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Abstract. To address issues such as data sparsity, overfitting, and the inability
to fully extract latent information in traditional recommendation methods, a new
insurance product recommendation algorithm is proposed that combines knowledge
graphs improved by matrix factorization with deep neural networks (DNN). First,
to tackle the issue of sparse data in existing insurance products, an improved knowl-
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edge graph recommendation algorithm based on matrix factorization (FunkSVD)
is proposed. By training the data through matrix factorization the problem of
data sparsity is mitigated. After refining the customer-product matrix, know-
ledge graph triples are constructed based on customer characteristics and insur-
ance product features such as insured age and coverage. Feature extraction and
customer preference prediction are carried out using an alternating learning ap-
proach within a multi-task knowledge graph framework. Then, to alleviate issues
like local optima and vanishing gradients during recommendation, DNN is applied
for further recommendation. A fully connected layer is constructed, and forward
propagation and backpropagation algorithms are used to train customer features
and product matrices, predicting customer purchasing behavior and generating rec-
ommendations. Finally, comparative experimental results show that, compared
to other recommendation algorithms such as collaborative filtering and DNN, the
proposed algorithm improves accuracy, recall, F1 score, and other metrics. This
algorithm not only speeds up recommendations but also improves recommendation
quality.

Keywords: Knowledge graph, FunkSVD matrix factorization, DNN, insurance,
hybrid recommendation
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1 INTRODUCTION

With the development of China’s economy and the improvement of people’s living
standards, insurance has been playing an increasingly important role in daily life.
Currently, China has become the second-largest insurance market in the world [1].
Although the insurance market is growing, many policyholders still lack sufficient
knowledge of insurance products, leading to purchase unnecessary insurance. This
not only results in a waste of resources but can also cause conflicts between poli-
cyholders and insurance companies during claims processing. Therefore, applying
recommendation systems in the insurance field to provide customized insurance
products based on individual needs is necessary. At present, most recommenda-
tion systems in China are applied in areas such as goods and news, while their
application in the insurance market is still limited. Therefore, in order to solve the
problem of information overload of insurance products in the era of big data, it
is of practical significance to study the system recommendation of insurance prod-
ucts.

Pradhan and Pal studied a content and network-based academic venue recom-
mender system [2]. Seo et al. investigated a video-on-demand recommendation sys-
tem for online TV under explicit information fusion [3]. Kiran et al. studied the
deep neural network optimization recommendation system by learning non-linear
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potential factors [4]. Da’u et al. improved weighting techniques in deep learn-
ing and applied these improvements to recommendation systems [5]. In terms of
knowledge graph research, Yan et al. examined the problem of multilingual know-
ledge graph alignment [6]. Agibetov and Samwald focused on link prediction in
knowledge graphs by implementing semantic and structural changes [7]. Xu et al.
constructed a knowledge graph based on PubMed, a fundamental resource in the
medical field [8].

Zhang et al. designed a model for evaluating knowledge representation learn-
ing [9]. Tao et al. proposed a news recommendation algorithm that incorporates
knowledge graphs [10]. Quan et al. used knowledge graphs to assist in calculating
internal similarities in movies [11]. Xu et al. introduced knowledge graph reasoning
techniques into video collaborative filtering recommendations [12].

In the area of insurance products, Seifert studied the connection between statu-
tory health insurance and pharmaceuticals [13]. Albrecher et al. explored asset-
liability management for the long-term insurance business [14]. Li and Wu inves-
tigated the development of commercial insurance models on the Internet in China
in the context of 5G [15]. Tang and Feng examined the relationship between social
insurance contributions and the capital-labor ratio of enterprises, providing valuable
insights for policy making [16]. Chun et al. improved genetic algorithms through
neural network research to establish a car insurance fraud detection model [17]. Ma
et al. used an improved k-means clustering algorithm to analyze automotive market
intelligence [18].

In terms of DNN applications, Chen et al. proposed introducing DNN to extract
word vectors in mobile video recommendations to optimize traditional recommen-
dation algorithms [19]. Xiang studied the application of DNN in acoustics and pro-
posed an improved speech recognition algorithm based on HMM (Hidden Markov
Model) and DNN [20].

