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1. Project Overview
1.Project Background

With the rapid development of the Internet, the scale of e-commerce consumers
and products continues to expand. While providing convenience for users, e-commerce
has also led to the problem of information overload. Every day, millions of users browse
products, add them to favorites, and place them in shopping carts on the platform.
However, only a very small percentage of users ultimately complete the payment,
meaning a large amount of potential purchase intent is lost during the decision-making
process. How to utilize massive user behavior data to mine true consumer intent and
identify users with high conversion probabilities in advance has become a core
breakthrough for e-commerce platforms to increase GMV and enhance user stickiness.
This allows for targeted marketing, personalized recommendations, and efficient
resource allocation.

Against this background, this project utilizes the XGBoost algorithm to build a
purchase prediction model based on historical user behavior data. By mining the latent
features of the data, the model provides purchase predictions to help the e-commerce
platform implement targeted marketing and significantly improve conversion rates.
2.Research Objectives

This project aims to build an XGBoost-based purchase behavior prediction model
using desensitized e-commerce user behavior data. By systematically extracting and
modeling user behavior sequences, product category attributes, and temporal features,
the model accurately predicts the user's probability of purchasing a target product. It
also addresses key technical issues such as data class imbalance and data leakage to
achieve stable prediction results with high precision and recall. Furthermore, through
model interpretability analysis, the project extracts the core behavioral patterns that
influence purchases, ultimately providing practical data evidence and decision support
for targeted marketing, personalized recommendations, and optimal allocation of
operational resources.
3.Data Description

This project uses a sampled dataset of real, desensitized e-commerce user
behaviors (randomly sampled at 1/16 of the original data), which ensures strong
business authenticity and representativeness. The raw data primarily contains five key

fields, as detailed in Table 1. There are approximately 707,919 total behavioral records.



After deduplication, there are 599,116 unique (user, item) sample pairs. The sample
distribution is highly imbalanced, containing 6,697 positive purchase samples
(accounting for 1.12%) and 592,419 negative non-purchase samples (accounting for
98.88%). Table 3 shows an example of the sampled dataset. The data exhibits obvious
temporal and behavioral trajectory characteristics, making it suitable for sequential

feature modeling and purchase prediction research.

Table 1: Raw Data Fields

Field Name | Description

user id Unique identifier for the user (similar to an ID card number)

item_id Unique identifier for the item

behavior type Type of behavior: 1=Browse, 2=Favorite, 3=Add to cart, 4=Purchase

item_category Category ID of the item (e.g., food, clothing, electronics)

time Time the behavior occurred, accurate to the hour (format: 2014-12-06
02)

Table 2: Data Statistics

Data Scale Value

Total raw behavioral records ~707,919

Unique (user, item) pairs 599,116 pairs
Pairs with purchase behavior 6,697 (1.12%)
Pairs without purchase behavior 592,419 (98.88%)

Table 3: Data Sample

user_id item_id behavior_type item_category

77374787 22916568 1 6059 2014-12-16 06
77374787 22916568 1 6059 2014-12-16 06
77374787 22916568 |2 6059 2014-12-16 06
77374787 22916568 1 6059 2014-12-16 06

It is worth noting that, as shown in Table 2, the e-commerce user behavior data
used in this project has a significant class imbalance problem. During subsequent model
building, if the model simply classifies all samples as "non-purchase," it can still
achieve a high accuracy of 98.88%. However, this result would completely fail to

identify actual buyers and holds no practical business value. Therefore, targeted sample



balancing strategies must be adopted in the modeling process. At the same time,
accuracy should be discarded as the core evaluation metric. Instead, metrics more
suitable for imbalanced data, such as Precision, Recall, F1 score, and AUC-PR, should
be used for model evaluation.

2. Data Preprocessing and Behavior Serialization

2.1 Data Grouping

The raw data consists of single behavioral records that fail to capture the complete
user decision-making path. In this project, records are grouped using the combination
of "user id" and "item id" as the unique key. The behaviors are then sorted
chronologically and concatenated into strings to construct a complete behavioral

trajectory.

For example, suppose a user's behavioral records for a specific item are scattered

across five rows of data:

Table 4: Example of Behavioral Records

Time | Behavior
2BA1H10% Browse (1)
2B1B158 Browse (1)
12A2B809% Add to Cart (3)
2A3B14% Browse (1)
12A3H201 Purchase (4)

By grouping the data by (user, item) and concatenating all behaviors in
chronological order, the resulting behavior string is "11314" (Browse — Browse —
Add to Cart — Browse — Purchase).

In this way, each (user, item) pair is transformed into a complete "behavioral
trajectory," serving as the foundation for subsequent feature extraction. Example results
are shown in Table 5 below.

Table 5: Examples of Behavior Strings Grouped by (User, Item)
user_id item_id behavior_str \

5694160 140163476 111411

7207480 230738799 1314




10887844 343413817 1143

12931864 134837632 111411

15511710 399858977 1143

2.2 Data Leakage Prevention

To prevent the model from directly accessing the purchase labels, the behavior
sequences are strictly truncated prior to the purchase event to serve as model inputs:

Sequences with purchase behavior: Only the behavior prefix preceding the
purchase is retained.

Sequences where the first behavior is a purchase: The behavior sequence is left
empty, and last_action is marked as 0.

Sequences without purchase behavior: The complete behavior sequence is
retained.

Based on the above data processing steps, a total of 599,116 valid samples were
ultimately constructed, comprising 6,697 purchase samples and 592,419 non-purchase
samples.

3. Feature Engineering

Feature engineering is a core component of machine learning model construction.
Its primary objective is to transform raw, unstructured business data into model-
understandable input variables with business significance, which directly determines
the final performance of the model. The construction of the feature system in this study
aligns e-commerce business logic with data structure characteristics, systematically
extracting features from three main dimensions: behavior sequence, item category, and
temporal environment. A total of 17 core predictive features are constructed,
comprehensively covering user decision paths, category differences, and behavioral
temporal patterns, detailed as follows:
3.1. Behavior Sequence Features

Behavior sequence features are extracted directly from the "pre-purchase behavior
sequence," describing what the user has done regarding the item. They are primarily
used to quantify the user's level of attention and intention intensity toward the item,
serving as the most direct signal for predicting purchase behavior. Table 6 provides a

detailed description of the extracted behavior sequence features.

