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Personality Type Dataset
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Dataset Accuracy | F1-Score
MBTI_1 0.6367 0.6285
Linear SVC MBTI_500 0.8152 0.8139
Combined 0.8099 0.8086
Logisti MBTI_1 0.6505 0.6283
ogistic
. MBTI_500 0.8204 0.8175
Regression ™00 ibined | 0.8138 | 0.8107
MBTI_1 0.6367 0.6311
RandomForest | MBTI 500 0.7245 0.7224
Combined 0.7223 0.7213
MBTI_1 0.6679 0.6543
XGBoost MBTI_500 0.7807 0.7777
Combined 0.7773 0.7746
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Prediction | Inference
Dataset . .
Time(ms) | Time(ms)
MBTI_1 3.0 1.71
Linear SVC MBTI_500 25.70 1.21
Combined 28.50 1.24
Logistic MBTI_1 2.60 1.5
. MBTI_500 26.10 1.23
Regression 700 pined | 28.40 1.24
MBTI_1 59.50 34.31
RandomForest | MBTI_500 806.60 38.03
Combined 771.50 33.62
MBTI_1 14.80 8.51
XGBoost MBTI_500 112.20 5.29
Combined 116.10 5.06
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