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- Methodok)gy Confidence Interval:

Differences are considered statistically significant when the 95% confidence interval does not include 0.
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Low-Level Feature Classification:

We trained three different classifiers (SVM, Random Forest, XGBoost) to predict Total Agreement R1,
Total Agreement R5, Total Disagreement using:

e Basic low-level features (Symmetry_lr, alpha_traditional_p_2, complexity, sentiment_pos, sentiment_neu,

Machine Learning Classifier Low Level Feature Extraction Classify on the Basis of a & 3 Values Contrast_L_a_b, Contrast_a_b, Gamut Expansion, saturation_hsv, lightness, Focus symmetry_ud, alpha_bands_p_2,
coherence, sentiment_neg, depth_mean, Contrast_L, GCF, colorfulness)

® Deep features extracted using ResNet50

5 - ® Oversampling on training set to balance minority classes
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5- Conclusion

3- Distribution of Images according to Alpha & Beta values

® This study provides evidences that low-level visual features contribute significantly to explaining
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