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Abstract: To leverage the complementary characteristics of deep models and tree models in
feature interaction modeling for digital consumer behavior prediction, this paper proposes a
dual channel fusion model of DeepFM and XGBoost. In this model, an optimized DeepFM
branch and an enhanced XGBoost branch are constructed using a feature shunting mechanism,
and the dynamic weighted fusion and attention mechanism based on sample features are
introduced to realize the adaptive combination of the two branch outputs. At the same time, a
feature interaction enhancement algorithm is designed, which combines the depth implicit
representation with the rule features of the tree model by multiplication, and further improves
the depiction ability of high-order interaction. Experiments on real e-commerce user behavior
and ad click through rate data sets show that the AUC of this model reaches 0.879, LogLoss
drops to 0.342, which is 5.4% higher and 11.6% lower than DeepFM, and 8.3% higher and 14.7%
lower than XGBoost, respectively. Ablation experiments verify the effectiveness of the dynamic
weighted fusion and feature enhancement module, and the performance degradation is 6.7%
and 10.5%, respectively. The robustness test showed that the AUC remained at 0.839 and 0.851
under the proportion of 30% missing features and 1% positive samples, and the click-through
rate in online simulations increased to 4.93%, which was 1.6% higher than that of the industrial
reference system. The proposed model has significant advantages in prediction accuracy and
stability.
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1. INTRODUCTION

Digital consumer behavior prediction has become the core task in the field of
recommendation system and precision marketing [1],[2]. With the rapid development of e-
commerce platform and mobile Internet, click, purchase, favorite/add-to-cart, and other
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behavioral data generated by users in the mass of goods and content show complex
characteristics such as high-dimensional sparse, nonlinear interaction and dynamic evolution.
Accurately understanding and predicting consumers' potential behavioral intentions can not
only significantly improve the hit rate and user experience of personalized recommendation,
but also help enterprises realize the optimal allocation of resources in marketing scenarios such
as advertising and coupon issuance, thereby reducing customer acquisition costs and improving
conversion efficiency [3],|4]. Therefore, it is of strategic significance to build a high-precision
and robust consumer behavior prediction model for driving business intelligence and improving
platform revenue.

In the existing modeling methods, deep learning and integrated learning show their unique
advantages and face their own limitations. Deep learning models, represented by DeepFM,
capture low-order feature interactions through the factorization machine, and automatically
learns the high-order nonlinear representation with the help of the depth neural network, which
has achieved remarkable results in the tasks such as hit rate prediction [5],[6]. However,
DeepFM's ability to express continuous features is relatively limited, and are prone to
overfitting in sparse data scenarios. The parameter size of their embedding layer increases
rapidly with the expansion of feature space, which brings challenges to the training efficiency.
On the other hand, XGBoost, as a classic implementation of gradient lifting tree, is widely used
in behavior prediction tasks due to its natural processing ability for heterogeneous features,
excellent interpretability and stable performance on high-dimensional tabular data. However,
XGBoost is still a tree model based on feature splitting in essence. It is difficult to explicitly
model high-order factorial interactions between features like deep network, and when the
feature dimension is very high, the training cost of tree model will increase significantly.

In view of the natural complementarity of the above two types of models at the feature
representation level, researchers began to explore a hybrid architecture that integrates deep
learning and tree model. DeepFM is good at mining implicit deep interaction patterns from
embedded vectors, while XGBoost can efficiently perform nonlinear splitting and feature
selection based on original features |7]. The combination of the two is expected to achieve the
effect of “1+1>2” in complex consumer behavior modeling. However, most of the existing
fusion methods use simple voting or fixed weight splicing, fail to dynamically adjust the
contribution ratio of sub-models according to the characteristics of samples, and lack an
effective mechanism for deeply enhancing the interaction between the two branches’ outputs,
resulting in the failure to fully release the fusion potential [8].

To solve the above problems, this paper proposes a fusion model of DeepFM and XGBoost
for digital consumer behavior prediction, which forms a core contribution in three aspects:
method innovation, architecture design and experimental verification. At the level of method
innovation, a dynamic weighted fusion mechanism and attention enhancement strategy based
on sample characteristics are designed to enable the model to adaptively balance the predictive
output of depth branches and tree branches for different inputs; At the same time, a feature
interaction enhancement algorithm is proposed to further mine high-order behavior patterns
through collaborative modeling of explicit and implicit interaction [9],[10]. At the architecture
design level, a dual channel parallel fusion framework is constructed, including multi-layer
optimization of DeepFM branches (adaptive embedding, high-order FM interaction, dynamic
dropout) and targeted enhancement of XGBoost branches (feature filtering, adaptive depth and
learning rate, category weighting), and the gradient interference and over fitting problems are
effectively alleviated through phased training strategies. At the experimental verification level,
a comprehensive performance evaluation, ablation experiment, parameter sensitivity analysis,
robustness test and online simulation test were carried out based on the real e-commerce and
advertising click through rate data set. The results show that the model in this paper is
significantly better than DeepFM, XGBoost and the existing fusion baseline in the key
indicators such as AUC, LogLoss, accuracy and recall rate. At the same time, it maintains good
stability in the complex environment such as noise interference, feature deletion and data
imbalance, which verifies the effectiveness and industrial application value of the proposed
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method.

2. RELATED WORK

2.1 Behavior prediction model based on factor decomposition machine

As a linear model framework that can automatically capture feature interactions, factor
decomposition machine has been widely studied in the field of recommendation system and hit
rate prediction since it was proposed [11]. The traditional factorization machine can effectively
solve the problem that it is difficult to estimate the cross-term parameters in high-dimensional
sparse scenes by decomposing the feature interaction weights into the inner product of hidden
vectors, which has significantly improved the generalization ability compared with polynomial
regression model. Subsequently, researchers proposed a field-aware factorization machine
(FFM), which further refines the concept of “field” to which a feature belongs, and interactively
learned independent hidden vectors for features in different fields, thus enhancing the modeling
ability of the model for the differences between category features. However, the essence of
either standard factorization machine or field aware factorization machine is still limited to
second-order feature interaction, and it is difficult to capture the high-order nonlinear patterns
that are common in user behavior. Aiming at this limitation, DeepFM model came into being.
It organically combines factor decomposition machine and deep neural network. The factor
decomposition machine is responsible for learning the interaction between first-order and
second-order features, and the deep neural network automatically constructs high-order feature
representation through multi-layer nonlinear transformation [12],[13]. The two parts share the
same embedded layer input, and finally jointly predict the output. This parallel architecture
enables DeepFM to take into account both low-order memory and high-order generalization at
the same time, and achieves better performance than the traditional factorization machine and
the single deep network on multiple public data sets. It is worth noting that although DeepFM
effectively improves the modeling ability of high-order interaction, its deep network part still
focuses on implicit learning in the form of feature interaction, lacks explicit control over the
interaction structure, and when the feature dimension is very high, the parameter scale of the
embedded layer will expand rapidly, which will put pressure on the training efficiency and
storage resources.

