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Abstract

This study used the CatMeows dataset to classify waiting-for-food vocalizations and vocalizations during isolation
in an unfamiliar environment in cats, and analyzed inter-individual transfer performance with threshold personalization.
Five time-domain features were extracted from 273 audio samples from 17 cats after preprocessing. Among the three
evaluation conditions, XGBoost achieved the best average performance under transfer with threshold personalization,
with an Accuracy of 0.881, Food Recall of 0.783, and PR-AUC of 0.934. Test cat-specific threshold adjustment
improved Food Recall under the transfer condition. These results suggest that individual-specific threshold adjustment
is needed when applying the model to new cats and may support machine learning-based automatic feeding systems.
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Table 1. Training and evaluation settings for each experimental condition

Condition Training data
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Fig. 2. Cat-specific distributions of candidate features for the personalization condition
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Table 2. Performance comparison of classification models under the personalization condition

Model Acc Food Rec Iso Rec ROC-AUC PR-AUC
XGBoost 0.795+0.090 0.773+0.176 0.820+0.103 0.866+0.065 0.796+0.141
SWM 0.817+0.135 0.661+0.277 0.810£0.272 0.847+0.156 0.816=0.193
RF 0.858+0.124 0.805+0.098 0.833+0.224 0.888+0.111 0.836+0.145
DT 0.823+0.123 0.773+0.075 0.814=0.179 0.793+0.119 0.687+0.091
CNN 0.834+0.079 0.854%0.151 0.849+0.063 0.886+0.094 0.847+0.159
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Table 3. Performance comparison of classification models under the transfer condition

Model Acc Food Rec Iso Rec ROC-AUC PR-AUC
XGBoost 0.835+0.122 0.644+0.417 0.938+0.087 0.926+0.071 0.924+0.070
SVM 0.719+0.196 0.300+0.286 0.983+0.041 0.883+0.112 0.873+0.110
RF 0.792+0.130 0.494+0.313 0.953+0.073 0.925+0.061 0.908+0.051
DT 0.770+0.073 0.463+0.284 0.923+0.113 0.693+0.100 0.525+0.186
CNN 0.685+0.125 0.673+0.380 0.650+0.392 0.792+0.192 0.764+0.160
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Table 4. Performance comparison of classification models under the transfer with threshold personalization condition

Model Acc Food Rec Iso Rec ROC-AUC PR-AUC
XGBoost 0.881+0.070 0.783+0.175 0.910+0.121 0.934+0.063 0.934+0.061
SVM 0.825+0.101 0.751+0.135 0.822+0.200 0.888+0.108 0.896+0.084
RF 0.840+0.083 0.718+0.076 0.863+0.173 0.932+0.061 0.924+0.050
DT 0.757+0.075 0.475+0.322 0.854%0.190 0.703+0.076 0.578+0.154
CNN 0.790+0.070 0.731+0.229 0.742+0.098 0.796+0.096 0.799+0.114
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Table 5. Comparison of key performance metrics across
experimental conditions based on XGBoost

Condition Accuracy |Food Recall| PR-AUC
Personalization | 0.795+0.090 | 0.773+0.176 | 0.796+0.141

Transfer 0.835+0.122 | 0.644+0.417 | 0.924+0.070
Transfer with
threshold ~ [0.881+0.070 | 0.783+0.175 | 0.934+0.061
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