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Abstract. With the development of 4G and 5G networks, more and more industries in China are borrowing O2O coupons to
drive offline consumption; however, many merchants randomly issue coupons leading to immeasurable marketing costs for
brands, and at the same time, there is a certain interference with consumers' choice of coupons for underwriting, and there is no
more scientific method to improve the redemption rate. Therefore, this paper adopts the actual data provided in the Aliyun
Tianchi competition, preprocesses and feature extraction and selection of the dataset, and constructs three prediction single
models based on GBDT, XGBoost and LightGBM, respectively. Through experiments, it is concluded that XGBoost has the best
prediction effect and the best stability among the single models, thus XGBoost is selected as the prediction model for judging
coupon usage, thus helping merchants to predict the probability of consumers using coupons, and thus realizing personalized
coupon placement and improving merchants' marketing ability.
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1. Introduction

Since the 1990s, China’s e-commerce industry has grown from scratch and gone through several stages, including the incubation
period (1999–2005), the innovation period (2005–2015), and the maturity stage starting in 2015, when the scale of online retail
transactions surpassed one trillion yuan. With the support of 4G networks and the advent of 5G technology, e-commerce has
gained a broader environment and market. Various new business models have emerged, such as Business-to-Customer (B2C),
Consumer-to-Consumer (C2C), and group-buying platforms. Among them, the Online-to-Offline (O2O) model — which
integrates online payment channels with offline store experiences — has become a representative e-commerce form that guides
consumers to physical stores through online promotions, thereby increasing sales volumes and improving the conversion of
online traffic into offline customers [1,2].

With the development of 4G and 5G technologies, more and more sectors in China, including group-buying, retail, tourism,
and catering, have adopted the O2O model to bridge online and offline channels. After a period of exploration, issuing online
coupons has become the preferred strategy for businesses to attract customers to brick-and-mortar stores, as coupons not only
stimulate consumption but also increase the proportion of offline revenue. However, many businesses still distribute coupons
randomly without any scientific method to improve their redemption rates . The indiscriminate issuance of coupons may disturb
consumers and damage brand reputation, while also making marketing costs difficult to estimate [3]. Therefore, it is necessary to
build machine learning models based on users’ historical consumption data and merchants’ coupon redemption records to predict
the likelihood of coupon usage. Such models enable personalized coupon targeting, which is an effective approach to increase
redemption rates, deliver tangible benefits to consumers with specific preferences, and create more marketing opportunities for
businesses .

Against this backdrop, this study uses real-world data provided by the Alibaba Tianchi competition and constructs three
machine learning models — LightGBM (which offers faster training speed, lower memory consumption, and better accuracy),
GBDT (which performs well without feature scaling), and XGBoost (which incorporates regularization into the objective
function to prevent overfitting) — to predict the likelihood of coupon usage and provide actionable insights for merchants’
personalized coupon distribution strategies.
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Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



Journal	of	Applied	Economics	and	Policy	Studies	|	Vol.18	|	Issue	9	|	227

2. Literature review

In recent years, with the rapid development of e-commerce, offline retailers have been increasingly losing market share to online
platforms. Against this backdrop, O2O coupons have become an important tool for offline merchants to attract customers.
However, the indiscriminate issuance of coupons can lead to waste and damage brand reputation, while inappropriate distribution
strategies may reduce their effectiveness. Therefore, predicting consumer behavior and implementing personalized coupon
distribution has become a major research trend. A substantial body of literature — both domestic and international — has
examined O2O coupon usage and characteristics, producing a wide range of findings. The studies most relevant to this paper
focus on three areas: factors influencing O2O coupon usage, personalized recommendation, and model algorithms.

2.1. Research on factors influencing O2O coupon usage

Numerous scholars have explored the factors affecting O2O coupon usage and identified a wide range of determinants. Chiang et
al.  [5] argued that users’ redemption behavior is influenced by their perceived value, coupon characteristics, and perceived
usefulness. Young et al.  [6] found that gender plays a significant role: female users are more concerned with timeliness and
enjoyment, whereas male users value convenience. Ma [7] showed that the distance to the nearest store significantly influences
coupon usage, while Ling [8] highlighted that macro-environmental factors, consumption environment, coupon characteristics,
and consumer attributes jointly affect redemption rates.

