques
like voting, averaging, stacking and random selection GIRAFFE obtained the most balanced

Mutation and highest results across multiple classification metrics. (Table 2)

* Models closer to the root typically have the greatest influence on the final prediction,
which can lead to a scenario where a single base learner makes the final decision. (Figure 4)
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The evolution process is shown in Figure 2. The model population, at first

composed of single node base learner trees is evolved over g generations. e A A e e e e L
New individuals are created by means of crossover (mixing of two tree G EEEEEEEEEE D 0 . L
structures) and pointwise mutations. Figure 1 shows example of ‘ L | | . | |

computational tree and presents the evaluation process. S e e e e e b i s lbescens s s e e BB S s
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patient of arrhythmia instead of the healthy patient), with four its base models (apart from M1) delivering

(a) An evolved ensemble classifier
@ Selection of best individuals Figure 4: Examples of W images, where the ensemble evolved by GIRAFFE provided: the correct prediction
A ‘ b the correct one - right.
I I (a) The best ensemble classifier evolved using GIRAFFE
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(all other Top-1 models delivered incorrect prediction) - left, and the incorrect prediction (predicting
| . /N :
(b) The node values and the results of their evaluation . i ’ G

E
Node ID Value Evaluation @—)@@—)G
A {1.0,2.0} {3.0,3.5}
B 13.0,2.5) 13.0,2.5}
C {—-1.0,3.0} {-1.0,3.0} Figure 2: lllustration of the GIRAFFE’s evolution process
D (5.0,4.0%  {3.0,3.5) _
£ {1.0,3.0} {1.0,3.0} S — — (b) The details of the base models (M{—-M3)
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Figure 1: Example of computational tree (an evolved ensemble), Top1 0994 0969 0958 0920 0939 0993 0929 0960 0940 0897 0921 0909 0970 0.883 M. GoogLeNet o 4 0.771
together with values IOf all nodes and the outcomes of Top2 099 0968 0958 0920 0939 0993 0.929 0.948 0913 0886 0816 0849 0970 0.810 Mo TADM o 5 0718
evaluation process. GIRAFFE  Top3 0994 0967 0958 0920 0939 0993 0929 0.945 0920 0889 0842 0865 0970 0.828
P Top4 099 0966 0958 0920 0939 0993 0.929 0951 0929 0868 0868 0868 0963 0.3 AMA:” Gﬁog]‘fﬁet 1o g 8‘122
Top-5 0993 0961 0958 0920 0939 0993 0.929 0.954 0917 0842 0842 0842 0955 0.797 4 eshe yes '
TopT 0997 0985 0920 0920 0920 0986 0906 0965 0944 0850 0895 0872 095 083 Ms IADM no T 0.826
Top2  0.943 0767 0821 0920 0.868 0966 0.846 0914 0731 0791 0895 0840 0933 0793 _ n _ _
Fullensemble  Top-3  0.943 0767 0821 0920 0868 0966 0.846 0.914 0731 0791 0895 0840 0933 0.793 Figure 5: The (a) best ensemble classifier evolved using GIRAFFE, together with
¥0p--f51 833_3/ 8;3; 8%11 0»3% 8223 8323 8%2 832; g;ﬂ 8;2115 gggf 82%3 83?2 8;;2 the (b) details of its base classifiers and exploited operations. The VNs and ONs
op- : : : : : : : : : : : : : : : :
Top1  0.981 0931 0880 0880 0880 0979 0.8%9 0959 0941 0805 0868 0835 0940 0787 are rengerealiniSe iR
Top2 0976 0931 0880 0880 0880 0979 0.859 0958 0943 0833 0921 0875 0948 0839
Random  Top3 0977 0925 0880 0880 0880 0979 0.859 0954 0927 0805 0868 0835 0940 0.787
Top4 0976 0920 0880 0880 0880 0979 0.859 0955 0934 0800 0842 0821 0940 0768
Top5 0973 0918 0880 0.880 0880 0979 0.859 0954 0929 078 0868 0825 0933 0.774
Top1 0992 0954 09013 0840 0875 0986 0856 0938 0884 0844 0711 0771 0963 0718
Top2 0957 0901 0913 0840 0875 0986 0.856 0982 0943 0900 0711 079 0978 0752
Basemodel  Top3 0977 0929 0952 0800 0870 0993 0.854 0967 0933 0909 0789 0845 0978 0.808
Top4 0983 0942 0846 0880 0863 0972 0.839 0.961 0921 0938 0789 0857 0985 0.826
Top5 0977 0929 0846 0880 0863 0972 0.839 0967 0933 0882 0789 0833 0970 0.791

Table 2: Comparison of GIRAFFE generated ensembles to alternative ensembling methods, random selection and base models.
Set-wide best metricsare boldfaced, whereas the second best are underlined.
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