2.2 Prediction method based on gradient lifting tree

As an integrated learning paradigm, gradient lifting tree has become an important baseline
model in the task of consumer behavior prediction due to its excellent performance on tabular
data. XGBoost, as one of the most representative implementations of the gradient lifting tree
family, significantly accelerates the optimization process of the tree structure by introducing
Hessian matrix information through the second-order Taylor expansion of the loss function. At
the same time, it has a built-in default branch direction learning mechanism for missing value
handling, which can directly deal with the common problem of missing features in actual data
without additional interpolation [14],[15]. In the scenario of consumer behavior prediction,
XGBoost shows many advantages. First of all, the tree model naturally has the ability to handle
mixed type features, and does not need to embed category features like the depth model,
avoiding the burden of hyperparameter optimization caused by the selection of embedded
dimensions. Secondly, the built-in feature importance evaluation mechanism of XGBoost can
automatically select the key features that contribute the most to the prediction task, providing
strong support for subsequent feature engineering and model interpretation. Moreover, the
splitting decision of tree model is essentially a nonlinear partition based on threshold judgment,
which has a good fitting ability for the complex patterns such as threshold effect and piecewise
linear relationship that are common in user behavior data. However, XGBoost also has inherent
limitations. Its prediction output is the cumulative sum of multiple trees. Although this additive
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structure performs well in dealing with the conditional dependencies between features, its
modeling ability for the multiplicative interaction between features is relatively weaker than
that of the factorization machine model. Moreover, when the feature space dimension is very
high, the computational overhead of building hundreds of deep trees increases significantly.

2.3 Research progress of fusion model

In order to comprehensively utilize the advantages of different models, researchers have
developed a variety of model fusion strategies. Stacking, as a hierarchical fusion framework,
can effectively capture the complex relationship between the prediction results of the base
model by retraining the output of the base model as the input characteristics of the secondary
learner [16],]17]. The hybrid strategy usually learns the fixed fusion weight on the verification
set, which is simple to implement and has low computational overhead, but it cannot be
dynamically adjusted according to the characteristics of the sample. The hybrid model
integrates different model components in depth from the architecture level, rather than
combining only in the output layer [18]. The combination of depth model and tree model has
been preliminarily explored. Part of the work attempts to take the prediction results of the
gradient lifting tree as the additional feature input of the deep neural network, so that the deep
neural network can further learn based on the rule features extracted from the tree model. Other
studies have proposed that the structural information of the tree model should be transferred to
the neural network embedding space. For example, the tree model is used to encode the features
and then input them into the depth network. DeepGBM model is a representative work in this
direction. It uses two kinds of gradient lifting trees to capture the nonlinear relationship between
category features and continuous features, and integrates them through neural network.
However, the existing methods still have some shortcomings. Most fusion strategies use fixed
weight combination, ignoring the fact that different samples may be suitable for different sub
models, resulting in limited fusion effect [19]. The interaction between deep branches and tree
branches is shallow, and often only stays at the level of feature stitching or output weighting,
lacking the depth alignment and enhancement between the two. In addition, the existing
methods are prone to gradient interference in the training process, that is, the discrete split
decision of the tree model and the continuous gradient optimization of the depth network are
inconsistent in the joint update, which affects the convergence quality of the model. To solve
the above problems, the fusion model proposed in this paper will be improved in the aspects of
dynamic weight allocation, feature interaction enhancement and phased training strategy.

3. PROPOSED HYBRID ARCHITECTURE

3.1 Overall frame design

This paper proposes a dual channel fusion model architecture for digital consumer
behavior prediction, which is composed of DeepFM branch and XGBoost branch in parallel,
and realizes multi-view feature learning through unified input, shunt modeling and adaptive
fusion [20],[21]. Let the input sample be x = [xy, x5, ..., X,], Where x; represents the ith
original feature. The model first uniformly encodes and preprocesses the input, and then maps
it to different sub models through feature assignment mechanism.

In the DeepFM branch, the input is converted into the embedding vector e; € R¥, where
k is the embedding dimension; In the XGBoost branch, the input maintains a structured form
for tree model splitting decisions [22],[23]. In order to avoid information redundancy and model
conflict, this paper designs the characteristic shunt function:

XD = f,(0,x" = f,(x) (1)

Where x@ represents the feature subset input to DeepFM, x(®) represents the feature
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subset input to XGBoost, and f;(-) and f;(-) are assignment functions based on feature type
and importance, respectively.

The fusion layer uses the weighted combination form to model the two branch outputs. If
DeepFM output is y; and XGBoost output is y;, the final prediction is:

y=0Wg yq+w Yy +b) (2)

Where wy, w; are learnable weight parameters, b is the bias term, and o(:) is the
sigmoid function, which is used to output the probability value. This fusion method can
dynamically balance the contribution of depth model and tree model on different samples, so
as to improve the overall prediction performance.

3.2 Feature processing and input representation optimization

Aiming at the coexistence of high-dimensional sparse and heterogeneous features in digital
consumer behavior data, this paper systematically optimizes the input representation. In terms
of sparse feature processing, an improved embedding mechanism is introduced to map the
original discrete feature x; into a low dimensional vector [24],|25]:

e; = E; - x; (3)

Where E; € R%*k is the embedding matrix of the ith feature, and d; is the value space
of the feature. In order to improve the expression ability, the shared embedding strategy is
further introduced to make some semantic related features share the embedding space, so as to
reduce the parameter size and enhance the generalization ability.

