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Abstract

[Purpose/Significance] This study conducts a thematic analysis of papers pub-
lished in Information Processing & Management from 2000 to 2020 to under-
stand the IPM journal’ s thematic focus and evolutionary trends, providing
references for the development of computer and information science and re-
lated research. [Method/Process| First, based on 1,852 research papers from
the ScienceDirect full-text database, statistical analysis and visualization of pa-
per titles, abstracts, and keywords were performed to delineate major thematic
categories. Second, research topics within each category were systematically
reviewed. Finally, research focuses across different periods were compared to
analyze thematic evolutionary trends. [Results/Conclusion] IPM primarily fo-
cuses on three thematic categories: information retrieval, text analysis, and user
studies. Overall, it exhibits evolutionary characteristics including consistently
maintaining information retrieval as the core theme, shifting from text and in-
formation analysis toward multimedia and knowledge analysis, and conducting
in-depth analysis and mining of user sentiment.
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Abstract

[Purpose/Significance] This paper analyzes the themes of papers published
in Information Processing and Management from 2000 to 2020 to understand
the thematic focus and evolution trends of IPM, providing references for
the development and related research in computer and information science.
[Method/Process] First, based on 1,852 research papers from the ScienceDi-
rect full-text database, we conducted statistical analysis and visualization of
paper titles, abstracts, and keywords to classify major thematic categories.
Second, we systematically reviewed the research themes within each category.
Finally, we compared research focuses across different periods and analyzed
thematic evolution trends. [Result/Conclusion] IPM primarily focuses on
three themes: information retrieval, text analysis, and user research. The
journal exhibits evolution characteristics including: consistently maintaining
information retrieval as the core theme, shifting from text and information
analysis toward multimedia and knowledge analysis, and conducting in-depth
analysis and mining of user sentiments.

Keywords: Information Processing and Management; IPM; computer and in-
formation science; thematic analysis

Introduction

The advent of the digital, networked, and intelligent era has brought tremendous
impact to the development of computer and information science, leading to rapid
growth in related research and changes in research themes. As the primary car-
rier and dissemination platform for scientific research achievements, academic
journals bear an important mission in academic exchange [1]. Thematic analy-
sis of journal publications can provide better understanding of research progress
and evolution characteristics in a discipline. Information Processing and Man-
agement (IPM) was founded in 1963, originally named Information Storage and
Retrieval (ISR), and officially renamed IPM in 1975, which continues to this day.
According to SCI-JCR data, the journal had a CiteScore of 8.6 and an impact
factor of 6.222 in 2020, ranking in the first quartile in both Computer Science, In-
formation Systems and Information Science & Library Science categories. IPM
is dedicated to publishing cutting-edge research results at the intersection of
computer and information science, and enjoys high influence and recognition in
both the international computer and information systems community and the
library and information science community, making important contributions to
advancing the field. Therefore, systematically reviewing the publication themes
of IPM can to some extent reflect research progress in computer and information
science and demonstrate IPM’ s academic contributions to field development.

Previous scholars have conducted thematic analyses of IPM. F. E. DeHart an-
alyzed references in papers published in IPM, JASIS, and JD from 1987-1990,
focusing on comparing the proportion of monograph citations, finding that the
three most cited monograph topics in IPM during 1989-1990 were information
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storage and retrieval systems, artificial intelligence, and discourse analysis [2].
M. Y. Tsay conducted bibliometric analysis and comparison of JASIST, IPM,
and JD from 1998-2008, finding that the three most cited journal paper topics in
IPM were search, online information retrieval, and information work, while the
three most cited book topics were information storage and retrieval systems, in-
formation retrieval, and computer algorithms [3]. Wang Yuefen et al. compared
publication characteristics of Modern Library and Information Technology and
similar international journals including IPM from 2006-2015, finding that infor-
mation retrieval was the largest research hotspot in IPM, with other hotspots
including user behavior analysis, text mining algorithms, text classification, and
semantic analysis [4].

These previous studies all compared IPM with other journals, mostly using
quantitative analysis, but paid less attention to the connotative evolution of each
research theme. Therefore, we systematically review the publication themes of
IPM over the past 20 years (2000-2020) to understand its thematic focus and
evolution trends, providing references for the development of computer and
information science and related research, as well as useful insights for library
and information science.

