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ABSTRACT Commercial health insurance claims prediction is challenged by label delay, temporal
distribution drift, and complex high-dimensional feature interactions, which reduce the reliability and
stability of conventional risk assessment models. To address these issues, this study proposes a DeepFM-
based dual-correction framework that integrates inverse probability weighting, symmetric cross-entropy
loss, temporal adversarial learning, and maximum mean discrepancy constraints to jointly mitigate label
lag and distribution drift. A shared embedding architecture is employed to capture both low-order and high-
order feature interactions, while an adaptive gated fusion strategy balances the contributions of the FM
and DNN branches for robust probability estimation. Experimental results demonstrate that the proposed
model achieves an AUC of 0.853 under standard conditions and maintains competitive performance
under severe label delay and temporal drift scenarios, with limited degradation in calibration metrics.
The framework significantly enhances prediction accuracy, robustness, and probability consistency for
commercial health insurance claims risk assessment. Furthermore, its capability for modeling dynamic
feature interactions and time-varying data distributions provides methodological insights for intelligent
signal interpretation and adaptive prediction tasks in electromagnetic wave propagation environments and

related antenna data analysis applications.
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I. INTRODUCTION

GAINST the backdrop of the rapid expansion of the

insurance market, accurately predicting a customer’s
claims risk has become an important support for underwrit-
ing, pricing, and risk management for companies [1,2]. Sim-
ilarly,, accurately forecasting demand and material quality
is critical for inventory and pricing strategies. However, in
both actual business scenarios, claims data (or demand data)
often suffer from problems such as labeling time lags and
a large number of unsettled policies (or long-cycle produc-
tion batches), resulting in inconsistencies between observed
labels and actual risk status, thus generating serious noise
[3,4]. At the same time, under the influence of factors such
as policy adjustments, product iterations, and user behavior
evolution, the joint distribution of features and labels expe-
riences systematic drift over time, i.e., temporal distribution
drift [5]. These two types of dynamic disturbance factors
seriously affect the generalization ability and stability of the
prediction model, resulting in a significant reduction in its
performance when deployed across time periods. At present,
deep learning models have been extensively studied in mul-
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tiple fields, but the joint modeling problem of label lag and
distribution drift is still widely ignored, limiting the credible
application of models in real insurance environments. In
the field of health insurance claims risk prediction, existing
research generally focuses on improving the accuracy and
efficiency of predictions through machine learning (ML)
methods [6-8]. To improve the accuracy of insurance claims
processing, Alam Ashrafe used six ML algorithms to predict
health insurance claims risks. The results showed that the
eXtreme Gradient Boosting (XGBoost) and Random Forest
(RF) models performed better than other algorithms, had
the lowest prediction error, and could effectively identify
key risk variables [9]. Thakre Vaishnavi P used precision,
recall, and F1 score metrics to comprehensively compare
the application of logistic regression and other ML mod-
els in claims risk prediction. The results showed that the
accuracy of logistic regression was 82%, which could pro-
vide practical guidance for insurance companies to enhance
customer service and reduce financial losses by exploring
the trade-off between accuracy and interpretability [10]. De-
vaguptam Sreegeethi introduced an ML-driven automation
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framework that used patient medical history to calculate
relevant risk factors and premiums, aiming to reduce human
intervention, protect insurance operations, identify high-risk
customers, detect fraudulent claims, and reduce financial
losses in the insurance industry. Finally, the effectiveness
of the proposed framework was verified through insurance
processing tasks [11]. To automate claims risk prediction,
Nalluri Venkateswarlu compared the applications of Support
Vector Machine (SVM), Decision Tree (DT), RF, and Multi-
Layer Perceptron (MLP) in medical fraud detection. By
extracting 19 key features of medical insurance fraud, he
provided valuable suggestions for insurance management
departments to establish an automatic audit mechanism to
eliminate fraud [12]. Anam Syaiful proposed using SVM
and Particle Swarm Optimization (PSO) for health claim
insurance prediction. Experimental results showed that sup-
port vector machines using the PSO algorithm performed
well in health claim insurance prediction, and it was proven
that the performance of support vector machines using the
PSO algorithm was better than that of standard support
vector machines [13]. These studies have achieved positive
results in model selection and practical applications, but they
still focus on the comparison and application of traditional
ML models, lacking the systematic use of complex feature
interactions and deep learning structures.

As research deepens, scholars have gradually tried to
combine deep learning with factorization machines to cap-
ture complex feature relationships. DeepFM can automati-
cally learn complex feature interactions and performs well
on high-dimensional sparse data [14,15]. To identify predic-
tive features from complex raw data, Chen Ling proposed an
ensemble diversity-enhanced Extreme DeepFM model and
designed an ensemble diversity metric in each hidden layer.
He considered ensemble diversity and prediction accuracy
in the objective function and proved the effectiveness of the
proposed model through datasets [16]. To better explore the
potential relationship between data, Yu Huaidong proposed a
Gate Attention Factorization Machine (GAFM) model based
on the dual factors of accuracy and speed, and used the
gate structure to control speed and accuracy. The results
showed that the GAFM model was superior to the existing
factorization machine in terms of speed and accuracy [17].
To process complex industrial data with different features,
nonlinear relationships, and a large number of unlabeled
samples, Ren Lei proposed a data-driven self-supervised
Long Short-Term Memory (LSTM)-DeepFM model for
industrial soft measurement, exploring the interdependence
between features and the dynamic fluctuations in time series.
Experiments showed that the proposed method reached
the state-of-the-art level compared with existing methods
[18]. These works have significantly enhanced the model’s
ability to process high-dimensional sparse features and have
been verified to outperform traditional methods on multiple
datasets. However, the label lag noise and time distribution
drift problems in the data are still generally ignored, re-
sulting in insufficient stability of the model in inter-period
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prediction.