For continuous features, a strategy combining normalization and bucketization is adopted.
Normalization is defined as [26],[27],]28]:

’ Xi — W
Xj =———
Y

(4)

Where p; and o; are characteristic mean and standard deviation respectively. Then, the
continuous features are discretized into interval representation by the bucket function g(-) to
enhance the nonlinear modeling ability.

In addition, feature reweighting mechanism is introduced to highlight important features.
Define the weight vector a = [a4, @3, ..., @y ], then the weight input is:

Xi=a;-x; (5)

Among them, «; is obtained through training and learning, which reflects the importance
of each feature for the prediction task. This mechanism can effectively suppress the interference
of noise features.

3.3 DeepFM Sub model improvement

In the DeepFM branch, this paper optimizes from three aspects: embedded layer, FM
structure and deep network [29],[30]. Firstly, an adaptive embedding mechanism is introduced
in the embedding layer, so that the embedding vector can be dynamically adjusted according to
the input. Specifically:

e; =¢0g; (6)

Where g; = sigmoid(W,x; + by) is the gating vector, O is the element-wise product,
and Wy and by are learnable parameters.

In the FM part, in order to enhance the interactive expression ability of features, a high-
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order interaction term extension is introduced [31],[32]:

n

n
yem= ) Y (ene)+2) (eneen) @
j=i+1 Lk
i=1

Where, (-) represents the inner product operation, the second term represents third-order
interaction, and A is the coefficient controlling the influence of higher-order terms.

In the DNN part, the multi-layer perceptron structure is adopted:
h(+1) = F(WORO4pO) (8)

Where h® is the output of layer [, and f(-) is the activation function (such as ReLU or
Swish). To improve generalization ability, adaptive dropout is introduced:

h® = h® © r®,r® ~ Bernoulli(p;) (9)

Where p; is the retention probability of layer correlation, which is dynamically adjusted
during the training process.

3.4 XGBoost Sub model enhancement

In the XGBoost branch, this paper improves the problems of feature selection, structure
optimization and category imbalance. First, input features are dynamically filtered based on
feature importance. Let the feature importance be I;, then the screening function is:

S={xilll->‘[} (10)

Where t is the threshold, only high-importance features are retained for training, so as to
reduce the complexity of the model.

In terms of tree structure optimization, the tree depth d and learning rate 1 are jointly
adjusted to construct an adaptive strategy:

_ No
1+vyd

n (11)

Where 7, is the initial learning rate and y is the attenuation coefficient. This strategy
can avoid over fitting in the case of deep trees.

For the problem of class imbalance, the objective function is re-weighted. The original
objective function is:

L= 105090+ ) £ (12)
i k

Where [(-) is the loss function and €Q(-) is the regular term. After the category weight is
introduced, the loss function is adjusted to:

L= wi L9 + ) afo (13)
i k

Among them, w; = scale pos weight is used to balance the contribution of positive and
negative samples, so as to improve the minority prediction ability.

Through the above multi-level optimization, XGBoost branches can capture nonlinear
relationships more efficiently and complement DeepFM, thus playing a key role in the fusion
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framework.

4. FUSION STRATEGY AND ALGORITHMIC INNOVATION

4.1 Dynamic weighted fusion mechanism

In order to give full play to the complementary advantages of DeepFM and XGBoost under
different sample distributions, this paper proposes a sample-characteristic-based dynamic
weighted fusion mechanism. Let the input sample be x, and the outputs of DeepFM and
XGBoostbe y; and y; respectively, then the fusion weight is defined as:

exp(¢a (%))
exp(pa(x)) + exp(¢: (%))’
Wherein, ¢4(-) and ¢;(-) are scoring functions implemented by lightweight neural

networks, which are used to describe the fitness of the current sample to each sub model. The
final fusion output is:

wq(x) = we(x) =1 —wa(x) (14)

J=wag(X) - yqg + we(x) - y; (15)

On this basis, attention mechanism is further introduced to enhance the expression ability
of weight distribution. The attention vector a € R? is constructed, and its calculation process
is as follows:

a = softmax(W, - h, + b,) (16)

Where h, represents the context representation extracted by the input feature, and W,
and b, are learnable parameters. Correspondingly, the fusion output can be expressed as:

y=a, - yqg+az y; 17)

Where, aq,a, represent the attention weights of DeepFM and XGBoost respectively.
This mechanism can achieve finer grained model selection under complex feature distribution,
so as to improve the overall prediction accuracy.

4.2 Phased training strategy

Aiming at the problems of gradient interference and unstable convergence in the training
process of fusion model, a phased training strategy is designed in this paper. Firstly, the two sub
models are pre trained independently to achieve better performance in their respective feature
space. Let the loss functions of DeepFM and XGBoost be £; and L; respectively, then the
objectives of the pre training phase are:

min Ly = ) 1y, yamin L= > 150 (18)
i i

Where y; is the real label and I(-) is the loss function (such as logarithmic loss).

After completing the pre training, the fusion layer is introduced for joint fine-tuning. This
stage is achieved by minimizing the overall loss function:

£=>"1039) (19)

The fusion parameters and some sub model parameters are updated to achieve global
optimization. In order to prevent over fitting, the regularization term is introduced in the joint
training phase:
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Lreg =L+, 110 ||%+ A Twilly (20)

Where 0O is the model parameter set, w is the fusion weight parameter, 4,4, are
regularization coefficients. This strategy can not only ensure the expression ability of the model,
but also effectively suppress the over fitting phenomenon.

4.3 Feature interaction enhancement algorithm

In order to further improve the ability of the model to depict complex behavior patterns,
this paper proposes a feature interaction enhancement algorithm, which combines the implicit
interaction in the depth model with the rule interaction in the tree model. Let the high-order
feature generated by DeepFM be expressed as z;, and the rule feature extracted by XGBoost
through tree structure be expressed as z;, then the fusion feature is expressed as:

z2=24 D7 (21
Where, @ represents vector splicing operation.

