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Abstract—By consolidating scattered knowledge, the literature review provides a comprehensive understanding of the investigated
topic. However, excessive reviews, especially in the booming field of pattern analysis and machine intelligence (PAMI), raise concerns
for both researchers and reviewers. In response to these concerns, this Analysis aims to provide a thorough review of reviews in the
PAMI field from diverse perspectives. First, large language model-empowered bibliometric indicators are proposed to evaluate literature
reviews automatically. To facilitate this, a meta-data database dubbed RiPAMI, and a topic dataset are constructed, which are utilized to
obtain statistical characteristics of PAMI reviews. Unlike traditional bibliometric measurements, the proposed article-level indicators
provide real-time and field-normalized quantified assessments of reviews without relying on user-defined keywords. Second, based on

these indicators, the study presents comparative analyses of different reviews, unveiling the characteristics of publications across
various fields, periods, and journals. The newly emerging Al-generated literature reviews are also appraised, and the observed
differences suggest that most Al-generated reviews still lag behind human-authored reviews in several aspects. Third, we briefly
provide a subjective evaluation of representative PAMI reviews and introduce a paper structure-based typology of literature reviews.
This typology may improve the clarity and effectiveness for scholars in reading and writing reviews, while also serving as a guide for Al
systems in generating well-organized reviews. Finally, this Analysis offers insights into the current challenges of literature reviews and

envisions future directions for their development.

Index Terms—literature review, pattern analysis, machine intelligence, bibliometric, Al-generated scholar content.

1 INTRODUCTION

“The entropy of the universe tends to a maximum.”
— Rudolf Clausius

HE entropy of almost all natural and artificial systems in

the universe exhibits a continuous increase. This principle
also applies to the knowledge system of humanity, which simi-
larly undergoes a perpetual escalation in entropy. Such escalating
disorder within the knowledge system can lead to redundant
endeavors, adversely affecting the generation of new knowledge.
Analogous to the role of gravity in shaping the early universe
filled with diverse particles, literature review plays a vital role
in the knowledge system by consolidating scattered knowledge.
Essentially, a literature review is a scholarly composition that not
only demonstrates an understanding of the academic literature on
a given topic but also situates this knowledge within a broader
context. It compiles the most relevant and significant publications
related to a specific research area, thereby offering a comprehen-
sive overview of that field.

Almost all the field boast their own literature reviews, es-
pecially for the rapidly developing field of pattern analysis and
machine intelligence, including image classification [20], [61],
[62], [64], image segmentation [35], [67], [70], [91], object de-
tection [21], [47], [81], [116], natural language processing [36],
[63], [69], etc. As reported by the Al Index Report [65], there has
been a striking surge in artificial intelligence publications, soaring
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from 200,000 in 2010 to nearly 500,000 by 2021. This exponential
increase has subsequently led to a proliferation of related literature
reviews. This trend is clearly illustrated in Fig. 1, which shows a
marked increase in the annual publication of reviews, underscoring
the growing prevalence of literature reviews in the field.

While comprehensive literature reviews are valuable, excessive
reviews may lead to information overload and redundant effort.
These issues emerge when multiple reviews address the same
topic, creating significant redundancy and presenting readers with
the same studies and ideas repeatedly. Additionally, writing and
peer-reviewing literature reviews imposes a considerable burden
on both authors and reviewers, as it involves a broader and
more thorough examination of the literature than standard re-
search papers typically demand. Additionally, with the advent of
Al-generated literature review systems, the landscape is further
complicated. The differences between Al-generated and human-
authored reviews remain an area for exploration.

Up to now, far too little attention has been paid to the above-
mentioned issues. This paper concentrates on reviews within the
field of PAMI, with three distinct objectives: (1) to endeavor an
automated evaluation of these literature reviews in a relatively
scientific manner; (2) to offer a thorough review of existing
human-authored and Al-generated literature reviews from diverse
perspectives; (3) to pinpoint limitations while providing future
insights for literature review.

1.1 Scope

In this study, we exclusively examine review articles. Grant’s com-
prehensive review [31] concluded that there are at least fourteen
review types characterized by methods used, which highlights the
fact that different reviews serve different purposes. For instance,
a critical review strives to exhibit that the author has carried
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Fig. 1. Annual publication trends of literature review in the field of
PAMI. A notable rising trend can be observed since 2015, reflecting an
increasing scholarly focus and growing recognition of the importance of
review articles in synthesizing the state of research in PAMI. The data is
collected from the Google Scholar search engine.

out extensive research on literature and evaluated it critically.
A systematic review aims to systematically explore, assess and
integrate research evidence, usually in adherence with review
guidelines. However, these types of reviews are relatively rare in
the field of PAMI. Given the predominance of literature reviews in
this area, we entitle this paper ”A Literature Review of Literature
Reviews”.

Although the quantity of reviews is considerably smaller
compared to that of normal papers, it remains impractical to
analyze reviews within every field. Therefore, this paper will focus
only on reviews in the PAMI field. The reviews being analyzed in
this paper are sourced from various publication venues, includ-
ing conferences, journals, and pre-prints. Reviews from various
sources exhibit a diverse range of writing styles, article lengths,
and citation counts, providing a representative cross-section of the
PAMI field. Considering the recent emergence of deep learning
in PAMI, most reviews being investigated were published in the
last decade. However, for a comprehensive understanding, we also
analyze a few reviews published over ten years ago.

1.2 Contribution
In summary, the main contributions of this survey are as follows:
¢ We conduct a comprehensive and detailed review of literature
reviews in the field of PAMI. To the best of our knowledge,
there have been no scholarly attempts to systematically re-
view the literature reviews.

o A biography database dubbed RiPAMI is built and released.
This database contains meta-data for 2904 literature reviews,
including titles, authors, citations and references detail, etc. In
addition, we construct a topic key phrase dataset comprising
201 different domain reviews through manual annotation.
This dataset can be utilized to evaluate the prompt effec-
tiveness in identifying the paper topic or to conduct further
analyses for the community.

o Subjective evaluations of seminal literature reviews in PAMI
are presented. Alongside this, we introduce an organizational
structure-based review typology designed to guide both hu-
man authors and Al systems in the methodical crafting of
literature reviews.

e We propose the impact and quality indicators for quanti-
tatively evaluating literature reviews. Diverging from tradi-
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tional, our approaches offer real-time, article-level, and field-
normalized quantitative assessment of literature reviews.
These automated indicators may help address concerns aris-
ing from excessive reviews and provide support during the
appraisal stage of Al-generated review systems.

o Based on the proposed evaluation indicators, we thoroughly
assess the quality of the selected human-authored literature
reviews in the PAMI field. Furthermore, a comparison be-
tween human-authored and Al-generated reviews is carried
out, which highlights the enduring strengths of human-
authored literature reviews and uncovers the limitations of
existing Al-generated review systems.

o We briefly discuss the challenges and provide a preliminary
analysis of future directions for literature reviews in the PAMI
field, highlighting potential areas for improvement.

All the data and code framework used in this paper are publicly
available at https://sway.cloud.microsoft/2TXEuPuNIDKEmC9p.

1.3 Organization of the Paper

The remainder of the paper is organized as follows. Section 2
briefs the evolution of the literature review and details the database
constructed for this paper. Section 3 introduces the typology of
reviews and provides subjective comments on selected reviews.
Section 4 presents the quantitative measures used to gauge the
impact and quality of the publications respectively, and compares
literature reviews from various journals and fields based on these
evaluation indicators. The characteristics of human-authored and
Al-generated literature reviews are discussed in Section 5 and a
case study is carried out to elucidate what are the advantages and
shortcomings of these two types of literature reviews. In Section 6,
We further discuss the challenges and future of the literature
review. Finally, this paper is concluded in section 7.

2 BACKGROUND AND SETTING
2.1 Background of Literature Review

Given the historical evolution and disciplinary variations of lit-
erature reviews, it is challenging to discern the very first peer-
reviewed literature review in history. However, there is limited
research to suggest that contemporary literature reviews can be
traced back to the 17th and 18th centuries [37] when the scientific
method and the concept of peer review began to take shape.
Initially, literature reviews were focused more on assimilating ex-
isting knowledge as opposed to following a formalized structure.
Scholars used prior works to direct their research and grounded
their contributions in an established understanding of the subject.
Literature reviews during this period served to prevent duplicated
efforts and build upon the work of predecessors.

As scholarly communication advanced and the scientific
method became more rigorous, the literature review experienced a
notable transformation in both methodology and purpose. Nowa-
days, a well-executed literature review is more than a basic
summary of references; it goes beyond that by organizing and
combining the information through analysis and synthesis. Read-
ing a good literature review may benefit both novice and seasoned
researchers. For novice researchers, literature review is one of
the most important ways to gain knowledge in a specific field.
They can quickly learn the basics, grasp fundamental concepts,
and gain a comprehensive understanding of major theories. For
seasoned researchers, literature reviews may help them keep up
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with the latest research, identify gaps in the current research field,
and avoid duplicating work that has already been done.

2.2 Database

Literature reviews usually cite regular papers in a particular field
as references; however, our literature review investigates literature
reviews in various fields as the material to be analyzed and
synthesized. This section describes how the reviews are selected
and provides further details on the construction of the database.

2.2.1 Data Source

Reliable data sources for analyzing extensive reviews are funda-
mentally important. Based on the means of data acquisition and
storage, existing scientific scholar data sources may be classified
into two main categories: web-based and snapshot-based sources.
Web-based source data refers to the meta-data that can be retrieved
from the data provider in real-time with the use of the web crawler
or the API (e.g. Semantic Scholar, arXiv, CrossRef). Such an
approach would only consume a small amount of storage on the
local machine but needs to query meta-data every single time. On
the contrary, the offline snapshot consumes a larger amount of
storage space but eliminates the need for frequent API queries.
Since the snapshot is a mirror image of relevant papers before
a specific time, its data remains unchanged over time compared
to the API-based sources. As a result, the snapshot ensures a
consistent dataset in all of the experiments, avoiding issues of
irreproducibility caused by changes in the provided web retrieving
service.

