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Abstract
[Purpose/Significance] To address the issues of low personalization and subopti-
mal recommendation effectiveness prevalent in current knowledge discovery ser-
vices, this paper proposes a recommendation algorithm grounded in user inter-
est measurement and content analysis. [Method/Process] An academic resource
model is constructed through three dimensions: feature word distribution, LDA
topic distribution, and citation structure network. By quantifying user behavior,
the algorithm computes users’ interest degree in browsed academic resources,
and synthesizes this with the academic resource model to build a user interest
model. The user interest model is then matched against the academic resource
model to calculate similarity, yielding users’ interest values for each academic
resource. Finally, the TOP-N academic resources with the highest interest val-
ues are recommended to users. [Results/Conclusion] Experimental validation
demonstrates the algorithm’s effectiveness and recommendation accuracy. The
results indicate that, from the perspective of real-time dynamic interest mea-
surement, the proposed recommendation algorithm can effectively predict user
interests, achieves significant recommendation performance, and offers insights
for realizing precise recommendations in discovery services.
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Abstract

[Purpose/Significance] To address the current issues of low personalization
and poor recommendation effectiveness in knowledge discovery services, this pa-
per proposes a recommendation algorithm based on user interest measurement
and content analysis. [Method/Process] The paper constructs an academic
resource model through three dimensions: feature word distribution, LDA topic
distribution, and citation structure network. By measuring user behavior, it
calculates users’ interest in browsed academic resources and combines this with
the academic resource model to build a user interest model. The user interest
model is then matched with the academic resource model to calculate simi-
larity, obtaining interest values for each academic resource, and finally recom-
mending the TOP-N academic resources with highest interest values to users.
[Result/Conclusion] Experimental verification demonstrates the algorithm’s
effectiveness and recommendation accuracy. Results show that from the per-
spective of real-time dynamic interest measurement, the proposed recommenda-
tion algorithm can better predict user interests with significant recommendation
effects, providing insights for achieving precise recommendation in discovery ser-
vices.

Keywords: user interest; content analysis; discovery service; precise recom-
mendation
Classification Number: G251
DOI: 10.13266/j.issn.0252-3116.2019.03.003

We have transitioned from the digital era to a data-driven era where data serves
as both an asset and a resource. Faced with exponentially growing, richly typed
massive data resources, effective utilization to achieve user-oriented knowledge
service innovation has become a key research focus. Knowledge discovery ser-
vices, as a crucial component of knowledge services, serve as the vital link con-
necting resources and users. The breakthrough point for enhancing knowledge
discovery service capabilities lies in accurately grasping user interest preferences,
predicting user needs, discovering required knowledge, and proactively recom-
mending it to users. However, current knowledge discovery systems suffer from
insufficient flexibility, inaccurate recommendations, and low levels of personal-
ized service. Meanwhile, a fusion gap exists between users’ usage environments
and knowledge service environments, and active resource discovery services in-
tegrated into user environments need strengthening. In the data-driven era,
“precision service” represents the development direction across industries, align-
ing with the development 思路 of digital library knowledge discovery services.
Precise recommendation is an important means to improve knowledge discov-
ery service quality. Integrating precise recommendation models into knowledge
discovery systems, analyzing user behavior to determine interests, aggregating
related resources, and fully utilizing new technological means to provide knowl-
edge services for users is essential for leveraging discovery systems’ advantages
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in data resources and meeting personalized, precise, and knowledge-based user
needs. This paper analyzes user behavior sets in discovery systems to identify
dynamic interests, constructs user interest models and resource content models,
and provides precise knowledge recommendations for users through relevant
algorithms, thereby using precise recommendation technology to change the in-
teraction mode between users and knowledge discovery systems and provide
accurate recommendation services.

1 Related Research
Since the emergence of the web resource discovery system Summon in 2009,
knowledge discovery services based on discovery systems have developed for
nearly a decade. Research during this period has primarily focused on discov-
ery service concepts, functional analysis, system comparisons, and applications.
Studies at both theoretical and functional application levels reflect academic
and industry expectations for improving knowledge discovery service quality,
though research from a precise recommendation perspective remains limited.

