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This study aims to mitigate performance degradation by inferring lost information in incomplete data with missing attribute
values. To this end, the AdaBoost algorithm - a type of ensemble technique - is employed. This algorithm’s core involves creating
decision trees as weak learners and varying the weights assigned to each training instance while sampling the training data.
Among these, weak learners adapt classifiers using Fisher's linear discriminant function to suit incomplete data and construct the
model through a truncation process.

For performance evaluation, experiments compared the results of combining multiple weak learners with weights from the
proposed algorithm to the results of a strong learner using a single complete decision tree. That is, the performance between the
results obtained using Fisher's linear classifier to complete the training and constructing complete decision trees, and the results
from AdaBoost, which involves iteratively repeating the training process, stopping learning based on pre-defined criteria, and
utilizing multiple decision trees were compared. Experimental results indicate variations across different datasets but consistently
indicate superior performance with AdaBoost. Consequently, it was observed that weak learners improved into strong learners by
constructing multiple models with variations in weights and training them.
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2 2 2 1
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VA1 V2 V3 Class
E W
1 2 1 3] 1 2 1 2
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Table 4. Experiment results
5 15 30 45
Vi 89.559 87.145 86.414 89.001
91.652 90.952 91.379 88.207
V2 88.028 89.069 88.222 84.402
90.543 91.340 89.331 89.515
V3 88.380 88.537 87.577 84.237
93.600 93.164 89.968 88.604
va 91.570 88.066 86.718 81.883
92.767 92.881 89.465 86.560
AVG 89.384 88.204 87.233 84.881
92.141 92.084 90.036 88.221
(a) Balance Scale Weight & Distance Database
5 15 30 45
VA 88.446 87.429 86.124 85.334
93.794 93.765 92.009 91.237
Vo 88.723 86.705 88.729 87.711
93.641 92.961 92.655 91.691
V3 88.918 88.695 89.085 88.107
93.513 93.794 92.845 92.369
va 88.441 86.556 88.344 86.109
93.494 93.167 91.512 89.437
V5 87.443 87.407 87.504 87.179
93.091 93.177 92.203 88.987
V6 87.610 85.565 86.396 83.035
93.116 92.047 90.344 87.958
AVG 88.263 87.059 87.697 86.246
93.441 93.152 91.928 90.280
(b) Car Evaluation Database
5 15 30 45
VA 85.953 84.428 86.059 86.783
89.020 88.381 87.577 87.602
V2 86.535 86.410 86.589 85.277
90.117 89.601 90.213 90.000
V3 86.520 87.290 86.330 84.497
89.000 90.429 90.078 87.218
va 87.628 85.308 84.736 83.912
90.025 87.270 87.206 87.905
V5 86.163 88.029 86.327 85.885
90.494 89.312 89.169 90.062
V6 88.804 85.417 85.652 83.876
90.482 89.520 89.620 89.839
V7 89.114 86.628 85.916 85.814
88.251 88.652 89.286 89.831
V8 85.852 86.033 86.487 85.883
89.950 89.591 89.781 88.903
Vo 86.448 88.098 85.149 86.569
90.141 91.551 90.909 91.425
V10 85.822 86.359 84.929 84.061
89.158 89.926 87.453 87.125
Vi1 84.813 87.078 85.971 82.850
87.665 89.911 90.339 88.628
AVG 86.696 86.462 85.831 85.037
89.482 89.468 89.239 88.958

(c) Sleep stage scoring data set
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