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Personalized customer recommendation has * The dataset contains the merchandize information and the location information. But We found some interesting finding in the dataset. There are
garnered significant interest in recent years due there Is no user information In this dataset. There are large amount of missing certain categories of spending that requires longer

to its potential to revolutionize business value in the emall and website columns. We are working on the cleaned dataset processing time. Such as restaurant and dining. Especially,
strategies. By leveraging recommendation which contains around 170,000 records. Most of the transaction are small the Fact Food and Restaurants among the detailed
systems, businesses can effectively target transactions between [0,2000] in Figure 2. 98% of small transactions are below 250 cateqories. The result is shown in Figure 4 (a) and (b).

. . . . Categories with High Processing Time Categories with High Processing Time - Restaurants/Dining
potential customers, enhance user experience, In Figure 3. e - . 000000 [[mocesane o . (a) (b) =
and ultimately boost revenue. In this study, we ol 0000 T ||~ = 1 | =
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collaborative filtering algorithms to a streamlined = oo u ;-
bank transaction dataset. The primary objective l - oooooo
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glgorlthrr_\s when detailed CUStOmer_ Information Figure 2. small transactions between [$0,52000]. Figure 3. small transactions between below $250. Uzﬁa‘;;ﬁ;g‘;a SSSREfELEE e
IS unavailable, a common scenario in real-world . . . _ SR EELEE R R S IR I “

. . . * We analyze the spending according to the transaction amount in the below table.
datasets with  privacy constraints.  Our | | o | | AR SR A O D O : 8
exper_lmental evaluayon _focgses on _three High Spending: Significant expenses mclude_ Credit Card Payments ($4,453), Figure 4 spending categories with high processing tinfe. e
prominent collaborative filtering techniques: followeql by Checks ($448), and Business I\/Ilscell_aneous ($524). Other notable The RMSE uat ¢ Collaborative Filtaring (CE
User-Based Collaborative Filtering, Item-Based categories are Insurance ($263) and Refunds/Adjustments ($470). € E evaluation of Collaborative Filtering (CF)
. L ! . . . . models highlights that User-Based CF is the most
Collaborative  Filtering, and Model-Based * Moderate Spending: Includes Online Services ($93), Clothing ($108), Shoes -
Collaborative Filterin B conductin a $113), Utilities ($100), and Child/Dependent Expenses (comparable to others in accurate, with the lowest error Values at 0.01. Model-
. ng. By J ($113) ( ) P P (comp Based CF follows, while Item-Based CF has the highest
comparative analysis, we demonstrate how this range). . . -
o H f 9 h . RMSE, indicating fewer effective predictions.

each approach —periorms  unger the —given + Low Spending: Categories such as Restaurants/Dining, Electronics, Retirement S Comparion for all e Collaboratve Fitering modeis
dataset limitations. The findings of this study Contributions, Dues and Subscriptions, and Deposits all fall under $35, indicating ——
provide va_luable Insights |_n_to the adaptabl_llty minimal expenditure in these areas. tem-based = -
and effectiveness of traditional collaborative _,
ﬁ|tering mEthOdS, Offering practical imp”cations High Spending Insurance/Refunds/Adjustments/Credit Card 263/470/524/4453/448 ITjtﬂ_jsﬁﬁ_.:: :Tibam jjj'ji

- - : : Payments/Checks/Business Miscellaneous o '
fc_)r _ deSIinng_ recom_rnendatlon SyStemS n Moderate spending Online Services/Clothing/Shoes/Utilities/Child/Dependent Expenses 93/108/113/100 user-based |9 3 Table 2. Summary
Slmllar COnStralr]Ed environments. Low Spending Restaurants/Dining/Electronics/Retirement Contributions/Dues and 35/34/35/21/34 _ | P P - for RMSE Values
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Table 1. small transactions categories (High, Moderate, and Low). Figure 5. RMSE Values with Collaborative Filtering Models

Dataset Overview Methods Future Directions
The dataset we are using is a minimized bank Three methods are used perform customer recommendation on the cleaned dataset: Vr\l/e ‘1‘”” continue developr:ng r_ecomrrr\]encltiatl_on algo;]lthms

- - . e . . . - that leverage privacy-enhancing technologies, such as
transaction data. It contains 25 columns and + User-Based Collaborative Filtering: This method identifies users who are similar to . rage privacy J teLNnoioy
more than 15 million records. The whole . . e differential privacy or federated learning, to ensure user

all Lo - | the active user and makes recommendations based on how much similar users confidentiality while maintaining recommendation quality
dataset Is in Figure 1 bubble plot according to spending. The assumption is: "If users X and Y have similar spending, and X liked |
the geographic locations.. _ an item, Y might also like it.“ In this study, we use cosine similarity as the main

approach for calculating the similarity. Acknowledgements

* [tem-Based Collaborative Filtering: Instead of focusing on users, item-based CF
focuses on finding relationships between items. The assumption is: "If users liked a
particular merchant, they may also like similar merchants.” Again, cosine similarity
IS used for calculating the similarity.
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 Model-Based Collaborative Filtering: This method builds predictive models using

machine learning algorithms to predict user preferences based on past interactions. References
Unlike user-based and item-based CF, model-based methods focus on building a
o mathematical representation of users and items. In this study we use alternating Yujeong, Hwangbo, Kyoung Jun Lee, Back Jeong, and Kyung Yang Park,
| o @ @o eeeeeeeeeeeeeeeee N least S quares ( ALS) as the model for recommendation. Recommendation syst.em with minimized transaction data." Data Science and
Figure 1. minimized bank transaction data. Management 4 (2021): 40-45
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