As personalization becomes the trend in knowledge services, knowledge discov-
ery systems must provide precise recommendations to enhance service qual-
ity. Precise recommendation is the critical step in discovery services and users’
deepest experience of the services provided by discovery systems. Research
on recommendation services both domestically and internationally focuses on
the importance of precise recommendation and recommendation algorithms.
Google Scholar, launched in 2004 as a metadata repository-based discovery ser-
vice, supports related article recommendations and has generated enthusiastic
responses. Scholars have subsequently invested in using personalized recom-
mendations to improve knowledge service quality. S.Q. Yang and K. Wagner
argued that discovery systems should have the service function of recommending
related resources, implementing the concept of “service to people” to provide
thematic push for users. When evaluating knowledge discovery systems EDS
and Summon, Lynchburg College comprehensively considered various factors
affecting discovery system performance and quality, listing similar search re-
sult recommendations (“more like this”) as an important indicator. Qin Hong
believed that digital library resource discovery systems should have characteris-
tics such as personalized discovery and automated recommendation, providing
users with precise knowledge push when facing interactive contexts. Zhang Jun
constructed user portraits based on users’ basic information and behavior infor-
mation to predict user needs preferences and potential knowledge needs, thereby
achieving personalized recommendation matching for knowledge discovery.

If knowledge discovery services discover new knowledge and hidden associations
between knowledge for users, then precise push services provide users with a spe-
cialized acquisition and application pathway for utilizing knowledge. Through
precise recommendation, a win-win situation for discovery system services and
users can be achieved. Precise recommendation is an indispensable part of
knowledge discovery systems and a way for users to obtain quality service expe-
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riences.

Precise recommendation services require quality recommendation algorithms.
Currently, mainstream recommendation algorithms for academic resources in-
clude content-based recommendation algorithms and collaborative filtering rec-
ommendation algorithms based on user rating matrices. Content-based recom-
mendation algorithms extract content features of academic resources and rec-
ommend similar resources to users, with clear and intuitive results. P. Guan et
al. used content recommendation methods to enhance semantic information of
scientific literature by merging metadata such as titles, keywords, abstracts, and
citations, using TF-IDF algorithms to obtain thematic word weight vectors to
build user interest models and improve recommendation interpretability. How-
ever, F. Ricci et al. pointed out that content-based recommendation methods
only consider resource content features, focusing on the meaningfulness, struc-
ture, and extractability of characteristic content, without fully considering user
interests, thus not fully achieving personalization goals.

Collaborative filtering recommendation algorithms cluster users through behav-
ior data and interests, with the basic principle of gathering users with the same
interests. Users with similar user-item ratings are considered to have the same
interests. When “neighbor” users have browsed an item that the target user
has not, that item is recommended to the target user. Collaborative filtering
strategies require user rating information and perform well in e-commerce and
other fields with wide applications. However, the most challenging problems
for collaborative filtering algorithms are sparsity and cold start—when a system
has insufficient user rating data or information, recommendation effectiveness is
greatly reduced. The question of how the first user discovers new items remains
to be solved, and collaborative filtering algorithms cannot effectively provide
precise recommendations for new users and new items, failing to meet personal-
ized user needs. In the digital library field, where user initiative is poorer than
in e-commerce, when user interaction drive with digital libraries is insufficient,
the sparsity and cold start drawbacks of collaborative filtering algorithms are
amplified.