Many studies have also adopted machine learning techniques to further explore the determinants of coupon usage. In China,
Huang et al. [9] collected survey data and applied the PAM algorithm to categorize consumers into five groups: (1) those who
rarely shop online, (2) and (3) consumers who mainly spend on food and beverages, (4) those who spend on food, beverages,
travel, and accommodation, and (5) users with broader spending patterns. Internationally, Jayasingh  [10] employed the
Technology Acceptance Model (TAM) to analyze consumer attitudes and behavioral intentions toward mobile coupons,
concluding that enhancing perceived usefulness is essential for marketing practitioners. Coupon usefulness, ease of use,
merchant reputation, and social influence all have a positive impact on consumer behavior. Moreover, concerns about security
and privacy are also important determinants of coupon usage.

2.2. Research on personalized recommendation

Research on personalized recommendation systems began in the 1970s and has since expanded into various domains, with e-
commerce being the most prominent. Major platforms such as JD.com, Taobao, and Meituan have all experimented with
personalized recommendation technologies [11]. Huang et al. [12] proposed an improved trust-level recommendation algorithm
that integrates similarity and trust metrics to enhance recommendation accuracy. Gao et al.  [13] developed a personalized
recommendation model based on the Latent Dirichlet Allocation (LDA) topic model to predict content users are most likely to be
interested in on microblogging platforms, thereby improving the precision of content delivery.

2.3. Research on model algorithms

One of the key aspects of data mining is the development of effective model algorithms. Many scholars have applied random
forest and logistic regression models in various fields. Wu et al.  [14], for example, used naïve Bayes, k-nearest neighbors,
logistic regression, neural networks, decision trees, and random forests to predict O2O coupon usage, with results showing that
random forest models achieved the highest prediction accuracy. Liu and Li  [15] built a credit risk assessment model for P2P
lending using random forests, extending the algorithm’s application scope. Yue  [16] proposed a business intelligence-based
marketing prediction model that forecasts sales of promotional products based on coupon value and distribution timing,
providing theoretical support for marketing decision-making.

In recent years, Gradient Boosted Decision Trees (GBDT) and the improved XGBoost algorithm proposed by Chen et al. [17]
have been widely applied. Cai et al.[18] extracted feature combinations using GBDT and then employed logistic regression to
construct a personal credit risk assessment model, achieving higher prediction accuracy. Jia et al. [19] applied XGBoost to build
a predictive scoring model for clinical data, demonstrating its effectiveness in the medical field. Ye et al. [20] analyzed retail data
from Germany’s Rossmann stores and showed that the XGBoost-based ensemble learning algorithm achieved high
computational efficiency and predictive accuracy. He et al. [21] used Bayesian hyperparameter optimization to improve the
LGBM model for network intrusion classification, significantly enhancing recall and detection performance.
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3. Construction of the O2O coupon usage prediction model

3.1. Feature extraction

The dataset used in this study comes from real consumer data provided by a public competition. The raw dataset inevitably
contains missing values, outliers, and other types of noise. Therefore, appropriate data preprocessing methods are required to
clean and transform the data. Once extracted, cleaned, and converted, the data are integrated into a complete dataset that provides
a solid basis for decision-making.

Feature extraction is performed prior to feature selection. Its purpose is to automatically construct new features from the raw
data and transform them into a set of features with clear physical meanings. This process reduces dimensionality and eliminates
redundancy. Feature selection is a crucial step in data preprocessing: selecting the most important features mitigates the “curse of
dimensionality” and removing irrelevant features reduces the complexity of the learning task.

In this study, we extract the following categories of features within the prediction period: coupon-related features, merchant-
related features, user-related features, and user-merchant interaction features.

