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Multi-grained Ensemble Classification Method for Unstructured Data

WANG Ziyi*?, XU Suping"?, SHANG Lin"*
(1. State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing, 210023, China; 2. Department of
Computer Science and Technology, Nanjing University, Nanjing, 210023, China)

Abstract:Deep learning model has achieved great success in text and image classification tasks. However, it is
difficult for a deep learning model to provide an interpretable classification intuition. In this paper, we propose a
multi-grained ensemble classification method for unstructured data. Compared with other learning methods,
our multi-grained ensemble classification method can preserve the context information of data. In the multi-
grained ensemble classification method, data are divided into different granularity, and the data with different
granularity are used to train different base learners. Their learning results provide interpretability for the final
classification of the ensemble model. Base learners are assigned by different weights according to their
performances on the validation set, therefore, a better ensemble learner can be constructed. In the experiments,
we verify the validity of our model on three types of unstructured data (i.e., text, medical images, and time
series) , and experimental results show that our model is not only simpler than the state of art but also competitive
in the accuracy. Meanwhile, it can provide the interpretability for the final classification results.
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Fig.1 Framework of the multi-grained ensemble classification method for unstructured data
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Table 1 Statistics of MURA datasets

Study Finger Hand Humerus Shoulder Wrist
Normal 1389 1613 411 1479 2295
Abnormal 753 602 367 1594 1451
Total 2142 2215 778 3073 3746
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Table 2 Testing accuracy of 15 learners on five datasets

Leaner  Finger Hand Humerus Shoulder Wrist
1 0.757 0.750  0.840 0.755  0.839

2 0.737 0.734  0.773 0.773  0.778

3 0.761 0.726  0.767 0.739  0.797

4 0.735 0.715  0.750 0.723  0.797

5 0.718 0.741  0.732 0.725  0.783

6 0.729 0.684  0.736 0.685  0.721

7 0.729 0.713  0.809 0.689  0.736

8 0.705 0.702  0.687 0.698  0.740

9 0.692 0.728  0.732 0.719  0.748
10 0.764 0.730  0.795 0.751  0.827
11 0.716 0.691  0.712 0.700  0.734
12 0.707  0.663  0.705 0.698  0.734
13 0.729 0.702  0.729 0.694  0.786
14 0.703 0.676  0.753 0.682  0.713
Our model  0.774 0.772 0.844 0.800 0.850
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Table 3 Comparison of testing accuracy on IMDB

Y CNN SVM MLP RF  Our model
MEAKE = 0.880  0.876  0.880  0.853 0.887
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Fig.3 Testing accuracy of 10 learners on IMDB
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Table 4 Statistics of time series datasets

Dataset Train Test Classes Length

Adaic 390 391 37 176
Gun_point 50 150 2 150

Haptics 155 308 5 1092
ItalyPower 67 1029 2 24
Medicallma 381 760 10 99
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Table 5 Testing error for five UCR time series datasets

Dataset DTW BOSS COTE  Our model

Adaic 0.396 0.220 0.233 0.202
Gun_point 0.093 0.000 0.007 0.007

Haptics 0.623 0.536 0.488 0.474
ItalyPower 0.050 0.053 0.036 0.026
Medicallma  0.263 0.288 0.258 0.221

T A B AR A o R AR RS T3

A FE 27 3] 8 4E Gun_point U350 48 B4 L Y o 2

fig, 43 K : Learner 1 = 0.933, Learner 2 = 0.887,
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