Data and Methods

Between 2000 and 2020, IPM published 1,852 research papers. We exported
the paper data from the ScienceDirect full-text database to form a data source
for statistical analysis. First, we conducted keyword frequency statistics and
created a keyword cloud map (see Figure 1 [Figure 1: see original paper]), finding
that research hotspots mainly involved information retrieval, machine learning,
natural language processing, query expansion, social media, sentiment analysis,
text classification, and information seeking. Second, we extracted paper titles
and abstracts and used VOSviewer for co-occurrence analysis to obtain a co-
occurrence network map (see Figure 2 [Figure 2: see original paper]), which
clearly shows that research themes primarily fall into three major categories:
information retrieval, text analysis, and user research. Finally, based on the
1,852 research papers, we reviewed IPM’ s research themes over the past 20
years from these three categories, compared research focuses across different
periods, and identified thematic evolution trends.

Theme 1: Information Retrieval

Information retrieval, which emerged in the 1950s, is a discipline that primarily
studies the representation, storage, organization, and access of information [5].
Over the past 20 years, information retrieval has consistently been a key focus of
IPM, covering topics such as information retrieval models, search engines, and
image retrieval.
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3.1.1 Information Retrieval Models

Information retrieval models refer to mathematical models that describe doc-
uments, queries, and their relationships (matching functions) in information
retrieval [6]. Common retrieval models include Boolean, probabilistic, vector
space, language, and ranking models. IPM research primarily focuses on prob-
abilistic models. For example, K. Sparck Jones et al. developed a probabilistic
model for information retrieval [7-8], which improved upon the probabilistic
model proposed by their team in 1976 [9] and remains the most widely recog-
nized retrieval model today. Many studies have modified this model to form a
commonly applied version, shown in Equation (1) [10]:

(ki + 1) f; (ky+1)af; 1 (ri +0.5)/(R—r;+0.5)

sim(Q, D) gQ: K+ fi  kyt+af; o8 (n; —r; +0.5)/(N —n; — R+1;+0.5)
where f; refers to the frequency of term ¢ in the retrieved document, g f; refers to
the frequency of term 7 in the query, IV refers to the size of the entire document
collection, r; refers to the number of relevant documents containing term ¢, n;
refers to the number of documents containing term ¢, R refers to the size of the
document set relevant to the query, and K, k;, and ks, are hyperparameters set
based on experience [10].

Other scholars have constructed information retrieval probabilistic models from
multiple perspectives and conducted experimental tests. Z. B. Xu et al. devel-
oped a probabilistic information retrieval model based on Dirichlet Compound
Multinomial (DCM) distribution that enables efficient retrieval and accurate
ranking [11]. F. Dahak et al. established a probabilistic model for XML infor-
mation retrieval that utilizes user expectations to estimate contextual impor-
tance, demonstrating its effectiveness through experiments [12]. Additionally,
vector space models and ranking models have received extensive discussion. For
instance, X. Y. Tai et al. proposed an information retrieval model based on
the Vector Space Model (VSM) that can utilize user-provided relevance infor-
mation to improve retrieval performance [13]. J. F. Guo et al. analyzed and
compared the basic assumptions, design principles, and learning strategies of
neural ranking models, discussing future development trends such as learned in-
dexes, learning with external knowledge, learning with visualization techniques,
learning with context, and understanding neural ranking models [14]. Over-
all, related research primarily focuses on the construction, testing, comparison,
and improvement of retrieval models, aiming to enhance information retrieval
system performance and achieve higher-precision information retrieval.

3.1.2 Search Engines

Research on search engines concentrates on retrieval performance evaluation,
query expansion and relevance feedback, and web page ranking algorithms. Re-
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garding retrieval performance evaluation, L. Vaughan proposed a set of mea-
surement methods based on precision and recall concepts to evaluate search
engine performance and stability, with experimental results showing that these
methods can effectively distinguish search engine performance [15]. F. Can
et al. argued that manual evaluation of search engine retrieval performance is
costly, and therefore introduced an automatic search engine evaluation method,
proving through experiments that its evaluation results are consistent with man-
ual assessments [16].

As an important branch of query optimization, query expansion primarily uses
information from user query logs and relevance feedback to expand user queries.
For example, H. Kim et al. proposed a method based on clustering user query
logs that can bridge the vocabulary gap between user queries and retrieval sys-
tems to some extent [17]. S. Jung et al. used click data from search engine users
as an implicit source of relevance feedback information, discussing the reliabil-
ity of relevance feedback and its variations [18]. Additionally, query expansion
has increasingly focused on semantic-based relevance feedback techniques to ad-
dress the semantic gap between queries and documents, such as J. M. Wang et
al.” s proposal of a pseudo-relevance feedback framework combining relevance
matching and semantic matching to improve feedback document quality [19].