3.2. Model construction

The Gradient Boosting Decision Tree (GBDT) algorithm has strong expressive power due to its rich nonlinear transformations
and does not require complex feature engineering or feature transformations. XGBoost, an optimized distributed gradient
boosting library, is designed to be efficient, flexible, and portable. LightGBM, on the other hand, offers faster training speed,
lower memory consumption, higher accuracy, and support for distributed computing, making it suitable for large-scale data
processing.

Therefore, this study constructs and compares three models — GBDT, XGBoost, and LightGBM — and selects the one with
the best predictive performance as the optimal model.

3.3. Model evaluation

Model evaluation refers to the process of assessing the performance of one or more models based on their categories using
various metrics. It is a crucial step in the machine learning workflow. In this study, we adopt the F1-score and Area Under the
Curve (AUC) as evaluation metrics to determine the optimal model through comparative analysis.

To calculate accuracy, precision, recall, and the F1-score, we consider the confusion matrix, which is structured as shown in
Table 1 below:

Table 1. Basic structure of a confusion matrix

Positive Negative
True TruePositive(TP) TrueNegative(TN)
False FalsePositive(FP) FalseNegative(FN)

4. Results of O2O coupon usage prediction

4.1. Data description

The dataset used in this study originates from real online and offline consumer data provided by the Alibaba Tianchi O2O
Coupon Usage Prediction Competition. A partial sample of users’ offline consumption and coupon redemption behavior is shown
below in Table 2.
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Table 2. Description of data attributes

Field Description
User_id User ID

Merchant_id Merchant ID
Coupon_id Coupon ID

Discount_rate Discount rate
Distance The shortest distance between the user’s frequently visited location and the merchant’s nearest store

Date_received Date when the coupon was received
Date Date of consumption

Action 0: Click, 1: Purchase, 2: Receive coupon

4.2. Data preprocessing

4.2.1. Results of exploratory data analysis

Exploring the dataset is the first step in the data analysis process. Through exploratory analysis, one can gain an understanding of
the available data, identify relevant research questions, determine how to construct them, and find the best way to manipulate
data sources to obtain the desired answers.

Based on the dataset and the description of its attributes, a variety of useful hidden information can be derived. In particular,
by examining whether the fields Date_received and Date are null or not, the dataset can be divided into four categories:

1. Coupon received and product purchased
2. Coupon received but product not purchased
3. No coupon received but product purchased
4. No coupon received and product not purchased
The classification results are shown in Table 3.

Table 3. Classification of data types

Purchased Products Did Not Purchase Products
With Coupon 75382 977900

Without Coupon 701602 0

It can be observed that consumers who did not use coupons fall mainly into two categories: (1) those who purchased products
without having coupons, and (2) those who received coupons but did not use them when making purchases. The proportion of
consumers who actually redeemed coupons when purchasing products is relatively small. Therefore, it is necessary to improve
the precision of coupon distribution and increase coupon utilization rates.

4.2.2. Feature extraction results

Feature extraction is a fundamental operation in data processing and is often used to examine each data element to determine
whether it represents a meaningful feature. It serves two main purposes: reducing data dimensionality and standardizing the
dataset. The feature extraction process in this study is described as follows:

4.2.2.1. Discount rate

As shown in Table 2, the data in the Discount_rate field are expressed in three different formats:
• “null” — indicating no discount;
• A value in the range [0, 1] — representing the discount rate directly;
• “x:y” — indicating a reduction of y when spending at least x.
These three formats were standardized through data transformation, and the results are illustrated in Figure 1.
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Figure 1. Transformation results of coupon discount rate

4.2.2.2. Distance

The Distance field contains both numerical values and character types (such as “null”). To unify the data format, all “null” values
were replaced with -1, converting the field from string type to integer type. The transformation results are shown in Figure 2.

