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Abstract 
This project addresses the challenges of nonlinear user behaviour and extreme class imbalance in 
digital advertising by combining predictive modeling and generative artificial intelligence to 
predict click-through rates. We analyze a large-scale dataset containing advertising interactions 
and news feed engagement, and use CatBoost as the primary predictive model after evaluating a 
logistic regression baseline. Catboost demonstrates strong performance and reveals key 
behavioural and ad-level predictors of click behaviour. To address the rarity of positive click 
events, we train a Conditional Tabular GAN to generate principal component projections. The 
synthetic samples preserve important statistical properties of the real minority class and highlight 
the potential of generative artificial intelligence for augmentation and analysis in rare event 
prediction. Together, the predictive and generative models provide complementary insights into 
user engagement patterns and offer practical avenues for improving click-through rate modeling 
in digital advertising.  

Introduction  
Predictive analytics plays an essential role in digital marketing by enabling advertisers to 
anticipate user behavior, improve audience targeting, and optimize campaign performance. 
Machine learning models allow marketers to analyze historical interactions and forecast the 
likelihood of a click. Since advertisers rely on click-through rate to evaluate ad effectiveness and 
make decisions about pricing, placement, and bidding strategies, accurate CTR prediction 
directly influences revenue and campaign success. Understanding and predicting click behavior 
is therefore fundamental to effective advertising technology. 
 
Click-through rate measures how often users click on an advertisement relative to how many 
times it is displayed. It reflects the extent to which an ad captures user attention and aligns with 
user interests. A higher CTR indicates strong engagement and often suggests that the ad content, 
creative design, and targeting strategies are performing effectively. Because CTR is a direct 
measure of user responsiveness, it is one of the most widely used indicators of ad performance. 
CTR is computed by dividing the number of clicks an ad receives by the number of impressions 
it generates, then expressing the result as a percentage. For example, fifty clicks out of ten 
thousand impressions correspond to a CTR of zero point five percent. Although CTR 
benchmarks vary by industry, ad format, and platform, tracking this metric over time helps 
advertisers refine their strategies, improve personalization, and allocate budgets more efficiently. 
Generative AI refers to a class of machine learning models that learn the underlying structure of 
data and create new synthetic samples that resemble the original dataset. Unlike traditional 
discriminative models, which focus on predicting labels, generative models aim to capture the 
full joint distribution of the features. This makes them particularly powerful for data 



augmentation, privacy-preserving modeling, and tasks involving underrepresented minority 
classes. 
 
Our motivation for this project was to explore how predictive modeling and generative artificial 
intelligence can work together in this setting. We aimed to evaluate the strengths and limitations of a 
traditional predictive model and then investigate whether synthetic data generated from a generative 
model can help represent rare click events. This approach mirrors real problems faced in digital 
advertising and provides insights into the role of these models in improving click-through rate prediction.  

Literature Review 
Early click-through rate (CTR) prediction methods relied on traditional machine learning models 
that used manually engineered features. These models incorporated information from different 
stages of user interaction, including current impressions, past impressions within a session, and 
contextual features describing the browsing environment. Techniques such as Support Vector 
Machines, Conditional Random Fields, Decision Trees, and Back Propagation Neural Networks 
were commonly used. Research consistently showed that modeling user intent, session context, 
and behavioral history improved predictive accuracy. 
 
Modern approaches shift toward representation learning through deep neural architectures. Two 
tower models encode user behavior and item characteristics separately and project them into a 
shared latent space to measure compatibility. Extensions of these architectures introduce context 
encoders that capture temporal and device-level factors that influence engagement. More recent 
developments incorporate multi-domain information, multi-task learning, and attention-based 
models that prioritize the most relevant parts of a user’s interaction history. These advances 
demonstrate a clear evolution from manually engineered features toward deep learning systems 
capable of automatically extracting complex patterns, reducing sparsity, and improving 
personalization. 
 
Initial applications of generative models for tabular data focused on adapting GAN architectures 
originally developed for images to structured datasets. Initial approaches demonstrated that 
adversarial training could synthesize minority-class examples that resembled real observations, 
helping address severe class imbalance without relying on simple resampling techniques. 
Surveys across multiple domains, including fraud detection, medical diagnosis, and churn 
prediction, consistently showed that GAN-based augmentation improved minority-class recall 
and provided more realistic samples than traditional oversamplers such as SMOTE. These early 
models established the foundation for generative AI as a viable method for improving prediction 
quality in rare-event settings where observational data are limited. 
 