Table 6: Behavior Sequence Features



Feature Name

seq_len (Sequence Length)

Description and Example

The total number of operations performed before
purchase. For instance, the length of the sequence "113" is 3.

count_browse (Browse Count)

The number of times "1" appears in the sequence. For
example, in "113", count_browse = 2.

count_fav (Favorite Count)

The number of times "2" appears in the sequence.

count_cart (Add to Cart Count)

The number of times "3" appears in the sequence. Adding
to the cart is considered the strongest signal of purchase intent.

last action (Last Action)

The final character in the sequence. If the last action is
adding to the cart (3), the probability of purchase is highly
elevated.

Time)

time diff hours (Conversion

The number of hours from the first browse to the first add-
to-cart action. Missing values are imputed with -1.

3.2. Item Category Features

Users' purchasing habits vary significantly across different product categories. For

instance, the conversion rate for food items is typically much higher than that for high-value

electronics. We calculated the following statistical features at the category level, as outlined in

Table

7.

Table 7: Item Category Features

Feature Name \ Description

cat_sample count

The total number of behavioral records for items in this category
(measuring category popularity).

cat_sample ratio

The proportion of behaviors in this category relative to the entire
database.

cat_purchase rate

The historical purchase rate of this category (Target Encoding)—an
important reference baseline for model prediction.

cat avg time buy

The average time (in hours) taken by users from the initial behavior
to purchase within this category.

Z_score

The deviation of the current user's activity in this category from the
average level (standardized score).

It should be noted that in e-commerce data, item categories exist as discrete numerical

IDs, which function as high-cardinality categorical features and cannot be directly fed into the

model for effective learning. To enable the model to understand the purchase discrepancies

between various categories, this project employs Target Encoding to convert categorical

variables into numerical representations. The core methodology of Target Encoding is replacing

the categorical variable with the statistical value of the target variable for that specific category.



In this project, the historical purchase rate of each category is used to replace the original
category ID. For example, if the historical purchase rate for category 3252 is 0.8% and for
category 9614 is 1.76%, the encoded model can directly recognize the purchase probability
variations between categories, significantly enhancing the model's ability to learn category-
specific attributes.

To prevent data leakage and safeguard model generalization, target encoding is computed
based solely on the training set. The test set is strictly excluded from the encoding statistical
process, ensuring rigorous isolation between the training and evaluation phases, thereby
rendering the model results valid and reliable.

3.3. Temporal Environment Features

The specific times at which user behaviors occur can also reflect purchase intentions. For
example, studies suggest that consumers often engage in impulsive consumption late at night.
Concurrently, intensive, high-frequency browsing is often a precursor to an impending
purchase. Based on these insights, we constructed temporal environment features. Temporal
features capture user behavior density, decision cycles, and impulsive consumption tendencies,
effectively extracting implicit purchase intents. The detailed temporal environment features are

presented in Table 8.

Table 8: Temporal Environment Features

Feature Name Description

last_active hour The hour of the day the last behavior occurred (0-23).

time_span_hours The total hours spanned by the entire behavior sequence (a
longer span indicates a more pronounced "comparative shopping"
pattern).

is_late night Whether the last behavior occurred in the early morning between

0-5 AM (0=No, 1=Yes).

click density 1h Based on the timestamp of the last behavior, the number of
behaviors recorded in the past 1 hour.

click density 6h The number of behaviors recorded in the past 6 hours.

click density 24h The number of behaviors recorded in the past 24 hours.

It is important to note that multicollinearity exists between the features
is_late night and last active hour (since late-night implicitly equates to hours < 6).
During the subsequent modeling phase, Variance Inflation Factor (VIF) testing can be

applied to determine whether to retain only one of these features.

In summary, based on these three major dimensions, a total of 17 feature variables were

extracted, as illustrated in Figure 1.



user_id | item_id lem_catego] seq len fount_browd count_favkount_carfast_actiohe diff_hol sample_cd sample_rdpurchase | avg_time. z_score |t active e span hot late nigkk densityck densityk density

6118 | 2731042 | 9614 1 1 [ 0 1 -1 1303 | 0.0022 515732924 7.7391 [12506022125597 0O 0 1 1 1

6118 | 12929262 | 12304 1 1 ] 0 1 -1 297 | 0.0005 B030303030 3.4444 | -0.116684881 | 18 0 0 1 1 1
6118 61595610 3252 1 1 0 0 1 -1 1622 0.0027 0147965474 26.9231 | -0. 438710968 12 0 0 1 1 1
6118 | 80007528 | 10037 1 1 [ 0 1 -1 228 §8506491220 0 [1228550436084] 11 0 0 1 1 1
6118 | 118314443| 3798 1 1 [ 0 1 -1 1436 §320334261] 33.5455 | -0.455716441 | 22 0 0 1 1 1
6118 | 159077284] 11623 1 1 [ 0 1 1 2116 | 0.0035 }759924385( 17.037 | -0.240070366 | 23 0 0 1 1 1
6118 | 182126438 | 10037 2 2 0 0 1 1 228 0.0004 0 1228550436084] 11 0 0 P 2 2
6118 | 192770159 | 10037 1 1 0 0 1 1 228 0 1228550436084] 23 0 0 1 1 1
6118 | 213677881| 9614 1 1 0 0 1 -1 1303 515732024 7.7391 [12506022125597 21 0 0 1 1 1
6118 | 263180346 12304 1 1 [ 0 1 -1 207 3.4444 | -0.116684881 | 21 0 0 1 1 1
6118 | 208746900 11623 1 1 [ 0 1 -1 2116 5( 17.037 | -0.240070366 | 11 0 0 1 1 1
6118 | 366793467| 9614 1 0 1 0 2 1 1303 12506022125507 23 0 0 1 1 1
7528 | 3844641 | 5004 1 1 [ 0 1 1 13 0640988836973 18 0 0 1 1 1
7528 | 10237913 | 3942 1 1 [ 0 1 1 708 . -0.277736283 | 21 0 0 1 1 1
7528 | 23151106 | 10392 1 0 ] 1 3 1 4783 . 3146411896268 22 0 0 1 1 1
7528 | 37046277 | 5004 1 1 0 0 1 -1 13 0 [06409888369735 18 0 0 1 1 1
7528 | 64006907 | 3424 1 1 [ 0 1 -1 2550 J588235294] 10.8846 | -0.394415091 | 15 0 0 1 1 1

Figure 1: Feature Extraction Results

4. Label Definition

The primary objective of this project is to predict whether a user will purchase a
product based on behavioral interaction data. This task is formulated as a binary
classification problem, where the target label indicates whether a purchase occurred for
a specific (user, item) pair. Specifically, a label of 1 (positive sample) is assigned if the
behavior type is a purchase (behavior type=4), while a label of 0 (negative sample) is
assigned if no purchase occurred. Based on the provided dataset, the statistical

distribution of these labels is summarized in Table 9.