Further, in order to realize the collaborative modeling of explicit and implicit interaction,
the cross transformation function is introduced:

2 =202 +24+7; (22)

Where, O denotes element-wise multiplication, which is used to model the multiplicative
interaction relationship between features. This expression can capture additive and
multiplicative interactions at the same time, so as to enhance the modeling ability of the model
for complex nonlinear relationships.

In addition, to avoid performance degradation caused by feature redundancy, a feature
selection gating mechanism is introduced:

Zfinal = 8 Oz (23)

Where g =a(W,z' +by) is the gating vector used to screen effective interaction
features, and o (-) is the sigmoid function.

4.4 Predictive output calibration mechanism

Considering that the output of fusion model often has the problem of probability bias, this
paper introduces the prediction output calibration mechanism to improve the reliability of
prediction results. Firstly, the Platt Scaling method is used to calibrate the model output linearly:

1
1+ exp(Ay + B)

P(y=119)) = (24)

Where ¥ is the output of the fusion model, and A and B are the calibration parameters
obtained through the validation set learning.

In addition, in order to deal with the nonlinear distribution, isotonic regression is
introduced for nonparametric calibration. Let the original prediction be J; and the probability
after calibration be p;, then the following optimization problem can be solved:

min )" (p; - yostpy < py €9 < 9 (25)
i

The constraints ensure the monotonicity of the prediction probability.

Through the above calibration method, the model's output probability becomes closer to
the true distribution, so as to improve the prediction stability and generalization ability. In
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practice, the mechanism can effectively reduce the risk of misjudgment and improve the
reliability of decision-making system.

5. EXPERIMENTAL SETUP

5.1 Dataset and preprocessing

This paper selects real e-commerce user behavior data and advertising click-through rate
(CTR) prediction dataset for experimental verification. The data set contains user
characteristics (such as age, gender, historical behavior), commodity characteristics (category,
price range) and context information (time, equipment type, etc.). Let the original data set be
D = {(x;, ¥)},, where x; € R" represents the eigenvector of the ith sample, and y; €
{0,1} represents whether the user clicks or converts.

In the data cleaning stage, outliers are first detected and processed. For the continuous
feature x;, the truncation function is used:

xf = min(max(xj, Lj) , U]-) (26)

Where L; and U; are the lower and upper bounds of the jth feature respectively, which

are used to remove extreme outliers. To solve the problem of missing values, this paper uses a
multi-strategy imputation method: for continuous features, the mean filling method is used:

X; = — xij (27)

Where J; is the index set of non missing samples on the jth feature; For category features,
a special mark “UNK” is introduced to indicate unknown categories.

In terms of data division, in order to ensure the reliability and generalization of the
evaluation results, the dataset is divided into training, validation, and test sets, and the ratio is
set to 7:1:2. Let the training set be D¢, 4ipn, the verification set be D,,,;, and the test set be
Diest» Which satisfy the following conditions:

D = Dirain Y Dyar VU Diests Derain N Dyar = D (28)

At the same time, in order to reduce the impact of sample distribution deviation, a stratified
sampling strategy is adopted to keep the proportion of positive and negative samples in different
subsets consistent, namely:

train val test
Vi - Vi N Vi
| 2)tfrain | | 2)val | | Dtest |

(29)

5.2 Comparison models (Baselines)

In order to comprehensively evaluate the performance of the proposed fusion model, this
paper selects a variety of representative models as the comparison baseline, including single
model and fusion model. In terms of single model, DeepFM, XGBoost, DNN and FM models
are selected. Thereinto, DeepFM model combines factor decomposition machine and deep
neural network, and its prediction form is:

Ipeeprm = 0(Vem + Yonn) (30)

Where yg, represents the low-order characteristic interaction term, ypyy represents the
high-order nonlinear representation, and ¢ (-) is the sigmoid function. The XGBoost model is
predicted in the form of an additive model:
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K
Vxe = ka x),fk €EF 31
k=1

Where K is the number of trees, f; isthe kth regression tree, and F is the tree model
space.

In terms of fusion model, Wide&Deep and DeepGBM are selected for comparison. The
Wide&Deep model realizes feature memory and generalization through the combination of
linear part and depth part, and its output form is:

9 =0 (WX + faeep®) (32)

Where w is the linear weightand fgeep(+) is the depth network function. The DeepGBM
model achieves feature enhancement through the joint training of neural network and gradient
lifting tree. Through the above multi-dimensional comparison, we can comprehensively
evaluate the performance advantages of this method under different model paradigms.

5.3 Experimental environment and parameter setting

The experiment was conducted in a high-performance computing environment, using GPU
and CPU collaborative computing framework. Specifically, the deep model part runs on a GPU
to speed up matrix calculation, while the XGBoost part is trained in multi-core CPU
environment to improve the efficiency of tree model construction. If the training time is set to
T, the overall computational overhead can be expressed as:

T = Tgfe%FM + T)?gg (33)

Where TS55py represents the training time of depth model, and TifF represents the

training time of tree model.

In terms of hyperparameter settings, the embedded dimension k in the DeepFM model is
set to a fixed value, and the hidden layer size is expressed as:

h = [hy, hy, ..., hy] (34)

Where L is the number of layers and h; is the number of neurons in the Ist layer. In the
XGBoost model, the key parameters include tree depth d, learning rate 1 and subsampling
ratio p. The objective function is:

L= 19+ ) 8f0 (35)
i k

Where Q(f;) is the regularization term, which is used to control the complexity of the
model.

In order to ensure the stability and reliability of the experimental results, this paper uses
repeated experiments and takes the average results. Suppose the number of experiments is M,
and the evaluation index s, is obtained for each experiment, then the final result is:

1 M
5= Z S (36)
m=1

Calculate the standard deviation at the same time:
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M

o, = %Z(sm—sv 37)

m=1

Where § is the average performance and o is the fluctuation degree of the results. This
method can effectively evaluate the stability of the model under different random initialization
and data partition, so as to ensure the reliability of the experimental conclusion.