To address the above challenges—which are prevalent in
dynamic risk scenarios ranging from insurance claims to
supply chain management—this paper proposes a DeepFM
framework with dual correction for lag and drift specifically
tailored for commercial health insurance claims risk predic-
tion. In terms of the label lag problem, the Inverse Prob-
ability Weighting (IPW) mechanism is applied to reweight
the missing labels of unresolved samples to alleviate the
model offset caused by pseudo-negative samples. To ad-
dress the issue of temporal distribution drift, timestamp
information is embedded in a shared embedding space, and
adversarial training constraints are combined to minimize
distribution differences across different time windows, en-
abling the model to achieve stronger temporal invariance
in representation learning. Compared to traditional FM,
DeepFM not only explicitly captures second-order feature
interactions through the FM branch but also learns complex
high-order nonlinear patterns through the DNN branch,
enabling the model to better fit high-dimensional, sparse
feature environments. By improving the model’s stability
and predictive accuracy in dynamic business environments,
this paper provides a more practical reference not only for
intelligent insurance risk management but also for sectors
facing similar data challenges, such as optimizing risk
control and decision-making in the complex, long-cycle
operations of the industry.

Il. COMMERCIAL HEALTH INSURANCE CLAIMS RISK
MODELING USING DEEPFM ALGORITHM OPTIMIZATION
A. MULTI-SOURCE FEATURE PROCESSING AND
EMBEDDING REPRESENTATION

In commercial health insurance claims risk modeling, this
paper integrates four core data sources, whose feature in-
formation is shown in Table 1:

TABLE 1. Data sources and feature information

Classification Sequence  Feature

Demographic information 1 Age
2 Gender
3 Occupation Code
4 Region identification (ID)
Health examination data 1 Body Mass Index (BMI)
2 Blood pressure
3 Blood sugar level
4 Medical history code
1
2
3
4
1
2
3

Policy attributes Coverage level

Payment period

Insurance type

Deductible setting

Annual frequency of medical visits
Drug consumption categories
Previous claims status

Historical claims behavior

In Table 1, demographic information includes age, gen-
der, occupation code, and region identification; health ex-
amination data covers BMI, blood pressure, blood sugar
level, and medical history code; policy attributes include
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insurance coverage level, payment period, insurance type,
and deductible setting; historical claim behavior records
annual medical frequency, drug consumption category, and
previous claim status. First, the demographic information
is classified and sorted, and the categorical variables are
initially represented by one-hot encoding. On this basis, the
high-cardinality categories are mapped to a low-dimensional
continuous vector space through the embedding layer to alle-
viate the curse of dimensionality and sparsity problems. For
each high-cardinality categorical feature, its embedding di-
mension d; is dynamically determined based on the number
of unique values v; for that feature, following the empirical
formula d; = min(64, [1/]v;]]), with an upper limit of 64
to control model complexity. Categories appearing in the
training set with a frequency below the threshold (set to
10) are uniformly mapped to a special label [RARE], and a
learnable shared vector is assigned to them in the embedding
layer. Categories appearing during the testing phase but
not seen in training are also mapped to [UNK] unknown
labels, and the [RARE] corresponding embedding vectors
are reused. The embedding vectors of all categorical features
are optimized through end-to-end joint training, sharing the
same set of embedding parameters between the FM and
DNN branches of DeepFM. This sharing mechanism not
only significantly reduces the number of parameters but
also enhances the generalization ability of sparse feature
combinations through explicit modeling of second-order
interactions in the FM branch. The embedding operation
can be expressed as:

vi = B - x (D

In Eq. (1), z; is the one-hot encoding vector, and
E; € RICI*d i the learnable embedding matrix. The
embedding matrix is updated by backpropagation during the
model training process so that each category can capture
the potential semantic features related to claim risk in
the low-dimensional space. For the continuous variables in
the health examination data, missing value processing and
outlier detection are performed. Missing values are filled
using the mean imputation method:

1
B =5 DT )

Outliers are identified and truncated using the Z-score
method to prevent extreme values from having an adverse
effect on model training. Continuous features are then
standardized to have zero mean and unit variance, that is
[19]:

Tij — 1j
0;

3)

Li’ij =
where, p; and o; are the mean and standard deviation

of the feature in the training set, respectively. The policy
attribute is a categorical feature with high cardinality. To
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fully express the impact of different policy combinations
on claim risk, this paper uses embedded coding to map
the categorical feature ¢ to a continuous vector in a d-
dimensional dense vector space, which is mathematically
expressed as:

ec=We v, “

where, W, € R*k is a trainable embedding matrix.
Through end-to-end optimization, the model automatically
learns semantic similarity. The embedding dimension d is
dynamically set based on the feature information entropy:
d = 64 is used for high-information features, and d = 32 is
used for low-information features. The embedded policy at-
tribute vector, demographic features, and health examination
features together constitute a preliminary low-dimensional
feature vector set Xinit.