With prominent issues such as data silos, information overload, and information
disorientation, the chronic problems of traditional recommendation systems and
algorithms remain unresolved, leading to reduced user satisfaction and even
user loss, constraining further promotion and application of recommendation
services. Traditional recommendation algorithms cannot keep pace with the
speed of user interest and preference changes, making research on recommenda-
tion algorithms that dynamically capture users’ potential interests particularly
important. Therefore, information service providers must fully consider users’
dynamic interests, meeting users’ dynamic knowledge needs based on user in-
terest measurement and content analysis to provide more precise knowledge
discovery services. In view of this, this paper aims at precise recommendation,
combining existing algorithms, leveraging the advantages of massive resource
data and user data in knowledge discovery systems, and conducting research on
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current cold start problems and user interest shift issues in recommendations,
systematically describing users’ implicit interests when browsing academic re-
sources, identifying users’ current interest states, and proposing an innovative
recommendation algorithm based on user interest models.

2 Resource Content Measurement
The key to precise recommendation lies in accurately grasping user needs, in-
terests, or preferences, deeply mining resource content features, establishing
connections between users and resources, and providing personalized knowledge
recommendation services. Therefore, in precise recommendation, we must first
establish an academic resource model, then combine it with user interest values
to build a user interest model, and finally determine how to use the user inter-
est model for precise recommendation. Academic resource modeling primarily
involves extracting text features, with feature words, thematic words, and cita-
tions being the main text features of academic resources. By extracting feature
word distribution, thematic word distribution, and citation structure networks
of academic resources, we construct the academic resource model. We define 𝑀𝑑
as the academic resource model, 𝐾𝑑 as the feature word distribution of academic
resources, 𝑇𝑑 as the thematic distribution of academic resources, and 𝐶𝑑 as the
citations of academic resources. The academic resource model is represented as
𝑀𝑑 = {𝐾𝑑, 𝑇𝑑, 𝐶𝑑}.

2.1 Feature Word Distribution

Define the document feature word set as 𝐾 = {𝐾𝑑1, 𝐾𝑑2, … , 𝐾𝑑𝑛}, where 𝑑
represents an academic text. The common method for text feature word extrac-
tion is the TF-IDF algorithm, which calculates the TF-IDF value of words in
documents. Words with larger TF-IDF values can serve as document feature
words. However, the traditional TF-IDF algorithm cannot capture distribution
proportion differences of words in text collections, which are important factors
for expressing text content. Therefore, we introduce the concept of information
gain to improve the traditional TF-IDF algorithm. The weight 𝑊𝑑𝑖 of feature
word 𝐾𝑑𝑖 is calculated as shown in Formula (1):

Formula (1)

where 𝑇 𝐹𝑑𝑖 represents the frequency of the 𝑖-th feature word in academic doc-
ument 𝑑, 𝑁 represents the total number of academic documents, and 𝑛𝑑 repre-
sents the number of academic resources containing feature word 𝑖.
The 𝐼𝐺𝑑 in Formula (1) is information gain, representing the information quan-
tity of words, calculated as shown in Formula (2):

Formula (2)
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where 𝐻(𝑑) = ∑(𝑃(𝑖)×log2 𝑃(𝑖)), 𝐻(𝑑|𝑖) = − ∑(𝑃(𝑑|𝑖)×log2(𝑃 (𝑑|𝑖))), 𝑃(𝑖) =
|𝑤𝑓(𝑖)|/ ∑ |𝑤𝑓|. |𝑤𝑓(𝑖)| represents the sum of word frequencies in document 𝑑.

The vector 𝐾𝑑 = {(𝐾𝑑1, 𝑊𝑑1), (𝐾𝑑2, 𝑊𝑑2), … , (𝐾𝑑𝑛, 𝑊𝑑𝑛)} is called the feature
word distribution of academic resources.

2.2 Topic Distribution

Define the topic distribution as 𝑇 = {𝑇𝑑1, 𝑇𝑑2, … , 𝑇𝑑𝑛}, where 𝑑 is an
academic resource and 𝑇𝑑𝑖 represents the topic distribution probability of
document 𝑑𝑖. The topic distribution of academic resources uses the LDA
algorithm to obtain the joint distribution probability of documents’ topics
and feature words 𝑝(𝑤|𝑑) = 𝑝(𝑤|𝑡) ⋅ 𝑝(𝑡|𝑑). Using Gibbs sampling to solve
the posterior parameters of the LDA model, 𝑃(𝑇𝑑𝑖|𝑑) represents the poste-
rior probability that academic resource 𝑑 belongs to topic 𝑇𝑑𝑖. The vector
𝑇𝑑𝑖 = {𝑃(𝑇𝑑1|𝑑), 𝑃 (𝑇𝑑2|𝑑), … , 𝑃 (𝑇𝑑𝑛|𝑑)} is called the LDA topic distribution
of academic resources.

