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[Abstract]

This study was conducted to provide a solution to the problem of sizing errors occurring in online
purchases due to discrepancies and non-standardization in clothing sizes. This paper discusses an
implementation approach for a machine learning-based recommender system capable of providing
personalized sizes to online consumers. We trained multiple validated collaborative filtering algorithms
including Non-Negative Matrix Factorization (NMF), Singular Value Decomposition (SVD), k-Nearest
Neighbors (KNN),
compared their performance. As a result of the study, we were able to confirm that the NMF algorithm

and Co-Clustering using purchasing data derived from online commerce and

showed superior performance compared to other algorithms. Despite the characteristic of purchase data
that includes multiple buyers using the same account, the proposed model demonstrated sufficient

accuracy. The findings of this study are expected to contribute to reducing the return rate due to sizing

errors and improving the customer experience on e-commerce platforms.

» Key words: Clothing Size, Recommender System, Collaborative Filtering, Personalization,

Fashion E-Commerce, Machine Learning
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I. Introduction
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1.2 Size and Fit in Fashion E-Commerce
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III. Collaborative Filtering-based Size
Recommender System
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Fig. 1. Size Recommender System Development Procedure
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Table 1. Performance Comparison of Collaborative
Filtering Algorithms
Categorization Algorithm RMSE Hit Rate

Base Models SVD 0.4409 0.5054
NMF 0.4095 0.6496
KNN 0.4993 0.4847
Co-Clustering 0.4414 0.5860

Ensemble Model | Linear . 0.4338 0.6428
Regression

Comparative Random 0.5894 0.4097

Models Baseline 0.4379 0.5033

Performance Comparison of Collaborative Filtering Algorithms
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Fig. 3. Performance Comparison of Collaborative Filtering
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Table 2. Size Count vs. Cumulative Hit Rate

Table 3. Purchase Count vs. Cumulative Hit Rate

#Si| Rando | Baseli [ SVD NMF [KNN | Co-Clu |Ense #Purc | Rand | Baseli | SVD NMF | KNN [ Co-Clu | Ense
zes|m ne stering | mble haes |om ne stering | mble
1 |1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 | 1.0000 3 0.4100 | 0.5074 | 0.5096 | 0.6354 | 0.4638| 0.5782 | 0.6271
2 10.7520|0.7912|0.7930 | 0.8490 | 0.7619 | 0.8354 | 0.8457 4 0.4102 | 0.5033|0.5050 | 0.6499 | 0.4784 | 0.5802 | 0.6415
3 10.6106|0.6770|0.6789 | 0.7737 | 0.6555 | 0.7345 | 0.7679 5 0.41230.4982|0.5023 | 0.6543 | 0.4842 | 0.5803 | 0.6481
4 10.51690.5956 |0.5952|0.7017 | 0.5656 | 0.6582 | 0.6913 6 0.41380.5041|0.5073| 0.6570 | 0.4849 | 0.5817 | 0.64%90
5 10.4519|0.5407 | 0.5400 | 0.6659 | 0.5256 | 0.6065 | 0.6575 7 0.4151|0.5069 | 0.5079 | 0.6579 | 0.4854 | 0.5883 | 0.6509
6 |0.4050|0.4946|0.4926 | 0.6274 | 0.4852 | 0.5637 | 0.6206 8 0.4166|0.5059 | 0.5085| 0.6610 | 0.4890| 0.5941 | 0.6533
7 10.3687|0.4600|0.4588 |0.6130 | 0.4733 | 0.5308 | 0.6074 9 0.4150|0.5089 | 0.5111| 0.6677 | 0.4949 | 0.5970 | 0.6584
9 10.3380|0.4497 |0.4475|0.6208 | 0.4789 | 0.5291 [ 0.6159 10 0.4144|0.5091|0.5110| 0.6736 | 0.4997| 0.6031 | 0.6650
10 [0.3087 | 0.4230 | 0.4266 | 0.5875 | 0.4517 | 0.4964 | 0.5859 11 0.4135|0.5077|0.5084 | 0.6758 | 0.5028 | 0.6021 | 0.6685
12 10.2778 | 0.3807 | 0.3839 | 0.5287 | 0.4065 | 0.4467 | 0.5273 12 0.4143|0.5074|0.5085 | 0.6745 | 0.5018| 0.6044 | 0.6689
13 0.4138|0.5108|0.5101 | 0.6770 | 0.5055 | 0.6073 | 0.6721
14 0.4096 | 0.5101 | 0.5099 | 0.6805 | 0.5097 | 0.6087 | 0.6762
Size Cotintvs. Climulative Hit Rate 15 0.4052 | 0.5056 | 0.5052 | 0.6794 | 0.5129 | 0.6080 | 0.6757
1 16 0.4028|0.5102|0.5097 | 0.6824 {0.5113]0.6108 | 0.6790
17 0.4049 | 0.5098 | 0.5091| 0.6805 | 0.5103| 0.6124 | 0.6755
! 18 0.4077|0.5075|0.5083|0.6814 [ 0.5117| 0.6146 | 0.6778
09 19 0.4051|0.5114|0.5137|0.6787 | 0.5114]0.6115| 0.6735
0 20 0.4067|0.5144|0.5162|0.6786 | 0.5099 | 0.6122 | 0.6733
21 0.4064|0.5093|0.5122|0.6731 | 0.5096 | 0.6123 | 0.6673
o 22 0.4084|0.5107|0.5125|0.6708 | 0.5082 | 0.6099 | 0.6671
06 23 0.4067|0.5105|0.5111|0.6744|0.5104 | 0.6084 | 0.6715
24 0.4067 | 0.5057 | 0.5102| 0.6780 | 0.5122| 0.6091 | 0.6772
o 25 0.3977|0.5011|0.5098 | 0.6799 | 0.5091 | 0.6069 | 0.6790
04 26 0.3992|0.4992|0.5085| 0.6814 | 0.5087 | 0.6043 | 0.6788
o3 27 0.4000 | 0.5035|0.5105| 0.6811 | 0.5144 | 0.6052 | 0.6787
28 0.39910.5033|0.5076 | 0.6874 | 0.5199 | 0.6096 | 0.6814
02 ; 5 5 P . 2 - 5 " P 29 0.3987|0.5100|0.5123 | 0.6926 | 0.5232 | 0.6069 | 0.6878
—8—Random == Baseline SVD NMF ==@=KNN === Co-Clustering =====Ensemble 30 0.3945|0.5119]0.5152 | 0.6980 | 0.5235 | 0.6087 | 0.6911
Fig. 4. Size Count vs. Cumulative Hit Rate
Purchase Count vs. Cumulative Hit Rate
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