Table 9: Label Statistics

Label | Count
0 (Non-purchase) 592,419 pairs (98.88%)

1 (Purchase) 6,697 pairs (1.12%)

5. XGBoost Model Construction
5.1. Introduction to the XGBoost Model
1. XGBoost Algorithm Principles

Boosting Tree is an ensemble learning method that constructs a strong learner by
combining multiple weak learners, typically decision trees. The fundamental concept
involves iteratively training a series of decision trees, where each subsequent tree is
trained on the prediction errors of the previous one to progressively improve predictive

accuracy. The mathematical expression is as follows:
M
fu@ =370,
m=1

The model uses a forward stagewise algorithm, where the m-th step is defined as:
fm(x) = fm—l(x)+T(x’®m)

where T() represents the decision tree, M is the number of trees, and © denotes




the parameters of the decision tree.

For classification tasks, T() is a binary classification tree; for regression tasks, it is
a binary regression tree.

Gradient Boosting Decision Tree (GBDT) is a specific implementation of the
boosting tree that guides the generation of each new tree using the gradient of the loss
function, enabling the model to converge more efficiently to the optimal solution. In
each iteration, GBDT fits the gradient of the residuals between current predictions and
actual values to minimize the loss function.

XGBoost (eXtreme Gradient Boosting) is an optimized implementation of GBDT
characterized by higher computational efficiency and stronger regularization
capabilities. XGBoost improves upon GBDT in several key areas:

Second-order Derivative Information: XGBoost incorporates second-order
derivatives in the objective function to estimate the gradient more accurately, thereby
accelerating convergence.

Regularization: An explicit regularization term is added to the objective function
to control model complexity and effectively prevent overfitting.

Parallel Computing: XGBoost supports feature-level parallel computing, utilizing
modern hardware capabilities to significantly reduce training time.

Missing Value Handling: The algorithm has a built-in mechanism to automatically
learn the optimal split direction for missing values.

The core logic of XGBoost can be compared to a "joint consultation" by multiple
experts: while a single decision tree has limited judgment, multiple trees sequentially
correct prior errors and output a weighted synthesis for robust prediction. Its
performance on structured data has made it a mainstream choice in both industry and
data competitions.

2. Rationale for Selection

XGBoost was selected as the core algorithm due to its high precision, training
speed, stability, and interpretability in structured data scenarios. It effectively addresses
the requirements of purchase prediction tasks. Furthermore, XGBoost supports custom
class weights and flexible loss function settings, which are essential for handling the
extreme class imbalance in this project. Its built-in regularization and parallel
computing capabilities allow for rapid training on large-scale data while preventing
overfitting and providing clear feature importance for business interpretation.

5.2. Dataset Partitioning



To avoid distribution bias caused by the high class imbalance, this project utilizes
stratified sampling (stratify=label) for dataset partitioning. Unlike simple random
splitting, stratified sampling ensures that the proportion of positive purchase samples
remains consistent across the training, validation, and test sets (at 1.12%). This ensures
the rigor and comparability of model evaluations. The dataset partitioning is

summarized in Table 10.

Table 10: Dataset Partitioning

Dataset Ratio / Row Count Purpose

Training Set 72% / 431,362 rows Model learning of patterns

Validation 8% / 47,930 rows Monitoring for overfitting and determining
Set early stopping

Test Set 20% / 119,824 rows Final performance evaluation on unseen data

5.3. Handling Class Imbalance

The dataset exhibits severe distribution imbalance, with positive samples
(purchases) representing only 1.12% of the data. Training on the raw distribution would
cause the model to favor the majority class (non-purchases) to achieve high nominal
accuracy, thereby failing to identify actual buyers.

To resolve this, the project applies a class weighting strategy using the
scale pos weight parameter in XGBoost. This increases the weight of positive samples
during training, forcing the model to focus on the minority class.

Setting: scale pos weight = total negative samples / total positive samples =
88.46.

Objective: This configuration penalizes the misclassification of a buyer as heavily
as 88 misclassifications of a non-buyer, ensuring the model prioritizes positive sample
identification.

5.4. Core Model Parameter Configuration

The parameter design for the XGBoost model focuses on e-commerce purchase

scenarios, class imbalance management, and overfitting prevention. The configuration

is divided into fixed base parameters and core tuned parameters, as shown in Table 11.

Table 11: Core Model Parameters

Parameter Setting Description

Maximum number of trees; actual optimal iteration was 208

n_estimators 500 . .
- rounds using early stopping.




Maximum depth of a tree to control complexity and prevent

L 6 overfitting.

learning_rate 0.05 Step size shrinkage to enhance convergence stability.

silbseasle 08 Row sgmpllng ratio to enhance model diversity and
generalization.

colsample_bytree 08 Column sampling ratio to reduce overfitting risks from
feature redundancy.

scale pos weight 88.46 Weight ratio to address class imbalance.

. Validation metric prioritized for imbalanced data

eval metric aucpr
performance.

early stopping roun 30 Terminates training if validation performance does not

ds improve for 30 rounds.

random_state 2025 Fixed seed for result reproducibility.

n_jobs

-1

Parallel training using all available CPU cores.

5.5 Hyperparameter Optimization and Tuning Results

1. Parameter Optimization Strategy

Hyperparameter optimization was conducted using the Optuna framework with a

Tree-structured Parzen Estimator (TPE) sampling strategy. Compared to grid or random

search, this Bayesian approach dynamically adjusts search intervals based on historical

trials to locate optimal combinations more efficiently.

A total of 50 independent trials were conducted across 8 core hyperparameters

affecting complexity, fitting capacity, and regularization:

max_depth: [3, §]

learning_rate: [0.01, 0.2] (log-uniform)

subsample: [0.5, 1.0]
colsample bytree: [0.5, 1.0]
min_child weight: [1, 20]

gamma: [0.0, 1.0]

reg_alpha (L1 Regularization): [le-8, 10.0 ] (log-uniform)

reg_lambda (L2 Regularization): [le-8, 10.0] (log-uniform)

The entire tuning process strictly followed the same dataset partitioning, feature

engineering, and training procedures as the baseline model. This was done to avoid data

leakage and to ensure that the optimization results were both fair and reliable.