6. RESULTS AND EVALUATION

In this section, the proposed fusion model is systematically evaluated from multiple
dimensions, including overall performance, module contribution, parameter impact,
generalization ability and computational efficiency. Firstly, AUC, LogLoss, Precision and
Recall are used as evaluation indicators, where AUC is defined as:

1
AUC = f TPR(FP R™1(x))dx (38)
0

Where TPR is the true positive rate and FPR is the false positive rate. LogLoss is used
to measure the difference between the predicted probability and the real label. Its expression is:

N
1
Logloss = =7 ) [ylog(s) + (1 =y log(1 = 50} (39)

i=1
Where y; is the real label, ¥; is the prediction probability, and N is the number of
samples. Precision and Recall are defined as:

Precision = ——— Recall = —— (40)
recision = TP +FP, ccall = TP + FN

TP, FP and FN represent true cases, false positive cases and false negative cases
respectively.

The main experimental results are shown in Table 1 below. It can be observed that the
proposed model outperforms the baseline methods across all indicators.

Table 1. Performance comparison of different models in digital consumer behavior
prediction task

Model LogLoss Precision Recall
FM 0.451 0.641 0.598
DNN 0.428 0.668 0.623
XGBoost 0.401 0.692 0.651
DeepFM 0.387 0.705 0.668
Wide&Deep 0.372 0.721 0.684
Deepgbm 0.361 0.734 0.701
Text model 0.342 0.756 0.728
108
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The LogLoss of this model is 0.342, which is 11.6% lower than DeepFM (0.387), 14.7%
lower than XGBoost (0.401), and 24.2% lower than traditional FM (0.451). In terms of
precision index, this model reached 0.756, which was 7.2% higher than DeepFM (0.705) and
9.2% higher than XGBoost (0.692). In the recall index, this model reached 0.728, 9.0% higher
than DeepFM (0.668) and 11.8% higher than XGBoost (0.651). It is worth noting that compared
with the current advanced DeepGBM model, LogLoss is further reduced by 5.3%, precision
and recall are increased by 3.0% and 3.9% respectively.

In the performance comparison of the overall model, the performance of different models
in terms of AUC shows clear differences, as shown in Figure 1.
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Figure 1. AUC comparison of different models

The AUC of this model is 0.879, which is about 5.4% higher than DeepFM (0.834) and
8.3% higher than XGBoost (0.812). This improvement is not merely linear, but a jump
promotion formed under the fusion strategy, which shows that the dual channel structure
effectively integrates the advantages of deep learning and tree model, and significantly
enhances the ability of the model to depict complex user behavior patterns.

In the ablation experiment, the key modules were removed for verification. Define the
performance degradation rate as:

_ Srutt — Sablated (41)

Srun
Where Sgy,;; 1s the performance of the complete model, and Sgpigteq 18 the performance
after removing the module. Table 2 shows the contribution of each key module to the

performance of the model. The importance of each module can be quantified by removing the
core components one by one and comparing their performance.
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Table 2. Evaluation of contribution of key modules to model performance

Model variants LogLoss Performance degradation rate
Complete model 0.342 —

Remove fusion layer 0.371 8.5%

Remove feature enhancement 0.378 10.5%

Fixed weight fusion 0.365 6.7%

After removing the fusion layer, LogLoss increased from 0.342 to 0.371, and the
performance decreased by 8.5%, indicating that the dynamic fusion mechanism is the core pillar
of the whole architecture, and its role is far beyond the simple model combination. The most
significant performance degradation occurred after the removal of the feature enhancement
module, reaching 10.5% (LoglLoss rose to 0.378), indicating that the feature interaction
enhancement algorithm plays a key role in capturing complex user behavior patterns. After
replacing the dynamic weight with the fixed weight fusion, the performance decreases by 6.7%
(LogLoss rises to 0.365), which verifies the effectiveness of the dynamic weight allocation
mechanism based on sample characteristics, which can adaptively adjust the contribution ratio
of DeepFM and XGBoost according to the characteristics of each sample, so as to achieve fine
prediction.

In the comparative experiment of fusion strategies, different fusion methods as shown in
Figure 2 have a significant impact on the performance of the model.
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Figure 2. Impact curve of fusion strategy on AUC

As shown in Figure 2, the AUC of fixed weight fusion is 0.857, while the dynamic weight
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is increased to 0.868. After further introducing the attention mechanism, it reaches 0.879, an
overall increase of about 2.2%. This result shows that the fusion layer is not only a simple
composite structure, but also a key module to determine the upper limit of model performance.
By introducing nonlinear weight assignment, the attention mechanism enables the model to
select the optimal sub model for different samples, so as to achieve fine prediction.

In the parameter sensitivity analysis, the influence of embedding dimension k, tree depth
d and fusion weight on performance is studied. Let the performance function be S(k,d,w),
and the experimental results are shown in Figure 3 below:
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Figure 3. Curve of embedding dimension, tree depth and AUC

The results show that the embedding dimension and tree depth have a nonlinear effect on
the AUC performance of the model, and the optimality is highly consistent. Specifically, when
the embedding dimension increased from 8 to 32, the AUC continued to increase from 0.861 to
the peak of 0.879, with a cumulative relative increase of 2.09% (absolute gain of 0.018);
However, when it continues to increase to 64, the performance slightly drops to 0.878, and the
relative attenuation is only 0.11%, indicating that the model enters the performance saturation
platform stage after the embedded dimension exceeds 32. Similarly, when the tree depth
increased from 4 to 8, the AUC also increased from 0.861 to 0.879, with a relative increase of
2.09%; After the depth further increased to 10, the AUC decreased to 0.876, with a relative
attenuation of 0.34%, which was about three times the embedded dimension, indicating that the
model was more sensitive to the depth of the tree. The two hyperparameters show steep growth
slopes in the low value range (dimension < 16, depth < 6). The average AUC gain per unit
dimension increase is 0.001375, while the AUC gain per unit depth increase is 0.002- the
marginal benefit of tree depth is about 1.45 times that of the embedded dimension. In general,
the optimal parameter combination is an embedding dimension of 32 and a tree depth of §, at
which time the AUC reaches 0.879; From the perspective of parameter optimization priority,
the tree depth should be precisely optimized first, and the embedded dimension has better
robustness after reaching 32.
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In the generalization ability verification, the data proportion is defined as p through the
training models with different data sizes, and the results are shown in Figure 4 below:
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Figure 4. Performance change curve under different data sizes

When the proportion of training data increased from 20% to 100%, the AUC increased
from 0.821 to 0.879, with an overall increase of about 5.8%. When only 40% of the data is used,
the model has reached an AUC of 0.846, indicating that the method still has strong learning
ability in the scenario of small and medium-sized data. In addition, the curve shows a gradual
slowing trend, indicating that the model reaches a performance saturation stage when the data
is sufficient, which further verifies its good generalization performance and stability.