Modern generative approaches introduced specialized architectures tailored to the unique 
properties of tabular data. Conditional Tabular GAN (CTGAN) emerged as a leading model by 



incorporating techniques such as mode-specific normalization, conditional sampling, and 
mixed-type feature handling. These innovations allow CTGAN to learn complex joint 
distributions involving categorical and continuous variables while generating high-quality 
synthetic samples targeted toward the minority class. Parallel developments led to the Tabular 
Variational Autoencoder (TVAE), which leverages a smooth latent space to capture continuous 
relationships and produce more stable synthetic records with reduced noise. Together, CTGAN 
and TVAE represent a shift toward generative systems that explicitly model feature 
dependencies, multimodal distributions, and rare-class structure. 
 
Recent research extends these models into new directions, integrating differential privacy, hybrid 
sampling strategies, and high-dimensional data modeling. Approaches such as DP-CGAN and 
PrivBayes demonstrate that synthetic data can improve minority-class detection while preserving 
user confidentiality through privacy-focused mechanisms. Other studies combine CTGAN-based 
augmentation with undersampling frameworks to address both class imbalance and class overlap 
in complex domains. These advancements highlight a clear evolution from early adversarial 
generators toward more sophisticated generative architectures capable of capturing intricate 
feature relationships, enhancing minority-class representation, and supporting responsible data 
use in sensitive applications. 

Exploratory Data Analysis 
The dataset contains information from two environments that together describe user behaviour.  
The advertising domain contains detailed user interaction logs such as clicks and ad closes, 
demographic information including age, gender, and location, and device-specific features such 
as screen size and network type. It also includes rich ad metadata describing campaign 
identifiers, creative formats, placement characteristics, and additional contextual tags. Together, 
these variables capture how users interact with ads and provide the structure needed to model 
click likelihood. 
 
The news feed domain captures interactions unrelated to advertising but closely tied to user 
interests. This includes the types of articles users read, the categories they favor, how frequently 
they refresh content, and behavioral signals such as likes and negative feedback. It also contains 
metadata describing article content, topics, and exposure formats. When combined, the two 
domains provide both explicit advertising behavior and broader behavioral signals that reflect 
user preferences. The shared user identifiers and timestamps across domains allow the model to 
incorporate sequential patterns, longer-term interests, and contextual signals that enrich the 
prediction task. This creates an ideal setting for cross-domain CTR modeling. 
 
A key feature of the dataset is the extreme imbalance between click and non-click labels. A bar 
plot of the label distribution shows a very large spike for non-click events and a nearly invisible 



bar for click events. This confirms that the dataset reflects a real-world digital advertising 
environment where only a very small percentage of impressions result in a click. Such an 
imbalance causes many models to overlook the minority class and, therefore, highlights the 
importance of resampling and advanced modeling strategies.  
 

 
Figure 1. Click Label Distribution 

 
A correlation heatmap was created to examine relationships between numerical features. The 
heatmap displayed mostly light colors, indicating weak correlations among the majority of 
features. Only a few pairs showed moderate associations, suggesting that linear methods will not 
capture the underlying pattern. This reinforces the need for models capable of identifying 
nonlinear interactions, because click behaviour likely results from complex combinations of 
demographic signals, behavioral tendencies, and contextual information.  
 



 
Figure 2. Correlation Heatmap 

 