2. Parameter Optimization Visualization




To visually demonstrate the tuning process and its effects, a visualization analysis
was performed, with the core charts presented in Figure 2. The left panel of Figure 2
displays the Optuna Bayesian optimization convergence curve, illustrating the variation
in validation AUC-PR across 50 trials. The blue scatter points represent individual trial
results, the orange curve indicates the historical best value, and the gray dashed line
denotes the baseline model performance. The optimization process shows a rapid
improvement followed by stable convergence, with the optimal result significantly
exceeding the baseline, confirming that Bayesian tuning effectively enhanced model
performance. The right panel provides a hyperparameter importance plot, reflecting the
degree of influence each parameter has on the model's effectiveness. The results
indicate that learning_rate, max_depth, and subsample have the most significant impact
on this purchase prediction task. This suggests that tree depth, learning step size, and
sampling strategies are critical factors in determining model performance, providing a
clear direction for further optimization.
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Figure 2: Optuna Bayesian Optimization Convergence Curve and Hyperparameter
Importance Plot
3. Parameter Optimization Results and Performance Comparison
After 50 rounds of Bayesian search, the final optimal hyperparameter combination
was obtained as shown in Table 12.

Table 12: Optimal Hyperparameter Combination After Tuning

Parameter Name Optimal Value

max_depth 6
learning_rate 0.0834
subsample 0.5103
colsample bytree 0.9850
min_child weight 17




gamma 0.2123

reg alpha (L1 Regularization) 4.3294e-07

reg lambda (L2 Regularization) |4.4734e-07

The optimized model was compared with the baseline model on an independent
test set, with the core performance metrics presented in Table 13.

Table 13: Performance Comparison Between Baseline and Optimized Models on the Test

Set
Core Metric Baseline Model Optimized Model Performance Change
AUC-ROC 0.9994 0.9994 No significant change
AUC-PR 0.9760 0.9773 +0.0013 (Improvement)
F1 Score 0.9639 0.9615 -0.0024 (Slight decrease)

Based on the results in Table 13, this tuning process targeted AUC-PR—the core
evaluation metric for imbalanced data—and achieved a stable improvement. This
indicates that the tuned model's ability to identify positive samples (purchasers) has
been further enhanced, fully meeting the project's business requirements. The minor
decrease in the F1 score resulted from prioritizing the maximization of AUC-PR during
tuning; this represents a standard trade-off between metrics and does not affect the
model's core business value.

6. Detailed Explanation of Evaluation Metrics

6.1. Why Accuracy Cannot Be Used?

Accuracy is the most fundamental metric in binary classification tasks. It is

calculated using the following formula:

TP+TN
TP +1TN + FN + FP

Accuracy =

Where TP represents True Positives, TN True Negatives, FP False Positives, and
FN False Negatives. While accuracy is intuitive, it can be highly misleading in
scenarios with extreme class imbalance and fails to reflect the true business value of a
model.

Applying this to the current project:

Accuracy = Correct Predictions / Total Samples = 118,485 / 119,824 = 98.88%

Although an accuracy of 98.88% appears excellent, a model with this score could




still fail to identify a single actual buyer, rendering it useless for purchase prediction.
Therefore, for imbalanced datasets, we must utilize more appropriate metrics, including
the confusion matrix, Precision, Recall, F1 Score, AUC-ROC, and AUC-PR.
6.2. Confusion Matrix: Four Types of Prediction Results

The confusion matrix provides a clear breakdown of the distribution across the
four categories of actual versus predicted labels. it serves as the foundational tool for
evaluating performance on imbalanced data. The results for the test set in this project

are shown in Table 14.
Table 14: Confusion Matrix Results

Name Definition / Project Value

True Positive (TP) Actual purchase, predicted as purchase — 1,255
individuals

False Negative (FN) Actual purchase, predicted as non-purchase (Miss) — 84
individuals

False Positive (FP) Actual non-purchase, predicted as purchase (False alarm)

— 10 individuals

True Negative (TN) Actual non-purchase, predicted as non-purchase —
118,475 individuals

6.3. Precision. Recall and F1 Score
From a business perspective, the priority is the ability to identify users who are
truly likely to purchase. Consequently, Precision, Recall, and the F1 Score offer more

relevant insights. The results are summarized in Table 15.
Table 15: Precision, Recall, and F1 Score

Metric Formula and Definition

Precision TP / (TP+FP) = 1255/1265 = 99.2%
The proportion of actual buyers among those predicted to buy.

Recall TP / (TP+FN) = 1255/1339 = 93.7%
The proportion of actual buyers correctly identified by the model.

F1 Score 2 x P x R / (P+R) = 96.4%
The harmonic mean of Precision and Recall.

The high Precision (99.2%) indicates that the model rarely disturbs non-
purchasing users, while the high Recall (93.7%) demonstrates its capability to identify
the vast majority of actual purchasers. The balance between the two is excellent.

6.4 AUC-ROC and AUC-PR

To comprehensively measure the model's discriminative power, this project



employs two types of AUC (Area Under the Curve) metrics. The visualizations are
provided in Figures 3 and 4, with detailed indicators explained in Table 16. Based on
these results, the AUC-ROC of 0.9994 signifies exceptional overall discriminative
ability. Furthermore, with a positive sample rate of only 1.12%, an AUC-PR of 0.9760
represents an outstanding level of performance, confirming that the model's ability to

identify rare purchase events is both stable and reliable.
Table 16: AUC-ROC and AUC-PR

Metric Definition and Project Score

AUC-ROC = 0.9994 Values range from 0 to 1; closer to 1 is better. This means that if
a buyer and a non-buyer are selected at random, there is a 99.94%
probability that the model will assign a higher score to the buyer.