2.3 Citation Structure

Define 𝐶𝑑 as the citations of academic resources, with the citation set repre-
sented as 𝐶𝑑 = {𝐶𝑑1, 𝐶𝑑2, 𝐶𝑑3, … , 𝐶𝑑𝑛}. The mutual citation relationships
among scientific literature implicitly contain similarity relationships between
documents. Through citation relationships, a series of content-related docu-
ments can be found to serve recommendation systems. Citation relationships
can be established based on scientific citation relationships, using graph theory
to construct citation graphs. Generally modeled as graph 𝐺 = (𝑉 , 𝐸), the ver-
tex set 𝑉 is the information object set, where any point 𝑑𝑖 ∈ 𝑉 represents a
citation. The edge set 𝐸 represents relationships between vertices. If citation 𝑑𝑖
cites citation 𝑑𝑗, this relationship is represented by edge (𝑑𝑖, 𝑑𝑗) ∈ 𝐸 (see Figure
1 [Figure 1: see original paper]). Using graph theory methods to mine implicit
relationships between vertices in citation structure graphs, citation structure
similarity is calculated using topological structure information of graphs.

3 User Interest Measurement
User interest preferences are the main basis for recommendation systems to
recommend resources. The accuracy of user interest measurement directly af-
fects the quality of precise recommendation in knowledge discovery services.
Liu Hongwei et al. quantified users’ dynamic implicit interests to help personal-
ized recommendation services in e-commerce. Zeng Ziming et al. discriminated
dynamic changes in user interests from a user experience perspective for knowl-
edge recommendation services in digital libraries. Related research shows that
accurate measurement of user interests can effectively improve recommendation
quality in knowledge discovery services and produce more precise recommen-
dation effects. Analyzing and describing user interests is the foundation for
knowledge discovery services to achieve precise recommendation, which can be
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realized by establishing user interest models. User interest models describe
users’ interest preferences for resource information, comprehensively reflecting
users’ demand levels for resource information within a certain period through
analysis of user interests.

3.1 Behavior Measurement

User interests can be divided into explicit and implicit interests. Explicit in-
terest refers to users actively providing their interest tendencies for knowledge
needs, mainly derived from personal information filled in during registration.
Implicit interest refers to interest preferences implied behind various user be-
haviors when using the system. Because explicit interest is usually stable and
users have poor participation initiative, with characteristics of inaccuracy, in-
completeness, and subjectivity, it cannot reflect users’ dynamic interests. In
contrast, implicit interest does not require users’ explicit participation during
data collection; data only needs to be recorded when users generate behaviors,
without affecting user browsing. Therefore, this paper uses implicit interest to
dynamically measure user interests. When users browse, the system automati-
cally tracks and records user behavior data on the server side, calculates users’
interest in page content based on behavior data, and obtains users’ interested
themes and content. Through mining user behavior data, the obtained user
interests are more objective and accurate.

User implicit interest measurement is primarily based on user browsing behav-
ior. R. Krishnamoorthy believed that user interest measurement is based on
combinations of user browsing behaviors, dividing browsing behaviors into veri-
fication behaviors and activation behaviors. Verification behaviors can be used
to determine whether users have interests, such as saving pages, printing pages,
and visiting the same page multiple times. These behaviors show whether users
are interested in browsing themes or pages, enabling user behavior data collec-
tion to determine interest levels. Activation behaviors are the next stage of
verification behaviors, referring to behaviors that can determine user interest
levels, such as browsing time on pages, mouse activities, and keyboard activ-
ities. L. Zheng et al. comprehensively analyzed the relationship between user
browsing time and user interest, proposing a method to calculate thematic inter-
est through user browsing time, confirming that the algorithm is reasonable and
accurate for calculating user interest and can be effectively used for personalized
recommendation. Browsing duration is an important behavioral manifestation
of users’ interest in browsing content; the longer users browse, the higher their
interest in page content.