Tab. 1 compares various most commonly used data sources,
where “Counts only” in the citations column means that the source
only records the citation counts, while “Complete” signifies that
the data source provides a complete list of citations. Unfortunately,
none of these sources is perfect. For example, arXiv is a free
distribution service and an open-access archive for millions of
scholarly articles in various fields. Users can utilize arXiv’s APIs
to access all of the paper meta-data stored in arXiv databases.
Meta-data retrieved from arXiv contains valuable information but
fails to query the publication venue, citations, and references.
Semantic Scholar seems promising, but it suffers a lower update
rate than arXiv and a narrower search scope than Google Scholar.
Google Scholar is an online search engine that indexes scholarly
literature from a wide range of disciplines and publication formats.
It employs automated programs to retrieve files for inclusion in
the search results (which are not limited to academic papers,
but also include patents, books, etc.). Despite its widespread use,
Google Scholar still encounters challenges. Beel [11], [12], [13]
argues that Google Scholar places a high weight on citation counts
in its ranking algorithm and has therefore been criticized for
exacerbating the Matthew effect. Moreover, the citation counts
displayed on Google Scholar are subject to manipulation by com-
plete nonsense articles indexed on Google Scholar (e.g. citations
from Al-generated pre-print papers published on arXiv should
have been ignored). Therefore, a promising engineering solution is
to leverage the strengths of the different approaches to overcome
the weaknesses of each approach, as demonstrated in this paper.

2.2.2 Database construction

We first detail the database construction approach used for this
paper (as illustrated in Fig. 2). To avoid potential copyright and
licensing issues, papers are retrieved and downloaded using the
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arXiv’s APIL. Calls to the API are made by means of HTTP requests
to a certain URL. The responses will be cached and stored in an
SQL-based database.

We employed a simple yet effective technique to ensure that
the type of paper retrieved is review paper and highly relevant to
the field of pattern recognition. First, we identify 106 keywords
based on the scopes of related journals and conferences. As can
be seen in Fig. 2, these selected keywords include, but are not
limited to, speech recognition, optical character recognition, and
self-supervised learning. Next, we conduct a primary retrieving
and filter the results following a clear rule, i.e. the title of the
paper must contain “survey” or “review”, and the keyword should
be included in the abstract. Additionally, we filter out noisy
data through both ChatGPT-based and manual double-checking
processes.

As mentioned in Sec. 2.2.1, we suggest enriching the meta-
data of papers by leveraging a combination of disparate data
sources. Considering the potential legal risks of crawling to obtain
academic data from Google Scholar, Semantic Scholar API was
employed to obtain additional meta-data, such as citation and
reference details which are not provided by the arXiv APIL.

Finally, a total of 2904 eligible papers with meta-data are
retrieved and collected. To ensure reproducible experiments and
prevent overburdening the server, we construct an SQL-based
database dubbed RiPAMI (Reviews in Pattern Analysis and Ma-
chine Intelligence). This database stores information related to the
paper such as title, abstract, date of publication, venue, citation
counts, and reference details, etc.

It should be noted that this paper employs the arXiv API for
retrieving literature reviews. As such, there might be potential
biases and issues related to incomplete retrieval. That is, papers
that are not published on arXiv but meet the criteria will not
be included in the database. However, we believe that such a
problem is unavoidable. On the one hand, it is difficult for any
researcher to guarantee that he or she is able to retrieve the entire
relevant literature. On the other hand, most researchers tend to
select high-level articles as references to ensure the quality of the
literature review, which also leads to the bias issue to some extent.
Considering that most articles published on arXiv will also be
published subsequently in different conferences and journals, the
arXiv API-based retrieval can be regarded as a sample of the full
set of literature reviews. We expect that the dataset constructed in
this manner shares similar statistical characteristics with the full
set of literature reviews.

Given that citation counts vary over time, the date for retriev-
ing citation details is January 1, 2024.

2.2.3 Database Statistics

The database consists of more than 2900 literature reviews from a
variety of sources, publication years, and fields. To elucidate the
characteristics of the RiPAMI database, we conduct a statistical
analysis and plot the result in Fig. 3.

Years of Publication Figure 3 (a) illustrates the distribution
of publication years of literature reviews contained in the RiIPAMI
database. What can be clearly seen in this figure is a growing trend
in the number of reviews. This trend has similar characteristics to
the one obtained in Fig. 1, e.g. both are steadily increasing and
showing a fairly significant increase between 2019 and 2020. This
to some extent reflects the consistency between our sample data
and the original data in terms of statistics.



Database | Title & Authors  Venue  Abstract Citations References ~ Source Types  Charge
arXiv v X v X X API-based X
CrossRef v v v Counts Only v API-based X
Google Scholar v v v Complete X Crawler-based X
IEEE Xplore v v v Counts Only X API-based X
Semantic Scholar v v v Complete v API-based X
Web of Science v v v Complete v API-based v
Scopus v v v Complete v API-based v
arXiv Data File v X v X X Snapshots X
CrossRef Data File v v v Counts Only v Snapshots X
RiPAMI(Ours) v v v Counts Only v Snapshots X

TABLE 1

Comparisons between various data source.

arXiv

Primary Retrieving

Y

Filtering

\B

Ensemble Querying

Selected Keywords Retrieving SQL-based Snapshot
SQL TABLE
Column Data Type Description
ID VARCHAR(36) Serve as primary key, a UUID.
Title LONGTEXT The title of the review. Not Null.
Publication Date DATETIME The first publication date of the review.
Citations INT The number of received citation counts.

Fig. 2. Schematic representation of the database construction process. From keywords to a SQL-based snapshot RiPAMI, there are three major
steps to ensure that the data in RiPAMI is clean, accurate, and reliable. For visual clarity, the polar figure displays only a part of retrieving keywords.

Number of the References The number of references in
a survey paper may influence its credibility and reliability. As
shown in 3 (b), the distribution of literature review references in
the RiPAMI database follows a log-normal pattern. The average
number of cited references is approximately 140, while the median
number is 123.

Number of the Authors A review paper typically aims to
provide a comprehensive overview of a specific topic. Involving
multiple authors with diverse expertise could enhance the depth
and breadth of the review. Fig. 3 (c) indicates that the majority of
reviews are written by fewer than 10 authors.

Number of the Citations We count the citations of papers in

RiPAMI and plot them in Fig. 3 (d). A power law distribution of
received citations could be found. This phenomenon where a small
subset of papers receives the majority of citations is sometimes
referred to as the “Matthew Effect” or the “Pareto principle”, as
reported in [17], [68].

3 A SUBJECTIVE EVALUATION OF LITERATURE
REVIEWS

3.1 Popular Paper Structure

The review’s structure is alternatively referred to as the framework
of the review. It is the outline that authors consider when starting
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Fig. 3. Statistics of the RiPAMI database. The samples in the RiPAMI database are characterized by a diversity of publication dates, scholar impact,
reference numbers, etc., offering a comprehensive reflection of the state of reviews in the PAMI field.

to conduct the survey. A well-designed structure is believed to
enhance the paper’s readability and facilitate the reader’s com-
prehension of the paper’s concepts and knowledge. Typically, this
framework encompasses foundational sections such as the intro-
duction, methodology, discussion, and conclusion, each fulfilling
a specific function.

Similar to the research article, the introduction section of
the literature review usually includes contextualizing the research
topic, identifying the knowledge gap, defining the scope and
objectives, and laying the foundation knowledge for wider au-
diences. “Introduction” usually lies at the very beginning of the
paper. Most reviews first introduce the definition of the topic
to acquaint readers with a basic understanding of the field. For
instance, the term “Named Entity Recognition” may be unfamiliar
to many scholars outside the field of natural language processing.
A clever introduction might provide the origins of the terminology
and inform the readers what is named entity recognition, as has
been done in Ref [73]. A brief definition of the field in the
introduction is also welcomed for some relatively popular fields,
e.g., the literature review [84] examines the concept of image
categorization in the first sentence.

In addition to contextualizing the research topic, many intro-
ductions also highlight the existing research and identify gaps or
challenges in the current understanding of the topic. It sets the
stage for the literature review by explaining why the research being
reviewed is necessary and what gaps are expected to be filled.
Wang et al. [103] emphasize that while there are comprehensive
surveys of self-supervised learning in computer vision, there is
a lack of a similar overview specifically tailored to the remote
sensing community.

Readers need to evaluate if the article is worth reading before
investing more time in it. A statement of the scope or contri-
butions of the article is a way for readers to quickly assess its
relevance. In the first section, Wangkhade et al. [104] provide
us with several important contributions including analyzing well-
known technologies, proposing taxonomies of approaches, and
summarizing benefits and challenges of sentiment analysis.

Preliminaries and problem formulations are also popular with
readers, as they both provide profound background knowledge.
Given that the Gumbel-max involves considerable mathematical
concepts and calculations, a “Preliminaries” section in the review
of the Gumbel-max trick [39] serves the purpose of providing
background information and basic understanding related to the
Gumbel-max trick.

The middle part of the survey paper, also known as the review
part, presents a detailed examination of the relevant research
studies, methodologies, findings, and theories related to the chosen

theme of the review. Beyond that, The middle part synthesizes
the information from related studies to provide a cohesive and
integrated understanding of the topic. This synthesis not only
aligns the disparate studies but also evaluates their contributions
and the interrelations among them. It often includes comparative
analyses, highlighting similarities and differences in approaches,
and may identify limitations in the existing research that warrant
further investigation. This section is instrumental in demonstrating
how individual studies collectively advance understanding of the
subject matter.