In terms of web page ranking algorithms, numerous scholars have developed
more efficient ranking algorithms based on mainstream algorithms such as
PageRank, HITS, and OPIC. For instance, A. M. Z. Bidoki et al. proposed
a DistanceRank algorithm based on reinforcement learning that defines the
“average number of clicks” between two web pages as distance, where pages
with smaller distances receive higher rankings. Experimental results show this
algorithm outperforms others in web page ranking and crawling scheduling [20].

3.1.3 Image Retrieval

Building upon text retrieval, multimedia retrieval technologies using images,
audio, and video as retrieval objects have gradually developed. IPM-related re-
search has primarily focused on image retrieval, evolving from Text-based Image
Retrieval (TBIR) to Content-based Image Retrieval (CBIR). The foundation of
CBIR lies in the selection, extraction, and representation of image content fea-
tures such as color, texture, and shape [21], and related research has generally
approached from this perspective. For example, P. W. Huang et al. proposed
two texture feature representation methods (CSG-vector and EDP-string) based
on texture similarity and designed an efficient image retrieval system accordingly
[22]. T. C. Lu et al. addressed color features in images by representing global
features through color distribution, mean values, and standard deviations, while
using image bitmaps to represent local features to improve image retrieval ac-
curacy [23].

However, content-based image retrieval also faces a difficult-to-cross semantic
gap [24]. To address this, semantic-based image retrieval technology has gradu-
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ally developed. S. Pandey et al. proposed a semantic and image retrieval system
for hierarchical image databases with semantic classification, enabling images
to be mapped to multi-dimensional feature spaces while simultaneously repre-
senting image semantics through clustering and indexing, ultimately achieving
efficient retrieval of desired semantics and corresponding images [25].

Theme 2: Text Analysis

Text analysis involves representing text content and extracting features to en-
able computer recognition and processing, thereby determining text topics and
the attitudes and emotions of text providers. IPM research on text analysis pri-
marily concentrates on text mining, sentiment analysis, and knowledge graphs.

3.2.1 Text Mining

Text mining can extract previously unknown, understandable, and ultimately
usable knowledge from large amounts of text data in electronic form, and apply
this knowledge to better organize information to support reference and utiliza-
tion [26-27]. IPM-related research primarily revolves around text classification
and text clustering. Text classification refers to organizing documents into prede-
fined categories, typically using machine learning algorithms [28]. For example,
A. Elnagar et al. compared commonly used deep learning models for Arabic
text classification and proposed a classification method entirely based on deep
learning models [29].

Meanwhile, text features targeted by text classification have evolved from sim-
ple words, phrases, and sentences to grammatical and semantic features. For
instance, A. Mohasseb et al. proposed a grammar-based classification framework
for question classification in question-answering systems that can effectively dis-
tinguish different question types [30]. Z. Kastrati et al. proposed a semantically
rich document representation model that can automatically classify financial
documents [31]. In text clustering, numerous scholars have proposed various
clustering algorithms to optimize clustering performance, such as G. B. Hu et
al.; who developed a semi-supervised clustering method based on the K-Means
algorithm that can constrain the clustering process [32]. C. L. Chen et al. pro-
posed a hierarchical clustering method based on frequent fuzzy itemsets aimed
at improving hierarchical clustering accuracy [33]. Other scholars have proposed
probabilistic models and algorithms for document clustering, proving through
experiments that their performance surpasses previously widely used models
and algorithms [34-35]. Additionally, some research has explored application
methods and practical effects of text mining in information retrieval [36], user
services [37], patent analysis [38], and topic identification [39] from an applica-
tion scenario perspective.
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3.2.2 Sentiment Analysis

The development of various social media platforms such as forums and blogs,
along with the emergence of review websites like Dianping, has provided the pub-
lic with open platforms for emotional communication and consumption reviews
[40], generating large amounts of opinions, emotions, evaluations, attitudes, and
sentiments toward products, services, events, and topics [41]. Sentiment analy-
sis, or opinion mining, uses natural language processing and text mining tech-
niques to analyze, process, and extract these subjective texts with emotional
coloring [42].