When users are interested in opened pages and their content or consider them
valuable, they will spend longer time browsing. If users are not interested in
browsing content, they will quickly close pages and click next pages to search
for interesting content. Main factors affecting user browsing time include: (1)
User attention to content. Higher attention to content or themes leads to longer
browsing time. (2) Page content volume. Larger information capacity on pages
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may lead to longer time spent. (3) User comprehension ability. When two users
have the same attention level to the same page content, stronger comprehension
ability leads to shorter browsing time. Therefore, user interest in pages should
be measured through vertical comparison of the same user. Due to individual
differences among users, using absolute browsing time as a measurement basis
for user interest in a particular page is biased. Instead, the ratio of relative time
spent by the same user browsing different pages, combined with the absolute
ratio of information volume on different pages, should be used as the benchmark
for measuring user interest.

Additionally, considering user interest transfer and to reflect recent learning
progress and interests, we select academic documents browsed by users within
a period 𝑇 and other interaction behaviors for measurement. Besides browsing
duration and page information volume, if users are particularly interested in an
academic resource or consider it particularly valuable, they will further generate
interaction behaviors such as downloading, collecting, and sharing. These inter-
action behaviors better reflect users’ implicit interests and should have higher
weights in interest measurement. Based on these considerations, user interest
in academic documents is calculated as shown in Formula (4):

Formula (4)

where 𝑈𝐼𝑖|𝑡𝑖𝑚𝑒| represents users’ effective browsing time for academic docu-
ment 𝑖, and 𝐷𝑖𝑐𝑜𝑛𝑡𝑒𝑛𝑡 represents the content volume of academic document 𝑖,
which can be expressed by the byte size of the academic document. 𝑇𝑚𝑖𝑛 is a
small value designed to prevent mis-clicks. If users’ browsing time for academic
document 𝑖 is less than 𝑇𝑚𝑖𝑛, it is considered a mis-click and 𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = 0. If
greater than or equal to 𝑇𝑚𝑖𝑛, user interest in document 𝑖 is calculated through
Formula (1). If users have interaction behaviors such as downloading, collecting,
or sharing with academic document 𝑖, user interest increases, and 𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 cal-
culated through Formula (1) increases by 𝛿, where 𝛿 is a tuning parameter set
to 1 in this paper.

3.2 User Interest Model

Based on the academic resource model, we construct the user interest model.
Define 𝐾𝑢 as the feature word vector of user interest, 𝑇𝑢 as the user’s preferred
topic distribution, and 𝐶𝑢 as the citation distribution of browsed literature. The
user interest model can be represented as 𝑀𝑢 = {𝐾𝑢, 𝑇𝑢, 𝐶𝑢}.

3.2.1 Feature Word Preference An academic resource in a knowledge
discovery system often contains multiple feature words that can briefly
summarize and describe the resource content. Let {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑖} rep-
resent the set of all academic resources browsed by a user within period
𝑇 . Using segmentation tools and corpora, we extract the feature word
set 𝐾𝑑 = {𝐾𝑑1, 𝐾𝑑2, … , 𝐾𝑑𝑛} of academic documents browsed by the
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user. The user’s feature word preference can be described by a vector
𝐾𝑢 = {(𝐾𝑑1, 𝑊𝑑1), (𝐾𝑑2, 𝑊𝑑2), (𝐾𝑑3, 𝑊𝑑3), … , (𝐾𝑑𝑖, 𝑊𝑑𝑖)}, where 𝐾𝑑𝑖 repre-
sents the 𝑖-th preference feature word and 𝑊𝑑𝑖 is the weight of feature word
𝐾𝑑𝑖. The weight 𝑊𝑑𝑖 of text feature words directly uses the calculation results
from the TF-IDF+IG algorithm in the academic resource modeling above.
Then:

𝐾′
𝑢𝑖 = 𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 ⋅ 𝐾𝑢𝑖

where 𝐾𝑢𝑖 is the feature word distribution of academic resources, 𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡
represents the user’s interest in the 𝑖-th feature word, and 𝐾′

𝑢𝑖 represents the
new feature word vector of academic resources browsed by the user.