The manner of organization and synthesis in the review part
is subject to the choice of topic. Based on the organization of the
review part, we propose a typology for literature reviews which
includes three major types: method clustering-based, challenge-
oriented, and hybrid literature review. More details about the
typology are presented in Section 3.2.

The subsequent ending part serves as a succinct conclusion
to the reviewed studies. Within this section, the authors prefer to
sum up the key findings to answer the question in the beginning
part. It usually highlights both the advantages and disadvantages of
reviewed literature to conclude research gaps and suggest potential
avenues for future research.

One of the main objectives of the concluding part is to provide
arelatively concise summary of the main insights derived from the
reviewed studies and highlight their significance and relevance to
the research topic. Some literature reviews conduct comprehensive
analysis and synthesis, which in turn run up to a considerable
number of pages. The paper [51] consists of 51 double-column
pages in the main body, which poses a challenge for readers who
may not have the time to peruse it thoroughly. Fortunately, this
paper also includes a concise summary which provides readers
with an efficient understanding of the content and allows them to
navigate to relevant sections of interest.

When discussing further in the ending part, the authors may
attempt to identify gaps and point out future directions through the
analysis of existing literature. Some of the papers present the gaps
and future directions separately. Hassain et al. [40] first discussed
major challenges of multi-view video summarization such as lack
of synchronization, instability of camera, and crowded scenes
individually. Where there are challenges, there are future research
directions. In addition to challenges, the authors also provide
recommendations and future directions from various perspectives
including models, benchmark datasets, and agents-based MVS,
etc. Conversely, some papers choose to combine discussions of
current issues with emerging research trends, as seen in the *Future
Directions’ section of Ref [110].

For literature reviews delving into pragmatic methodologies,



the inclusion of an applications section is quite fitting. Ref [48]
offers a comprehensive review of various surveys on convolu-
tional neural networks, dedicating a distinct section to the typical
applications of 1-D, 2-D, and multidimensional CNNs. Similarly,
Ref [59] illustrates the deployment of few-shot learning techniques
across disciplines like computer vision, natural language process-
ing, and reinforcement learning.

3.2 Typology of the Literature Review

To investigate more comprehensively how papers are organized
and synthesized, we propose a typology for the literature review
based on the organization of the middle part. Note that the
terms typology and taxonomy are often used interchangeably,
but there is a subtle difference. According to Ref. [93], typology
creates categories based on conceptual dimensions and idealized
types, providing a systematic basis for comparison. Conversely,
taxonomy categorizes items based on observable and measur-
able characteristics. Hence, we opt for “typology” to categorize
literature reviews in this context, considering their content and
structure.

The typologies for review have been well developed [23], [24],
[31], [78]. Most of these articles mainly focus on categorizing
literature reviews based on their purpose or the analytical frame-
work used, such as the SALSA framework (Search, Appraisal,
Synthesis, and Analysis). For example, literature reviews can be
categorized as narrative reviews, critical reviews, etc., depending
on their purpose. However, few studies have investigated how the
review part of a literature review is organized in a systematic way.
Investigating the organization of the review part may enhance the
understanding of the literature review, thereby offering valuable
guidance for researchers and Al-generated review systems. Based
on the writing style and paper structure, we categorized existing
literature reviews into three main types: method clustering-based,
challenge-oriented, and hybrid literature review.

3.2.1 Method Clustering-based Literature Review

Method Clustering-based literature review refers to grouping
methods according to their technical characteristics and presenting
them in separate sections or subsections. Authors need to identify
different sections depending on the topic of the article and arrange
the same type of methods as closely as possible.

Featuring a clear and well-organized article structure, method
clustering-based literature reviews are widely favored by re-
searchers. The reader can gain a comprehensive understanding
of the typology, details, and advancements of technology within
a specific field which facilitates a foundational comprehension
of the research field. However, such a type of literature review
is less tailored for readers who are completely unfamiliar with
the subject. This is because readers who lack basic knowledge of
the field may not understand the connection between the methods
mentioned in different sections, or are even confused to the select
a proper algorithm for a certain task.

By way of illustration, Minaee et al. conducted a compre-
hensive survey on deep learning-based image segmentation mod-
els [70] in a method clustering-based manner. They grouped the
models into 10 categories based on the adopted model architec-
tures, such as fully convolutional models, encoder-decoder-based
models, and attention-based models. In this way, the reader can
quickly gain an understanding of the typologies of deep learning-
based image segmentation models and how they differ from each
other.

3.2.2 Challenge-oriented Literature Review

Known for its practicality, challenge-oriented literature reviews
focus on presenting research methods and findings that address a
specific challenge or task. In this type of review, each section or
subsection focuses on a specific challenge or task and centers the
discussion on how to address that challenge. The references cited
within each section are primarily directly related to addressing that
challenge to provide support and evidence.

Challenge-oriented literature reviews are well-suited to
application-oriented fields, where readers at different levels of
expertise can easily and quickly seek out appropriate solutions
within the literature to address the problem they are facing.
Despite the advantages, challenge-oriented literature reviews may
fail to provide a comprehensive elaboration of fundamentals and
methods details given the limited paper length.

Bandini et al. divided their survey about egocentric vision hand
analysis into several sections including hand segmentation, hand
detection, and hand identification [10]. Each section contains mul-
tiple subsections, and each of the subsections investigates a certain
challenge. (e.g. subsections entitled “Robustness to Illumination
Changes” and “Lack of Pixel-Level Annotations” were arranged
in the “Hand Segmentation” section ).

3.2.3 Hybrid Literature Review

By integrating characteristics of method clustering-based and
challenge-oriented review, a hybrid literature review strikes a fair
balance between comprehensiveness and practicality.

Typically, the hybrid literature review refers to a challenge-
oriented framework incorporating a method clustering-based sub-
framework. One advantage of a hybrid review is that it simulta-
neously offers multiple solutions to a certain problem along with
the classification of the respective methodologies. Such a hybrid
appears to be a perfect framework for review parts, but unfor-
tunately, not all topics are suitable for the hybrids, particularly
regarding those more theoretical fields. Therefore, it is advisable
to adopt different frameworks for different topics.

An example of this is the study carried out by Guo et al. [33]
in which authors divide sections by tasks and introduce similar
approaches group by group.

3.3 Review of Selected Reviews

In this section, we present a subjective evaluation of selected
reviews in different areas. In contrast to the previous surveys,
the literature reviews investigated in this section tend to be
representative. This means that these surveys are of fairly high
quality and popular with a wide range of researchers, evident in
the number of citations they received.

3.3.1 Computer Vision

Computer vision is one of the most popular sub-fields of pattern
recognition and machine intelligence. This section will focus on
the literature reviews within the realm of computer vision.

Image Classification refers to the task of assigning a label or
a category to an input image, which is one of the most renowned
tasks in the field of computer vision. A survey by Rawat [84]
explores the development and advancements of deep convolutional
neural networks (CNNs) in the field of image classification. The
paper covers the historical context, their role in the deep learning
renaissance, and the notable contributions and challenges faced
in recent years. It highlights the remarkable progress of CNNs



in image classification, while also acknowledging the ongoing re-
search efforts to address challenges and provide recommendations
for future exploration. Schmarje et al. [85] provides a compre-
hensive survey on semi-, self-, and unsupervised learning methods
for image classification. The survey compares and analyzes 34
different methods based on their performance and commonly used
ideas, highlighting the trends and research opportunities in the
field. Through comprehensive analysis, the authors reveal the
potential of semi-supervised methods for real-world applications
and identify challenges such as class imbalance and noisy labels.
Furthermore, the paper emphasizes the importance of combining
different techniques from various training strategies to improve
overall performance. In addition to CNNs, there exist alternative
techniques for image classification. The paper [19] presents a
comprehensive analysis of Support Vector Machines (SVM) in
image classification. It discusses various techniques that can
enhance classification accuracy and highlights its advancements.
Liu et al. [57] investigate more than 100 different visual Trans-
formers comprehensively in three fundamental CV tasks including
classification, detection, and segmentation. They also propose a
taxonomy to categorize various transformers into six groups.

Object Detection entails identifying and localizing objects of
interest within an image or video. Liu er al. [51] offers a com-
prehensive survey on the advancements in deep learning-based
generic object detection. This paper discusses an extensive range
of issues, including detection frameworks, taxonomies, feature
depiction, training strategies, and evaluation metrics. Though there
have been significant advancements in generic object detection,
the detection of small objects, which focuses on identifying objects
with a small size, still presents challenges. The review conducted
by Cheng et al. [21] investigates 181 literature, constructs two
large-scale datasets (SODA-D and SODA-A), and evaluates the
performance of mainstream small object detection methods. Ob-
ject detection demonstrates the utility and effectiveness across
multiple domains. Li et al. [47] and Litjens et al. [49] investi-
gate numerous methods and applications of object detection in
remote sensing and medical image analysis respectively, showing
that these methods have the flexibility to be applied in various
scenarios and meet different needs.

Image Segmentation is the process of dividing an image
into meaningful and distinct regions to facilitate analysis and
understanding. This work referenced 196 papers and received
1900 citations. As described earlier, Minaee et al. [70] proposed a
taxonomy for image segmentation methods which divides models
into 11 categories. In addition to the taxonomy, the authors
evaluate the quantitative performances of various methods on
popular benchmarks. The paper also identifies open challenges and
proposes promising research directions for future advancements in
deep-learning-based image segmentation. Given that most image
segmentation algorithms heavily rely on expensive pixel-level
annotations, interest in weakly supervised image segmentation
methods has increased. Ref [89] surveys label-efficient deep image
segmentation methods. According to the paper, weakly supervised
segmentation approaches can be categorized into four hierarchical
types, ranging from no supervision to inaccurate supervision.
The authors investigated each of these four methods in separate
sections, highlighting the strategies used to bridge the gap between
weak supervision and dense prediction. Image segmentation tech-
niques have a wide range of applications in the field of medical
image processing, as introduced in [60], [83], [O1], [108].