Analysis 

Predictive Models 
We began by preparing the data for baseline modeling using a subset of available features to 
establish performance benchmarks before exploring more complex approaches. The baseline 
feature set included 12 variables covering user demographics (age, gender, residence), device 
characteristics (device_name, device_size, net_type), and ad metadata (task_id, adv_id, 
creat_type_cd). We aggregated user behavior from the news feed domain by calculating three 
metrics per user: total feed impressions, total feed clicks, and feed click-through rate. After 
merging these behavioral features with the advertising data, we performed a stratified train-test 
split (80/20) to preserve the extreme class imbalance present in the original dataset. Categorical 
encoding followed a cardinality-based strategy. Low-cardinality variables with fewer than 10 
categories (gender, net_type, creat_type_cd) were one-hot encoded with drop_first=True to avoid 
multicollinearity. High-cardinality variables (device_name, task_id, adv_id, device_size, 
residence) were target encoded using 5-fold out-of-fold encoding to prevent data leakage, with 
unseen categories mapped to the global mean. This encoding process transformed the original 12 
features into 27 encoded features for model training. Age was kept in its original ordinal form, 
while user_id and log_id were dropped as they identify specific instances rather than capture 
generalizable patterns. The final training set contained 6,140,413 samples with 27 features, and 



the test set contained 1,535,104 samples, both maintaining the original 98.45% no-click to 1.55% 
click ratio. 

 
Figure 3. Processing Overview 

 
 
We trained two baseline models to evaluate different approaches to handling class imbalance: 
logistic regression as a linear baseline and CatBoost as a tree-based ensemble model. For logistic 
regression, we addressed the extreme imbalance by downsampling the majority class, creating a 
training set with 630,000 no-clicks and 90,000 clicks to establish a 7:1 ratio. This resampling 
strategy aimed to prevent the model from trivially predicting the majority class for all samples. 
The model was trained with max_iter=1000 to ensure convergence given the dataset size. 
 
Despite the resampling intervention, logistic regression struggled significantly with this 
prediction task. The model achieved 98.01% accuracy, which initially appears strong but is 
misleading given the class distribution. Examining the precision-recall metrics revealed the true 
performance: the model identified only 6.45% of actual clicks (recall=0.0645) while maintaining 
a precision of just 19.54%. This means that among all samples the model predicted as clicks, 
fewer than one in five were correct. The F1 score of 0.0912 confirmed the poor balance between 
precision and recall. The ROC curve (Figure 4) showed moderate discrimination ability with 
AUC=0.77, suggesting the model learned some signal from the features. However, the 
precision-recall curve (Figure 5) told a more troubling story: precision remained near zero across 
nearly all recall levels, barely rising above the baseline no-skill rate of 0.016 (the positive class 
proportion in the test set). The curve stayed flat and extremely low until recall reached 
approximately 0.2, at which point precision dropped to effectively zero. This catastrophic 
precision-recall performance indicates that the linear decision boundary learned by logistic 
regression cannot adequately separate the click and no-click classes in this feature space. The 
model's inability to achieve reasonable precision at any recall threshold confirms that user click 
behavior in digital advertising exhibits complex, nonlinear patterns that linear models 
fundamentally cannot capture. 
 
 



 
 

Figure 4. Baseline Logistic Regression ROC Curve 
 

 
Figure 5. Baseline Logistic Regression Precision-Recall Curve 

 
 
CatBoost was selected as the primary predictive model due to its native support for categorical 
variables, efficient handling of class imbalance through built-in class weighting, and ability to 
learn nonlinear interactions through gradient-boosted decision trees without extensive feature 
engineering. We trained two versions to compare different sampling strategies: one on the full 
imbalanced dataset with class_weights=[1, 66.7] to penalize misclassification of the minority 
class, and one on the same 7:1 resampled data used for logistic regression. Both models used 200 
iterations, a maximum depth of 6, and a learning rate of 0.1. 
 



The full-data CatBoost model demonstrated the classic imbalanced learning tradeoff. The 
confusion matrix (Figure 6) shows it achieved high recall by correctly identifying 16,058 of the 
23,827 actual clicks in the test set (67.39% recall). However, this sensitivity came at a severe 
cost: the model also incorrectly flagged 400,118 no-click samples as clicks, resulting in 
extremely low precision of just 3.86%. Put differently, for every true click the model correctly 
identified, it generated approximately 25 false positives. The F1 score of 0.073 reflects this poor 
precision-recall balance. This behavior is characteristic of models trained on highly imbalanced 
data with aggressive class weighting—the penalty for missing clicks (false negatives) was so 
high that the model learned to predict clicks liberally, preferring false positives over false 
negatives. In a production advertising system, this would be problematic: predicting 400,000 
fraudulent clicks would waste substantial ad spend and reduce campaign ROI. 
 