There is relatively little study on insurance recommendation algorithms in Chi-
na. To better integrate product characteristics and customer characteristics into
recommendations and alleviate the impact of data sparsity on recommendations,
this paper proposes an improved insurance product recommendation algorithm that
combines matrix factorization (FunkSVD) with knowledge graphs and deep neural
networks (DNN). The algorithm first uses FunkSVD in matrix factorization to com-
plete the customer-product matrix. It then extracts relevant features to construct
triples based on the data and employs a multi-task framework of knowledge graphs
to alternately learn for feature extraction and predicting customer preferences. DNN
is then used for recommendations, constructing fully connected layers, and utilizing
forward and backward propagation algorithms to train customer features and the
product matrix, ultimately predicting customer purchasing behavior. The DNN ap-
proach partially addresses the local optimum problem in the recommendations and
overcomes the gradient vanishing issue during the prediction. Finally, recommenda-
tions are generated.
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The main contributions of this paper are as follows.

1. Proposing an Improved Insurance Product Recommendation Algorithm: This
paper presents a recommendation algorithm that integrates an enhanced knowl-
edge graph with FunkSVD. Using FunkSVD for matrix factorization alleviates
data sparsity issues and incorporates product features and customer character-
istics from the knowledge graph. This approach takes into account the specific
traits of insurance products and customers during recommendations, effectively
addressing the cold-start problem to some extent.

2. Combining DNN with Knowledge Graphs for Recommendations: The algorithm
uses DNN in conjunction with knowledge graphs. Based on the feature training
from the knowledge graph, DNN is employed to predict customer purchasing
preferences. As the layers of the neural network increase, this approach partially
resolves the local optimum problem during recommendations and overcomes the
gradient vanishing issue.

3. Experimental Results: The experimental results demonstrate that the proposed
hybrid recommendation algorithm, which combines deep neural networks with
an improved knowledge graph based on FunkSVD, effectively enhances the qual-
ity of recommendations.

This paper is organized as follows. Section 2 introduces the relevant theoretical
knowledge. Section 3 presents the hybrid recommendation algorithm for insurance
products based on the improved knowledge graph with DNN and FunkSVD. And
Section 4 presents experimental results, analysis, and verification of the effectiveness
of the proposed method. Section 5 concludes the paper.

2 RELATED THEORIES

2.1 FunkSVD Theory

In recommendation systems, customer ratings for items are often sparse, and data
sparsity can lead to inaccuracies in recommendation results. A popular approach
to accurately predict unknown data using existing data through matrix factoriza-
tion aims to achieve matrix completion. Common methods of matrix factorization
include Singular Value Decomposition (SVD), BiasSVD, TimeSVD, and FunkSVD
algorithms. SVD requires the matrix to be dense, whereas actual rating matri-
ces are mostly sparse. Additionally, SVD decomposition produces three matrices,
which can impact computational efficiency. BiasSVD is an improvement based on
SVD, implemented under the condition that certain customers tend to give pos-
itive ratings to products or that some products are more likely to be favored,
and it incorporates several constraints. TimeSVD assumes that customer inter-
ests change dynamically over time and requires a time condition. FunkSVD, on the
other hand, is an improvement over SVD technology, decomposing the customer
rating matrix into two low-dimensional matrices (customer and item matrices) and
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addressing the issues of computational efficiency and data sparsity associated with
SVD [21, 22]. Therefore, this paper utilizes FunkSVD for matrix factorization train-
ing.

2.2 Collaborative Filtering Recommendation

In recommendation systems, Collaborative Filtering (CF) is a widely used recom-
mendation algorithm [23, 24]. The core idea of the collaborative filtering recom-
mendation algorithm is to analyze customer characteristics based on their behaviors
such as purchase data and rating information, and then identify a group of neigh-
boring customers whose characteristics are similar to those of the target customer.
By integrating the behavioral characteristics of these neighboring customers, the
algorithm predicts the behavior of the target customer and generates recommenda-
tions.

Collaborative filtering algorithms can be primarily divided into two categories:
Item-based and User-based recommendations. The implementation process of col-
laborative filtering recommendations consists of two main steps:

1. Identify a neighbor set of similar customers (or items) based on customer (or
item) characteristics.

2. Generate recommendations based on the behaviors of neighboring customers.

There are three main methods for calculating similarity: Cosine Similarity, Pear-
son Correlation Similarity, and Euclidean Distance Similarity. Among these, Pearson
Correlation is the most commonly used. The “nearest neighbor” selection methods
primarily include threshold-based methods and TOP-N methods, with the TOP-N
method being more frequently employed.