3.3.2 Natural Language Processing

Acclaimed as the jewel of the artificial intelligence crown, natural
language processing (NLP) stands as a pivotal domain within the
field of PAMI. Here, we provide a further discussion on several
popular NLP research directions.

Named Entity Recognition (NER) involves identifying and
classifying named entities in text, such as person names, or-
ganizations, locations, and dates. The survey by Li et al. [40]
begins by introducing NER resources, including tagged NER
corpora and off-the-shelf NER tools. Then, authors categorize
existing works based on a taxonomy that considers distributed
representations for input, context encoder, and tag decoder. The
paper surveys representative methods for applying deep learning
in various NER tasks, and provides a valuable reference for
designing deep learning-based NER models. NER serves as the
foundation technique for various natural language applications,
such as relation extraction [74], knowledge graph [2], etc. Due
to the linguistic variance of different languages, NER methods
may also vary from language to language. Surveys about various
language-specific NER could be found in [52], [82], [105].

Sentiment Analysis focuses on determining the sentiment or
emotion expressed in text, such as positive, negative, or neutral.
Yadav et al. introduce the process of gathering and analyzing
people’s opinions and sentiments from various sources such as
social media platforms and blogs in their paper [109]. The paper
evaluates and compares different approaches used in sentiment
analysis, with a focus on supervised machine learning methods
like Naive Bayes and SVM algorithms. The common applica-
tion areas of sentiment analysis and the challenges involved
in accurately interpreting sentiments are also reported. The pa-
per by Yue [114] categorizes and compares a large number of
techniques and methods from three different perspectives: task-
oriented, granularity-oriented, and methodology-oriented. It also
explores different types of data and advanced tools for research,
highlighting their strengths and limitations.

Language Modeling involves training models to understand
and generate human language. As early attempts, recurrent neural
networks achieved desirable performance and wide application at
that time, despite some shortcomings. The paper [113] specif-
ically focuses on RNNs and long short-term memory (LSTM)
cells. The authors highlight the limitations of traditional RNNs
and emphasize the significance of LSTM in handling long-term
dependencies. They discuss various LSTM cell variants and their
performance on different characteristics and tasks. Furthermore,
the paper also categorizes LSTM networks into two major types:
LSTM-dominated networks which optimize connections between
inner LSTM cells, and integrated LSTM networks which incor-
porate advantageous features from various components. Recently,
Large Language Models (LLMs) have drawn widespread atten-
tion. LLMs demonstrate significant performance improvements
and unique abilities such as in-context learning, setting them apart
from smaller-scale models. By investigating more than 600 works,
Zhao et al. [121] conduct a comprehensive review of the recent
advancements in LLMs. The authors discuss the evolution of
language modeling techniques, from statistical models to neural
models, and highlight the emergence of pre-trained language
models as a powerful approach in NLP tasks. The survey focuses
on LLMs with a parameter scale exceeding 10 billion and explores
four key aspects: pre-training, adaptation tuning, utilization, and
capacity evaluation. The paper also presents available resources



for developing LLMs and discusses important implementation
guidelines. Overall, this survey serves as an up-to-date and valu-
able reference for researchers and engineers interested in the field
of LLMs.

3.3.3 Others

Reviews in other popular sub-fields will be investigated in this
section.

The paper by Zhou et al. [123] covers the evolution of pre-
trained foundation models from BERT to ChatGPT and highlights
their significance as parameter initializations for downstream
tasks. The survey explores popular pre-trained foundation models
in text, image, and graph modalities, discussing their components,
pre-training methods, and advancements thoroughly. The paper
also addresses topics including model efficiency, compression,
security, and privacy, while offering valuable insights into scalabil-
ity, logical reasoning ability, and cross-domain learning. Another
survey paper [|12] presents a comprehensive review of the state-
of-the-art in self-supervised recommendation (SSR). The paper
proposes an exclusive definition of SSR and develops a taxonomy
that categorizes existing SSR methods into four categories: con-
trastive, generative, predictive, and hybrid. It further introduces
an open-source library called SELFRec, which incorporates a
wide range of SSR models and benchmark datasets. Through
rigorous experiments and empirical comparison, the paper derives
significant findings related to the selection of self-supervised
signals for enhancing recommendation. The conclusion highlights
the limitations and outlines future research directions in the field
of self-supervised recommendation.

4 AN OBJECTIVE EVALUATION OF LITERATURE
REVIEWS

Objective evaluation of literature reviews, or any other academic
work, is a crucial aspect of academic research, as it enables the
quantitative assessment of a certain academic publication in a
relatively fair, transparent, and reproducible manner. It provides
a basis for analysis and comparison, which may help readers, au-
thors, reviewers, and editors to ensure the reliability and credibility
of the paper.

In this section, we introduce both “external” impact and “in-
ternal” quality indicators designed to assess the academic impact
and the content reliability of literature reviews. Our methodologies
are cost-effective, transparent, and fully automated, facilitating
real-time, reproducible evaluations across various dimensions of
review papers. We have appraised a wide range of reviews using
the proposed measurements, and further provide comparative and
visual analysis for reviews in diverse fields, venues, and periods.

4.1

Perhaps assessing the impact of a paper sounds very simple,
but simple things are always the most difficult. Bibliometrics is
a research field that uses quantitative analysis and statistics to
appraise the impact of scholarly publications. It is believed to
play an important role in an individual’s academic career, such
as grant proposals or candidates for academic positions [45].
However, most existing metric methods suffer from several lim-
itations including unfair comparison, misuse, and manipulation
as introduced in the “San Francisco Declaration on Research
Assessment” (DORA) [29] and the Leiden Manifesto [38].

Impact Indicators

Metric Assessing Normalized Pre-defined
Level Keywords Free
Citation Counts ~ A/J X v
Impact Factor J X X
FNCSI [96] J Field and Value X
CiteScore [95] J X X
SNIP [72] J Field X
FWCI [30] A Filed X
RCR [41] A Filed X
TNCSI(Ours) A/ Filed and Value  x
aTNCSI(Ours) Al Filed and Value v
TABLE 2

Metrics for Evaluating Scholar Impact of Papers: “A” and “J” stand
for article-level and journal-level. Filed normalized signifies that the
metric can be utilized across fields. Value normalized indicates that the
range of the value is between 0 and 1.

As presented in Tab. 2, many works have tried to address the
above-mentioned limitations. For example, Altmetric [98] collects
evidence from the social web (X or Twitter, Facebook, etc.) to
track and analyze the online attention and engagement that re-
search outputs receive. While Altmetric provides valuable insights
into the wider impact and engagement of research, bias toward
the English language and none peer-reviewed further limit its
broader application. Paper [80] compares two well-known article-
level field-independent citation metrics, Field-Weighted Citation
Impact (FWCI) and Relative Citation Ratio (RCR), and suggests
they perform equally well in normalizing citations across research
fields. However, these metrics require a pre-defined field (e.g.
Scopus All Science Journal Classification category) and thus fail
to accurately evaluate papers in newly emerging subfields. The
Field Normalized Citation Success Index (FNCSI), as proposed
in Ref [90], [96], is defined as the probability that a paper
published in Journal A is cited more than a randomly selected
paper published in Journal B. While FNCSI is robust, its reliance
on pre-defined topic keywords, as well as its exclusive suitability
for journal assessment, should be emphasized.

As the Leiden Manifesto [38] states: metrics should “Account
for variation by field in publication and citation practices”. We
develop the concept of impact indicators, which is a measure
used to gauge the impact of a certain paper in its field. The
reason for using the term “indicator” rather than “metric” is we
believe that the impact of a certain paper cannot be fully and
accurately measured. While metrics like citation counts, h-index,
or journal impact factors could indicate a paper’s influence within
the academic community, they fail to capture all aspects of its
impact. For instance, a research paper might lead to significant
advancements in theory, methods, or understanding in its field,
none of which would necessarily be reflected in academic metrics.
Similarly, a paper might contribute novel concepts or techniques
that become influential over time but are not initially evident in
citation counts. Furthermore, these metrics don’t capture the qual-
ity of the research itself, such as the soundness of its methodology
or the validity of its conclusions. Hence, the term “indicator” is
favored, as it suggests a signal without asserting to encompass the
entirety of the academic paper’s contribution.

Based on the discussion, we propose the TNC'ST and TE1.

4.1.1 Topic Normalized Citation Success Index (TNCSI)

The Topic Normalized Citation Success Index (TNCSI) is a field-
normalized article-level index that aims to assess the impact
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Fig. 4. Distribution of scholarly citations: a comparative histogram of
paper counts versus received citations across popular topics in PAMI.
In the field of PAMI, citation distribution typically follows an exponential
decay pattern, with a small subset of publications receiving the majority
of citations. For a better presentation, the data obtained with a citation
count greater than 5000 is ignored.

of research publications on a specific topic by normalizing the
citation count to a scale ranging from O to 1.

Based on the selected k papers and the corresponding citation
counts p. for each paper p, we can calculate the discrete citation
frequency distribution of the k papers in a certain topic. We may
further consider the distribution as a probability mass function:

Cila;ionx ( 1 )

where Clitation, represents the number of papers with = ci-
tations. The k papers related to the topic and their meta-data
could be retrieved using a pre-defined topic keyword. through
online scholar search engines or API, such as Semantic Scholar,
CrossRef, or Google Scholar, as mentioned in Sec. 2.2. In addition,
we can restrict the selection of k papers by filtering out those not
published within the specified timeframe to obtain a collection of
k' papers. This would allow the paper to be evaluated only with
papers published in a specific time period (e.g., the same year),
thus indicating the relative impact of the paper over a certain
period.