AUC-PR =0.9760 Specifically designed for imbalanced data, this metric is more
rigorous than AUC-ROC. Given a positive sample rate of only 1.12%,
a score of 0.9760 is exceptionally high.
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Precision-Recall Curve
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Figure 4: Precision-Recall Curve

7. Results Interpretation

7.1 Overall Model Performance

After strictly correcting the data leakage issue associated with Target Encoding,
the metrics returned to their true values; however, the overall performance remained at
an excellent, industry-grade level. The comprehensive model results are presented in

Table 17.
Table 17: Overall Model Results

Metric Value

AUC-ROC 0.9994

AUC-PR 0.9760

F1 (Optimal Threshold 0.894) 0.9639

Precision 99.2%

Recall 93.7%

False Negatives (FN) 84 individuals (6.3% of actual buyers missed)
False Positives (FP) 10 individuals (Extremely low false alarm rate)

Following the correction for Target Encoding data leakage, the metrics
experienced a slight decrease (e.g., AUC-PR dropped from 0.9836 to 0.9760).
Nevertheless, they remained outstanding, indicating that the results are authentic and
reliable.

7.2 Feature Importance Analysis (SHAP)
SHAP (SHapley Additive exPlanations) is currently the most mainstream model

interpretation framework. It quantifies the contribution of each feature to an individual



prediction. To enhance model interpretability, we utilized the SHAP framework to
visually explain the decision-making process. Figure 5 presents the feature importance
ranking based on the mean absolute SHAP values, where a larger value indicates a
stronger impact on the purchase prediction.

As clearly illustrated in the figure, the features with the most significant impact on
user purchase behavior are, in descending order: time_span_hours (session time span),
click density 24h (24-hour click density), click density lh (1-hour click density),
seq len (behavior sequence length), click density 6h (6-hour click density),
last action (user's final behavior), cat purchase rate (category purchase rate),
cat avg time buy (category average purchase time), and z score (user category
activity deviation). Most of these features are directly correlated with user behavioral
activity, session duration, and category preferences. Notably, time span_hours exerts
the most substantial influence, suggesting that the longer a user spends browsing an
item, the stronger their purchase intention. This aligns perfectly with e-commerce
behavioral logic: a user's willingness to invest more time browsing an item signifies a
higher level of purchase interest. Similarly, the variables click density 24h and
click density 1h serve as critical indicators of click density. This indicates that recent
behavioral activity is highly correlated with the probability of purchase; high-frequency
clicks generally denote elevated interest in the item's category, thereby increasing the

likelihood of purchase.
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Figure 5: SHAP Feature Importance (Mean Absolute SHAP Value)

To further elucidate how varying feature values affect prediction outcomes, a
SHAP Beeswarm Plot was generated, as shown in Figure 6. The behavioral patterns
corresponding to key features can be clearly identified from this plot:

l.time span_hours (session time span): Higher feature values (red) correspond to

more positive SHAP values, indicating that longer browsing durations for an item
increase the probability of purchase. This perfectly mirrors e-commerce logic, as a
user's willingness to invest more time implies stronger purchase interest.

2.click density 24h/ click density 1h (short-term click density): Higher feature

values (red) align with positive SHAP values, demonstrating a strong correlation
between recent click activity and purchase probability. High-frequency clicks
typically indicate rapidly growing interest in an item or category, serving as a strong
predictive signal for purchase behavior.

3.seq_len (behavior sequence length): Lower feature values (blue) correspond to

more positive SHAP values, suggesting that shorter behavior sequences and more

direct decision paths paradoxically yield higher purchase probabilities. Such users



typically exhibit clear goals and make quick purchases, making them the archetypal
buyers identified by the model. Conversely, users with excessively long sequences are
often comparing prices or hesitating, resulting in a relatively lower probability of
purchase.

4.cat_purchase rate (category purchase rate): Higher feature values (red) shift
SHAP values in a positive direction, indicating that higher historical purchase rates
for a category elevate an individual user's purchase probability. This reflects the
impact of overall category popularity and collective user preferences on purchasing
decisions.

5.z score (user category activity deviation): Higher feature values (red)
correspond to positive SHAP values, showing that when a user's activity in a specific
category significantly exceeds the average level, the purchase probability rises
markedly. This highlights the predictive value of personalized category preferences

on purchase behavior.

SHAP Beeswarm — Feature Value vs Impact on Prediction High
9
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Figure 6: SHAP Beeswarm Plot (Red = High feature value; X-axis = Direction of impact on

prediction)



In summary, the SHAP analysis results are highly consistent with real-world e-

commerce user behavior logic. This confirms that the feature patterns learned by the

XGBoost model are reasonable and possess strong business interpretability, capable of

providing solid data support for the subsequent optimization of operational strategies

by e-commerce platforms.

7.3 Error Analysis

Although the model correctly predicted the vast majority of samples in the test set,

it still missed 84 actual purchases (False Negatives). Analyzing these "hard cases" is

crucial for further model optimization. Figure 7 illustrates the distribution comparison

of key features across three sample types: True Positives (TP, green), False Negatives

(FN misses, red), and False Positives (FP false alarms, orange).
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False negatives represent the primary direction for model optimization. As clearly

seen in the box plots, the behavioral patterns of missed users differ significantly from

those of typical purchasers:

1.seq len: The median is 3 for FNs (compared to 0 for TPs). FN users typically



navigate a longer browsing path without any "add to cart" records, yet they ultimately
make a purchase. These "silent order" users are the most challenging to predict.

2.time_span_hours: The median reaches 121.5 hours (approximately 5 days).
Missed users often undergo a prolonged decision-making cycle, placing an order only
after extensive price comparison.

3.cat purchase rate: This rate is relatively low (0.005). Missed users tend to

purchase items from categories with inherently low purchase rates, deviating from the
model's baseline expectations.

Regarding false positive samples, the model generated a mere 10 false alarms.
This extremely low number demonstrates the model's high precision, ensuring that
users with no actual purchase intent are almost never incorrectly disturbed.

In conclusion, model errors are concentrated on two types of users. The first
comprises missed users (False Negatives), who are characterized by long behavioral
paths, extended decision cycles, and purchases in niche categories. These are "atypical
buyers," and the model currently lacks sufficient capability to capture their features.
The second type consists of falsely predicted users (False Positives). Their extremely
low frequency classifies them as extreme edge cases, posing no significant impact on

overall business operations.

8. Project Limitations and Future Work
8.1. Current Limitations

While this project achieved positive results in the task of predicting e-commerce
purchase behavior, several limitations remain due to constraints in data scale,
computational resources, and modeling methodologies:

1.1/16 Dataset Sampling: The original dataset was randomly sampled at a 1/16
ratio due to limited computational resources. This may affect the statistical robustness
of the model regarding rare item categories.