2.3 Knowledge Graph

Google introduced the concept of the Knowledge Graph. Currently, most knowledge
graphs are constructed in a bottom-up manner [25, 26]. Entities are extracted from
existing data, and those with high confidence are added to the database to establish
connections between entity keys. The structure of a knowledge graph includes its
logical structure and architecture, as shown in Figure 1.

The essence of a knowledge graph is a semantic network that reveals the po-
tential relationships between entities, allowing for a structured semantic knowledge
base. The basic building blocks of a knowledge graph consist of triples formed by
“entity-relation-entity”, along with entities and their corresponding attribute-value
pairs. The “relation” connects different entities, creating a networked structure of
knowledge through these connections.

In knowledge representation, a knowledge graph is represented using a tripleG =
(E,R, S). Here, E = {e1, e2, e3, . . . , e|E|} represents the set of all different entities
in the knowledge base, containing |E| distinct entities, and R = {r1, r2, r3, . . . , r|R|}
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Figure 1. Knowledge graph architecture

denotes the set of all different relations, including |R| different types of relations.
S ⊆ E × R × E represents the set of all triples. Different entities are identi-
fied by unique ID in the knowledge base, and attribute-value pairs depict the
various inherent characteristics among entities. Thus, relations are used to link
two entities to describe associations between them. Taking the insurance mar-
ket as an example, as shown in Figure 2, Product 9 and Death Benefit are two
distinct entities, forming an entity-relation-entity triple as “Product 9 – Coverage
Scope – Death Benefit”. “Product 9” is an entity, “Insured Age” is an attribute,
and “0∼17 years” is the corresponding attribute value for “Insured Age”. Thus,
“Product 9 – Insured Age – 0∼17 years” forms an entity-attribute-attribute triple
value.
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Figure 2. Example of knowledge graph

The architecture of a knowledge graph comprises two parts: its logical structure
and its system architecture. The logical structure is divided into two levels: the
schema layer and the data layer. The data layer stores knowledge in terms of facts,
commonly using methods such as triples and graph databases. The schema layer
further standardizes the expression of facts based on the data layer, making the
knowledge base more structured and resulting in a knowledge base that is strong in
structure and low in redundancy.

The system architecture of a knowledge graph consists of four components.
Knowledge extraction involves retrieving necessary entities and other elements from
big data for the knowledge base. Knowledge fusion processes the extracted ele-
ments and entities to eliminate ambiguities and improve the quality of the knowledge
base. Knowledge reasoning further explores potential relationships and expands the
knowledge base. Knowledge representation forms a comprehensive vector, which is
significant for the construction of the knowledge base and for knowledge reason-
ing.

2.4 DNN

The precursor to neural networks is the perceptron, which originated in the mid-20th

century. The perceptron model is relatively simple and cannot handle more complex
nonlinear models, which limits its application. Neural networks represent a further
development of the perceptron.
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First, neural networks incorporate more hidden layers than perceptrons, en-
hancing the model’s capability and complexity. Second, while the perceptron has
multiple inputs corresponding to a single output, neural networks have multiple in-
puts corresponding to multiple outputs, improving the model’s descriptive power.
Lastly, neural networks have expanded the activation functions, including functions
such as the Sigmoid function, tanh function, and Softmax function.

Deep Neural Networks (DNN) are neural networks with more hidden layers [27,
28]. Typically, the layers of a DNN are divided into three categories: the first layer
is the input layer, the last layer is the output layer, and the middle layes are hidden
layers. Each layer is fully connected, meaning that every neuron in one layer is
connected to every neuron in the next layer. However, from a local perspective, it
resembles a small perceptron, consisting of a linear relationship and an activation
function.

In neural networks, regularization techniques such as Dropout are commonly
used to improve generalization capabilities and prevent overfitting.

3 HYBRID RECOMMENDATION ALGORITHM
FOR INSURANCE PRODUCTS BASED ON IMPROVED
KNOWLEDGE GRAPH WITH DNN AND FUNKSVD

Most policyholders do not have an in-depth understanding of all insurance products
when purchasing insurance, which leads to a cold start problem for the recommended
insurance products. To address this, we utilize knowledge graph-based recommenda-
tions by constructing customer features and product features to create a knowledge
graph. To alleviate the impact of data sparsity on recommendations, this paper
proposes using FunkSVD matrix factorization to enhance the knowledge graph. Fi-
nally, DNN is integrated to predict customer purchasing preferences based on the
training results from the knowledge graph, helping to mitigate issues related to local
optima and gradient vanishing.