We count the citations of papers across various topics with
the help of Semantic Scholar API and plot them in Fig. 4. For
each keyword, we retrieved up to 1000 (limited by Semantic
Scholar) relevant literature using the APIL. Considering that the
number of papers with x citations generally follows an exponential
decay, we utilize the maximum likelihood estimation method to fit
P(X = z) and obtain the probability density function (PDF) of a
continuous exponential decay distribution:

f(x)=Xe " 2 >0 2

where f(x) represents the probability density at the value x, and
A is the results obtained from the maximum likelihood estimation,
representing the scale parameter controlling the scaling. Finally,
the definite integral of f(z) over the interval [0, cite Num)| gives
us the desired TINC'ST:

citeNum
TNCSI = / e dx 3)
0

9

Specifically, TN C'S 1 indicates the relative impact of a paper
compared to others published in the same year.

The T'NC'ST demonstrates favorable mathematical properties
and interpretability. The TNCST algorithm employs maximum
likelihood estimation to convert the probability mass function
into a probability density function. This process ensures that, in
theory, the TNC'ST differentiates between papers with distinct
citation counts, avoiding the assignment of identical values to
them. TNC'ST has a physical meaning; it is the probability that
the citation of the specific paper is greater than the citation of
any other paper on the same topic. For example, a paper with a
TNCSI of 0.5 means it has more citations than half of the papers
within the same topic.

Despite the advantages of T'NCSI, it still faces a similar
challenge to FWCI and RCR: the need to manually pre-define
the topic. To address such a limitation, we propose adopting the
ChatGPT [75] (gpt-3.5-turbo by default) to generate the topic
keyword and retrieve related papers according to the keyword.
Then, these retrieved k papers will be used to calculate the discrete
citation frequency distribution as afore-mentioned. We denote the
resulted TNC'ST as aT’ NCSI, where “a” stands for adaptive.

ChatGPT is one of the most advanced and influential large
language models in the field of natural language processing [121].
Equipped with state-of-the-art language understanding capabil-
ities, ChatGPT has revolutionized the way we interact with
Al-powered conversational systems by simply setting “system”,
“user”, and “assistant” roles. The “system” role sets the conversa-
tion’s behavior and initial context. It provides instructions to guide
the assistant’s responses. The “user” role represents the individual
interacting with ChatGPT, who inputs messages to the assistant.
The “assistant” role is the ChatGPT model itself which would
respond based on the provided instructions and user input.

As illustrated in Fig. 5, we ask ChatGPT to identify the most
representative topic keyword with the paper’s title and abstract.
In most scenarios, the generated topic word is sufficient to meet
expectations, which can be further used as the keyword to retrieve
papers from online scholar search engines. Optionally, one can
set “System”, “User”, and “Assistant” roles before the final query
to improve response quality and create more tailored interactions
with the ChatGPT. In other word, a few-shot user-assistant pair
prompts the ChatGPT with context on topic granularity. For
example, a paper about the classification of irises by an improved
CNN may have different perspectives. Some researchers focus
more on the algorithm of the improved CNN, while others may
be interested in classifying irises. Such ambiguity would likewise
make it difficult for ChatGPT to identify the most representative
topic keyword as expected. However, this could be addressed by
providing the context which consists of (1) the identical prompt
template with the replaced title and abstract as user input, and
(2) the expected topic keyword as assistant output. By default, we
adopt a well-known paper [26] as an example to guide models to
generate the topic keyword for all papers.

Similar to other LLMs, ChatGPT performs various NLP tasks
with user-provided natural language prompts. However, natural
language prompts could be ambiguous, and even minor modi-
fications can result in significantly different outputs. Thus, we
follow the practices of LLM prompt engineering and carefully
design the prompt to optimize the desired output. To determine
the optimal prompt, we construct a dataset by manually annotating
the topic keywords of 201 papers from various domains published
later than the ChatGPT being trained and then compare the
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You are a profound researcher who is good at identifying the
topic keyword for the research paper with given title and abstract.
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Fig. 5. Conceptual illustration of topic keyword generation process. Few-
shot prompting may enhance the response quality of the large language
model.

performance of multiple prompts on this dataset. The normalized
edit distance [115] is adopted to measure the similarity between
the GPT-generated keyword and our annotated keyword, where a
lower value indicates a higher quality of the prompt. As can be
seen from Tab. 3, some of the designed prompts achieve decent
NED scores for papers in various domains.

4.1.2

Imagine a scenario where two papers, A and B, receive the same
number of citations. The number of new citations per month for
A remains steady, whereas the number of new citations for B
grows exponentially. In this context, while acknowledging the
importance of Paper A, it is generally assumed that Paper B holds
a greater reference value. Analyzing the popularity or citation
trends of the literature may help researchers stay informed about
the latest developments and identify potential areas for future
research.

Most existing approaches treat the estimation of future ci-
tations as a sequence modeling task. Abrishami and Aliakbary
propose employing the artificial neural network to predict long-
term citations of a paper based on the number of its citations in the
first few years after publication [1]. Zhao and Feng utilize graph
structure representation and recurrent neural network modules to
predict paper citation counts [120]. A more direct approach is to
adopt polynomial fitting for scatter data, and calculate the sum
of derivatives at each point. However, in practice, polynomial
fitting methods tend to be sensitive to outliers when applied to data
lacking discernible distribution patterns, potentially compromising
their robustness significantly. Consequently, the numerical values
obtained may not accurately reflect the underlying citation trend.
In contrast to these series analysis-based methods, we propose a
morphological theory-grounded Impact Evolution Index (I ET),
which converts the citation trend into a clear and interpretable
numerical value.

To calculate the I E1, it is necessary to obtain the citations
of the paper first (See more in Sec. 2.2). Once the citation data is
retrieved, we may create a sequence Se(cjttion about the number of
citations. The ¢ € {0,1,2...,1} item in the sequence Seqcitation[?]
represents the number of received citations in the iy, month after
the publication, where [ represents the number of months allocated
for trend observation. Then, a sequence Seq;me of the same

Impact Evolution Index (IEl)
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length as Seqition 18 generated by enumerating from 0 to [ — 1,
Typically, the minimum recommended value for [ is 6 or higher.
This ensures that the data used for the analysis is adequately
representative and the results are reliable. We match the items
at the same positions in Seqime and Seqciuon to determine a set
of discrete coordinates {(Seqiime[], S€citation|?]) }» Which serve as
the control points for shaping the Bézier curve. A Bézier curve is a
mathematical representation of smooth curves commonly used in
computer graphics, image editing, and design software. The curve
starts at the first control point and ends at the last control point,
while the intermediate control points influence the curvature and
direction of the curve. The number of control points determines
the degree n = [ — 1 of the curve.

C(t)=>_ Bin(t)P; )
1=0
n s
Bhn(t) - . (1 - t)n Zt27t € [Oa 1] (5)

7

where B; ,,(t) represents the coefficient of the Bézier curve at a
given parameter value ¢, which determines the position along the
curve (t = 0 means the start and ¢ = 1 means the end). (7:) is the
binomial coefficient, also known as “n choose i”. It represents the
number of ways to choose ¢ elements from a set of n elements. P;
stands for the ¢y, control point of the curve.

Given the continuity of the Bézier curve, we can compute its
derivative as follows:

n—1
C't)=n->_ Bin-(t) (Py1—P) (6)
1=0

The tangent vector C’, at the a-th point on the Bézier curve is
further given by Eq. (7).

n—1
L=n Y Bin1(5) (Piyr — P),
Co=n 3 Bins() - (Poa = P) o

:(xaaya)a a:Oa17"' ,

where z, and ¥y, are components of the vector, representing its
magnitude along the x and y axes respectively.

Finally, the IEI}, can be obtained by averaging the slope
of [ = n 4 1 distinct points on the curve, as shown in Eq. (8).
Moreover, different months may contribute differently to the I F'1.
For instance, if we desire closer months to have a greater impact,
we can achieve this by adjusting the weighting coefficients, w,,
of the slope at different points to calculate their weighted averages
(See in Eq. (9)). In addition, the instantaneous trend could be
regarded as the slope of the last month in the sequence. It can be
obtained by setting w,, = 1 and the other weighting coefficients to
0. We denote the I E'1 focused on the last month among the latest
[ months (excluding the current month) as I E Iy, as depicted in
in Eq. (10).

“ (Ya/a)
IEL, =Y Wella) @)
aZ:O n+1
- Wa(Ya/Ta)
IELy, = —_— 9)
;) n+1

IEI, =C'(1)=n- (P, — Py_1) (10)



11

NO.