After training on the resampled 7:1 dataset, CatBoost exhibited markedly different behavior. The 
confusion matrix (Figure 7) shows the model became more conservative, correctly identifying 
5,300 of 23,827 actual clicks (22.25% recall) while incorrectly flagging only 25,564 no-clicks as 
clicks. This resulted in precision improving to approximately 17.18% (5,300 / 30,864), 
representing a 4.5x improvement over the full-data model. The F1 score increased substantially, 
reflecting better precision-recall balance. Importantly, while recall decreased by approximately 
67% (from 67.39% to 22.25%), precision increased by 345% (from 3.86% to 17.18%). For 
cost-sensitive applications where false positives directly translate to wasted budget, this tradeoff 
is favorable—the resampled model wastes far less money on false alarms while still capturing 
over one-fifth of actual click opportunities. 
 

 
Figure 6.  CatBoost Full Model Confusion Matrix 

 
 
 

 
Figure 7. CatBoost Resampled Confusion Matrix 

 
 



Comparing the ROC curves for both CatBoost versions (Figure 8) reveals interesting patterns. 
Both models achieved nearly identical ROC-AUC scores around 0.79, with curves that overlap 
substantially across most threshold values. This indicates that both models possess similar 
discrimination ability—they can similarly well separate clicks from no-clicks when threshold 
selection is flexible. The curves rise steeply in the lower-left region, indicating good true positive 
rate at low false positive rates, then flatten as they approach the upper-right corner. The 
near-identical ROC performance suggests that the choice between full-data and resampled 
training affects the default decision threshold and precision-recall balance, but not the 
fundamental ranking ability of the model. 
 
However, the precision-recall curves (Figure 9) show dramatically different behaviors. The 
full-data model (blue line) starts at very low precision (around 0.1) even at zero recall, and 
precision degrades quickly as recall increases, dropping below 0.05 once recall exceeds 0.2. In 
contrast, the resampled model (red line) maintains substantially higher precision across all recall 
thresholds, particularly in the 0-0.4 recall range where precision stays above 0.2. The baseline 
no-skill line (dashed) at 0.016 represents the positive class rate—random guessing would achieve 
this precision. Both CatBoost models significantly outperform this baseline, but the resampled 
version maintains a larger margin above it. The curves converge at high recall (>0.8), where both 
models must accept many false positives to capture the last remaining true clicks, but diverge 
substantially in the practical operating region (0.2-0.5 recall) where the resampled model offers 
2-3 times better precision. 
 
These results reveal a fundamental insight about handling extreme class imbalance: while 
aggressive class weighting or training on imbalanced data maximizes recall, it produces models 
that are often impractical for deployment due to overwhelming false positive rates. The 
resampled CatBoost model, despite "seeing" only a fraction of the majority class during training, 
learned a more generalizable and cost-effective decision boundary. For click-through rate 
prediction in digital advertising, where advertisers pay for impressions or clicks and false 
positives directly reduce profitability, the resampled model's superior precision makes it the 
preferred choice despite its lower recall. The model correctly identifies approximately one in five 
predicted clicks, compared to one in twenty-five for the full-data model, making it viable for 
real-world deployment where precision directly impacts business outcomes. 
 



 
Figure 8. ROC Curve Comparison 

 

 
Figure 9. Precision–Recall Curve Comparison 

 
Feature importance analysis from the CatBoost model revealed which variables drive click 
prediction in this dataset. Advertisement creative type (creat_type_cd) dominated all other 
features with an importance score of 53.5, accounting for over half of the model's predictive 
power (Figure 10). This was followed by feed impressions (feeds_imps) at 23.3, indicating that 
users who engage frequently with content are substantially more likely to click on ads. Age 
ranked third with a score of 3.6, while other demographic features (gender, residence) 
contributed minimally. Device-level features (device_name, device_size, net_type) showed 
moderate importance between 2.1 and 3.1, and advertisement metadata (task_id, adv_id) 



contributed scores around 2.7 and 3.5 respectively. Feed clicks and feed CTR had relatively low 
importance (2.2 and 1.8), likely because they are derived from feed impressions and thus 
partially redundant. These findings align with established advertising research showing that ad 
creative design and user engagement history are stronger predictors of click behavior than 
demographic characteristics. The dominance of creat_type_cd suggests that how an ad is 
presented matters more than who sees it, while the importance of feed engagement metrics 
indicates that active users represent a fundamentally different audience than passive users 
regardless of their demographic profile. 
 