IPM research on sentiment analysis primarily uses social media as a platform
to analyze user viewpoints and emotions from published content or comments.
For example, A. Balahur and S. M. Mohammad analyzed emotions, moods,
purposes, styles, and corresponding sentiment analysis systems in tweets using
Twitter as a case study [43-44]. A. Severyn et al. constructed an opinion mining
model capable of handling new domains or languages for the vast amount of user-
generated content on YouTube, validating it through experiments [45]. Other
scholars have analyzed user evaluations of products or services to mine attitudes
and emotions, such as M. Al-Smadi et al., who proposed a supervised machine
learning-based method for sentiment analysis of hotel reviews [46].

During sentiment analysis research, scholars have constructed numerous senti-
ment analysis models for different scenarios. For instance, A. Kumar et al. pro-
posed a deep learning model for fine-grained sentiment analysis in textual and
visual social data [47]. Z. Mahmood et al. developed a Roman Urdu corpus and
used it as a basis for developing a deep learning model for mining emotions and
attitudes [48].

3.2.3 Knowledge Graphs

Knowledge graphs essentially reveal semantic relationships between enti-
ties/concepts in semantic networks [49]. IPM-related research primarily
involves three aspects: knowledge graph technology, knowledge graph
construction, and knowledge graph applications.

In knowledge graph technology, numerous scholars have focused on knowledge
entity extraction, discussing knowledge extraction and representation in knowl-
edge graphs. For example, H. C. Cho et al. studied named entity recognition
with multiple segment representations [50]. L. Derczynski et al. described a Twit-
ter entity disambiguation dataset and conducted empirical analysis of named
entity recognition and disambiguation in tweets [51]. X. Tang et al. proposed
a multi-source knowledge representation learning model that combines entity
descriptions, hierarchical types, and textual relations to improve knowledge rep-
resentation effectiveness [52].

In knowledge graph construction, related research primarily builds semantic
relationship-based knowledge graphs from corpora. For instance, I. Bounhas et
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al. constructed a morpho-semantic knowledge graph from Arabic spoken corpora,
using contextual knowledge to infer semantic dependencies between entities and
evaluating concentrated use cases for document indexing and query expansion
[63]. In terms of applications, knowledge graphs can be applied to retrieval
systems, question-answering systems, and big data analysis. For example, D.
F. Li et al. proposed a cascade model that simultaneously considers semantic
and graph features, designing different cascade structures for knowledge infer-
ence and retrieval [54]. S. Shin et al. designed a predicate constraint dictionary
for the meaning of consultation questions in question-answering systems and
proposed a predicate constraint-based question-answering system that can im-
prove search accuracy [55]. F. Janssens et al. conducted bibliometric analysis
of nearly a thousand articles published in five library and information science
journals between 2002-2004, using knowledge graphs to visualize term networks
[56].

Theme 3: User Research

Studying users’ information acquisition, seeking, and utilization behaviors helps
information service organizations improve information service system perfor-
mance and service quality more targeted [57]. Information seeking behavior,
user generated content, and personalized service & human-computer interac-
tion are the main focuses of user research.

3.3.1 Information Seeking Behavior

Information seeking behavior refers to individuals’ purposeful search for informa-
tion to meet certain goal requirements. Beyond general information searching,
information seeking emphasizes the complete process of fulfilling entire infor-
mation needs, exploring the reasons behind user search behaviors, influencing
factors, user characteristics, and individual differences [58]. Many scholars have
analyzed information seeking behavior characteristics of different user types.
For example, S. Makri et al. analyzed the information seeking behavior of 27
lawyers and proposed improvements to Ellis’ s information seeking behavior
model [59]. H. R. Jamali et al. investigated the information seeking behavior of
physics and astronomy researchers, revealing disciplinary differences in informa-
tion seeking behavior and finding that interdisciplinary fields were more likely
to use general search tools to obtain information [60]. M. Lykke et al. surveyed
doctors’ information seeking behavior, finding that most doctors could generate
well-structured queries using system features and search strategies [61].

Additionally, as social standards continue to improve, people’ s demand for
health information has gradually increased, and health information behavior
has received more extensive attention. Related research has analyzed health
information behavior from different perspectives. Regarding health information
needs, W. J. Pian et al. systematically reviewed consumer health information
need theories, pointing out that future research should focus on social and emo-
tional dimensions [62]. Regarding health information providers, X. F. Zhang
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et al. explored doctors’ motivations for sharing health information on online
platforms, finding that beyond material motivations, professional motivations
played a primary role [63]. Regarding health information seekers, I. Huvila
et al. studied middle-aged and elderly people’ s health information behavior
preferences and motivations, comparing them with younger and older adults’
health information behavior [64]. Other research has analyzed health informa-
tion avoidance behavior to promote understanding of health information [65].