User Prompt Content

Few-shot

NED|

Please analyze the title and abstract provided below and identify the main topic or central theme of the review paper.
Focus on key term and the overall subject matter to determine the primary area of research or discussion.The output
should be formatted as following: xxx

X

0.75

Given title and abstract, please provide the searching key phrase for me so that I can use it as keyword to search highly
related papers from Google Scholar or Semantic Scholar. Please avoid responding with overly general keyword such as
deep learning, taxonomy, or surveys, etc. Answer with the words only in the following format: xxx

0.40

Identifying the topic of the paper based on the given title and abstract. Avoid using broad or overly general term like
’deep learning’, "taxonomy’, or ’surveys’. Instead, focus on keyword that is unique and directly pertinent to the paper’s
subject. Answer with the word only in the following format: xxx

0.36

Identifying the topic of the paper based on the given title and abstract. So that I can use it as keyword to search highly
related papers from Semantic Scholar. Avoid using broad or overly general term like ’deep learning’, ’taxonomy’, or
*surveys’. Instead, focus on keyword that is unique and directly pertinent to the paper’s subject. Answer with the word
only in the following format: xxx

0.32

Identifying the topic of the paper based on the given title and abstract. I'm going to write a review of the same topic and
I will directly use it as keyword to retrieve enough related reference papers in the same topic from scholar search engine.
Avoid using broad or overly general term like *deep learning’, ’taxonomy’, or ’surveys’. Instead, focus on keyword that
are unique and directly pertinent to the paper’s subject. Answer with the word only in the following format: xxx

0.29

Identifying the topic of the paper based on the given title and abstract. I'm going to write a review of the same topic and
T will directly use it as keyword to retrieve enough related reference papers in the same topic from scholar search engine.
Avoid using broad or overly general term like "deep learning’, "taxonomy’, or ’surveys’. Instead, focus on keyword that
are unique and directly pertinent to the paper’s subject. Answer with the word only in the following format: xxx

0.28

Note that the value of [ can be configured flexibly to meet

TABLE 3
Effectiveness of prompt engineering: comparison of various user prompts.

defined. Relying on co-citation analysis [

] or the similarity of

actual demands. In general, the longer the period being analyzed,
the more stable the citation trend becomes. We usually prefer to
analyze the most recent 6 months of citations when constructing
a Bézier curve of degree 5 and calculate [E Iy, IEIy,, and
IE1I;, based on the curve.

4.2 Quality Indicators

Assessing the quality and credibility of a literature review plays
a pivotal role in the objective evaluation. Despite its significance,
there have been minimal scholarly attempts to quantify the quality
of literature reviews or any other types of publications. The paucity
of such attempts may be attributed to the complexity and subjec-
tivity involved in the process. However, the emergence of LLMs
makes the quantitative quality evaluation for literature reviews no
longer out of reach. By adopting an objective evaluation approach,
we may move beyond the limitations of traditional metrics (such
as simply regarding the citation numbers or the journal impact
factor as the paper quality), thus providing a more objective and
reproducible evaluation method.

We propose a set of indicators to evaluate literature reviews
from the perspectives of reference quality and update urgency.

4.2.1 Reference Quality Measurement (RQM)

A literature review, in its essence, can not fabricate insights
from a void. It fundamentally relies on the substance of existing
references. Without a solid foundation of credible and high-quality
sources, a literature review may lack the necessary building blocks
to construct a meaningful analysis or argument. These sources
provide the empirical evidence and theoretical context that ground
the review, making the role of references indispensable in the
creation of a substantial literature review.

The reference quality of a literature review is a multifaceted
concept. It usually involves several direct factors such as credibil-
ity, relevance, breadth, and depth, etc. Quantitatively evaluating
these direct elements poses significant challenges. On the one
hand, the relevance of scientific literature is difficult to be precisely

paper embeddings both suffer from conceptual limitations. On
the other hand, practical limitations are evident. For instance, the
concept of breadth, also known as coverage, within a literature
review, can theoretically be quantified as the ratio of the number
of references to the total number of relevant references. However,
accurately determining this ratio is challenging. It is difficult to
ascertain the complete number of relevant references either by
keyword search or by citation network.

Due to the challenges of quantifying the reference quality
using the above-mentioned direct factors, we consider an indirect
quality indication of each reference with the assistance of the
TNCSI presented in Sec 4.1.1. Here, the TNCSI can be
regarded as a reference quality indicator based on user voting,
which is a statistical result of numerous researchers’ comprehen-
sive analyses of those direct factors of a certain paper.

Timeliness also matters. A current and up-to-date literature
review ensures that the most recent advancements, developments,
and perspectives in a particular field are taken into consideration.
This temporal relevance enhances the accuracy and effectiveness
of research outcomes, as it reflects the current state of knowledge
and understanding. By focusing on the currency of the references,
we can gauge the extent to which the literature review incorporates
the latest research and developments in the field.

To simultaneously consider the quality and timeliness of cited
references, we propose modifying the Gompertz function to model
the reference quality (see in Eq. (11)). The Gompertz function is
characterized by its sigmoidal, which indicates a slow growth rate
at the start and end of a time period, with a more rapid growth
in the middle phase. This pattern is often observed in natural
phenomena, such as species dynamics [16], tumor growth [99],
etc.

—B.e~(1-ARQ)-Smp

RQM =1-¢ (11)
where ( is the shift parameter, A R() stands for average reference
quality, and Sy, represents the median semester count of the
reference age [94], defined as the period spanning from the



publication dates of the cited references to the issuance of the
review.

The calculation procedures of ARQ) are as follows: The
first step is the extraction of the cited reference list. For most
publications, their reference lists could be provided by Semantic
Scholar API. For a small number of reviews, the reference list
provided by Semantic Scholar may contain errors. In this case, al-
though there are powerful computer vision-based algorithms [14],
[22] available for extracting the reference list within PDFs, our
requirements are relatively simple and can be effectively met by
relying on the heuristic algorithms or ChatGPT. More specifically,
for literature review with a relatively fixed citation format, we
can use the PDFMiner [79] to read text from PDF files and use
heuristic rules to match citations. Alternatively, the text can be
analyzed using ChatGPT to extract in-text citations. The second
step is similar to the approach presented in Sec. 4.1.1, where the
ChatGPT and a well-designed prompt (as presented in Fig. 5)
are utilized to obtain the topic keyword of the review. Next, we
calculate the TNC'ST for each reference in the list. To conserve
computational resources, we avoid using the ChatGPT to generate
keywords for each reference. Instead, the TINCST of all cited
literature is calculated using a sharing topic keyword. Finally, the
coverage can be further calculated in Eq. (12):

S NR TNCSI(Ref;)
— N

where TNCSI(-) refers to the TNC'ST value of the i, cited
reference, and Ny stands for the number of the reference. In
certain instances, it has been noted that calculating TNCSI;
for each cited literature is also reasonable. However, this paper
primarily emphasizes the current impact of the cited references,
hence the utilization of TN C'ST in this context.

The shift parameter 5 can be set empirically or obtained
statistically. For statistical calculation, we first examine the dis-
tribution of S, and AR(Q) across all papers within the RiPAMI
database, and obtain their respective mean values S,y,, and ARQ).
Then, the problem of asserting for /3 is reconceptualized as an
optimization problem. As shown in Eq. (13), the objective here
is to identify the value of (3 that maximizes the derivative of
RQM (Spp; B, ARQ), subject to the constraints of S,,, = 8
and ARQ = 0.6. Such an approach endows RQQM with a more
discriminative nature. It should be noted that different fields may
result in distinct values of (. For this study, the § has been
established as 20.

ARQ (12)

ﬁopl = arg m/?x (RQM/(Smp; B, ARQ)) (13)

The range of RQM extends from O to 1, where values
closer to 1 signify a higher quality of the referenced literature.
As illustrated in Fig. 6 (a), when the AR() of a paper remains
constant, an increase in the variable .S,,,p will lead to a decrease
in the RQM value. Conversely, when S,,,p remains constant, a
higher ARQ will elevate the RQM value.

4.2.2 Review Update Index (RUI)

The RU I refers to the measure of the extent to which a literature
review is required to be updated due to the iteration of technology,
theory, etc. The index is related to both the literature itself and
the research interests of the topic. Generally, a high update index
suggests that a literature review is in need of an immediate update.
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Conversely, a lower update index implies that few advances have
been made to the investigated field and the review is still up-to-
date.

To evaluate the RUI, we may start with the coverage of
references before and after publication. This coverage ratio can,
to some extent, indicate the extent to which a review requires
updating within its field. However, as mentioned earlier, accessing
the coverage of a review is difficult. Fortunately, this problem is
subtly avoided in calculating the ratio of relevant papers before and
after publication. Assuming that the ratio of references containing
the topic keyword in the title to all references is Ry, the total
number of relevant articles can be estimated by dividing the
number of articles containing those keywords retrieved from a
search engine by ;. Note that R generally remains consistent
before and after the publication, the Coverage Difference Ratio
(CDR) can then be calculated in Eq. (14). The theoretical value
range of CDR is greater than 0O to positive infinity. When the
CDR of a review equals 1, it indicates that the current field
has yielded new publications sufficient to constitute half of the
literature referenced in the review.

Npc'Rk o Npc

CDR = =
Ri - Npp Ny

(14)

where N,,,, and NN, denote the number of relevant literature
from the median publication date of the cited references to the
publication date of the review, and from the publication date of
the review to the current time, respectively.

In addition, similar to the inevitable process of biological
aging, literature reviews also undergo a gradual aging process
throughout time. Such passage of time bestows upon literature
reviews increasing aging progress, where the degree of aging can
be conceptualized as a normalized value of the academic impact
already achieved. To further explore the aging of reviews in the
field of PAMI, we conducted a statistical analysis of the yearly
number of newly received citations for reviews published between
2015-2017 in RiPAMI. In contrast to earlier findings, however,
the distribution of received citations of reviews over time follows
a t-distribution rather than a log-normal distribution of the regular
paper, as previously reported in Ref. [27], [66], [71]. Due to the
insufficient duration of published sample data, the observation of
citation-time trend curves is incomplete. Therefore, we conducted
a three-degree polynomial fitting on the limited 6-year citation
trend data and transformed the positive segment of the fitted curve
into a PDF. To obtain the corresponding cumulative distribution
function (CDF), we employed the cumulative trapezoidal numer-
ical integration method for an approximate estimation. Thus, the
Review Aging Degree (RAD) is given by:

My /12
RAD(M,.) = / (px® + q2® +rz+s)de  (15)
0

where M, denotes the duration in months from the publication of
the review to the present, p = —0.003, ¢ = 0.001, » = 0.1267,
s = 0.0129 are the coefficients obtained by polynomial fitting.
Please note that the integral symbol used here is for illustrative
purposes only. The strict mathematical definition involves the
accumulation of discrete trapezoidal areas.