3.2.2 Topic Preference The set of academic resources of a certain
type browsed by a user within period 𝑇 is {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑖}. The user’s
LDA topic preference can be described by an 𝑁 -dimensional vector
𝑇𝑢 = (𝑇𝑢1, 𝑇𝑢2, 𝑇𝑢3, … , 𝑇𝑢𝑛).

𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 × 𝑇𝑑𝑖

where 𝑇𝑑𝑖 is the topic probability distribution of academic resources, 𝑈𝐼𝑖𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡
represents the user’s interest in the 𝑖-th topic, and 𝑇 ′

𝑢𝑖 represents the user’s
interest topic distribution.

3.2.3 Citation Distribution Let {𝑑1, 𝑑2, 𝑑3, … , 𝑑𝑖} represent the set
of academic resources read by a user within a period. Establish a ci-
tation relationship graph, and the user’s citation set is represented by
𝐶𝑢 = (𝐶𝑢1, 𝐶𝑢2, 𝐶𝑢3, … , 𝐶𝑢𝑛).

4 Precise Recommendation
4.1 Similarity Matching

By extracting text features of academic resources, we establish the academic
resource model 𝑀𝑑 = {𝐾𝑑, 𝑇𝑑, 𝐶𝑑} from three dimensions: feature words, topic
words, and citations. Combined with user interest measurement, we establish
the user interest model 𝑀𝑢 = {𝐾𝑢, 𝑇𝑢, 𝐶𝑢} based on the academic resource
model.

We use Jaccard similarity to calculate the similarity between user feature word
preference 𝐾𝑢 and academic resource feature word distribution 𝐾𝑑, as shown in
Formula (7):

Formula (7)
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We use cosine similarity to calculate the similarity between user topic preference
𝑇𝑢 and academic resource topic distribution 𝑇𝑑, as shown in Formula (8):

Formula (8)

Based on the citation structure graph, we use the SimRank algorithm to calcu-
late citation structure similarity. SimRank recursively defines similarity, with
constant 𝑐 ∈ (0, 1) as the damping factor. Initial assignment is as follows:

Formula (9)

where 𝐼(𝐶) represents the set of adjacent points pointing to 𝐶. If 𝐼(𝐶𝑢𝑖) or
𝐼(𝐶𝑑𝑗) is empty, then 𝑠𝑖𝑚𝑙+1 = (𝐶𝑢𝑖, 𝐶𝑑𝑗) = 0.

Formula (8) represents the citation structure similarity between vertices 𝑑𝑖 and
𝑑𝑗 in the citation structure graph. Formula (8) is called recursively until values
converge, with the final convergence value being the citation structure similarity
between academic resources 𝐶𝑢𝑖 and 𝐶𝑑𝑗.

Define the user’s interest value 𝑈𝐼𝐷 as the similarity between user interest
model 𝑀𝑢 and academic resource model 𝑀𝑑, calculated as shown in Formula
(10):

Formula (10)

where 𝑟1 +𝑟2 +𝑟3 = 1, with specific weights allocated according to experimental
training.

The TOP-N academic resources with the highest user interest value 𝑈𝐼𝐷 are
recommended to users.