3.1 Matrix Factorization

In recommendation scenarios, the data is often sparse, meaning that for some prod-
ucts, we are unsure whether the customer has made a purchase. This missing data
is represented by a “?”, and during the recommendation process, matrix factor-
ization is used to complete the data, further mitigating the sparsity issue when
recommending through a knowledge graph. This paper employs FunkSVD for ma-
trix factorization. The core idea of FunkSVD is that customer preferences are in-
fluenced by only a few factors. Therefore, the high-dimensional customer rating
matrix R (the User-Item rating matrix) is decomposed into two low-dimensional
matrices. By learning from the User and Item rating information, the customer
feature matrix P and product feature matrix Q are obtained. These two low-
dimensional matrices are then used to predict customer ratings, as shown in Equa-
tion (1).
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Rm×n = Pm×k ×Qk×n. (1)

Assuming that the rating of customer u for a certain item i is rui, through matrix
factorization, the implicit feature vector of customer u projected into a k-dimensional
space is pu, and the implicit feature vector of item i is qi. The dot product of pu and
qi is used to approximate the original value before matrix factorization, representing
the customer’s interest in the item, as shown in Equation (2).

∧
rui = qTi pu. (2)

Let rui represent the actual rating and r̂ui represent the predicted rating. The
objective function can be expressed as shown in Equation (3).

min
q∗,p∗

∑
(u,i)ek

(
rui − qTi pu

)2
+ λ

(
∥pu∥2 + ∥qi∥2

)
, (3)

where λ is the regularization coefficient, and k is the set of customer-item pairs
with existing ratings. In the equation, the term in the first parentheses represents
the loss function, which is used to control the model’s bias. The term in the second
parentheses is the regularization term, which controls the model’s variance to prevent
overfitting.

By taking the derivative of Equation (3) with respect to pu and qi, we obtain
Equations (4) and (5).

∂J

∂pu
= −2

(
rui − qTi pu

)
qi + 2λpu, (4)

∂J

∂qi
= −2

(
rui − qTi pu

)
pu + 2λqi. (5)

By iteratively updating pu and qi, we obtain Equations (6) and (7).

pu = pu + α
[(
rui − qTi pu

)
qi − λpu

]
, (6)

qi = qi + α
[(
rui − qTi pu

)
pu − λqi

]
. (7)

The final result yields P and Q for prediction.

3.2 Knowledge Graph Learning

Regarding the knowledge graph learning section, feature extraction and prediction
are carried out using an alternating learning method within a multi-task frame-
work. The model mainly consists of a recommendation module, a Knowledge Graph
Embedding (KGE) module, and a cross-compression unit. Regarding the knowl-
edge graph, this paper uses an alternating training method, with the specific model
shown in Figure 3.
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Figure 3. MKR framework

1. Recommendation Module: The customer and product are input into the system,
and their respective features are extracted through a Multi-Layer Perceptron
(MLP) and the cross-compression unit. The extracted features are then passed
to another perceptron to obtain the predicted probability.

In the recommendation module of MKR, vectors u and v are used to represent
customer U and item V . Depending on the application, u and v can be char-
acterized using one-hot ID, attributes, bag-of-words, or a combination of these.
The latent compressed features of the customer are extracted from vector u
through an L-layer MLP, as shown in Equations (8) and (9).

ul = M(M(. . .M(u))) = ML(u), (8)

M(x) = σ(ωx+ b), (9)

where M(x) is a fully connected neural network and ω and b represent weights
and biases. σ(x) is a non-linear activation function.

The features of item V are extracted using L cross-compression units, where
S(v) denotes the set of entities related to V .

νL = Ee∼S(v)

[
CL(v, e)[v]

]
. (10)
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After obtaining the latent features of the customer and the item uL and vL,
the final probability of customer U engaging with item V is calculated using
a prediction function fRS that combines internal machine or MLP, as shown in
Equation (11).

ŷuv = σ(fRS(uL, νL)). (11)

2. KGE module: The KGE module extracts features of h and r from the triple G
by MLP. It is supervised by the scoring function f and the real tail, outputting
a representation of the predicted tail.