 
Figure 10. CatBoost Feature Importance Plot 

 

Generative Models and Synthetic Data 
To address the extreme class imbalance through synthetic data augmentation, we trained a Conditional 
Tabular GAN (CTGAN) to generate realistic minority-class samples. CTGAN employs an adversarial 
training framework where a generator network learns to create synthetic click events while a 
discriminator network learns to distinguish real from synthetic samples. Through iterative training, the 
generator improves until it produces samples that are statistically indistinguishable from real data. We 
extended the feature set for this stage from 12 to 23 variables, adding slot_id, city, device-specific 
attributes, and additional feed behavior metrics to provide CTGAN with richer contextual information for 
learning the minority class distribution. The model was trained on 95,309 real click events for 100 epochs 
with a batch size of 500. We employed mode-specific normalization for continuous variables and 
conditional sampling for categorical variables to help CTGAN learn the complex joint distribution of 
mixed-type features. This process took approximately 11 minutes on the available hardware and 
successfully generated 971,474 synthetic click samples. Despite CTGAN's sophisticated architecture, we 
encountered several practical challenges. The model struggled with high-cardinality categorical features, 
particularly task_id which contains over 5,500 unique values. This often led to mode collapse where the 
generator would produce repetitive samples rather than fully exploring the minority class distribution. The 



computational requirements were also substantial, requiring significant RAM to train on 95,000+ samples 
with 23 features, which limited our ability to experiment with larger training sets or longer training 
periods. Additionally, the extreme imbalance in the original dataset (98.45% no-clicks) meant that even 
after generating nearly 1 million synthetic clicks, the final combined dataset still contained only 15% 
click samples when merged with real no-click data at our target 6:1 ratio of real to synthetic clicks. 

Evaluation of Synthetic Data 
We evaluated the quality of synthetic data through both univariate distributional comparisons and 
multivariate dimensionality reduction. Visual inspection of feature distributions (Figure 11) showed 
substantial overlap between real and synthetic data across most numeric features. For instance, the 
distributions of task_id_te (target-encoded task identifier) and adv_id_te (target-encoded advertiser 
identifier) aligned closely between real and synthetic samples, with both exhibiting similar right-skewed 
patterns. Device_size_te (target-encoded device size) showed strong agreement in the mode around 0.0, 
though synthetic data generated slightly more samples in the 0.2-0.4 range. The hispace_app_tags_te 
feature displayed nearly identical bimodal distributions. Age distributions also matched well, with both 
real and synthetic data showing the same pattern of peaks at ages 3, 5, 7, and 8. These visual similarities 
suggested that CTGAN successfully learned the marginal distributions of individual features. 
 
For multivariate evaluation, we performed principal component analysis on both real and synthetic click 
data and compared their projections in the reduced space (Figure 12). The first two principal components 
captured 26.5% and 13.1% of the total variance, respectively. Quantitative comparison using distribution 
distance metrics showed promising results: Wasserstein distance was 0.22 for PC1 and 0.14 for PC2, both 
well below the commonly-used threshold of 0.3 for acceptable synthetic data quality. Jensen-Shannon 
divergence for PC1 was 0.28, also below the 0.5 threshold for acceptable distributional similarity. 
However, visual inspection of the PCA scatter plot revealed some concerning patterns. While the bulk of 
synthetic samples (shown in red) overlapped heavily with real samples (shown in dark blue), there were 
scattered synthetic outliers in the upper-right region of the plot. These outliers suggest that CTGAN 
occasionally generated extreme or unrealistic feature combinations that do not exist in the real click 
population. This artifact likely stems from the mode collapse issue mentioned earlier, where the generator 
sometimes produces unusual samples when trying to model rare feature combinations in the 
high-cardinality categorical space. 
 