Historical claims behavior, as a time-accumulated feature,
is sparse and non-uniformly distributed. Directly inputting
it into a deep network may lead to unstable gradients.
This paper first logarithmically transforms the numerical
claims feature ' = log(y + 1) to compress the magnitude
difference, and then standardizes it to make it have a
similar scale to other continuous features. At the same
time, the categorical historical event features are mapped to
vector representations through embedding coding, and then
concatenated with the numerical features to form a unified
feature vector Xy;s¢. The process is expressed as:

Xhist - [i'numvvcat] (5)

where, T,um 1S the standardized continuous claims fea-
ture, and v¢, is the embedded categorical claims event fea-
ture vector. Finally, demographic information, health exami-
nation data, policy attributes, and historical claims behavior
features are integrated into a unified low-dimensional dense
vector X € R%otal through vector concatenation operations,
that is:

X = [Udemm Thealth, Upolicy » Xhist] (6)

where, v4emo represents the demographic feature em-
bedding vector; ZTpeaith represents the standardized health
examination feature; vpolicy Tepresents the embedded policy
feature; Xy,;s¢ represents the historical claims feature vector.

B. DEEPFM DUAL-CHANNEL MODELING

Commercial health insurance claims data typically exhibit
high-dimensional sparsity and strong feature interactions.
While traditional deep neural networks can fit high-order
nonlinear relationships for this data structure, their gen-
eralization ability to sparse categorical features is weak,
and they struggle to explicitly model meaningful low-order
interactions. Pure sequence models, while suitable for time
series, are problematic because health insurance claims
predictions are usually based on static snapshot features,
lacking strong temporal dependencies; forcibly introducing
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sequence modeling would only increase redundancy and
complexity. In contrast, DeepFM uses a shared embedding
layer to uniformly represent sparse features and integrates
FM and DNN channels in parallel. This avoids the overfit-
ting risk of DNNs on sparse data and overcomes the limita-
tion of traditional FM in modeling high-order interactions,
balancing expressive power, generalization performance,
and business interpretability. After completing the structured
processing and embedding of multi-source features, this
paper constructs a DeepFM dual-channel architecture based
on shared embedding vectors to simultaneously capture the
expressive power of second-order explicit interactions and
higher-order nonlinear interactions, as shown in Figure 1.
The FM branch analytically models second-order interac-
tions between domains, identifying statistically significant
pairwise risk associations. The DNN branch then performs
multi-layer nonlinear combinations on the embedded fea-
tures to capture complex risk patterns under high-order,
multivariate coupling. Both channels share the same embed-
ding representation, and joint training achieves coordinated
optimization of feature representation and interaction mod-
eling. Finally, the fusion layer generates a claim probability

prediction.
It is assumed that the field set of the entire sample is
F = {1,...,m}, and the corresponding input of each

field ¢ after preprocessing is x;. For categorical fields, they
have been mapped to low-dimensional vectors v; € R?
through the embedding matrix E;; for scalar continuous
fields, they are denoted as Z;; € R after normalization.
The original values are retained in the model for linear
terms, and vectorized representations are obtained through
linear mapping to participate in interactions. For unified
representation, the field vector is defined as:

e = {vi, 1€ C, 7

Tjg + Ug, ZEN,

where, u; € R is the learnable basis vector of the
continuous field, and C' and NV represent the categorical field
set and the continuous field set, respectively. The shared
embedding set is denoted as £ = {e1,ea,...,em}.

1) FM Branch: Second-Order Explicit Interaction Modeling
The FM branch adopts the classic second-order factorization
machine form. The model output consists of global bias,
linear terms, and second-order interaction terms, which are
formalized as [20,21]:

m m—1 m
yrm(z) =bo+ Y wizi+ Y Y (e ej)miz;  (8)
i=1 i=1 j=i+1
where, by is the global bias; w; is the linear weight;
(ei,e;) = e, e; represents the vector inner product to char-
acterize the second-order interaction strength. To improve
computational efficiency and avoid explicit double summa-
tion, an equivalent optimization expression is adopted [22]:
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Based on this branch, a direct and interpretable con-
tribution measure is provided for the pairwise association
between high-cardinality categories and sparse fields, iden-
tifying second-order risk factors that are strongly correlated
with claims.

2) DNN Branch: High-Order Nonlinear Interactive Learning
The DNN branch accepts the concatenated field vector as
input and implements high-order feature combinations in
the form of MLP. All field vectors are concatenated into the
input vector in field order [23]:

R = [e1;€;...;em] € R™Y (10)

After LL layers of fully connected transformation and
nonlinear activation, the calculation is performed layer by
layer:

O (BN (W(l)h(l‘l) + b(”)) S l=1,...,L (11

where, W) and b() are the weights and biases of the -
th layer; BN(+) is batch normalization; ¢(-) is the activation
function. This paper adopts ReLU (Rectified Linear Unit)
and applies Dropout and L2 regularization after each layer
to suppress overfitting. The final DNN output is a one-
dimensional score [24]:

ypan (z) = wy hE) + b, (12)

The DNN branch learns arbitrary order interactions by
layer-by-layer combination, fitting the complex nonlinear
effects of demographics, health check indicators, policy
attributes, and claim behavior sequences on claim risk
when they co-occur, and capturing the implicit multivariate
coupling effect.