Figure 2. Transformation results of distance

4.2.2.3. Date

Another important factor affecting coupon usage is the date. The date on which the coupon is received (Date_received) can
influence the date of consumption (Date). Since both fields contain “null” values and differ in data type, conversion is necessary.
Considering that consumers are more likely to use coupons received on weekends, Saturday and Sunday were encoded as 1,
while other days were encoded as 0. Additionally, one-hot encoding was applied to extract and transform coupon receipt dates
from Monday to Sunday. The results are shown in Table 4.

Table 4. Transformation results of date features

weekday weekday_type weekday_1 weekday_2 weekday_3 weekday_4 weekday_5 weekday_6 weekday_7
null 0 0 0 0 0 0 0 0

6 1 0 0 0 0 0 1 0
3 0 0 0 1 0 0 0 0
6 1 0 0 0 0 0 1 0
1 0 1 0 0 0 0 0 0

To further explore relationships within the data, we also analyzed the number of coupons received by users each day and the
number of coupons used for purchasing products. The daily number of coupons received by users is shown in Table 5, while the
number of coupons used for purchases is shown in Table 6.

Table 5. Daily number of coupons received by users

Date_received count
0 20160101 554
1 20160102 542
2 20160103 536
3 20160104 577
4 20160105 691
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Table 6. Daily number of coupons used for purchases

Date_received count
0 20160101 74
1 20160102 67
2 20160103 74
3 20160104 98
4 20160105 107

The daily coupon redemption rate is a crucial feature. Based on the dataset analysis, we define positive samples as cases
where a coupon was received and subsequently used within the prediction period, and negative samples as cases where a coupon
was received but not used. According to the dataset, there are 75,382 positive samples and 977,900 negative samples. The
proportion of positive and negative samples is illustrated in Figure 3.

Figure 3. Proportion of positive and negative samples

From Figure 6, it can be seen that there is a significant imbalance between positive and negative samples. Due to this
imbalance, the model tends to minimize loss by predicting most samples as negative in many regions of the feature space. As a
result, the model may fail to learn meaningful patterns, and its predictions may concentrate around zero.

The idea of using a sliding window sampling method originates from the sliding window algorithm commonly used in
computer communications. A sliding window means that after each time interval, the window moves forward, and the length of
each window equals the duration of the signal. According to the First-In-First-Out (FIFO) principle, the data within the window
are continuously updated while the number of data points remains unchanged [22].

Although the dataset used in this study is not a text stream, it records the timing of each consumer’s activities — such as
when they received and used coupons — and therefore exhibits time-series characteristics. A schematic of the dataset
segmentation using the sliding window method is shown in Table 7.

Table 7. Dataset segmentation using the sliding window method

Dataset Prediction Interval Feature Interval
Test Set 20160701-20160731 20160701-20160731
Test Set1 20160701-20160731 20160701-20160731
Test Set2 20160701-20160731 20160701-20160731

After applying the sliding window sampling approach, the division of sample intervals becomes more granular, enabling the
generation of more training sets for model learning. Moreover, this method helps alleviate the problem of extreme class
imbalance between positive and negative samples.

4.2.3. Feature selection results

Feature selection refers to the process of selecting N features from an existing set of M features such that a specific system
metric is optimized. It is a process aimed at reducing data dimensionality, lowering model complexity and computational cost,
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and ultimately improving the performance of machine learning algorithms. The primary objectives of feature selection are
threefold: to reduce dimensionality, to decrease the difficulty of the learning task, and to enhance the efficiency of the model.

From an intuitive perspective, the dataset allows for the extraction of several fundamental categories of features, including
user-related features, merchant-related features, and coupon-related features. Among these, the user-level combined features are
illustrated in Figure 4, while the merchant-level combined features are shown in Figure 5.

Figure 4. Combined user features

Figure 5. Combined merchant features

4.3. Prediction model construction and result analysis

4.3.1. Prediction based on the GBDT algorithm

The parameter settings of the Gradient Boosting Decision Tree (GBDT) model are shown in Table 8.