Finally, the RUI could be obtained by weighted summation
of CDR and RAD:

RUI =p-CDR + q- RAD(x) (16)



where p and ¢ are set to 10 and 5 in this paper, respectively. A
sculptural visualization of the RUI’s contours is crystallized in
Fig. 6 (b).

4.3 Quantitative Evaluations of Literature Reviews

We have carefully selected numerous reviews within the field
of PAMI to ensure a representative sample for our evaluation.
By employing the proposed quantitative indicators, we conduct
a thorough assessment of these scholarly surveys, aiming to
gauge their quality and potential influence within the field. In
Fig. 7, we present a set of scatter plots depicting the references’
quality of five randomly selected literature reviews published in
two representative journals between 2015 and 2018. To prevent
conflicts of interest, we use Journal A to represent a journal with
an impact factor greater than 20. Journal B represents a journal
with an impact factor below 5. The reference quality visualizations
of journal A and journal B are presented in Fig. 7 (a), (b),
respectively. The horizontal axis represents the reference age, and
the vertical axis corresponds to the proposed aT'NC'SI. The color
and size of the scatter points indicate the [ /1 of the references. A
positive I E'1 value signifies a gradually increasing citation trend,
resulting in warm-colored scatter points. The larger the size of
the scatter point, the greater the value of I F1. Conversely, when
the I E'T value is negative, the scatter points are cool-colored, and
the size decreases as the value decreases. A closer examination
of Fig. 7 reveals distinct distribution patterns among various
journals depicted in their respective scatter plots. Journal with
higher impact factors tends to exhibit clustered dots in the upper
left corner, indicating a trend toward referencing more recent and
influential sources. Conversely, a journal with lower impact factors
is prone to display more dispersed dots, with a notable distribution
in the lower half of the graph. We argue that this discrepancy stems
from authors’ tendency to cite recent papers in their literature
reviews. Given that these relatively recent papers only had limited
received citations, their citation count might not adequately reflect
the potential value of the literature. Therefore, those seasoned
researchers submitting reviews to top-tier journals often render
more precise judgments about the prospective significance of a
certain paper, as evidenced in the figure.

More numerical results can be found in Tab. 4. As can be
seen from the table, literature reviews [7], [18] of different topics
that receive approximately the same number of citations exhibit
notable discrepancies in their associated aT'NCSI. This diver-
gence primarily stems from the varying levels of research interest
across their respective topics. Surveys [101] in some emerging
fields reveal a significant increase in their TEI, as expected.
The majority of leading journals demonstrate high RQM values,
which reflect the effectiveness of high-standard peer review. In
addition, even if the topics covered by the reviews [117], [119]
are similar and their publication dates are relatively close, the
proposed RU I still provide some indication of the extent to which
they need to be updated. Note that, given the time span of less
than six months, the calculation of ITEI for certain papers is
unavailable (denoted with “-).

5 HUMAN-AUTHORED VS. AI-GENERATED
5.1 Overview of Al-generated Literature Reviews

Traditionally, literature reviews have been manually conducted
by researchers who analyze and synthesize scholarly sources
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to provide an overview of the current state of knowledge in a
specific field. Recently, with the advancement of Al technologies,
there’s been a growing interest in leveraging artificial intelligence
techniques, especially large language models, to automate or assist
in the generation of the literature review. Typically, users are
simply required to indicate their area of research interest, and the
system will then automatically generate a literature review.

The automated creation of a literature review is a multidis-
ciplinary endeavor that integrates knowledge from various fields.
It relies not only on artificial intelligence technologies but also
requires the merging of knowledge from other fields such as
data science, bibliometrics, database engineering, etc. These com-
ponents are instrumental in extracting, storing, and synthesizing
relevant information from vast amounts of literature.

Early attempts in Al-generated literature reviews involve train-
ing language models, e.g. LLama [97], on a large corpus of aca-
demic papers, research articles, and other scholarly content. These
models can then be used to generate coherent and contextually
relevant text based on prompts or queries related to a specific
research topic. However, given that a fully trained or fine-tuned
language model has no access to the latest scholarly advances,
these models would not generate a literature review that includes
the latest scholarly materials. Thus, most existing advanced Al-
generated literature review systems contain three main steps:
knowledge retrieval, synthesis, and report.

The generation of literature review begins by gathering knowl-
edge from various sources. There is no doubt that a high-quality
knowledge retrieval procedure provides a richer context for the
LLMs, resulting in the production of more accurate and decent
responses. The system usually employs several predefined criteria
such as keywords, publication date ranges, and citation numbers
to locate, filter, and retrieve relevant resources to be synthesized.
These resources are not limited to academic publications, but
may also include blogs, official tutorials, and GitHub repositories.
Once the relevant knowledge is retrieved, the Al system aims
to synthesize the gathered information to create a coherent and
comprehensive literature review. This step involves analyzing
the retrieved content, identifying relationships between different
sources, and organizing the information into meaningful sections.
The system may employ LLMs and elaborate prompts to generate
the text for each section or the entire survey at once. Finally,
the system seamlessly transitions into the report generation stage,
where a formatted review is crafted in a cohesive and well-
structured style. This stage involves converting the synthesized
content into a final report which is ready for presentation. One of
the simplest and most common forms of presentation is plain text.
For certain systems, the generated text is arranged in various sec-
tions based on the predefined setting. Such a multi-step procedure
not only streamlines the literature review generation workflow but
also ensures the production of acceptable content.

Though researchers are expecting to save significant time and
effort in conducting comprehensive surveys by embracing Al-
generated literature reviews, numerous concerns about ethical
issues and fabrications in Al-generated academic content have
been raised. A critical appraisal by Zybaczynska [124] highlights
that current Al systems typically fall short in providing substantial,
accurate information and critical discernment. Elali et al. [28]
critically examines the profound challenges brought by the fab-
rication and falsification of Al-generated research, underscoring
its significant impact on the scientific community. Furthermore,
numerous academic publishers are cautious about content created



14

28292 0T LT 960 Surured] pasialodns-Jjos 81 816 020T [SS] @AnsENUOD) JO QATRIAURD) :SUTIeY T pasiardng-J[oS
8T°G 8L°0 9¢°0 00 Surured] pesiaedns-f[os CLT I €eoc o Jupued, s
: : pue ‘suonedrddy ‘swpuod[y :Surured pasiazadns-jjog uo AoAIng v
E€V'€C ¢80 8G'0— 290 SOTBUWLIOJUTOI] S[qUISSUD el vl 020¢ [81] soneuogurorg ur Sururea] dea(y a[quiasuy
6T FT 0T €.°0 €80 suonejuasardar refnosfour 80¢ orl 1202 [/] suonejuasarday] 1e[nod[oJA uo Surured| doo( oImowoan)
. . . . [111] suoy
8791 86°0 89°0 790 SIOpOU UOSIIHP €6t ss¢ cele -eorddy pue spoylojy Jo Aeaing oarsuoyaidwio) e :S[OPOJA uoIsnyjiq
LG°LT €6°0 L€°0 €0 S[opow uoIsnyIp oipne vl 9C  €20¢ LLIT] Iy ABBINAE) W Juaraouee
AERCAL pue s1soyjuks yooadg 01 IXQL, :S[OPOJA UOISNIJ OIpny uo AdAIMS W
. . ) . [6771] TerIa1eIA pUE UIR)OI] ‘Q[NOJOIA
9t 0T 70 70 Slopout uotsnyp ydeis 8yl 0c  £20T I0J QOULIS Ul [V QANRIOUAD) S[OPOJN uolsngiq ydein uo AoAmg v
X ) ) [¢7] spuai], pue ‘SpOYIdIA ‘Surewo(g
6€°0 ¢0 i 00 SisA[eue juouInues paseq-}oadse €8 U T (VS9V) SISA[eUY JUQWINUAS PIseq-102dsy JO MIIAQY ONBWISAS W
1°0% 01 ¥Q'F 18°0 sjuoSe snowouo)ne paseq-AT1 18T 10T €20T [1071] suedy snowouoiny posed [OpoIN 25enSue] oS1eT uo oAIng v
17'C 160 - 00 SIOUIIOJSUEI) UOISIA JUIOYJS 18 0 €202 [9/] BunprewIYOUSY 2OUBULIOJO]
T : pue ‘sanbruyog], ‘SWYILIOS[Y :SIQUWIOJSURI], UOISIA JUSIOYJH UO A9AINS Y
L€°89 0T LT'T €L°0 SHESITUOTEIEL [ALEIA S¢eC SIT  120T [8¢] stoumogsuel], [ensIA Jo Aoamg v
78°CIS 01 78°C— 0T uoIsTA 10INdUWI0D UT SIQULIOJSURI) 98T 0921 1202 [##] £9AING W :UOISTA UT SIQULIOJSUBI],
9¢'8¥L 0T G2 0— 0T ISUIOFsueT) UOTSTA 8¢C¢ L9L  020C [7¢] Jouriogsuel], UOISIA UO ASAING W
. . . [7+] senumioddQ pue ‘sa3usqey) ‘seyoroiddy (VOA) Sul
¢ro €0 i 00 Bupamsue uopsan [ensia 443 0 20T -Iomsuy uonsang) [BnsIA Jo sisA[euy [eoni) e :ofenSue] 0) oSew] woi
Lv'8 770 9¢°0 1T°0 Surromsue uonsonb [ensia 11¢ 0c TIcoc [88] Suriamsuy vonsand
‘ : ‘ [ensIA I0J SOINQJA UONEN[eAT pue ‘sjoseje ‘SPOYIOIN JO KoAIng v
G6'9 00 CT 0— 60°0 uonejuawW3as el [BIIPAWOIq 51 IT 1202 [¢] £eAIng Vv :uoneIUWISAS AFeW] [BIIpAWOlg
. . . . [-<1 spo
Teee eL'0 670~ €90 UOREIUSUZAS S3eu] [eofput a 8sC Ta0T -IOJA uoneIuowSeg oSewl [IIPAJN poseq-Surures]-doo Jo maIaey Vv
AAT)
6L 01 €90~ 950 gurweay pastasadns-jas ydeid 9¢l for Tzoz -0Ipald IO ‘9ATIEIAUAL) ‘Ansenuo)) :sydein uo Sururea ﬁoﬂiwm:“.bu.m
LTTIT 01 1¢°¢ 8%°0 Surures| pasiaradns-jjos ydeid +81 967 1202 [9¢] Aoaing v :Sutured| pasiazadns-jjog ydein
R 200 10— QT°0 UOTJRZIIBUILINS JX9) JTjewIoine 201 ST 720z  [18] maraey darsuayardwio))  :SPOYIRA UONRZITEWWING )X, dIewony
28701 20 T 0— €0 UOTJEZLIBUILINS JXJ) JjeUIojne LTT 66 020C  [901] SPOyIRIA 29 senbruyod], UONEZIIBWIWING JXA], OHRWOINY JO MITADY
8€'6 ¢ro €a'1 L1270 SuIUIEd] WNNOLIMD 871 Ivc 120¢ [201] Sutureo| winnormy) uo LAINg v
€C61 16°0 Ly'0— 620 uonoajap 123[qo 141! 0LE  120T  [911]S[oPOIN uonaala(q 192[qQ paseg Sururea| doa(q uIopoy Jo LoaIng v/
10°%¢ 280 10— 0’0 uonep 393[qo 011 1€ 610C [871] maraar JorIq © :uond)ap 393[qo uo sasser3ord Juaday
6C 1T G6°0 ¢ro €00 uonoalap 192[qo 10ys-may L8I ¢ Te0c [€c] uoswedmog oo
: ‘ -I0fIod UMM AoAIng Y SUNPLIOSTY U0nod)e( 199[qQ JOUS-ma] U0y
68°€1 260 €9°0— €ro uond239p 199[qo J0Ys-Mmay 69 0C ¢7coc [0] Aeaing e :uonoala( 199[qQ 10ys-mo
COEVT 0T L87— 0T uonovjep uondalqo paseq-surures] deop ST 086C  810¢ [c71] moraoy v :Sururea doo (s uono21e( 102[q0
g JWO¥ il JISONL oidoj, sooudrdjoy  suomel) 19K oL
uonenfeAqy eleg-eIoN