In the calculation efficiency analysis, the training complexity is defined as:
O = Opnn + Orree (42)

Among them, Opyy ~ O(NkL) , Oppee ~ O(KNlog N) . Table 3 compares the
calculation efficiency indexes of each model.

Table 3. Comparison of training time and reasoning delay of different models

Model Training time (s) Reasoning delay (ms) Parameter size (million)
DeepFM 120 3.2 3.2
XGBoost 95 2.8 —
Wide&Deep 140 3.5 3.8
Text model 165 39 4.1
112
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The training time of this model is 165 seconds, which is 37.5% more than DeepFM and
73.7% more than XGBoost; the inference latency was 3.9 ms, which was 0.7 ms (21.9%) longer
than DeepFM and 1.1 ms (39.3%) longer than XGBoost; The parameter scale is 4.1 million,
which is 28.1% higher than DeepFM. It is necessary to interpret these data from the perspective
of input-output ratio: with an increase of about 37.5% of training time, this model achieves an
increase of 5.4% in AUC and a decrease of 11.6% in LoglLoss compared with DeepFM;
Compared with XGBoost, the AUC increased by 8.3% and LogLoss decreased by 14.7% at the
cost of 73.7% time. In terms of reasoning delay, 3.9 ms is still far below the common 10 ms
delay threshold of industrial recommendation system, which fully meets the real-time
prediction requirements.

On the whole, the model in this paper exchanges about 20-40% of the additional computing
cost for more than 10% of the performance improvement, which has a very high cost-
performance ratio. In the actual deployment, the reasoning overhead can be further reduced by
compression technologies such as model quantification and knowledge distillation.

7. ROBUSTNESS AND VALIDATION OF THE MODEL

In order to comprehensively evaluate the reliability of the proposed fusion model in
complex real environment, this paper tests the system robustness and stability of the model
from three aspects: noise interference, data imbalance and online recommendation simulation.
Firstly, in the noise data robustness test, the performance change of the model under non ideal
data conditions is analyzed by simulating the random disturbance and missing of the input
characteristics. Let the original input be x and the input after introducing noise be:

X' =x+¢€ (43)

Where € ~ NV'(0,02) refers to the Gaussian noise with mean value of 0 and variance of
0?,and o controls the noise intensity. Changes in model output can be expressed as:

Ay = 9(x) =y | (44)
Where y(-) is the model prediction function.

The experimental results are shown in Table 4 below, and the performance changes of the
model under different noise intensities can be observed:

Table 4. Model performance changes under different noise intensities

Noise intensity ¢ AUC LogLoss Precision Recall
0.0 0.879 0.342 0.756 0.728
0.1 0.872 0.351 0.748 0.719
0.2 0.861 0.367 0.735 0.705
0.3 0.845 0.389 0.712 0.683
0.4 0.826 0.415 0.689 0.658
0.5 0.801 0.447 0.661 0.631

The model shows strong anti-noise ability - when the noise intensity 6=0.3, the AUC
decreases from 0.879 to 0.845, the absolute attenuation is 0.034 (relative to 3.9%), and the
LogLoss increases from 0.342 to 0.389, an increase of 13.7%. The performance degradation
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shows an accelerating trend: a drop of 0.007 from ¢=0.0 to 0.1, 0.025 from 6=0.4 to 0.5, and
the degradation rate of the latter is about 3.6 times that of the former. Even at a high noise level
(0=0.5), the model still maintains an AUC of 0.801 and a precision of 0.661, indicating that the
fusion architecture has good fault tolerance. This robustness is mainly derived from two
complementary mechanisms: the tree model's natural insensitivity to outliers in the XGBoost
branch (a quantile based splitting strategy), and the smooth modeling ability of the deep
network to the feature distribution in the DeepFM branch.

Further, the feature deletion is simulated, and the deletion rate is defined as p,,,, namely:

number of missing features

total number of features (45)

Pm =

The missing data is generated using a random mask. Table 5 shows the performance
degradation law of the model in the case of missing features.

Table 5. Model performance under different feature deletion rates

Deletion rate p,, AUC LogLoss Precision Recall
0% 0.879 0.342 0.756 0.728
10% 0.871 0.354 0.746 0.716
20% 0.858 0.371 0.731 0.701
30% 0.839 0.395 0.708 0.679
40% 0.812 0.427 0.676 0.647
50% 0.781 0.465 0.641 0.612

The model has a good tolerance for feature deletion. When the deletion rate reaches 20%,
the AUC is 0.858, which is only 2.4% lower than the complete data; When the deletion rate
reached 30%, the AUC remained at 0.839 and the absolute attenuation was 0.040 (relative to
4.6%). The performance degradation exhibits an approximately linear relationship, and the
AUC decreases by about 0.0098 (R?*~0.99) on average for every 10% loss rate increase,
indicating that the attenuation mode is predictable. Even in the case of extreme deletion (50%
feature deletion), the AUC of the model still reaches 0.781, and precision and recall remain at
0.641 and 0.612, respectively, indicating that the model still has the ability to predict.