Knowledge Graph Embedding (KGE) embeds entities and relationships in con-
tinuous vector space while preserving their original structure, utilizing a deep
semantic matching framework in MKR. For a given triple G, the original feature
vectors of h and r (such as ID, type, textual description, etc.) are processed
through multiple cross-compression units and non-linear layers, after which their
latent features are concatenated. Finally, a k-layer MLP is used to predict the
tail t, as shown in Equations (12), (13) and (14).

hL = Eν∼S(h)

[
CL(ν, h)[e]

]
, (12)

rL = ML(r), (13)

t̂ = MK

([
hL

rL

])
, (14)

where S(h) is a set associated with the head entity h and t̂ is the prediction
vector of the tail vector t. Finally, the score of the triple G is calculated by the
similarity scoring function in Equation (15).

score(h, r, t) = fKG(t, t̂). (15)

3. Cross-Compression Unit: This unit is key to linking (1) and (2), enabling the
automatic learning of higher-order interaction features between items in the
recommendation system and entities in the knowledge graph (KG).

In this unit, more information is obtained by crossing item vectors and en-
tity vector, addressing the issue of data sparsity. For each item V and its
associated entities, we first construct d × d pairwise interaction latent vectors
v1 ∈ Rd and e1 ∈ Rd at layer 1, forming a cross matrix, as shown in Equa-
tion (16).

Cl = νle
T
l =

ν(1)
l e

(1)
l . . . ν

(1)
l e

(d)
l

. . .

ν
(d)
l e

(1)
l . . . ν

(d)
l e

(d)
l

 , (16)

where C1 is the cross feature matrix at layer 1, d is the dimension of hid-
den layer, e is the entities associated with item v. Then, compression is per-
formed and the next layer’s v and e based on words, as shown in Equations (17)
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and (18).

νl+1 = Clω
V V
l + CT

Lω
EV
l + bVl = νle

T
l ω

V V
l + elν

T
l ω

EV
l + bVl , (17)

el+1 = Clω
V E
l + CT

Lω
EE
l + bEl = νle

T
l ω

V E
l + elν

T
l ω

EE
l + bEl , (18)

The cross-compression unit is shown in Equation (19).

[vl+1, el+1] = C(vl, el). (19)

3.3 DNN Algorithm

In the construction of the DNN model, the forward propagation algorithm of the
DNN is first used to sequentially obtain relevant parameters and output values. This
involves performing linear operations and activation function operations using the
weight matrix ω, bias vector b, and input value x, starting from the input layer and
continuing until the output value is obtained as the result.

To mitigate the risk of overfitting, we use Dropout and the ReLU activation
function. In each training session, a random selection of neurons from the input and
hidden layers is dropped with a probability p, remaining inactive until the end of
that training session. However, in the next training session, a new set of neurons
is selected to drop, meaning neurons dropped in the previous session might be re-
included or dropped again. Here, p is the dropout rate, typically set to 0.5. To
address the vanishing gradient problem, the ReLU function is commonly used for
activation, as shown in Equation (20): if the value is less than 0, it outputs 0;
otherwise, it remains unchanged.

Relu (z) = max(0, z). (20)

The gap between the predicted output and the actual data is calculated us-
ing a loss function. In logistic regression problems, Mean Squared Error (MSE) is
commonly used as the loss function, as shown in Equation (21).

loss =
1

2m

m∑
i=1

(yi − yi )
2 , (21)

where yi represents the predicted output, yi represents the actual data, and m
denotes the total number of samples. The loss function for the samples is denoted
as loss. However, experiments have shown that this is a non-convex function, and
in some intervals, small gradients can make training difficult. The cross-entropy
formula is shown in Equation (22).

loss =
m∑
i=1

yi log(yi ). (22)
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Experiments have shown that the curve of this function is generally monotonic:
the larger the loss, the larger the gradient, which facilitates backpropagation with
gradient descent. Therefore, we choose cross-entropy as the loss function. Be-
fore calculating the loss function, the predicted output obtained through forward
propagation is transformed into a probability distribution using Softmax regression,
and then the distance between the probability distributions of the predicted output
and the actual data is calculated. Assuming the predicted output is y1, y2, . . . , yn,
it becomes a probability distribution after Softmax regression, as shown in Equa-
tion (23).

softmax =
eyi∑n
j=1 e

yi
. (23)

Then, the gradients are updated through backpropagation to adjust the weight
parameters and minimize the value of the loss function. After obtaining the pre-
dicted output, the accuracy of that output is calculated, and the above process is
repeated for iteration. This continues until the accuracy no longer shows signif-
icant improvement, at which point the optimal recommendation results are out-
put.

