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[Abstract]

This study develops machine learning models to predict review count and wish count on the
KakaoTalk Gift platform and analyzes the contribution patterns of consumer response variables. Product
data from the dessert and kitchen categories were collected, and features were constructed from price,
discount rate, satisfaction score, product title-derived variables, and generative Al-based image variables.
Only products with at least 10 reviews were used for the analysis. Random Forest, XGBoost, and
LightGBM models were compared, and SHAP analysis was used to interpret the direction of feature
contributions. The results show that the importance and contribution directions of variables differ by
target signal and category, and that image-based variables provide supplementary predictive information
for some categories and targets. This study presents a methodological framework for predicting and
interpreting consumer responses in an online gifting context by integrating generative Al-based image

variables with product data.

» Key words: Online gift platform, Consumer response prediction, SHAP analysis, Generative Al,
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I. Introduction
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2. Consumer Response Prediction
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III. Approach

1. Data Collection
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Fig. 1. Examples of Product Detail Page:

Dessert Category (Left) and Kitchen Category (Right)

2. Data Preprocessing and Feature Extraction
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Table 1. Prompt for Image-Based Feature Extraction
(Kitchen Category)

[Evaluation Criteria]

- aesthetic_score: How visually appealing the image is
(color harmony / design / styling)

- visual_quality_score: Image capture quality (resolution
/ focus / lighting / noise / distortion)
- giftability_score: How much the
gift-appropriate  (gift  packaging /
composition / premium feel)

- color_diversity_score: Variety and variation of major
colors (monotone vs. diverse)

- background_cleanliness_score:
non-distracting the background is
- brand_strength_score: Clarity and prominence of
logo/brand name exposure

- product_visibility_score: How large and clear the
product appears (easy to recognize at a glance)

- text_density_score: How much text/copy appears in
the image (higher score = more text)

product feels
product  set

How simple and

[Additional Evaluation Criteria for Living/Kitchen]

- material_premium_score: How premium the materials
appear (e.g., stainless steel / glass / ceramic / solid
wood)

- functional_clarity_score: How clearly the
function/purpose is conveyed by the image (you can
tell what it is immediately)

- hygienic_feel_score: How hygienic/clean the image
feels (neat and tidy without stains or clutter)
- space_saving_score: How space-efficient it appears

(slim/compact/easy to store)

- premium_kitchen_feel_score: How much it feels like
imported/premium kitchenware (professional, high-end
kitchen vibe)

- design_minimalism_score: Degree of
design (simple, uncluttered, well-organized)

minimalistic

Prompt
Evaluate the given Kakao Gift ‘'Kitchen/Imported
Kitchen' product image and convert the evaluation

results into feature scores.
Output JSON only. Do not
explanatory text.

include code blocks or

[Scoring Rules]

- All scores must be real numbers between 0 and 1,
rounded to two decimal places (e.g., 0.73). More
fine-grained evaluation is preferred.

- 0.90-1.00: Very high

- 0.70-0.89: High

- 0.40-0.69: Moderate

- 0.00-0.39: Low
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Table 2. Descriptive Statistics (Dessert Category)

Table 3. Descriptive Statistics (Kitchen Category)

Feature Mean Std Min Max Feature Mean Std Min Max
aesthetic_score 0.821 | 0.063 0.45 0.92 aesthetic_score 0.826 | 0.051 0.55 0.92
visual_quality_score 0.878 | 0.038 0.7 0.95 visual_quality_score 0.892 | 0.038 0.6 0.95
giftability_score 0.75 0.14 0.1 0.98 giftability_score 0.74 0.115 0.3 0.98
color_diversity_score 0.593 | 0.136 0.15 0.95 color_diversity_score 0.509 | 0.148 0.15 0.95
background_cleanliness_ 0892 | 0.088 04 0.98 background_cleanliness_ 0915 | 0.075 03 0.98
score score
brand_strength_score 0.683 0.21 0 0.95 brand_strength_score 0.457 | 0.306 0 0.95
product_visibility_score 0.849 | 0.061 0.6 0.95 product_visibility_score | 0.871 | 0.051 0.6 0.95
text_density_score 0.418 | 0.177 0 0.85 text_density_score 0.235 | 0.181 0 0.8
sale_ratio 0.085 | 0.279 0 1 material_premium_score | 0.686 | 0.163 0.1 0.95
satisfaction 94.036 | 5.965 70 100 functional_clarity_score | 0.777 0.1 0.05 0.95
names_len 39.354 | 15.226 9 83.00 hygienic_feel_score 0.862 0.05 0.5 0.95
review_log_cnt 4.07 1.443 | 2398 | 9.21 space_saving_score 0.597 | 0.106 0.05 0.94
wish_log_cnt 6.774 | 1.355 | 2.708 | 11.29 premium_kitchen_feel_