In the case of data imbalance, this paper further tests the stability of the model under
different positive and negative sample proportions. Let the positive sample ratio be r = —2>=,
total

where Np,s 1s the number of positive samples and Niyrq; is the total number of samples.
Table 6 shows the performance stability of the model under different types of imbalance.
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Table 6. Model AUC performance under different positive sample proportions

Positive sample ratio r AUC LogLoss Precision Recall
50% 0.881 0.338 0.761 0.734
30% 0.879 0.342 0.756 0.728
20% 0.876 0.348 0.749 0.721
10% 0.871 0.357 0.741 0.712
5% 0.864 0.369 0.732 0.701
1% 0.851 0.392 0.718 0.683

The model achieves the best performance AUC=0.881 when the data is balanced (r=50%).
In the scenario with moderate imbalance (r=20%~30%), there is almost no performance
degradation, and the AUC is only slightly reduced from 0.881 to 0.876-0.879, with a relative
reduction of less than 0.6%. In the extreme imbalance scenario (r=5%), the AUC remained at
0.864, which was only 1.9% lower than the equilibrium state. Even under the most extreme 1%
positive sample ratio, the model’s AUC is still 0.851, the LogLoss is 0.392, and the precision
and recall are 0.718 and 0.683, respectively. From the perspective of attenuation rate, when R
decreases from 50% to 10%, AUC decreases by about 0.0033 for every 10 percentage points;
When R decreases from 5% to 1%, the attenuation accelerates to about 0.0033 per 1 percentage
point, showing a linear attenuation mode. This shows that the introduced weighted loss function:

L= Z w; - 1y, 1) (46)

Among them, w; is the sample weight, which effectively alleviates the class imbalance
problem and improves the recognition ability of the model for minority classes.

Finally, the performance of the model in the real recommendation system is verified by
online simulation experiments. Build a user click through probability model and define CTR
as:

hits
CTR = — (47)
exposures

Let the baseline model CTR be CTRp,s., and the model CTR in this paper be
CTRyroposed- then the improvement rate is:

CTRproposed - CTRbaSe

ACTR =
CTRbase

(48)

Table 7 shows the click through rate prediction performance of each model in the online
recommendation simulation scenario.
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Table 7. CTR Performance of different models in online recommendation simulation

Model CTR (%) Promotion rate ACTR
XGBoost 4.12

DeepFM 438 +6.3%

Wide&Deep 4.51 +9.5%

DeepGBM 4.67 +13.3%

Text model 4.93 +19.7%

Actual system (Reference) 4.85 +17.7%

The CTR of this model reached 4.93%, which was 19.7% higher than XGBoost (4.12%),
12.6% higher than DeepFM (4.38%), and 5.6% higher than the current advanced DeepGBM
(4.67%). The CTR performance of the proposed model surpasses the actual industrial reference
system (4.85%), and the exceeding range is 1.6%, which verifies its practical value in the real
scene. From the perspective of improvement rate, the performance gap between the models
shows an expanding trend. DeepFM is 6.3% higher than XGBoost, Wide&Deep is 3.0% higher
than DeepFM, DeepGBM is 3.5% higher than Wide&Deep, and this model is 5.6% higher than
DeepGBM, indicating that the dual channel architecture of fusion depth and tree model has
brought significant marginal benefits.

Based on the above experiments, it can be concluded that the model in this paper shows
excellent robustness and stability in complex environments such as noise interference, missing
features and data imbalance. At the same time, it achieves significant CTR improvement in
online simulation scenarios, which verifies its feasibility and effectiveness in practical
industrial applications.

8. DISCUSSION

Although the fusion model proposed in this paper has achieved satisfactory results in many
experimental dimensions, some problems worthy of further discussion have also been exposed
in the research process. The first is the generalization boundary problem of the dynamic
weighted fusion mechanism. From the experimental results, we can see that the attention weight
allocation strategy based on sample characteristics is indeed better than the fixed weight fusion,
but the effectiveness of the mechanism is highly dependent on the accurate description of the
degree of adaptation between the sample and the sub model by the scoring function. When there
is a large deviation between the training data distribution and the test environment, the learned
weight generation function may produce inappropriate allocations, for example, the samples
that should be dominated by DeepFM are incorrectly allocated to the XGBoost branch. This
phenomenon is particularly obvious in the scene with a low proportion of training data, because
the limited samples are difficult to support the full learning of the weight generation function.
In other words, the advantages of dynamic weighting mechanism are based on sufficient
training data. In the cold start scenario with extremely scarce data, simple average or fixed
weights may show better stability. This suggests that researchers need to dynamically select
fusion strategies according to the data size in actual deployment, rather than mechanically adopt
complex mechanisms.

Secondly, the tension between feature interaction enhancement algorithm and model
interpretability deserves attention. The feature interaction enhancement module proposed in this
paper significantly improves the prediction accuracy by fusing the implicit representation of
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deep branches with the regular features of tree branches, but this operation also greatly reduces
the overall interpretability of the model. The traditional XGBoost model can clearly explain the
basis for each prediction using tools like feature importance and SHAP values, and DeepFM
can also display the feature interaction intensity through the visualization of attention weight.
However, in the fused model, the semantic information of depth features and tree features is
highly abstracted after cross transformation and gating screening, which makes it difficult to
trace which features of a specific prediction are interactive from which branch. For application
scenarios that require high interpretability, such as financial risk control and medical diagnosis,
this "black box" nature may become an obstacle to the implementation of the model. How to
introduce the interpretability mechanism while maintaining the performance advantage of the
fusion model, such as designing the branch contribution traceability module or developing the
local interpretation method for the fusion architecture, is an important direction for future
research.

Thirdly, from the perspective of computational efficiency, although the reasoning delay of
this model meets the real-time requirements, the increase of training overhead is still a problem
that cannot be ignored. The experimental data show that the training time of this model is about
37% longer than that of DeepFM, and about 74% more than XGBoost. This overhead mainly
comes from three aspects: parallel training of two branches, additional calculation of dynamic
weight generation function and gating mechanism in feature interaction enhancement module.
In the actual industrial environment, the model often needs to be updated incrementally every
day or every week, and the training efficiency directly affects the iteration speed of the system.
Although the phased training strategy adopted in this paper alleviates the convergence problem
of joint training to a certain extent, it does not fundamentally reduce the computational
complexity. One possible improvement direction is the introduction of knowledge distillation
technology to transfer the prediction ability of the fusion model to a single lightweight model,
so as to enjoy the performance advantages of the fusion model in the reasoning stage and avoid
its computational overhead. Another idea is to explore the asynchronous update strategy, that
is, the XGBoost branch with less computation is updated at high frequency, and the DeepFM
branch is retrained at low frequency to balance performance and efficiency.

