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Abstract

With the rapid development of e-commerce, personalized recommendation systems play a critical
role in enhancing user satisfaction, click-through rates, and conversion rates. However, traditional
collaborative filtering methods often suffer from data sparsity and user rating bias, which limit pre-
diction accuracy and ranking performance. To address these challenges, this study proposes a hybrid
recommendation framework that integrates similarity measures with a residual learning mechanism
to optimize personalized recommendation performance in e-commerce scenarios. Based on the Mov-
ieLens 100K dataset, we investigate recommendation approaches that combine handcrafted user fea-
tures with learnable models under different similarity metrics. Specifically, three handcrafted fea-
tures—user activity, rating sequence correlation measured by detrended fluctuation analysis (DFA),
and reputation—are extracted. On the basis of four similarity measures (Cosine, Jaccard, Pearson, and
Spearman), six learnable models, including XGBoost, are employed to model and correct the predic-
tion residuals. Experimental results demonstrate that XGBoost consistently achieves superior perfor-
mance across different similarity measures. In particular, the combination of Jaccard similarity and
XGBoost yields the lowest RMSE and MAE values. Moreover, using a single handcrafted feature yields
limited improvement, whereas the combination of all features significantly enhances recommenda-
tion performance. Furthermore, compared with commonly used recommendation algorithms, the
proposed hybrid model significantly outperforms traditional methods in terms of RMSE and MAE,
while achieving the highest NDCG@10. These findings validate the effectiveness of integrating hand-
crafted features with learnable models for e-commerce recommendation and provide empirical sup-
port for optimizing personalized recommendation strategies.
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Figure 1. Comparison of learnable models under Cosine similarity
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Figure 2. Comparison of learnable models under Jaccard similarity
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Figure 3. Comparison of learnable models under Pearson similarity
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Figure 4. Comparison of learnable models under Spearman similarity
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Figure 5. Comparison of XGBoost under different similarity measures
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Table 1. Comparison with commonly used recommendation models

1. SEHEERFRALLK

WIR/A RMSE MAE NDCG
MF 1.161412 0.962337 0.783118
SVD 1.161020 0.962110 0.779994
SVD++ 1.161734 0.962640 0.785962
NCF 1.161714 0.962645 0.780665
PMF 1.161943 0.962761 0.782608
Jaccard 0.924847 0.719246 0.816750
Biased MF 1.161512 0.962367 0.781388
AutoRec 1.161771 0.962770 0.784247
NFM 1.162133 0.962888 0.780378
4li Jaccard 1.061695 0.846184 0.816714
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Figure 6. Comparison with commonly used recommendation models
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Figure 7. RMSE and MAE of individual handcrafted features and their combination under four similarity measures
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