 



 
Figure 11. Feature Distribution of Real vs Synthetic Clicks 

 
 

 
Figure 12. PCA Projection 

 
After generating synthetic clicks through CTGAN, we constructed a combined training dataset to evaluate 
whether synthetic augmentation could improve predictive performance compared to traditional 
resampling approaches. The final dataset contained approximately 7.11 million samples with the 
following composition: 6,140,413 real no-click samples (86.3%), 95,309 real click samples (1.3%), and 
971,474 synthetic click samples (13.7%). This created an overall class distribution of 85% no-clicks to 
15% clicks, with a 6:1 ratio of real to synthetic clicks within the positive class. We deliberately 
maintained this ratio to prevent synthetic data from overwhelming real patterns while providing sufficient 
minority class representation for model training. The test set remained unchanged from the baseline 



experiments, consisting entirely of real samples (1,535,104 total with 1.55% click rate), ensuring that 
evaluation reflected performance on authentic user behavior rather than synthetic artifacts. 
 
We trained two models on this CTGAN-enhanced dataset to compare linear and nonlinear approaches: 
logistic regression and XGBoost. These models served different analytical purposes. Logistic regression 
allowed direct comparison with the baseline linear model trained on real resampled data, revealing 
whether synthetic samples could help linear classifiers overcome their fundamental limitations in 
capturing complex feature interactions. XGBoost, as a gradient boosting framework similar to the 
baseline CatBoost but with different implementation details, enabled us to assess whether tree-based 
models could better exploit synthetic data while maintaining comparable architecture to our 
best-performing baseline model. Both models were trained with identical preprocessing and encoding 
strategies applied to the extended 23-feature set, ensuring that performance differences reflected the 
impact of synthetic augmentation rather than inconsistent feature engineering. 
 
Logistic regression on the synthetic-augmented dataset demonstrated substantial improvements over the 
baseline logistic regression trained on real resampled data. The model achieved 89.83% accuracy, 83.71% 
precision, 39.96% recall, 0.541 F1 score, and 87.35% AUC (Figure 13). Comparing these metrics to the 
baseline logistic regression (Figure 4-5) reveals dramatic gains: precision increased from 19.54% to 
83.71% (a 328% improvement), recall increased from 6.45% to 39.96% (a 519% improvement), and AUC 
increased from 77% to 87.35% (a 13.4 percentage point gain). The confusion matrix analysis (Figure 13) 
provides deeper insight into this performance shift. While the baseline model correctly identified only 
1,536 clicks out of 23,827 in the test set while generating 6,327 false positives, the synthetic-augmented 
model correctly identified 9,520 clicks while generating only 1,855 false positives. This represents a 
6.2-fold increase in true positives coupled with a 70.7% reduction in false positives, fundamentally 
transforming the model's practical utility. 
 
The precision-recall curve for synthetic-augmented logistic regression (Figure 14) reveals the mechanism 
behind these improvements. Unlike the baseline curve (Figure 5) which remained near zero across all 
recall thresholds, the synthetic-augmented curve maintains precision above 0.8 until recall reaches 
approximately 0.2, then declines gradually as recall increases. Precision stays above 0.6 until recall 
exceeds 0.5, and only drops below 0.4 when recall approaches 0.9. This curve shape indicates that the 
model learned a more nuanced decision boundary with multiple confidence levels, allowing it to identify 
high-confidence clicks with excellent precision while also detecting lower-confidence clicks at the cost of 
reduced precision. The synthetic samples appear to have helped the linear model overcome its inability to 
capture nonlinear patterns by effectively filling in regions of the feature space where real minority-class 
samples were sparse, providing the model with enough examples to learn more complex linear 
approximations of the true nonlinear decision boundary. 
 