4.2 Recommendation Algorithm Process

As shown in Figure 2 [Figure 2: see original paper], the precise recommendation
algorithm proposed in this paper follows this process: (1) Obtain academic re-
sources through web crawler tools; (2) Extract academic resource information
(resource ID, title, abstract, keywords, citations, etc.) and establish citation
structure network graphs; (3) Preprocess extracted academic resource informa-
tion (word segmentation, stop word removal, etc.); (4) Calculate feature word
distribution, LDA topic distribution, and citation similarity for each academic
resource to build the academic resource model; (5) Record user behavior (brows-
ing time, downloading, forwarding, collecting, etc.) based on Web logs to calcu-
late interest in browsed academic resources; (6) Build user interest models based
on user interest and academic resource models; (7) Calculate similarity between
user interest models and academic resource models to obtain interest values for
each academic resource; (8) Recommend the TOP-N academic resources with
highest interest values to users.
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5 Experiments
5.1 Data Collection and Processing

The experimental data source is the China Academic Journals (Online Edition)
CAJ-N database. We selected papers from 2007-2018 in Chinese journals (55)
in the field of library and information science and digital libraries as experi-
mental data. After removing special issues, conference notices, and incomplete
papers, we obtained 10,227 valid papers, crawling titles, abstracts, keywords,
and citations. Before segmentation, we imported keywords of experimental pa-
pers, “Library and Information Science Dictionary,” and “Chinese Thesaurus”
as segmentation dictionaries into the Chinese Academy of Sciences NLPIR Chi-
nese word segmentation system, and established synonym and stop word tables
to improve segmentation effects. We performed word segmentation and stop
word removal on titles, abstracts, and keywords of academic resources, then
conducted word frequency statistics on feature words, calculated TF-IDF val-
ues, and selected the top 5 nouns or verbs with highest TF-IDF values as feature
words. We vectorized texts as document-feature word matrices to build feature
word distribution models of academic resources. In the LDA modeling process,
we used the Gibbs sampling method in MCMC for parameter estimation, with
topic number 𝐾 = 50, document-topic hyperparameter 𝛼 = 0.2, topic-word
distribution parameter 𝛽 = 0.01, and Gibbs sampling iterations set to 1000.
Through LDA-Gibbs model training, we obtained document-topic distributions
for 10,227 documents and word distributions for 𝐾 topics. Partial topic words
and keyword distributions are shown in Table 1 .

Using UCINET software, we constructed the citation network of experimental
papers as shown in Figure 3 [Figure 3: see original paper], where nodes represent
scientific literature and directional lines between nodes indicate citation relation-
ships, revealing associations between documents through citation relationships.
We calculated vertex similarity using the SimRank algorithm.

5.2 Experimental Settings

To verify the accuracy of the proposed precise recommendation algorithm, we
invited 30 library and information science students as experimental subjects.
Each user performed at least 20 searches in the library and information science
directory based on their interests or tasks to ensure sufficient user behavior data.
Various behavior data including browsing time, searching, collecting, download-
ing, forwarding, scrolling, and page turning were obtained through embedded
JavaScript code. During the experiment, the entire user behavior dataset was
divided into two parts: 80% as training set to generate user interest models, and
20% retained as test set to verify algorithm recommendation effectiveness. In
user interest model construction, combined with the established resource con-
tent model, we calculated each experimental subject’s 𝑈𝐼𝐷 interest value using
the algorithm proposed in this paper, setting 𝑟1 = 0.3, 𝑟2 = 0.4, 𝑟3 = 0.2. We
recommended resources with the highest TOP-5, TOP-10, TOP-15, and TOP-
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20 user interest values to users, with 10 recommendations total. After each
recommendation, users accessed resources they were interested in.

5.3 Results Evaluation

5.3.1 Recommendation Effectiveness Evaluation Metrics To evaluate
the recommendation effectiveness of the constructed model, this paper selected
precision, recall, and F-value as evaluation metrics, calculated as shown in For-
mula (10):

Formula (10)

where 𝐴 represents the number of recommended interesting resources, 𝐵 rep-
resents the number of recommended uninteresting resources, and 𝐶 represents
the number of interesting resources not recommended.