3.3.2 User Generated Content

User generated content is a network information resource creation and organi-
zation model that developed with the rise of Web 2.0, referring to text, images,
videos, and other content created by users in various forms on the Internet [66].
IPM-related research rarely discusses the theoretical foundation of user gener-
ated content directly, but instead uses it as a data source for opinion mining,
sentiment analysis, and public opinion management research. For example, A.
Severyn et al. conducted opinion mining on user generated content on YouTube
[45]. Y. D. Ge et al. explored the impact of emotions in user generated content
on stock markets [67]. L. F. Li et al. studied the public’ s negative emotions
on social media after natural disasters and the impact of posts from users with
large followings on repost numbers [68].

Additionally, user generated content on social media may cause the spread of
rumors and fake news, and scholars have studied rumor identification and de-
tection. Y. H. Liu et al. proposed a model based on Long Short-Term Memory
(LSTM) and max pooling that identifies rumor propagation processes by captur-
ing dynamic changes in repost content, propagators, and propagation structures,
validating it using Sina Weibo data [69]. S. A. Alkhodair et al. proposed a break-
ing news rumor detection model based on word2vec and LSTM-RNN (see Figure
3 [Figure 3: see original paper]), conducting experiments with Twitter data to
prove that the model outperforms others in precision, recall, and F1-score [70].

In this model, first, tweet W is tokenized into a series of words (W7, ..., Wp_1, Wr).
Then, the word2vec model converts the word sequence into a vector sequence
(Xq,..., Xp_1,X7) and passes it to the LSTM-RNN model through weighted
connections. Finally, the LSTM-RNN model determines whether the sample
category is rumor (R) or non-rumor (NR) and outputs it as the final vector
[70].

3.3.3 Personalized Service and Human-Computer Interaction

In personalized service, research primarily focuses on personalization in recom-
mendation systems. J. Wang et al. proposed a social media personalization
framework and built a ranking model that integrates users’ tagging history in
tag and content recommendations, making system suggestions consistent with
user preferences [71]. F. M. Belem et al. improved personalized tag recommen-
dation from object-centric and user-centric perspectives and compared it with
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object-centric recommendation methods [72]. S. Renjith et al. discussed the
development of tourism recommendation systems, tracing the evolution from
general search engines to personalized recommendation systems and then to
context-aware personalized recommendation systems [73].

In human-computer interaction, besides discussing interactions between users
and Internet resources [74], information retrieval systems [75], and emotions
in human-computer interaction [76], eye-tracking technology has also been a
widely discussed topic. For example, M. J. Cole et al. used eye-tracking tech-
nology to model users’ interactive information acquisition processes to predict
user knowledge levels [77]. M. Clark et al. analyzed users’ interaction patterns
with email text based on eye-tracking data [78]. B. Hilberink-Schulpen et al. in-
vestigated through eye-tracking methods whether the use of foreign languages
in job advertisements affects user attention and viewing patterns [79].

Theme Evolution Trends

IPM’ s research themes have had different focuses across different time periods.
To understand research priorities in different periods and analyze overall the-
matic evolution trends, we divided the papers from 2000-2020 into four time
periods, conducted keyword frequency statistics and visualization for each pe-
riod, and created keyword cloud maps for different periods (see Figure 4 [Figure
4: see original paper]). Across all four periods, information retrieval remained
the most important research theme, closely related to IPM’ s journal positioning.
However, over time, during 2016-2020, research heat on information retrieval de-
clined, while frequencies of keywords such as social media, sentiment analysis,
deep learning, machine learning, natural language processing, and text mining
increased. Among them, social media appeared 33 times, surpassing information
retrieval (31 times) to become the most frequent keyword.

We used CiteSpace software for burst detection to reveal the development tra-
jectory and evolution trends of research themes and predict future research
directions. Table 1 shows IPM’ s burst terms, burst intensity, and start/end
years from 2000-2020. The table shows 24 burst terms over the past 20 years.
The research heat of “information retrieval” lasted from 2000 to 2012. Other
burst terms with longer duration (over 5 years) include world wide web, retrieval,
relevance, design, cocitation, and user. Current research hotspots and frontiers
include ranking, graph, impact, knowledge, Twitter, sentiment analysis, word
of mouth, and emotion. This largely matches previous analysis results: infor-
mation retrieval has long been IPM’ s main focus, and due to the inseparable
relationship between search engine development and web page ranking algo-
rithm updates and optimization, ranking algorithms remain a research frontier
after sustained research heat. Additionally, thematic evolution shows charac-
teristics of shifting from text to images and from information to knowledge.
In terms of representation forms, information retrieval objects have gradually
broken through text limitations to focus on multimedia information with richer
content, which can convey more content features beyond basic text informa-
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tion for easier identification, retrieval, and mining. In terms of organization
methods, knowledge is more structured and valuable than information. China’
s New Generation Artificial Intelligence Development Plan also mentions the
need to focus on breakthroughs in core technologies for knowledge processing,
deep search, and visual interaction [80], implying that knowledge-based analysis,
mining, and knowledge graph construction will become key future development
directions in computer and artificial intelligence.