In addition, the adaptability of the model in different types of consumer behavior
prediction tasks is also worth further discussion. This paper mainly focuses on the binary task
of click through rate prediction, but in actual business, consumer behavior also includes
purchase amount prediction, browsing time estimation, commodity category preference ranking
and other forms. For regression tasks, the output layer of the fusion model needs to be adjusted
from sigmoid function to linear output, and the weight generation function in the dynamic
weighting mechanism also needs to be modified accordingly. For multi category tasks, such as
predicting the next category that users may purchase, the model output layer needs to be
extended to the softmax form. At this time, the fusion strategy becomes more complex, because
the probability distributions of the two branch outputs need to be reasonably combined in the
logarithmic domain or probability domain. Although the fusion framework in this paper has
been verified to be effective in the binary classification scenario, its generalization ability to
other task types still needs special research. The preliminary analysis shows that for regression
tasks, the weighted fusion can be changed to weighted average and output directly, while for
multi classification tasks, weighted fusion in the probability domain may be more appropriate,
but we need to be vigilant about the deviation caused by the difference in the confidence of the
two branch probability estimates.

Finally, the balance between feature engineering and model automation is also a topic
worthy of reflection. In the design of the model, the feature processing link is optimized in
detail, including adaptive embedding, feature reweighting, continuous feature bucket division
and other operations. Although these designs improve the performance of the model, they also
increase the complexity of human intervention to a certain extent. Ideally, the end-to-end deep
learning model should be able to automatically learn the appropriate feature representation from
the original data, reducing the dependence on artificial feature engineering. However, the
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practice of this paper shows that in the field of consumer behavior prediction, fully automated
feature learning is still difficult to achieve the effect of carefully designed manual feature
matching tree model. This suggests that researchers should not ignore the important guiding
role of domain knowledge in feature representation while pursuing model automation. Future
research can explore the combination of automated feature engineering and fusion model, such
as using neural architecture search to automatically determine the embedded dimension and
network depth, or using meta learning technology to transfer feature processing experience
from historical tasks, so as to maintain the prediction advantage of the model while reducing
labor costs.

9. CONCLUSION

Aiming at the advantages and limitations of depth model and tree model in the task of
digital consumer behavior prediction, this paper proposes a dual-channel fusion model
combining DeepFM and XGBoost. The core of this method is to fully exploit the
complementarity of the two types of models at the feature representation level. Through a
unified input processing and feature assignment mechanism, the DeepFM branch focuses on
the learning of high-order implicit feature interaction, while the XGBoost branch takes
advantage of its nonlinear splitting and feature selection on heterogeneous table data. In terms
of architecture design, this paper optimizes the sub model from multiple levels, including
adaptive embedding and high-order interaction expansion in DeepFM, and dynamic feature
filtering and category imbalance weighting in XGBoost. More importantly, this paper
innovatively proposes a dynamic weighted fusion mechanism and attention enhancement
strategy based on sample characteristics, which enables the model to adaptively adjust the
contribution ratio of the two branches according to the specific characteristics of each input
sample, so as to achieve a more refined prediction than the fixed weight fusion. In addition, the
feature interaction enhancement algorithm combines the implicit representation of deep
branches with the regular features of tree branches by deep alignment and multiplication, which
further improves the ability of the model to depict complex behavior patterns. The introduction
of phased training strategy effectively alleviates the gradient interference problem in the joint
optimization process and ensures the convergence stability of the model.

Through a large number of experiments on real e-commerce user behavior data and
advertising click through rate data set, this paper verifies the effectiveness of the proposed
model. The main experimental results show that the model is significantly better than the
existing fusion baselines such as DeepFM, XGBoost, Wide&Deep and DeepGBM in terms of
AUC, LogLoss, accuracy and recall. Compared with DeepFM, the model improves the AUC
by more than 5% and decreases the LogLoss by more than 10%. The ablation experiment further
revealed the contribution of each key module, and the feature interaction enhancement module
and dynamic fusion mechanism contributed the most significantly to the performance
improvement, which verified the rationality of the method innovation in this paper. The
parameter sensitivity analysis shows that the embedded dimension and tree depth show a law
of first increasing and then decreasing on the performance of the model. The optimal parameter
combination is embedded dimension 32 and tree depth 8, and the sensitivity of tree depth to
performance is higher than embedded dimension, which provides clear guidance for the super
parameter optimization in practical application. The generalization ability verification shows
that the model can achieve high prediction performance when only 40% of the training data is
used, and it still has good learning ability in small and medium-sized data scenarios. The
computational efficiency analysis shows that the performance improvement of this model is
more than 10% with about 20% to 40% of the additional training time, and the reasoning delay
is controlled within four milliseconds, which fully meets the real-time requirements of
industrial recommendation system.

In terms of robustness and stability test, this paper tests the model from multiple
dimensions. Noise data experiments show that the model can maintain an AUC above 0.8 even
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at a high noise level, showing good anti-interference ability, which is mainly due to the natural
insensitivity of the tree model to outliers and the smooth modeling ability of the depth network
to the feature distribution. The feature deletion test shows that when the deletion rate reaches
30%, the AUC of the model is still stable around 0.84, and the performance degradation shows
a predictable approximate linear mode. The data imbalance experiment verifies the
effectiveness of the weighted loss function. Even in the extreme imbalance scenario where the
proportion of positive samples is only 1%, the AUC of the model can still reach 0.851, Which
is significantly better than the unweighted baseline. The online recommendation simulation
further proves the practical value of this model. Its predicted click-through rate reached 4.93%,
which is more than 5% higher than that of DeepGBM, and has exceeded the performance level
of the actual industrial reference system. Based on the above analysis, it can be concluded that
the fusion model of DeepFM and XGBoost proposed in this paper performs well in terms of
prediction accuracy, generalization ability, computational efficiency and robustness in complex
environments, and provides an effective and deployable solution for the prediction task of
digital consumer behavior. Future research work can be carried out in the following directions:
exploring the inclusion of more types of base models into the fusion framework to further enrich
the feature representation space, studying model compression and knowledge distillation
techniques to reduce the computational overhead of online reasoning, and expanding the
framework to more challenging application scenarios such as sequence behavior modeling and
cross domain recommendation.
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