 
Figure 13. Synthesized Logistic Regression Confusion Matrix 



 
Figure 14. Synthesized Logistic Regression Precision-Recall Curve 

 
XGBoost on the synthetic-augmented dataset achieved metrics that appeared exceptional on the surface: 
98.64% accuracy, 99.9% precision, 90.98% recall, 95.23% F1 score, and 98.44% AUC (Figure 15). These 
numbers suggest near-perfect classification performance. However, careful interpretation reveals a more 
nuanced picture. The confusion matrix (Figure 15) shows the model correctly identified 21,680 of 23,827 
clicks (90.98% recall) while generating only 22 false positives. This extremely low false positive count 
(22 out of 1,511,277 true negatives) drives the 99.9% precision. Comparing to the baseline CatBoost 
models (Figures 6-7) reveals interesting tradeoffs. The synthetic-augmented XGBoost achieved 
substantially higher recall than either baseline model (90.98% versus 67.39% for full-data CatBoost and 
22.25% for resampled CatBoost), successfully identifying over 5,600 more true clicks than the best 
baseline. However, this comparison requires context: the XGBoost model was trained on 23 features with 
synthetic augmentation, while the baseline models used only 12 features on real data. The performance 
gain may reflect the combination of richer features, synthetic samples, and algorithmic differences rather 
than synthetic data alone. 
 
The ROC curve for XGBoost (Figure 16) exhibits near-perfect discrimination with AUC of 98.44%, 
showing a sharp rise to true positive rate above 0.9 with false positive rate remaining below 0.05. The 
curve hugs the top-left corner much more tightly than any baseline model (Figure 8), indicating superior 
ability to rank click samples higher than no-click samples across all possible decision thresholds. 
However, the precision-recall curve (Figure 17) reveals important limitations. Precision remains at 1.0 
(perfect) from recall of 0 up to approximately 0.85, then drops precipitously as recall increases beyond 
0.9. This sharp transition suggests the model learned to identify a large subset of clicks with extremely 
high confidence, but struggled to classify the remaining 10% of clicks without accepting false positives. 
The curve's shape differs fundamentally from the gradual precision decline seen in logistic regression 
(Figure 14), indicating that the tree-based model partitioned the feature space into high-confidence and 
low-confidence regions rather than learning a smooth probability gradient. 
 
Interpreting these results in the context of our research question requires acknowledging both successes 
and limitations. The synthetic data clearly enabled both models to achieve recall levels unattainable with 



traditional resampling: 39.96% for logistic regression (versus 6.45% baseline from Figure 5) and 90.98% 
for XGBoost (versus 67.39% for the best baseline CatBoost from Figure 6). This addresses the core 
motivation for synthetic data generation, demonstrating that CTGAN-generated samples can effectively 
augment minority class representation and enable models to detect more true positive cases. However, the 
mechanisms differ between model types. For logistic regression, synthetic samples allowed the linear 
model to approximate nonlinear patterns by providing dense coverage of the minority class feature space, 
effectively creating a piecewise linear approximation of the true decision boundary. For XGBoost, the 
synthetic samples enabled the tree-based model to learn more granular splits in regions of feature space 
where real minority samples were sparse, though this came with the risk of overfitting to synthetic 
patterns that may not fully reflect real user behavior. 
 
The precision-recall tradeoffs also require careful consideration in the context of real-world deployment. 
While XGBoost achieved 90.98% recall with 99.9% precision (Figure 15), this seemingly ideal 
performance raises questions about generalizability. The model generated only 22 false positives on the 
test set, an extraordinarily low rate that may indicate overfitting to the specific patterns present in the 
synthetic training data. In production environments where the true data distribution may drift over time or 
include edge cases not captured by either real or synthetic training samples, such extreme precision may 
not hold. The logistic regression model, with its more conservative 83.71% precision and 39.96% recall 
(Figure 13), may actually represent a more robust tradeoff for deployment scenarios where model 
reliability matters more than maximizing recall. Comparing to the baseline resampled CatBoost (Figure 7: 
17.18% precision, 22.25% recall), the synthetic-augmented logistic regression offers 4.9 times better 
precision and 1.8 times better recall, suggesting that synthetic augmentation with a linear model may be 
preferable to traditional resampling with a tree-based model when the goal is balanced performance. 
 

 
Figure 15. Synthesized XGBoost Confusion Matrix 

 
The results also highlight an important consideration regarding feature sets. The baseline models used 12 
features while the synthetic-augmented models used 23 features, making direct comparison imperfect. 
The performance gains observed may partially reflect the additional predictive information contained in 
features like slot_id, city, and extended feed behavior metrics rather than solely the impact of synthetic 
data. An ideal experimental design would have trained models on both real and synthetic data using 
identical feature sets, isolating the effect of synthetic augmentation from the effect of feature engineering. 
However, the extended feature set was necessary for CTGAN training to provide sufficient context for 
generating realistic minority class samples, creating an inherent confound between data augmentation 
strategy and feature availability. Future work should systematically evaluate the marginal contribution of 
synthetic data by training baseline models on the 23-feature set with traditional resampling, enabling 
cleaner attribution of performance gains. 
 