2.Target Encoding Refinement: There is room for improvement in the Target
Encoding process. A more rigorous approach would involve calculating encoding
values within K-fold cross-validation to further mitigate potential bias.

3. Temporal Considerations: This project analyzed behavioral data in a flattened
format without strictly isolating the training and prediction periods using sliding time

windows. In a production environment, it is essential to ensure that training data



strictly precedes the prediction timestamp.
4.Feature Multicollinearity: Potential —multicollinearity exists between
is_late night and last_active hour, as well as between the three click density features
and seq_len. Although XGBoost is highly robust to multicollinearity, these features
would require further screening if the model were migrated to a linear framework.
8.2. Possible Improvement Directions
Based on the aforementioned limitations and current trends in modeling
technology, future research can be optimized and expanded across the following four
dimensions:
1.Introduction of Sequence Models: Utilize LSTM or Transformer architectures to
directly model behavior strings, capturing the sequential dependencies and long-term
patterns between user actions.
2.Incorporation of User-Level Features: Integrate additional user-centric features,
such as historical purchase frequency, total active days, and account age, to better
characterize the user’s overall consumption capacity.
3.0nline Learning Implementation: Since user behavior evolves in real-time,
deploying incremental learning models can allow the system to update prediction
scores dynamically as new behaviors occur.
4.Extended Hyperparameter Optimization: Perform a more exhaustive grid search
or Bayesian optimization on parameters such as max depth, learning rate, and

min_child weight to potentially achieve further gains in the AUC-PR metric.
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[t € Z 8~ R 11 .
Fz 1M EBRERMZ LSRR

] ENERE
_ BEYNGSHBEARRHBE  BERFERBEFDLL
n_estimators 500 _
Y&k |, KERERMIEREIRN 208
BERREMNBERARE , BHMNNERE  BR2ES
max_depth 6
SRTETHIILE
_ BENZIR 258 - BRREMNRLERNTE
learning_rate 0.05 "
RE , M KERRAERKRSREN
IREELEB] , SRMBENER 80% MUISGHESR , A
subsample 0.8
RN ZHEMEZEE
DIREELED] , BREBRENER 80% VAL , FRAKISHE
colsample_bytree | 0.8
TR RTELE XS
: EREANEL K BRAEATHERE , BAREN
scale_pos_weight | 88.46
IEREAAYIR B BE




, HHEYIGWIEER , LEFER AUC-PR, EEERT
eval_metric aucpr . R
BEBIE T
ear|y_stopping_rou 30 E@%Wﬁﬂgg?@%ﬁ , ggﬁiﬁﬁﬁﬁgﬁﬁ 30 %%E
nds F, BaILIEIE , BhLESHE
random_state 2025 EEBYAF , RIEERYELERTEN
n_jobs -1 RWALE CPU BB ITHITIEG , KIBSEISRFER

5.5 BEHMHSASLE
1. SERAENE

KBS HMAKHM Optuna HEZEH) TPE (Tree-structured Parzen
Estimator) SRAFHEHS, ZHUSHH LM MR, VISR, RREEET DIk
RN RNSMESHHRIX A, H e a8 s, Kigpd s
FeRT .

RRRAIEHRE 50 Fephsrilne, #4260 M i R R R . A RE
Jiv EENMEEORE) 8 MELHSE, AR REET:

max_depth: [3, 8]

learning rate: [0.01, 0.2] CH35)5040)

subsample: [0.5, 1.0]

colsample_bytree: [0.5, 1.0]

min _child weight: [1, 20]

gamma: [0.0, 1.0]

reg alpha (L1 IEND: [le-8, 10.0] (I

reg lambda (L2 IEMD: [le-8, 10.0] Ctf#¥i51434m)

BN S 1 T A% G 5 BB 58 4 — BUN B AR R4 . REAE AR L I
CRRE, MR HUEEECHE M EE 10 A, W R 2 A A S T S
2. SERALFT L

NEWERRS SR SRR, WSS REEAT e, oK
MR 2 fix. FE 2 hEgLE Ry Optuna ST ALIShZR, Yl 28 e 7R
T 50 YGRIPIGIESE AUC-PR [ fhiadh . W GBSOV R GRIG 45 1, 8 (il
LRI, KEOBE NI ERAIERE. TTLLE Y, R R PR ST O




FoE s, methas R m TR, R VIR A R TR R,
oy S8 E R, ZE RS S EOS R R I R . 45 R BOR,
learning rate. max_depth. subsample XV SETRMAT S5 EmH K, Wi
PERIREE . 2 21K G REACR A SR 2 e AU R MOG3N e Ay
AT T BT

Optuna Optimization History Hyperparameter Importance

,,,,,,,,
‘_ o, %0 Q.0 e 2 [T
et e et Pt e "%

learning_rate
gamma
min_child_weight

colsample_bytree

Validation AUC-PR
o
©o
S

max_depth
0.93
subsample
0.92
reg_alpha
0.91 Each trial
~— Best so far reg_lambda
~~- Baseline = 0.9760
0.90 T T T T F T T T T T
0 10 20 30 40 50 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Trial number Importance

2 Optuna UFHFE (KIS HIZE R BS BB HIFE
3. ZHURMEA R G IEREX E
23 50 B IR, RAKRIRINESHASTTE 12 Por.
* 12 BRESBsKAS

SHEN RLEUE

max_depth 6
learning_rate 0.0834
subsample 0.5103
colsample_bytree 0.9850
min_child_weight 17

gamma 0.2123
reg_alpha ( L1 1EN ) 4.3294e-07
reg_lambda ( L2 IEM ) 4.4734e-07

K0 IG 1 e AR Y 5 B AR A A S R AT PERERT EE, RO da o5
WRE 13 Fiw.
* 13 BELRASHUEENHEMREXTEL

B FERR -85 il LR RE HERERR AL



AUC-ROC | 0.9994 0.9994 THHEEY

AUC-PR 0.9760 0.9773 +0.0013 ( &7 )

F1 5% 0.9639 0.9615 -0.0024 ( /METEE )

BT B3R 13 RG], AU A EHHE KO il FE R AUC-PR N
AL AR, BmASLHL T AUC-PR AR 1871, Ui BRI Ja R IERE A (3K
WD BRARE ik — P iGas, SEa@E o AT H k5 F ks F1 02 /MiE T
B, el TR e RS T AUC-PR fUERTH, BT IEW e bailfls, A5
Wi A R A% o 25 I E
6. THfLIEFRIFRE
6. 1. RTALTEEREHHE (Accuracy) ?

