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Abstract. This paper discusses the optimization of e-commerce digital marketing
management strategy under big data, emphasizing the role of data-driven strategy
in improving marketing effect and market competitiveness. The process of con-
sumer data collection, processing and analysis is analyzed, the purchase intention
is predicted by logistic regression and random forest model, and the feature im-
portance analysis is carried out. The study evaluated marketing effectiveness be-
fore and after the implementation of a data-driven strategy, confirming its effec-
tiveness in increasing sales and market response.
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1 Introduction

In the digital age, e-commerce competition is intensifying. Companies need innovative
digital marketing strategies to excel. This paper discusses optimizing e-commerce mar-
keting in a big data environment. By analyzing consumer data and leveraging machine
learning, firms can target markets more effectively and boost campaign efficiency [1].
The study evaluates the impact of data-driven strategies and demonstrates using big
data to refine marketing approaches, offering practical advice for e-commerce busi-
nesses.

2 Marketing Strategy

2.1 Data-Driven Marketing Decisions

Data-driven marketing strategies form marketing decisions through systematic collec-
tion and analysis of consumer data. The process includes data collection, processing,
and behavior analysis[2]. The collection stage collects users' website behavior and so-
cial interaction data, and the data processing stage cleans and classifies data to ensure
quality. Finally, statistics and machine learning are used for in-depth analysis to iden-
tify consumer behavior patterns and support marketing strategy development[3].
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2.2 Customer Segmentation

In digital marketing, customer segmentation is achieved through cluster analysis, As
shown in Figure 1. grouping consumers according to behaviors and preferences in order
to implement targeted marketing strategies[4]. Cluster analysis is unsupervised learning
that groups data points by analyzing their patterns. For example, using K-means clus-
tering algorithms, businesses can identify different consumer types, such as value cus-
tomers, occasional customers, and window customers, and tailor marketing strategies
to each group's needs, such as loyalty programs or limited-time coupons, to increase
conversion rates [5].
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Fig. 1. Customer segmentation results diagram

2.3 Personalized Recommendation

Personalized recommendation systems use machine learning techniques and associa-
tion rules to analyze consumer data to provide product recommendations tailored to
individual user preferences. The purpose of such a system is to enhance the user expe-
rience and increase the purchase rate, reduce information overload through precision
marketing, and make it easier for consumers to find the goods they are interested in.
Association rule mining is a method to discover interesting relationships between data
items and is often used in market basket analysis. This approach is based on the rule
that if A user buys good A (such as bread), they are also likely to buy good B (such as
butter). The association rule formula is:

Support(A,B)

Confidence(A - B) = Support()

(1

Where, Support(A, B) represents the proportion of transactions that purchase both
goods A and B in the total transactions, and Support(A) is the proportion of transactions
that purchase goods A in the total transactions.[6].
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3 Model Building

3.1 Predictive Models

Logistic regression is a statistical model widely used for binary classification problems.
It predicts by estimating the likelihood of an event's occurrence[7]. In the context of
building a model to predict purchase intentions, logistic regression takes various fea-
tures (such as user age, purchase history, and page viewing time) as inputs, and outputs
the probability of a user purchasing a specific product. The formula for the model is
expressed as follows:

1
P (Y =1 X) = Tre-(BotBixit +Bnxn) @

Here, x represents the input features, f represents the model parameters, and
P(y=1|x) is the predicted probability of a user making a purchase given the features x.

3.2  Feature Engineering

Feature engineering is crucial in e-commerce predictive models, improving model ac-
curacy and gaining insight into marketing strategies by analyzing user website behavior
data such as page views and time spent on the site[8]. Temporal characteristics (visit
time, weekend or weekday) and social network interactions (likes, comments) reflect
user interest in a product, enhancing the potential for purchase prediction, As shown in
Figure 2.
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Fig. 2. Feature importance ranking chart
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3.3 Model Training and Verification

Model training and validation are key steps to ensure the accuracy and generalization
ability of the predictive model. In the field of e-commerce, the establishment of pur-
chase intention prediction model involves data set segmentation, cross-validation and
model optimization[9]. The data is divided into training sets, validation sets, and test
sets, which are used to build, adjust, and evaluate model performance respectively.
Cross-validation improves the stability of the evaluation by repeating training and val-
idation on different data subsets. Model tuning optimizes hyperparameters through
methods such as grid search.[10]. The training convergence curve shown in Figure 3
shows that the error rate decreases with training, indicating the optimization perfor-
mance of the model, and there is no sign of overfitting, ensuring the reliability of the
prediction.
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Fig. 3. Convergence curve of model training

4 Effect Analysis

4.1 Model Effect

Recall measures the model's ability to identify positive instances. For purchase inten-
tion predictions, the recall rate represents how many of all users that the model correctly
identified actually purchased. The ROC curve shows the relationship between the mod-
el's true case rate (TPR) and false positive case rate (FPR) at different threshold Set-
tings. The area under ROC curve (AUC) is an important index to measure the overall
performance of the model. The closer the AUC value is to 1, the better the performance
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of the model and the higher the accuracy of distinguishing between positive and nega-
tive classes. The area under the ROC curve (AUC) in Figure 4 is 0.83, indicating that

the model performs better than a random guess.

ROC Curve (AUC = 0.83)
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Fig. 4. ROC curve of prediction model

4.2  Marketing Effectiveness

Figure 5 visually shows the change in average sales before and after the implementation
of a data-driven marketing strategy. As can be seen in the chart, the average sales after
the implementation of the strategy increased from about $120,000 before the imple-
mentation to about $140,000. This shows that data-driven marketing strategies are ef-
fective in improving sales results. The graph provides a direct economic incentive for
companies to implement relevant strategies, while also confirming the important role
of data analytics in optimizing sales strategies.
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Fig. 5. Marketing campaign effect comparison chart
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5 Conclusion

This study deeply analyzes the optimization of e-commerce digital marketing manage-
ment strategy under the background of big data. The research shows that the application
of logistic regression and random forest prediction models can effectively predict the
purchase intention of consumers, so as to guide marketing decisions. The implementa-
tion of data-driven marketing strategies can significantly improve the accuracy and
sales effectiveness of marketing campaigns. By comparing the sales data before and
after the implementation of the strategy, the effectiveness and benefits of data-driven
strategy in practical application are confirmed.
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