Despite these interpretive complexities, the synthetic data experiments provide clear evidence that 
CTGAN-generated samples can substantially improve model performance on highly imbalanced 
classification tasks. The improvements are most pronounced for logistic regression, where synthetic 



augmentation transformed an essentially unusable model (Figure 5: 6.45% recall, 19.54% precision) into 
a viable classifier (Figure 14: 39.96% recall, 83.71% precision). For tree-based models, the gains are 
more modest when comparing XGBoost on synthetic data (Figure 16-17) to CatBoost on real data (Figure 
8-9), though the 90.98% recall achieved by XGBoost represents the highest minority class detection rate 
across all experiments. The key insight is that synthetic data augmentation and traditional resampling 
address class imbalance through fundamentally different mechanisms: resampling changes the class 
distribution to prevent majority class dominance during training, while synthetic generation adds new 
minority class examples that expand the model's understanding of positive class characteristics. The 
optimal approach likely depends on the specific application context, with synthetic augmentation offering 
advantages when maximizing recall is critical and sufficient computational resources are available for 
GAN training, while traditional resampling provides a simpler and more interpretable alternative when 
moderate performance gains are acceptable. 
 

 
Figure 16. Synthesized XGBoost ROC Curve 



 
Figure 17. Synthesized XGBoost Precision-Recall Curve 

 

Conclusion and Discussion 
This project evaluated whether synthetic data generation with CTGAN can improve click-through rate 
prediction under extreme class imbalance. We first established baselines with traditional models on real 
data, then introduced CTGAN-generated clicks and compared performance. On the predictive side, 
logistic regression achieved reasonable AUC (0.77) but essentially failed on the precision–recall curve, 
with precision near zero across all recall levels. CatBoost performed much better: the full-data model 
achieved 67% recall but only 3.8% precision in the original 98.45% no-click setting, while resampling to 
a 7:1 ratio produced a more balanced trade-off with substantially higher precision and still acceptable 
recall. Feature importance indicated that ad creative type (53.5%) and feed engagement metrics (23.3%) 
were the dominant predictors, whereas demographic variables contributed little, suggesting that user 
behavior and ad design matter more than demographic targeting for CTR. 

For the generative component, we trained CTGAN on 95,309 real clicks and generated 971,474 synthetic 
clicks. Distributional diagnostics showed that the synthetic data were statistically similar to the real 
minority class, with Wasserstein distances below 0.22 on the first two principal components and 
Jensen–Shannon divergence of 0.28. When we trained XGBoost on a mixed dataset (85% real non-clicks 
and 15% clicks, with a 6:1 ratio of real to synthetic clicks), the model achieved very high recall (91%) and 
AUC (0.98), indicating strong sensitivity to click patterns. However, precision dropped to 0.1%, meaning 
the classifier produced a large number of false positives. In practice, the resampled CatBoost model 
offered the best overall balance, while the CTGAN-augmented XGBoost model mainly increased 
minority-class coverage at the cost of dramatically reduced precision. 



These findings suggest that, in this setting, CTGAN can generate realistic minority samples and make 
models more sensitive to the click class, but this does not automatically yield better production-ready 
classifiers. For real CTR systems, where false positives directly translate into wasted ad spend, carefully 
tuned resampling of real data appears more effective than naive synthetic augmentation. Future work 
should analyze why synthetic samples induce excessive false positives, experiment with alternative 
tabular synthesizers such as CTAB-GAN+ or DP-CTGAN, and systematically vary synthetic-to-real 
ratios to search for better precision–recall trade-offs. In addition, combining generative augmentation with 
cost-sensitive learning or calibrated decision thresholds may offer a more robust path to leveraging 
synthetic data in large-scale advertising applications. 
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Appendix 
The supplemental code is provided in the following part. 

http://dimacs.rutgers.edu/~graham/pubs/papers/privbayes-tods.pdf
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