3) Channel Fusion Strategy

To take into account the interpretable second-order contri-
bution of FM and the high-order expression of DNN, this
paper adopts an adaptive gated fusion mechanism instead
of a simple weighted sum, and dynamically adjusts the
contribution ratio of the two channels according to the
sample characteristics. The gate weight is defined as:

a(@) = (w] o(h™) + b, ) (13)
where, ¢(+) is a shared compression mapping of one layer,
so that a(x) € (0,1). The final combined score is:

$(z) = a(z) - yrm(z) + (1 — a(z)) - ypan (@) (14)
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FIGURE 1. DeepFM dual-channel modeling

The claim probability prediction is obtained by Sigmoid
mapping:

p(z) = Sigmoid(s(x))

When the second-order interpretable interaction in the
sample is dominant, the model can be biased towards
FM output; when complex medical history and long-term
medical behavior act together, the high-order coupling effect
is more important, and the model can be biased towards
DNN output, taking into account both interpretability and
expressiveness.

5)

C. TIME LAG AND DRIFT CORRECTION MECHANISM

To address the impact of label time lag and distribution
drift, this paper constructs a dual correction mechanism that
effectively corrects for label time lag noise and temporal
distribution drift in the training data, improving the model’s
stability and generalization capabilities. This correction
mechanism consists of two parts: 1) label time lag correc-
tion: by applying inverse probability weighting and a robust
loss function, it corrects for label bias caused by unresolved
cases, ensuring that the model learns accurate claims risk
patterns; 2) time drift correction: by applying time-domain
adversarial training and distribution consistency constraints
in the embedding layer, the model maintains stable predic-
tion performance for data from different time periods.

1) Label Time Lag Correction Mechanism

The label lag correction mechanism proposed in this paper
is a joint correction strategy of probability weighting and ro-
bust loss embedded in the model training process. In claims
data, some policies are incorrectly labeled as unclaimed
(i.e., pseudo-negative samples) due to long settlement cycles
[25,26]. However, the actual claims status of these samples
is uncertain. To alleviate the label noise introduced by this,
this paper uses IPW to dynamically reweight the loss of
each sample and combines it with symmetric cross-entropy
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loss to improve the robustness of the model to noisy labels,
as shown in Figure 2.

First, by assigning a weight to each sample, which is
inversely proportional to the probability that the sample
belongs to the unresolved case category, the model pays
more attention to those more reliable labels during training,
reducing the influence of unresolved case samples. Assum-
ing that the weighting factor of label lag noise is W;, and
the label of sample i is y;, then the weighted loss function
of the sample is [27,28]:

N
Lipw = — »_ W; - log p(yilz:)

i=1

(16)

where, p(y;|x;) is the model’s predicted probability for
sample ¢, and W, is calculated by the inverse probability,
which represents the label reliability of sample ¢. The
specific calculation formula is:
1

W; = - 17
P(sample is final|z;) a7

where, P(sample is final|x;) is the probability that sam-
ple ¢ belongs to the closed case category under the given
feature x;. The design of the robust loss function aims to
further enhance the robustness of the model to noisy labels.
Symmetric Cross-Entropy Loss (SCEL) is applied to adjust
the importance of difficult and easy samples by weighting.
Its form is:

N

LsceL = — »_ [0
+ (1 —ag) - (1 —y;)log(l — p(:‘/ih‘i));
(18)

When dealing with lag noise, the adjustment of «, en-
ables the model to maintain efficient prediction capabilities
in the case of unbalanced samples.

- yilog p(yil:)
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FIGURE 2. Label lag correction

2) Temporal Drift Correction Mechanism

Distribution drift arises from factors such as time, policy,
and product changes, causing the distribution of data in
different time periods to change, resulting in a decrease
in the model’s predictive ability across time periods [29—
31]. This paper applies temporal adversarial training and
distribution consistency constraints in the embedding layer
of the DeepFM model to maintain stable performance in
cross-time scenarios. As shown in Figure 3, this approach
first eliminates the effects of temporal drift through an
adversarial process. The time drift adversarial mechanism
adopted in this paper is essentially a feature decoupling
method based on domain adversarial training. Its goal is
to force the shared embedding layer of DeepFM to learn
a risk representation that is independent of time and has
cross-time period generalization ability. The observation
time window is used as the domain variable, and a discrete
time domain label is assigned to each sample. Under this
setting, the model contains two core components: (1) Fea-
ture encoder: the shared embedding layer of DeepFM, which
outputs a low-dimensional dense representation; (2) Time
domain discriminator: a lightweight MLP that takes the
low-dimensional dense representation as input and predicts
the time domain to which it belongs. The training process
adopts an adversarial optimization strategy: the feature en-
coder tries to minimize the loss of the main task (claims
prediction) while maximizing the classification error of the
time domain discriminator (i.e., making the discriminator
unable to accurately determine which time period the sample
comes from); while the time domain discriminator tries to
accurately predict the time domain label. This adversarial
goal is achieved through the gradient reversal layer—during
backpropagation, the discriminator gradient is reversed after
passing through the GRL, thereby driving the encoder to
generate a feature representation that is indistinguishable
from the time domain.