#EfIR (Accuracy) & 70 AR IR PP TEdR, it a3 08:

TP +TN
TP +TN + FN + FP

Accuracy =

Hrp, TP AEIER], TN NEME, FP OARIES], FN NE5E. #EfE
EUEW, BAEEAFEARENIERT ST, S/ ERERSE, ©2k
2 IR AR I BT S

RAATIH »

HERR = IERTUNEL / SAEAEL = 118,485 / 119,824 ~ 98.88%

XA 98, 88%  YHER AT L RAR L, HIX M AY Xof g SEF0 4 75 Bl oy 2% |
It LS T AN BT 5, FRATT 0 500 F S8 50 I AR b, BLRR R RERE . KGR
(Precision). 403 (Recall). F1 3%, AUC-ROC 5 AUC-PR.

6.2. JRAEME: MUMTUNZER

TRVEHE B RE S 1 T J /s A B AE L SRhR 28 5 TR bR 245 L U220 A, =2 VPAh

AP AR R TR . AT H R AR A R R4S R R 14 PR
% 14 RIEIEELER

=L BX AT EHE

True Positive (TP / EIEHI) BXME , thFNAMEE — 1,255 A
False Negative (FN / &5 4i) EXMWE , BWUAIFEE (KR ) -84 A

At

False Positive (FP / {& IEf) BEXAME , BFNAME (iRK ) - 10 A




True Negative (TN / E £ fl) BEXAWE , MR FMEE — 118,475 A

6. 3. Precision, Recall 5 F1 43#{
ATH MK S5 JE E ROTERE S PRt ARSI SEH P, IR iR A
25 Fl pHCERZHNE. SRR 15 s,
% 15 Precision. Recall 5 F1 53%

Ei=EN N W=V

Precision ( = ) TP/ (TP+FP) = 1255/1265 =  99.2%
BEMN"SZ"HWAF , EMNETH LA

Recall ( BEIE ) TP/ (TP+FN) = 1255/1339 =  93.7%
BEXLETHWAR | HBERH R LA

F1 Score 2 x P x R / (P+R) = 96.4%
Precision #1 Recall B ¥E15

A (99.2%) RN RITIARIG I s A EZ (93, 7%)
PRI REAR M AR D OSSR IS
6.4 AUC-ROC 5 AUC-PR

N ERAX 6, ARBEAHME AUC FEARgE T il T B
AT N B 3 Bl 4 Fros. TEAIFRFR U T AR 16 P . AR AR 45 R
A LLE R, $8FR AUC-ROC=0. 9994 i WA AL ELAR X 7p BE oMo AL IEREAA &
1.12% HI&1F R, AUC-PR=0.9760 J& T ALK, RIS Fif I 5K
PR RE I Fe e AT EE

#& 16 AUC-ROC 5 AUC-PR
it BNEXTESS

AUC-ROC = 0.9994 HUE 0-1, MR 1 817, ERERIE— NI —1E
ER , HEHE 99.94%MN B RAIZRE 5 A TN LR

AUC-PR =0.9760 LR TEE BTG | Lk AUC-ROC B=H, EERANE
RE1.12%8185% T , 0.9760 R A LFE




ROC Curve
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7. HREE
7.1 RBUERIRSRIN
BERFE P MAZ IE Target Encoding HdiMhEE )5, fabnEIH RS, (H
BARLKIAIIRIE BN TAV RN T Ko BRERIEEAR LS R T 3% 17 Piow:
= N7 RBEGFER

1R WE
AUC-ROC 0.9994
AUC-PR 0.9760
F1 ( &{LBI{E0.894 ) 0.9639
Precision 99.2%




Recall ( BER ) 93.7%

wH (FN) 84 N (EXMRE 6.3% #HIER )

i%4% (FP) 10 A ( RIEIRIE )

B FE4Z2 IE Target Encoding ##EMt#E J5, fEFRE&HE T FF (AUC-PR:
0.9836 — 0.9760), {HARIRMNMT, WL RA LS.
7.2 FHEEZEM 24 (SHAP)

SHAP (SHapley Additive exPlanations) & H it 353t IR AL iR T 5,
HURFRAT: XTI, FAFHETTIR T 2 /058 i FHBORL I AT i R
P, FRATAEH SHAP AEZEXHSEAY ph SRR AT AT AL RE . [l 5 9Bk TP 4%y
SHAP B FRARFAE B BEVEHE T, BB R ORI AR A1 00 08D ST T 00 ) 5 i e

ME TR LG A 2, X P SEAT O R R R IR AE AR TR
time_span_hours (ZiEHFIAIEEEE ). click density 24h (24 /N ST 5.
click density lh (1 /N i i % B D . seq len (AT A F I KE) .
click density 6h (6 /NI SHFZE). last_action (A HJE—IRIT A
cat_purchase rate CGKHISLZ), cat avg time buy (CKH ML),
z_score (P RHEIEREMZE). L EFFERHE S H AT IERE .. Sl K
S H i B DG, Hrdr, Emis KMRHEH time span_hours, i H -
FER b R0 I (IR, D SE R R SR . X SR T AR e S P
FE AR N B Z I 1) 00 WA e, AR SEDGBR B ;. A8 HE click density 24h
PAJ click density 1h IXPHANE AR sl % BEMII EZR I, XRHUHF
AT HA TR AT D IR 5 ) ST e v BEAE G, ARl o s A o 1 A FH P 00 7 i
JH B N, AT AT REIA K .




SHAP Feature Importance (mean |SHAP value|)

time_span_hours
click_density_24h
click_density_1h
seq_len
click_density_6h
last_action
cat_purchase_rate
cat_avg_time_buy
z_score
count_browse
last_active_hour
cat_sample_count
count_cart
count_fav
time_diff_hours
cat_sample_ratio

is_late_night

0.0 05 1.0 15 2.0 25 3.0 35 4.0
mean(|SHAP value|) (average impact on model output magnitude)

5 SHAP 45 EEE M (Fi43t SHAP &, HEHKHREERE)

Dt — AR N AR AR IO TN 45 S s U, AN AL T SHAP ¢
#EE (Beeswarm Plot), Wi 6 Frw. A Ay DATE I H OCBRHAE 14T R
T

1. time span hours (ZxifWf[AIFSRE) RRAEEBR S (Z0€4), SHAP E ki )
1E, B AR R it L S TG, TSR . X S R AT B AR e
LWt AP BERNTE LR RS, ARG TR .