Social media and sentiment analysis are also important trends. The massive
text information and behavioral data generated by users on social media pro-
vide necessary data foundations for sentiment analysis and user behavior re-
search, enabling rapid development of related research under the application of
computer and artificial intelligence technologies.

Journal special issues also reflect IPM’ s key themes and their changes. Be-
fore 2010, special issue themes basically centered on information retrieval. For
example, in the 2000 special issue “Web-based information retrieval research,”
the editors noted that Internet development expanded the scope of information
retrieval research, and researchers began to gradually focus on web information
retrieval and information retrieval system interaction [81]. Meanwhile, between
2000-2004, the ACM Special Interest Group on Information Retrieval (ACM
SIGIR) consecutively held five workshops on mathematical/formal methods in
information retrieval, demonstrating the importance of using mathematical and
formal methods in information retrieval. IPM therefore selected relevant pa-
pers to form the special issue “Model design, formulation and explanation in
information retrieval using mathematics.”

The rapid development of the Internet has also brought explosive growth in infor-
mation resources, and complex document information may contain many poten-
tially valuable insights. When traditional text processing techniques and tools
cannot meet new user needs, artificial intelligence-based text mining methods
have emerged to effectively mine and utilize vast text resources [82]. Meanwhile,
with the founding of Facebook and Twitter in 2004 and 2006 respectively, social
media has become a convenient communication tool and powerful self-media
platform, making user generated content the primary production method for
network information resources. Information resources generated by users in-
evitably contain many personal viewpoints and emotions, and these subjective
comments mostly involve social hot events or consumption evaluations of prod-
ucts/services. Sentiment analysis has therefore developed rapidly and been
widely applied in public opinion monitoring and commercial marketing. IPM
has also produced special issues on text mining and sentiment analysis, such
as “Managing and mining multilingual documents,” “Emotion and sentiment in
social and expressive media,” “Narrative extraction from texts,” and “Mining
actionable insights from social networks.” Overall, IPM’ s research themes are
interconnected, and thematic evolution is closely related to network technology
development and the rise of social media. Meanwhile, the emergence of emerg-
ing technologies such as artificial intelligence has also brought new opportunities
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to computer and information science.

Through keyword cloud and co-occurrence network mapping, we divided IPM’
s research themes over the past 20 years into three major categories: informa-
tion retrieval, text analysis, and user research. In information retrieval, related
research comprehensively discussed information retrieval theories and methods
from information retrieval model construction to search engines and ranking
algorithms, while advancing the semantic development of image retrieval tech-
nology. In text analysis, text mining is the main research direction, upon which
sentiment analysis in social media has become a recent research hotspot, and
knowledge research and analysis based on knowledge graphs have also seen con-
tinuous development and application. In user research, after the COVID-19
pandemic, research on health information seeking and rumor identification and
propagation has received more attention, while research on personalization of
service systems and human-computer interaction highlights the user-centered
information service concept.

The thematic analysis reveals three main evolution characteristics: (1) consis-
tently maintaining information retrieval as the core theme, with content retrieval
based on information retrieval remaining a key focus of IPM; (2) shifting from
text and information analysis to multimedia and knowledge analysis, with re-
search objects expanding from text information to multimedia containing more
content, and emerging technologies like artificial intelligence driving the upgrade
from information analysis to knowledge analysis; and (3) in-depth analysis and
mining of user emotions, with user generated content on social media driving
user sentiment analysis and enabling deeper user research.

From the thematic analysis results, IPM papers focus on key issues in com-
puter and information science, employing cutting-edge computer technologies
and mathematical statistical methods that can reflect the international aca-
demic research and practical status of the field. However, using a single journal
to reflect progress across an entire discipline still has limitations, and future
research could conduct bibliometric studies and thematic analyses of more high-
impact journals to more comprehensively grasp the evolution patterns of the
discipline.
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