It is assumed that ¢; is the time label corresponding to
sample i; f(x;) is the output representation of input feature
x; in the embedding layer; Daqv(f(x;)) is the predicted
probability of the adversarial network for the time label
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of sample 4. The loss function of time domain adversarial
training is [32]:

Laav = — Zlog (1= Daav(f () (19)

By minimizing the prediction ability of the adversarial
network for time labels, the DeepFM model learns a sta-
ble and time-independent feature representation. Then, the
distribution consistency constraint is applied to learn the
same feature distribution on the training data of different
time periods. The temporal stability of the model is guar-
anteed by minimizing the difference in feature distribution
of the model in different time periods. This paper adopts
Maximum Mean Discrepancy (MMD) as the distribution
consistency measure to calculate the difference in data
distribution from different time periods:

2

Lyivp = (20)

1 & 1 &
EZJC(%) EZf(%)
i=1 =1

where, f(x;) and f(x}) are the embedding representations
of sample features from time period 1 and time period 2,
respectively, and N1 and N, are the numbers of samples in
the two time periods. By minimizing this loss function, the
distribution difference between time periods is minimized to
the greatest extent. Combining the mechanisms of label lag
correction and time drift correction, the final comprehensive
correction loss function is obtained:

Lenal = Lipw + LsceL + M Ladv + X2Lvvp  (21)

where, A\; and A9 are the weight hyperparameters that
control time domain adversarial training and distribution
consistency constraints. The final loss function combines
corrections for label lag noise and temporal distribution
drift to ensure model stability and generalization in dynamic
environments.

VOL. 15, NO. 3, AUGUST 2026



F. Mi et al.

AE JOURNAL
¢ ORG

Minimize | Time label | |
> L !
rediction | |

Consistency of feature
space distribution

A .
Embedding layer :
. Y Ta i aYaalalata ;
(YY) OYOYC) | ) |
J NVANI AN N AAN _ . |
} T
OO0 OO0 OO0
NPANPAND. AN AN NN AN
L
Input layer

MMD = ||N—l|2f\21f(%) *N%Z{Elf(x‘i)nz‘
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D. RISK PROBABILITY OUTPUT AND OPTIMIZATION
Based on the temporal drift correction mechanism, the risk
probability output and optimization process address the sig-
nificant class imbalance problem in claims risk prediction.
Various user feature data are input and learned through the
FM branch and the DNN branch, respectively, to obtain
two predicted probability outputs. A gating mechanism then
weights and fuses the outputs of the FM and DNN branches
to obtain the final risk prediction probability. Focal Loss
is then applied during the training process, allowing the
model to focus more on high-risk users who are difficult
to classify and enhancing its predictive power for minority
class samples. Finally, the Brier Score is minimized to
optimize the calibration of the output probabilities. First,
the learning results of the FM and DNN branches are fused
using a gated fusion mechanism to construct a prediction
framework. The final risk prediction probability is obtained
through the weighted fusion of the FM and DNN outputs.
Assuming that the output of the FM branch is pgyr, and the
output of the DNN branch is ppnn, the output of the gated
fusion layer is:

Dfinal = ¢ - PrM + (1 — g) - PDNN (22)

where, g is the learned gating parameter, which repre-
sents the weight of the FM and DNN outputs in the final
probability prediction. Through the gating mechanism, the
model can adaptively select the contribution of the FM or
DNN branch for different samples, thereby improving the
prediction performance. Focal Loss is applied to alleviate
the problem of class imbalance. In the commercial health in-
surance claim prediction task, the imbalance of positive and
negative samples causes the model to pay too much attention
to negative samples (i.e., low-risk users) and ignore positive
samples (i.e., high-risk users). By assigning lower weights
to easy-to-classify samples, focusing on those difficult-to-
classify samples, especially positive samples, the model’s
learning ability for minority classes is enhanced [33,34]:
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N
Liocat = — Y (1 — pi)" log(p:) (23)
i=1

where, p; is the predicted probability of sample i; ¢
is the balance factor used to control the ratio of positive
and negative samples; v is a hyperparameter for adjusting
the attention to easy and difficult samples. When v > 0,
Focal Loss reduces the attention to easy-to-classify samples
and strengthens the training of difficult-to-classify samples
[35]. In this way, the prediction ability for high-risk users
is improved. Brier Score fine-tuning is an effective means
to optimize the calibration of predicted probabilities. Brier
Score measures the mean square error between the predicted

probability and the true label:

B—;;mwQ (24)

By minimizing the Brier Score, the model can improve

the calibration of predicted probabilities, making the pre-

dicted probabilities closer to the true probability of occur-

rence, thereby improving the credibility and usability of the
prediction results.