5.3.2 Comparative Experiment Debugging This experiment selected
content-based (LDA topic model) recommendation algorithm and user-based
collaborative filtering recommendation algorithm for comparison. In compara-
tive experiments using the LDA topic model, the topic number 𝐾 needs to be
set. Table 2 shows the impact of different 𝐾 values on precision, recall, and
F-value when recommending 20 academic resources per user, indicating that
𝐾 = 20 yields the best recommendation effect.

When using user-based collaborative filtering algorithm for recommendation,
different numbers of nearest neighbors produce different recommendation ef-
fects. Table 3 shows the impact of different nearest neighbor numbers ℎ on
precision, recall, and F-value when recommending 20 academic resources per
user, indicating that 30 nearest neighbors yield the best recommendation effect.

5.3.3 Results Comparison Based on comparative experiment debugging
results, with topic number set to 20 and nearest neighbor number set to 30,
content-based recommendation algorithm and user-based collaborative filtering
algorithm achieve optimal recommendation effects. Under these experimental
conditions, we calculated precision, recall, F-value, and average precision for
three algorithms under different recommendation numbers. Experimental re-
sults are shown in Figures 4-7 [Figure 4: see original paper][Figure 5: see original
paper][Figure 6: see original paper][Figure 7: see original paper].

Experimental results show that as recommendation numbers increase from 5 to
20, precision decreases sequentially while recall and F-measure increase sequen-
tially. With the same recommendation number, the user interest measurement-
based recommendation algorithm proposed in this paper achieves the highest
precision and F-value, demonstrating the best recommendation effect, followed
by collaborative filtering algorithm, and finally content-based recommendation
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algorithm. Across the entire experiment, the average precision of the user in-
terest measurement-based collaborative filtering algorithm is 14% higher than
collaborative filtering algorithm and 23% higher than content-based recommen-
dation algorithm. This shows that considering user behavior and citation rela-
tionships makes the algorithm proposed in this paper better at predicting user
interests with superior recommendation effects.

Conclusion
Knowledge discovery systems provide a data foundation for precise recommenda-
tion services through their rich resource data and user data. Through fragmenta-
tion, fine-grained mining, and analysis of data resources, discovery systems can
deeply present content features of resources, reveal semantic relationships, es-
tablish citation associations, achieve deep resource aggregation, discover hidden
connections between resources for users, reveal new knowledge patterns, and pro-
vide refined knowledge discovery services. As user needs become fragmented,
refined, and personalized, discovery systems must fully utilize user behavior
data, measure user interests, understand user needs, provide precise knowledge
recommendation services for users, enhance user interaction experience, meet
users’ knowledge needs, and promote multiplication of knowledge value. Precise
recommendation is an important function for enhancing digital library knowl-
edge discovery service capabilities, bringing innovative growth points to digital
library knowledge discovery services.

From the perspective of user interest, this paper extracts resource content fea-
tures from three dimensions—feature words, topic words, and citations—to es-
tablish academic resource models. Through user interest measurement, it con-
structs user interest models and optimizes precise recommendation for knowl-
edge discovery services using similarity algorithms, with empirical verification
of algorithm feasibility through comparison with traditional content-based and
collaborative filtering recommendation algorithms. The recommendation algo-
rithm proposed in this paper has three advantages: (1) It considers citation re-
lationships, more scientifically revealing internal connections between academic
resources. (2) It introduces user behavior sets to analyze user interest prefer-
ence degrees, making recommendation results more accurate and objective. (3)
When user interests change, the recommendation algorithm can capture recent
interest changes to recommend more suitable information. The algorithm can
grasp user interests in real-time for precise recommendation, improving discov-
ery system knowledge service capabilities and enhancing user experience. This
paper also has limitations, such as cumbersome algorithm steps, large computa-
tional load, limited experimental samples and time, and some manual control
in the experimental process with certain subjectivity. Therefore, in future re-
search, we will further improve algorithm performance, simplify algorithm steps,
enhance algorithm applicability, and increase recommendation accuracy.
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