3.4 Model Training

The hybrid recommendation algorithm model based on matrix factorization opti-
mization, knowledge graph, and DNN (F-KG-DNN) consists of three main pro-
cesses.

First is the matrix factorization part. Based on the existing sparse data of
customer insurance product purchases, the data is divided into a customer feature
matrix, a product feature matrix, and a customer rating matrix (where a purchase
of a product is marked as “1” and non-purchase as “0”). FunkSVD is used to predict
the sparse data, resulting in a complete customer feature matrix, product feature
matrix, and customer rating matrix.

Using the optimized matrices from matrix factorization, features are extracted
and predictions are made through the knowledge graph using an alternating learn-
ing method within a multi-task framework. The loss function is shown in Equa-
tion (24).

L = LRS + LKG + LREG

=
∑

u∈U,v∈V

J(yuν , yuν)− λ1

 ∑
(h,r,t)∈G

score(h, r, t)−
∑

(h′,r′,t′)/∈G

score(h′, r, t′)


+ λ2∥ω∥22.

(24)
In this equation, the first term is the cross-entropy loss of the recommendation

module, where U and V represent the sets of customers and items, respectively.
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The second term is the loss of the KGE module, which is used to increase the scores
of correct triples while decreasing the scores of incorrect triples. The third term
is the regularization term, which prevents overfitting. λ1 and λ2 are the balancing
constant.

Finally, the data obtained from the knowledge graph is input into the DNN
for training. The data is fed into the model for forward propagation, and then
backpropagation is used to update the gradients and adjust the parameters, resulting
in a prediction function. Ultimately, a recommendation list is output.

4 EXPERIMENTAL RESULTS AND ANALYSIS

4.1 Data Sets

This study conducts experimental analysis of the proposed algorithm using infor-
mation from 133 customers of an insurance company. The customer information
includes eight customer features such as gender, age, marital status, and certain
purchase histories of products. Due to the inherent characteristics of insurance
products, it is challenging to obtain ratings from insurance customers for these
products. Therefore, we use 0 and 1 to indicate the purchase status of a product,
where 0 represents “not purchased” and 1 represents “purchased”, while “?” indi-
cates unknown data, as shown in Table 1. Here, C1 denotes Customer 1, P1 denotes
Product 1, and so on.

C1 C2 C3 C4 C5 C6

P1 1 1 1 1 0 1
P2 1 0 0 0 0 0
P3 1 ? ? ? ? 0
P4 0 1 0 ? 0 1
P5 0 0 0 0 0 0
P6 1 0 ? ? 0 1
P7 0 0 0 0 0 0
P8 0 1 1 0 0 0
P9 0 0 0 1 0 0
P10 0 0 0 0 1 0
P11 0 0 0 0 0 1
P12 0 0 0 0 0 1

Table 1. Partial customer product table

Regarding the customer feature information for DNN recommendations, the
personal features are defined as follows: for gender, male is represented as 1 and
female as 2; for age, 0–9 years is 0, 10–11 years is 1, and so forth; for marital
status, unmarried is 1, married is 2, widowed is 3, divorced is 4, and unspeci-
fied is 5; for education level, graduate is 0, bachelor’s degree is 1, associate degree
is 2, secondary vocational is 3, technical school is 4, high school is 5, junior high
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school is 6, and elementary school is 7. Other information is represented as either
1 or 0 to indicate whether a customer has purchased a certain product or pos-
sesses a certain feature, as shown in Table 2, where T1 represents Feature 1, and
so on.

C11 C12 C13 C14 C15 C16 C17

T1 2 2 2 2 1 2 2
T2 3 3 2 3 2 2 3
T3 5 6 3 3 5 2 3
T4 2 2 2 2 2 2 2
T5 5 4 5 4 3 3 5
T6 3 2 3 4 4 4 5
T7 1 3 5 4 3 4 5
T8 4 3 4 4 3 4 5

Table 2. Partial customer features

4.2 Calculation of Recommended Accuracy

To verify the effectiveness of a recommendation algorithm, the recommendation
accuracy needs to be examined, which is achieved by comparing the predicted results
with the actual outcomes. Recommendation accuracy is generally evaluated using
three metrics: Precision, Recall, and the F-measure, which considers both Precision
and Recall. The expressions for these three metrics are shown in Equations (25),
(26) and (27).