lll. COMMERCIAL HEALTH INSURANCE USER CLAIMS
RISK ASSESSMENT

A. EXPERIMENTAL SETUP

The experimental data used in this paper come from claims
data from a commercial health insurance company, covering
the period from January 2021 to June 2023. The dataset
includes users who purchased health insurance products
from the insurance company and covers a sample of users
from different regions. The dataset labels each user as to
whether they have a claim during the prediction period, with
a value of 0 indicating no claim and 1 indicating a claim.
To further validate the model’s generalization capabilities,
this paper also uses the publicly available insurance.csv
dataset as a supplementary dataset. This dataset contains
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customer characteristics and insurance-related data, suitable
for exploring the relationship between health insurance
claims and risk. Details of the dataset are shown in Table
2:

TABLE 2. Dataset details

Classification Commercial health insurance data  insurance.csv

Sample size 4721 1338
Number of features 15 6

Main features Features shown in Table 1 Age, Gender, BMI, Smoking status, Number of children, Health insurance premiums
Data type Numerical type, categorical type  Numerical type, categorical type

Table 2 shows a dataset containing 4,721 policy records,
corresponding to 3,892 unique policyholders (some users
hold multiple policies). To simulate the time distribution
drift in real-world business, the data were divided into
five consecutive semi-annual windows (2021H1, 2021H2,
2022H1, 2022H2, 2023H1) to ensure natural time evolution
during the training and testing phases, reflecting covariate
drift and concept drift caused by policy adjustments, product
iterations, and changes in user behavior.

During data preprocessing, one-hot encoding is used
to initially represent categorical variables in demographic
information. To mitigate high-dimensional sparsity, an em-
bedding layer is used to map these categorical features into
a low-dimensional continuous vector space. For continuous
variables in the health examination data, mean imputation is
used to address missing values, and Z-score normalization is
used for outliers. Embedding encoding is also used to map
categorical features in policy attributes and historical claims.
Data are desensitized using k-anonymization and differential
privacy techniques to ensure compliance with insurance
industry data security standards. Finally, all features are
standardized and merged using vector concatenation to form
a unified low-dimensional dense feature vector for further
model training. Table 3 shows the hyperparameter settings
for this model:

TABLE 3. Hyperparameter settings

Module Parameter Specifications
DeepFM FM embedding dimension 64
DNN layers 3
Number of nodes per layer in DNN 256
Activation function ReLU
Dropout rate 0.2
Loss function Focal Loss v 2
Brier Score adjustment factor 0.1
Training optimization  Learning rate 0.001
Batch size 128
Training rounds 20

To determine the optimal weight coefficients in the com-
bined loss function, a grid search was performed on the
validation set with candidate values ranging from {0.01,
0.05, 0.1, 0.2, 0.5, 1.0}. The weighted score combining
ECE and discriminative ability was used as the selection
criterion. A weight coefficient of 0.1 was ultimately chosen.
To further evaluate the model’s sensitivity to the weight
coefficients, its performance variation within the range of
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[0.05, 0.2] was tested. When the weight coefficients varied
within the range of 0.05-0.2, the AUC fluctuation was
less than +£0.005, and the ECE variation did not exceed
40.003, indicating that the overall model performance is
not sensitive to small changes in the weight coefficients.
This demonstrates that the proposed dual-loss framework
has good stability, and that 0.1 is a robust and effective
trade-off. After model training, this paper further conducts
feature importance analysis. By comprehensively measuring
the embedding vector weights, the FM branch interaction
coefficient, and the DNN network gradient contribution,
the impact of various features on claims risk prediction is
quantified, as shown in Table 4:

TABLE 4. Feature importance analysis

Feature Significance score (%)  Feature Significance score (%)
Previous claims status 18.8  Deductible setting 4.7
Medical history code 155  Smoking status 39
Age 129 Drug consumption categories 32
BMI 10.6  Occupation Code 2.6
Annual frequency of medical visits 9.7  Region ID 18
Blood pressure 79  Health insurance premiums 0.9
Blood sugar level 6.8 Gender 0.7

As can be seen from Table 4, health and behavior-related
features such as historical claim status, past medical history,
age, and body mass index contribute the most to claim
risk prediction, indicating that the user’s past health status
and claim record are the core determinants of claim risk.
Health monitoring indicators such as annual visit frequency,
blood pressure, and blood sugar also show high importance,
reflecting the model’s sensitivity to dynamic health status.

To fully verify the performance of the DeepFM model
in this paper, it is evaluated from the perspectives of risk
prediction, model calibration, and stability, and compared
with mainstream baseline models:

(1) DNN-Embedding Through the neural network, the
embedding layer is connected to the target loss for joint
training to learn its feature expression. This is an end-to-
end embedding training method.

(2) WDL WDL is a structure that combines a wide model
(linear model) and a deep model (neural network). The wide
part uses a linear model to capture the low-order interactions
of sparse features, while the deep part uses a deep neural
network to capture the complex interactions of high-order
features.

(3) Gradient Boosting Decision Tree (GBDT) GBDT, as
an ensemble learning method widely used in classification
tasks, has strong model expression capabilities, especially
in high-dimensional sparse data.