Table 8. Parameter settings of the GBDT model

Parameter Name Setting
learning_rate
n_estimators
max_depth

min_samples_leaf
min_samples_split

max_features
subsample

random_state

0.1
60
7
60

1200
sqrt
0.8
10

For the learning_rate (weight shrinkage coefficient), selecting a value less than 1 can make the model more robust and help
reduce variance. It is typically chosen within the range of 0.1 to 0.5, and after experimentation, a value of 0.1 was selected. For
n_estimators (the maximum number of iterations), the optimal performance was observed when the value was set to 60. The
max_depth (maximum depth of the tree) was set to 7. The min_samples_leaf (minimum number of samples required at a leaf
node) was determined to be 60 through testing. The min_samples_split (minimum number of samples required to split an internal
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node) should be neither too small nor too large; the best result was achieved when it was set to 1200. The max_features
(maximum number of features considered for splitting) was set to the default value “sqrt”. The subsample (fraction of samples
used for random sampling) was chosen as 0.8, and the random_state parameter was set to 10 by default.

After training the model with the above parameter configuration, the resulting confusion matrix based on the GBDT
prediction results is shown in Table 9.

Table 9. Confusion matrix based on the GBDT algorithm

Predict
Actual 0 1 Total

0 85000 4592 89592
1 1256 7060 8316

Total 86256 11652 97908

The F1-score is 70.713%, and the AUC of the prediction results based on the GBDT algorithm is 0.7643.

4.3.2. Prediction based on the XGBoost algorithm

The parameter settings of the XGBoost model are shown in Table 10.

Table 10. Parameter settings of the XGBoost model

Parameter Name Setting
gamma

min_child_weight
max_depth

lambda
subsample

colsample_bytree
eta

tree_method
seed

nthread

0.1
1.1
5
10
0.7
0.7
0.01
exact

0
12

The parameter max_depth is straightforward — it represents the maximum depth of each base decision tree. The parameter
subsample controls the proportion of samples randomly selected for each tree, typically ranging from 0.5 to 1. The parameter
colsample_bytree determines the proportion of features (columns) randomly sampled for each tree, while colsample_bylevel
controls the proportion of features sampled at each level for every split. The parameter seed is used to reproduce the results of
random data generation and can also assist in parameter tuning. Finally, nthread specifies the number of threads for parallel
processing and should match the number of CPU cores in the system.

After running the code, the resulting confusion matrix is shown in Table 11.

Table 11. Confusion matrix based on the GBDT algorithm

Predict
Actual 0 1 Total

0 82651 3980 86631
1 1090 10187 11277

Total 83741 14167 97908

The parameters listed above represent only the most important ones. Using the trained model to make predictions on the test
set, the model achieved an F1-score of 80.074% and an AUC value of 0.8137.

4.3.3. Prediction based on the lightgbm algorithm

The parameter settings of the LightGBM model are shown in Table 12.
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Table 12. Parameter settings of the LightGBM model

Parameter Name Setting
application

num_iterations
boosting_type
learning_rate

min_data_in_leaf
metric

feature_fraction
bagging_fraction

bagging_freq
metric_freq

regression
500
gbdt
0.01
10
auc
0.7
1
10
1

The parameter num_iterations (number of iterations) is typically set as a multiple of 100, and in this study, it was finally
determined to be 500. The parameter boosting_type is usually set to “gbdt”. The learning_rate was set to the default value of
0.01. After experimentation, the parameter min_data_in_leaf performed best when set to 10. The metric was set to “auc”, as the
AUC value is used as the primary evaluation metric in this study. The feature_fraction parameter is generally chosen between 0.1
and 1, and a value of 0.7 yielded the best performance. The bagging_freq parameter was set to 10, while metric_freq was kept at
its default value of 1.

After running the code with these parameter settings, the resulting confusion matrix based on the LightGBM model is shown
in Table 13.

Table 13. Confusion matrix based on the GBDT algorithm

Predict
Actual 0 1 Total

0 82491 4196 86687
1 1198 10023 11221

Total 83689 14219 97908

Using the trained model to make predictions on the test set, the model achieved an F1-score of 78.797% and an AUC value of
0.8054.