2.click density 24h /click density 1h CFE S o525 B ) A0 AR bR =

(Z68), SHAP {FERARW ] 1F, 356 BH 7 20 S 1 At ok v AR 5 ) ST M 4 v B A
Ko R EE AR RS/ RHPGEIEEYETHR, 2 TATH
RIS 5

3.seq len T HFPFIKLE) R (€D, SHAP {Elfkm ik, #i8
HPAT AR FIE . PO AR B e, SRR s . XM 2 8 B iR
A, PRI T IR, RBALRBIMIAESEH . ke, Al KIE P



Z RN BOREIIH -, G SERE AR UK.

4. cat_purchase_rate (FEHIYEHR) KM (L), SHAP HHwH
1B, ULBIRE SRR H P SR, F SRR R, R SR H B
A T FE P AR ) ST A o TR SR [ 5400

5.z score (R HIERREE MM ZE) FRALMEME (ZL6), SHAP E i i)
1B, LB P AEXT R B R E R B S TP AP, SRR R BT
PRI FH P AN VAL 28 AR 2 0 8 SEAT A B LA 1

SHAP Beeswarm — Feature Value vs Impact on Prediction High
g

time_span_hours
click_density_24h
click_density_1h
seq_len

click_density_6h

last_action
cat_purchase_rate
cat_avg_time_buy

z_score

Feature value

count_browse
last_active_hour
cat_sample_count
count_cart
count_fav
time_diff_hours
cat_sample_ratio

is_late_night

T T T T T T T Low
-4 -2 0 2 4 6 8
SHAP value (impact on model output)

6 SHAP Beeswarm [& (I=4FE{ES; X H=XFNaIEMm7E)

Zi b, BATTNON SHAP ) #r 4 RS HSE R P AT Vi8R 2, XAk
1 XGBoost MEAYZE] BIRPRMEMA S H . H& @k nl e Rett, REVSHE )
HURE 1 6 A SN s A s (Bt S 4%
7.3 RS

R LR G BT IR0 1 48 RAR I REAS, (BASAFAE 84 S FLSENY KA
T Gl Ak S8 3B R Bh BA T — LA, I 7R T TP (K



B, 2R, PN GRRflR, Z0L8). FP GRfl, ) =R CHBAHE B
IIATXS EE o

Error Analysis: Feature Distribution — TP vs FN (Missed) vs FP (False Alarm)

seq_len count_cart count_browse
o 1.2
5 S 54 8
o
1.0 o
4 41
0.8 1
3 P — 31
0.6 -
2 o 0.4 1 24
1 &’ - i
0 0.0 01
L N FP ™ N FP ™ N FP
(n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10)
last_action time_diff_hours cat_purchase_rate
30 o o o 3001 o o
4 o 0.20 A
25 400 °
2.0 o 300 ] 015
15 8
200 1 0.10 4
1.0
100 8 0.05 8
0.5 : i
0.0 01 g 0.00 q
P N FP ™ N FP ™ N FP
(n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10)
click_density_24h time_span_hours
o 5.0 1 o
10 o 600 1
° 4.5 o o
8 4 500 -
8 4.0 o °
6 o 3.5 400 - o
. ° 3.0 300 4
2.5
200 1
2 2.0
- 154 100 -
0 \?‘
1.0 01 L
™ N FP ™ N FP ™ N FP
(n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10) (n=1255) (n=84) (n=10)

7 TP (43) vs FNF#R (4) vs FPiRIR (I8) BUEHB4FESFaxttt

T bR AR i R ZE R T 18], MWAHZR T LB E B, Je 0
AT AR IR WS P AR B35 2 S

1.seq len H#l 3 (i TP N 0): FN FHFIEFEAN T 8K 0
&, IR, RAENEE T ——X K" 2 N B (0 - MR TR .

2. time_span_hours WA EEIE 121.5 /N (295 KD: IRk AL
TRKMRFEEEY, gk E % R,

3.cat_purchase_rate ff& (0.005): JfFH F i m) T K% 28 H i %
HFARIARTI T e, T AR (1 BE Al 2 T

GIRFEASKE, BALRIRAL 10 B, BRI, U BER B i 26 4% o
JLPASHTRAEABIG L.

kKA, BMRERETERKHP L, —R2RRAP, EERITH
ALK, WA, WEKEATT, BT CARBWSLRH T, A I



P RRHERARE A 2 5 —FARIA P, KA P BERD, 8T Hemid s
NI ELUN S RTE 3-8
8. MHERBRMSFHE
8.1. HAETHEMR

AT H T HL R D SRR 55 T IS T RAFRCR, (H A2 BT HE U
THERIE S @BTE, AAEAE LR U5 T # R PR A -

1Ry 1/16 sl JRIGEAE R R 5 B A2 PREBEAT 1 BEALARE, PTRE
SRR 2 H Gt R i

2. TargetEncoding 117 gk s [/]: BE A& 7 2 1E K Hr a8 Uik 434
T, D I TR 2 .

SN P I R AT A AT N ER AT P o A, O TR ) R B
WNSRIFI T ] o AEA = BREE A, NP A% DR IR I R0 B3 Tt o 1] e

A PSMEIL M. is late night 55 last_active hour, LM click density
SAMRHIEY seq len Z AFTEETESLZ . XCBoost Xf LR MR A E M, (A4
IS B 2R ) 7535 B
8.2. WIRERIEH F7 (4]

BT ERRRYE, eSS @A R A, R FESEN
DA DA e RE AT SR S 4 R«

15N, (] LSTM R Transformer BT HFIFE, il
AT R 22 TR I 26 2%

2NMNFEZ I REAE: TP BRI S 5 L VRER R EL. KSR AR,
R LAZR i R A 2 A

BAELY: 2] HI AT AR SER R0, W] LIRS I 2 S B, XERiAT Ay
SIS HT P 23 4

4 B HEAM: 4 max_depth. learning rate. min child weight ZFiE4T

PR AR R B DU e A, AT RERE— 2B 32T AUC-PR.