precision =

∑
µ∈u |R(u) ∩ T (u)|∑

µ∈u |R(u)|
, (25)

recall =

∑
µ∈u |R(u) ∩ T (u)|∑

µ∈u |T (u)|
, (26)

F =
2× precision × recall

precision + recall
, (27)

where R(u) represents the products recommended to the customer in the recommen-
dation list, and T (u) represents the products actually purchased by the customer
in the test set. In real recommendation scenarios, the higher the Precision and
Recall, the better. However, this is often difficult to accomplish, so we typically
use the F-measure as an indicator to evaluate the quality of a recommendation
algorithm.



16 M. Liu, X. Liu, M. Qi

4.3 Recommendation Accuracy Analysis

To validate the effectiveness of the improved algorithm (F-KG-DNN) proposed in
this section, we compare it with several traditional algorithms: collaborative filtering
(CF), hybrid recommendation (a combination of collaborative filtering and content-
based recommendation, CFCB), and a collaborative filtering algorithm that inte-
grates DNN and time-weighting (CF-T-DNN). By comparing the Precision, Recall,
and F-measure at different values of N , we assess the performance of the improved
algorithm.

Precision CF CFCB CF-T-DNN F-KG-DNN

N = 3 0.345 0.395 0.442 0.57
N = 5 0.291 0.334 0.391 0.3
N = 10 0.23 0.285 0.322 0.3

Table 3. Comparison of Precision

The comparison of Precision at different N values under various recommendation
methods is shown in Table 3. Table 3 indicates that, compared to other individual
collaborative filtering or hybrid recommendation methods, the algorithm proposed
in this paper achieves higher Precision.

Recall CF CFCB CF-T-DNN F-KG-DNN

N = 3 0.717 0.666 0.598 0.66
N = 5 0.806 0.76 0.629 0.75
N = 10 0.801 0.734 0.647 0.84

Table 4. Comparison of Recall

The comparison of Recall at different N values under various recommendation
methods is shown in Table 4. Through this comparison, we find that, unlike Pre-
cision, the algorithm improvement did not yield significant gains in Recall; in fact,
Recall decreases as the method improves. Thus, considering only Precision and
Recall does not effectively evaluate the advantages of the algorithm improvement.
Therefore, we use the F-measure as a standard to assess the quality of the improved
algorithm, taking both Recall and Precision into account to evaluate the algorithm’s
feasibility, as shown in Table 5.

F-Meausre CF CFCB CF-T-DNN F-KG-DNN

N = 3 0.465 0.495 0.508 0.611
N = 5 0.427 0.464 0.482 0.43
N = 10 0.357 0.41 0.429 0.44

Table 5. Comparison of F-Measure
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Figure 4. Comparison of F-Measure

From Table 5 and Figure 4, we can see that the F-measure of the proposed
algorithm in this paper shows an improvement over other algorithms, which demon-
strates that the improved hybrid recommendation algorithm enhances recommen-
dation quality to a certain extent. This indicates that the algorithm proposed,
using FunkSVD to address data sparsity issues, leverages knowledge graph recom-
mendations to strengthen the relationship between customer features and insurance
products during recommendation. The proposed algorithm addresses overfitting and
local optima issues, improves recommendation quality to a certain extent and has
practical application value.

5 CONCLUSION

In this paper, the recommendation algorithm (F-KG-DNN) fully considers the re-
lationship between features of insurance products, such as coverage and eligible
age range, and customer characteristics when recommending insurance products.
It leverages knowledge graphs to uncover potential relationships, uses FunkSVD
matrix factorization to alleviate data sparsity issues, and optimizes the recommen-
dation results. Additionally, by integrating DNN, the algorithm effectively addresses
overfitting and local optima issues in the recommendation process, generating the
final recommendation based on DNN prediction results and improving the recom-
mendation effectiveness.

Although the recommendation results show a certain level of improvement, there
is still room for enhancement. Accurate insurance product recommendations require
precise customer profiling. Moreover, in real life, different insurance products may
have underlying connections. Even if two products appear unrelated, customers who
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purchase one may be inclined to purchase the other – like the well-known example
of beer and diapers. However, this study has not fully explored such connections.
Therefore, thoroughly uncovering the relationships between products and develop-
ing product recommendation models based on precise customer profiling will be
directions for future research.
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