B. EXPERIMENTAL RESULTS

1) Risk Prediction Results

In risk prediction assessment, this paper uses the AUC
metric to evaluate the classification performance of the
model. The classification ability of the model at differ-
ent decision thresholds is comprehensively considered. In
the experiments, all models are evaluated using the same
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training set and test set, with the training set accounting
for 80% and the test set accounting for 20%. The output
probability value of each model is input into the ROC
(Receiver Operating Characteristic) curve, and the overall
classification ability of the model is finally evaluated by
calculating the AUC value. The results are shown in Figure
4:

The results in Figure 4 show that the proposed models
perform better in the classification task of commercial
health insurance claim risk prediction, demonstrating strong
discriminative power in distinguishing high-risk from low-
risk users. In Figure 4A, the DeepFM model achieves the
highest AUC of 0.853, demonstrating its ability to maintain
a low false positive rate while maintaining a high recall
rate. The DNN-Embedding and WDL models in Figure 4B
and 4C perform worse, with AUCs of 0.820 and 0.824,
respectively. Both models outperform traditional methods
in modeling feature interactions, but fall short of DeepFM
in capturing high-order nonlinear feature combinations. In
contrast, the GBDT model in Figure 4D performs the
worst, with an AUC of 0.818, showing some limitations in
handling complex, high-dimensional features and adapting
to distribution shifts. The proposed model achieves a better
balance between feature interactions and generalization. It
unifies multi-source features through shared embeddings,
explicitly models second-order interactions with FM, cap-
tures high-order nonlinearities with DNN, and dynamically
balances the contributions of both through gated fusion. This
ensures interpretable recognition of high-cardinality sparse
feature pairs while also enabling the learning of implicit risk
patterns from complex coupling factors, resulting in strong
classification performance in claims risk prediction.

To further comprehensively evaluate model performance,
this paper applies the Precision and F1-Score metrics to
comprehensively measure the model’s balanced ability in
identifying the positive class (high-risk users). The experi-
ments use 5-fold cross-validation, and the results are shown
in Table 5:

TABLE 5. Comparison of F1-Score and Precision

Model Precision F1-Score

DeepFM 0.842 + 0.011 0.801 + 0.009
DNN-Embedding  0.815 + 0.014  0.763 £ 0.015
WDL 0.821 +0.013  0.776 £ 0.012
GBDT 0.798 £ 0.016  0.751 £ 0.017

In Table 5, the mean Precision values for the DNN-
Embedding, WDL, and GBDT models are 0.815, 0.821,
and 0.798, respectively; the mean F1-Score values are
0.763, 0.776, and 0.751, respectively. The DeepFM model
proposed in this paper significantly outperforms the other
comparison models in both Precision and F1-Score, achiev-
ing a Precision of 0.842. This indicates that the highest
proportion of actual claims are made among users predicted
as high-risk by the model. High Precision is crucial for
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insurance companies’ practical applications, as it directly
impacts the cost-effectiveness of risk intervention actions
and avoids wasting excessive resources on misclassified low-
risk users. DeepFM also achieves the optimal F1-Score
of 0.801, demonstrating that the model strikes a good
balance between precisely identifying high-risk users and
minimizing underidentification of high-risk users, resulting
in stronger overall classification performance.

2) Model Calibration Results

To analyze the calibration performance of the DeepFM
model proposed in this paper in real-world applications,
Brier Score (mean squared error) and ECE are used for eval-
uation. Under a stratified five-fold cross-validation frame-
work, the samples are binned into deciles based on the
predicted probabilities output by the model on the test set,
with risk groups plotted on the horizontal axis. The Brier
Score and ECE, )", (ni/N)|accy — confy|, are calculated
for each group, comparing the calibration performance of
each model across different risk segments, as shown in
Figures 5 and 6.

Figure 5 shows significant differences in the probability
prediction accuracy of the four models across different
risk groups. The DeepFM model performs best overall,
achieving a Brier Score of only 0.079 across all risk groups.
This indicates that its predicted probabilities best fit the true
distribution and exhibit minimal fluctuation across different
risk groups, demonstrating strong stability and generaliza-
tion capabilities. The WDL and DNN-Embedding models
perform second best, with Brier Scores slightly higher
than DeepFM overall, suggesting that DeepFM still has
some shortcomings in probability calibration for complex
samples. The GBDT model performs the worst overall,
with Brier Scores exceeding 0.1 in multiple risk groups,
indicating significant deviations between its probability pre-
dictions and actual risk. Overall, DeepFM, leveraging its
deep feature interactions and nonlinear fitting capabilities,
achieves superior probability calibration. However, WDL,
DNN-Embedding, and GBDT struggle to account for all risk
groups and perform relatively poorly. The results in Figure
6 show that the proposed DeepFM model performs better in
terms of calibration. In Figure 6A, DeepFM has the lowest
average ECE value of 0.030, indicating the best agreement
between predicted probabilities and actual risk. The WDL
model in Figure 6C achieves an average ECE of 0.053,
while the DNN-Embedding model in Figure 6B achieves
an average ECE of 0.031. The GBDT model in Figure
6D exhibits the largest calibration error, with an average
ECE of 0.065. Compared to other models, the DeepFM
model, thanks to its dual-channel architecture, is able to
simultaneously capture low-order feature interactions and
high-order nonlinear relationships, maintaining relatively
stable calibration performance across all risk segments. This
excellent calibration performance is crucial for the practical
application of commercial health insurance, as it ensures
that the risk probabilities output by the model are more
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reliable and can serve as a basis for premium pricing and
risk management. The results demonstrate that the DeepFM
model not only excels in discriminative ability but also
exhibits significant advantages in probability calibration,
making it more suitable for commercial insurance applica-
tions requiring precise probability estimates.

