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Abstract The study investigates the impact of data quality on the performance of artificial intelligence (Al). To
this end, the impact of labeling error levels on the performance of artificial intelligence was compared and
analyzed through simulation, taking into account the similarity of data features and the imbalance of class
composition. As a result, data with high similarity between characteristic variables were found to be more
sensitive to labeling accuracy than data with low similarity between characteristic variables. It was observed
that artificial intelligence accuracy tended to decrease rapidly as class imbalance increased. This will serve as
the fundamental data for evaluating the quality criteria and conducting related research on artificial

intelligence learning data.
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Table 1. Example of simulation data class and feature

Feature1 Feature2 Feature3 Feature4 Featureb Feature6 Class
1 0.52 0.22 0.60 0.85 0.34 0.83 A
2 0.11 0.15 0.44 0.89 0.91 0.71 A
2500 0.77 0.28 0.49 0.48 0.36 0.30 A
1 0.17 0.75 0.40 0.50 0.85 0.01 B
2 0.48 0.10 0.14 0.78 0.41 0.59 B
2500 0.03 0.47 0.87 0.74 0.41 0.46 B
1 1.06 1.01 1.63 0.61 1.76 1.17 C
2 1.54 0.56 1.71 1.14 0.86 1.23 C
2500 1.38 0.90 1.36 1.64 0.81 0.23 C

Each row has six feature variables and represents an object (case) that belongs to a certain class, and each column represents a variable that
represents a feature variable(Feature1~Feature6) and a class(figures are for illustrative purposes only).
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Fig. 1. 2D results based on data classification using T-SNE / Left. Similer
groups(class A, B) / Right. Different groups (class A, C)
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Table 2. Classification result of random number data
/ data ratio 1:1

Flips Ambiguous Data / Ambiguous Data(A, B)
Size 0% 10% 20% 30% 40% 50%
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Table 3. Classification result of random number data

Flips Ambiguous Data / Ambiguous Data(A, B)
Size 0% 10% 20% 30% 40% 50%
11 0.922 | 0924 | 0923 | 0.893 | 0.809 | 0.526

1:2 0.907 | 0.898 | 0.899 | 0.885 | 0.793 | 0.501
1.5 0.810 | 0.781 | 0.727 | 0.667 | 0.605 | 0.477
1:10 0.650 | 0.500 | 0.500 | 0.500 | 0.495 | 0.514
Size Distinguishable Data / Distinguishable Data(A, C)

1:1 0997 | 0996 | 0.994 | 0.991 | 0.939 | 0.535
1:2 0997 | 0996 | 0.994 | 0.995 | 0.960 | 0.438
15 0.998 | 0.995 | 0.994 | 0.994 | 0.975 | 0.457
1:10 0.995 | 0.996 | 0.930 | 0.984 | 0.599 | 0.546
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