price_log 9872 | 0.492 | 8683 | 11.44 score 0658 | 0.155 | 005 | 0.94
s_log_mode 2764 | 2.019 0 5.545 design_minimalism_score| 0.802 0.08 04 0.95

sale_ratio 0.073 | 0.261 0 1

satisfaction 95.359 | 5.607 73 100

3. Model Development names_len 50.447 | 17.776 | 8 96
B2 ol AH|AF RS R EZA] 2|8 29} QA 2 re\{iew_log_cnt 3.895 | 1.254 | 2.485 | 8.951
_ _ _ wish_log_cnt 7.657 | 1.185 | 2.944 | 11.002
7Y o5t o SRR sk F SR THEIA price_log 10.165 | 0.565 | 7.314 | 12.038
2|9} = 20| el B2 x3lslo] & 4719 o & y_}x] s_log_mode 2567 | 1.664 0 5.545
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Table 4. Main Hyperparameter Settings for LightGBM
Models

H - Dessert Kitchen
yperparameter Review Wish Review Wish
n_estimators 1000 800 1200 1200
learning_rate 0.005 0.01 0.01 0.005

max_depth 3 3 5 4
subsample 0.9 0.9 0.6 0.9
num_leaves 15 7 15 7
min_child_samples 20 20 15 15
reg_alpha 0.5 0.5 0.1 0.5
reg_lambda 1 2 2 2
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4, Model Evaluation
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Table 5. Model Performance Comparison: Dessert

Target Model R? RMSE MAE
Mean baseline -0.01 1.39 1.09

Review Random Forest 0.69 0.77 0.58
Count XGBoost 0.73 0.72 0.56
LightGBM 0.69 0.76 0.60

Mean baseline -0.01 1.31 0.99

Wish Random Forest 0.62 0.80 0.58
Count XGBoost 0.64 0.78 0.57
LightGBM 0.56 0.87 0.64

Table 6. Model Performance Comparison: Kitchen

Target Model R? RMSE MAE

Mean baseline 0.00 1.37 1.05

Review Random Forest 0.73 0.70 0.53

Count XGBoost 0.76 0.67 0.50

LightGBM 0.72 0.73 0.52

Mean baseline 0.00 1.16 0.92

Wish Random Forest 0.57 0.76 0.61

Count XGBoost 0.58 0.75 0.60

LightGBM 0.55 0.78 0.62

IV. Results
1. Feature Importance Analysis
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Fig. 2. Feature Importances for Review Count Prediction
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Fig. 3. Feature Importances for Wish Count Prediction

2. SHAP Analysis: Review-target Model
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4. Additional Robustness Analyses
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Table 7. Performance of Comparison Models Excluding
Cross-response Inputs

Target Z

Category (Excluded Input) R RMSE MAE
Review Count 14 156 | 4 267 | 0978

(Wish Count)

Dessert Wish Count
(Review Count) 0.051 1.264 0.974
Review Count |4 505 1 4 990 | 0849

Kitchen (Wish Count)

Wish Count
(Review Count) 0.086 | 1.108 | 0.888

Table 8. Performance Comparison with and without
Image-based Features (LightGBM)

Category | Target Fg:ti?_‘zs R | RMSE | MAE

Review Included | 0.694 | 0.765 0.599

Dessert Excluded | 0.674 | 0.789 0.618

Wish Included | 0.555 | 0.865 0.639

Excluded | 0.550 | 0.871 0.657

Review Included | 0.717 | 0.727 | 0.521

Kitchen Excluded | 0.740 | 0.697 0.523

Wish Included | 0.550 | 0.777 | 0.617

Excluded | 0.490 | 0.828 0.666
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