3) Stability Results

To test the stability of claims risk prediction, the model’s
ability to handle time-delay noise and adaptability to time-
varying distribution drift are evaluated. In the time-delay
noise processing evaluation, different levels of outstanding
case ratios are constructed by simulating the injection of
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time-delay noise, set to 0%, 10%, 20%, 30%, and 40%,
respectively, to simulate label lag in the claims process. Four
models—DeepFM, WDL, DNN-Embedding, and GBDT—
are trained and predicted at various noise levels. A com-
prehensive comparison of the three metrics, AUC, Brier
Score, and ECE, is conducted from the perspectives of
classification ability, probability calibration, and stability, as
shown in Figure 7.

The results in Figure 7 show that as the pending case
ratio increases, the predictive performance of all models
is affected to varying degrees. In Figure 7A, the AUC
shows an overall downward trend, but DeepFM maintains a
score of 0.789 at a 40% pending case ratio, representing a
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3.8% and 5.8% improvement over the next-best WDL and
DNN-Embedding scores of 0.760 and 0.746, respectively.
This demonstrates its superior ability to distinguish positive
and negative examples under high noise conditions. The
Brier Score in Figure 7B and the ECE in Figure 7C show
an upward trend, indicating a gradual weakening of the
calibration and confidence of the predicted probabilities.
However, DeepFM’s Brier Score and ECE at a 40% pending
case ratio remain relatively small, consistently below 0.085,
demonstrating its ability to maintain good consistency in
probabilistic predictions despite noise. In contrast, other
models perform poorly in high-noise environments. Over-
all, the DeepFM method proposed in this paper, with its
targeted loss imbalance design and rigorous regularization
and training strategies, demonstrates superior stability and
robustness against label lag noise in the commercial health
insurance claims risk prediction task.
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In the evaluation of adaptability to time-varying distri-
bution drift, time-varying distribution drift is categorized
as no drift, mild drift, moderate drift, and severe drift.
A comprehensive comparison is also conducted using the
AUC, Brier Score, and ECE metrics, as shown in Figure 8.

The results in Figure 8 show significant differences in the
stability of different models under time-varying distribution
drift. In Figure 8A, DeepFM experiences the smallest de-
crease in AUC, dropping only from 0.853 to 0.830, main-
taining a relatively high overall performance. In contrast,
GBDT experiences the largest drop, from 0.818 to 0.759,
indicating its greatest sensitivity to drift. WDL and DNN-
Embedding experience intermediate decreases, demonstrat-
ing some adaptability, but not as stable as DeepFM. The
Brier Score in Figure 8B increases overall with drift. How-
ever, the increase in DeepFM’s Brier Score is only 0.024,
while GBDT’s Brier Score increases by 0.063, showing a
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significant difference. Finally, in the ECE metric in Figure
8C, DeepFM increases from 0.056 to 0.080, also by only
0.024, remaining relatively low; GBDT, on the other hand,
increases from 0.071 to 0.118, indicating a rapid decline
in probability calibration performance under drift. Over-
all, DeepFM exhibits minimal fluctuations across all three
metrics, demonstrating its ability to effectively address the
decline in prediction accuracy caused by distribution drift
while maintaining a more stable probability calibration.

IV. CONCLUSION

To improve the stability of commercial health insurance
claims risk prediction—a critical goal shared by firms
seeking to stabilize risk management in high-variability sec-
tors —this paper combines DeepFM with a dual-correction
framework for lag and drift. This methodology’s focus on
handling time-lagged and shifting data patterns is highly
relevant for optimizing operational decision-making in both
insurance risk control. Label lag noise is corrected using
inverse probability weighting and a symmetric cross-entropy
loss. Distribution drift is addressed using temporal adver-
sarial training and a maximum mean difference constraint.
Furthermore, an adaptive gated fusion mechanism is used
to balance the FM and DNN branches. On the commercial
health insurance dataset presented in this paper, the model
achieves an AUC of 0.853, which is 4.0%, 3.5%, and
4.3% higher than DNN-Embedding, WDL, and GBDT,
respectively. Regarding model calibration, the highest Brier
Score across all risk groups is 0.079, with an average ECE
of 0.030. At the methodological level, the approach not
only significantly enhances the robustness of the model
in a dynamic business environment, but also provides an
effective reference for intelligent risk control—applicable
to insurance —that takes into account both label dynamics
and distribution time-varying properties; at the practical
level, it provides insurance companies with a more robust,
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explainable, and efficient risk identification tool, offering
reliable support for claims risk assessment in actual business
decisions and serving as a blueprint for improving opera-
tional and quality control risk forecasting.
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