4.3.4. Comparison of prediction performance across single models

The Area Under the Curve (AUC) is defined as the area under the Receiver Operating Characteristic (ROC) curve. As a
numerical indicator, a classifier with a higher AUC value demonstrates better performance, as AUC reflects the model’s ability to
distinguish between different classes — the larger the AUC, the higher the probability that the model will classify samples
correctly. Similarly, a higher F1-score indicates greater prediction stability and overall model quality. The AUC and F1-score
results of the three algorithms are presented in Table 14.

Table 14. Prediction performance of different models

Model AUC F1-Score
GBDT 0.7643 70.713%

XGBoost 0.8137 80.074%
LightGBM 0.8054 78.797%

The GBDT algorithm has strong expressive power due to its extensive nonlinear transformations and does not require
complex feature engineering or transformations. XGBoost, on the other hand, is an optimized distributed gradient boosting
library designed for efficiency, flexibility, and portability. One of the key advantages of XGBoost over GBDT is that it explicitly
introduces a regularization term into the objective function, which helps control model complexity. As a result, the learned model
is simpler and less prone to overfitting.

According to the results shown in the table, the XGBoost algorithm outperforms GBDT in terms of both prediction accuracy
and stability. LightGBM, building upon XGBoost, further optimizes cache hit rates and introduces histogram-based sparse
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feature processing. This results in faster training speed and lower memory consumption compared with XGBoost. However, its
overall performance is slightly inferior.

Therefore, from the perspective of this experiment, XGBoost demonstrates the best predictive performance among the three
algorithms.

5. Conclusion and future prospects

In this study, Python was employed to build a predictive model for O2O coupon usage using deep learning methods, particularly
the XGBoost algorithm. The proposed model offers valuable insights for O2O merchants and managers by providing a scientific
approach to coupon distribution and redemption prediction.

5.1. Overall summary

With the development of 4G and 5G networks, an increasing number of industries in China are leveraging O2O coupons to drive
offline consumption. However, many merchants still distribute coupons randomly, lacking a systematic method to improve
redemption rates. For merchants, indiscriminate coupon issuance can lead to resource waste, brand reputation damage, and
unpredictable marketing costs, while for consumers, it can disrupt their purchasing decisions.

To address the problem of blind coupon distribution, this study aimed to improve the precision of O2O coupon issuance.
Using user behavioral data provided by the Alibaba Tianchi platform, we conducted data exploration, feature extraction, and
feature selection. Three predictive models — GBDT, XGBoost, and LightGBM — were constructed and compared.
Experimental results showed that XGBoost achieved the best prediction accuracy and stability, while LightGBM had the lowest
memory usage and fastest processing speed.

The key managerial insights drawn from this research are as follows: merchants should pay attention to the effects of distance
and coupon issuance date on different consumer groups and aim to simplify the coupon redemption process.

The main innovations of this study are summarized below:
1. The introduction of the LightGBM algorithm into the field of O2O coupon prediction, which expands its application scope

and further validates its effectiveness.
2. The use of a sliding window sampling method for splitting training and test sets. This approach enables a more granular

division of sampling intervals, generates more training data, and effectively mitigates the issue of extreme class imbalance
between positive and negative samples.

5.2. Limitations and future work

Although this study conducted a series of analyses and built a predictive model with satisfactory performance for O2O coupon
redemption, several limitations remain due to technical and data constraints:

1. Data limitations: Due to the limited detail of the dataset, more comprehensive information on users and merchants — such
as age, education level, and business type — was not available. Since O2O coupons are widely used across industries such as
catering, tourism, and transportation, enhancing dataset richness is necessary. Future research could involve collecting and
integrating data from more sectors to improve the model’s generalizability and applicability.

2. Model limitations: All predictive models developed in this study are single models. Future research could explore
ensemble methods such as Stacking [23] to further improve prediction accuracy and enhance model performance.
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