'solI1oW pue sioledipul pasodoid sy} Yiim SmaiAsl Snolea Jo uosiiedwon
¥ 31avL




0.8

WOy

0.0

@)

15

= CDR =1

30

25
25
20

15 20

10 15

1Ny

10

2.00

3
Years ane. b s
er p, 6

Uby;
lcatio,, 7 0.00

8

(b)

Fig. 6. 3D visualization of the proposed quality indicators. Panels (a) and (b) respectively depict the value landscapes of RQM and RUI, shaped

by two independent variables.
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Fig. 7. Visualization of references quality of randomly selected reviews published in different journals. Panel (a) displays the citation quality
distribution for a journal with an IF Score above 20, while Panel (b) shows the same for a journal with an IF Score below 5. This suggests
that reviews published in journals with higher impact factors tend to reference sources of superior quality and greater timeliness.

by AL For instance, journals such as Nature” and Science” prohibit
listing ChatGPT or other automated tools as authors on papers
published in their issues. Nevertheless, we argue that the auto-
mated generation of literature reviews not intended for publication
remains meaningful. It may assist researchers in staying rapidly
abreast of the latest advancements in thriving fields.

5.2 Current State of Al-generated Literature Review

In this subsection, our investigation delves into various efforts
that have been made in the field of employing Al techniques to
generate literature reviews.

Most of the existing systems are only capable of generating
literature reviews in plain text form and with a relatively fixed
layout. A popular Github repository ChatPaper [43] retrieves
papers based on a user-defined keyword with the use of the Google

Scholar crawler. After a cosine similarity-based filtering of the re-
trieved papers, the selected papers are processed sequentially using
ChatGPT. The output of Chatpaper is brief and concise, which
usually contains a narrative description of the selected papers.
Paper Digest [77] is an Al-based online platform that provides
the service of automated review generation. Users can generate a
literature review by setting specific keywords and further refining
the cited source through constraints on publication dates. Similar
to ChatPaper, the output of Paper Digest is also a narrative plain
text description. Not all systems for generating literature reviews
are fully automated. For example, Jenni Al [4] requires user
interaction through “Al Command” during the review creation
process, enabling the generation of highly customized literature
reviews. Additionally, there are numerous online platforms [15],
[86] and plugins available in the GPT Store that offer automated
literature review generation services. Given the constraints on



manuscript length, detailed introductions to these systems will not
be provided.

Despite previous discussions indicating that certain publishers
refuse to accept non-human authors, scholars have still suc-
cessfully published Al-generated literature reviews in some of
academic journals. Aydin et al. investigate how well can LLMs
perform in the generation of the literature review. They em-
ployed well-known LLMs including ChatGPT and Google Bard
to generate reviews on digital twin in healthcare [9] and meta-
universes [8]. In their attempts, the Google Bard (or the ChatGPT)
was first adopted to paraphrase the abstracts of papers within the
last 3 years. Then, they designed several question prompts (such
as “What is digital twin”) to query the LLMs and rearranged the
response in a formatted style.

While promising progress has been achieved in Al-generated
literature reviews, there remains considerable room for improve-
ment. The pursuit of automated literature reviews that rival the
quality of those written by humans is an ongoing area of research,
underscoring the need for continued exploration and development
in this field. For example, most existing literature review genera-
tion systems are not capable of extracting information from tables
or figures. As a result, tables and figures will not be included in
the generated reviews. More details about the differences between
Al and human-authored reviews will be presented in the next
subsection.

5.3 Case Study: Comparing Human and Al in Conduct-
ing Literature Reviews

We crafted a case study aimed at elucidating the distinctive
approaches employed by human researchers and their Al coun-
terparts. To prevent potential information leakage and ensure a
fair comparison due to the possibility of ChatGPT having been
exposed to relevant reviews during training, we selected a newly
emerging field, i.e. prompt learning for large visual models, which
developed after September 2021 (the cutoff date for ChatGPT’s
training), as the focus of our investigation. Considering that
literature reviews generated by Al lack academic influence, we
only calculate RQM (as introduced in Sec. 4.2) of them.

The data presented in Tab 5 reveals that, at present, most
Al-generated reviews fail to match the quality of those crafted
by human authors. There is still a gap in knowledge retrieval,
synthesis, and reporting steps where Al systems lag behind human
performance. Despite the high RQM achieved by the PaperDi-
gest, the overall quality of the generated review still falls short of
the human-authored counterpart, especially given its reliance on
only 5 references. Additionally, to our knowledge, few automated
review systems can seamlessly integrate visual elements such as
figures and tables. This landscape of predominantly plain text-
based Al-generated reviews invites intriguing possibilities for
future exploration and enhancement in the field.

It is noteworthy that despite the higher quality of the human-
authored review [100], the timeline from draft to journal accep-
tance, as indicated by its preprint publication and acceptance
dates, extends over six months. In contrast, Al systems can
generate reviews within seconds. This delay implies that in rapidly
advancing research areas, some of the newest findings might be
overlooked by human authors.

16

6 CHALLENGES AND THE FUTURE OF THE LITER-
ATURE REVIEW

Challenges and future opportunities for both human-authored and
Al-generated reviews are discussed in this section.

6.1 Challenges

High Rate of obsolescence Knowledge in scientific research con-
tinually evolves and updates. Literature reviews require significant
time and effort to compile. Due to the slower pace of review
crafting, they may not reflect the latest research advancements
in a timely manner, especially when these reviews are conducted
by human authors and in need of a peer-review process.

Information Overload While our proposed indicators miti-
gate the problem of information overload to a certain degree, sev-
eral challenges still await resolution. With the continuous growth
of scientific research, the volume of literature is rapidly expanding.
Collecting and screening a large number of publications within
those blooming fields would cause inevitable incomplete searches
and other similar issues. Both human and AI systems have to
explore how to retrieve relevant literature more comprehensively
and effectively.

Bias Literature reviews conducted in a specific language or
region may unintentionally omit relevant studies published in other
languages or regions. This language and geographical bias can
limit the global perspective and generalizability of the review’s
findings. Such a bias appears not only in literature reviews written
by humans but also in those generated by Al systems (even
featuring multilingual capabilities).

6.2 Future

Al Empowerment Dynamic Literature Review In the rapidly
advancing landscape of scientific research, there is a growing
trend toward dynamic reviews generated in real time. While
debates persist regarding the adherence of Al-generated content
to academic ethics and its suitability for formal publication, the
generated reviews for non-publishing purposes remain widely
embraced. Given the labor- and time-intensive nature of conduct-
ing literature reviews, the exploration of Al technology for the
automated generation of dynamic literature reviews stands as an
area warranting further investigation.

Automated Literature Appraisal Literature appraisal is im-
portant for both human authors and Al systems. Although four
quantitative indicators are proposed in this paper, this still makes
it difficult to fully capture the academic impact and the quality
of a certain review paper. In the future, with more powerful large
multimodal models (LMMs) [3], [50], it will be possible to extract
valuable information from non-textual modal content (e.g., images
and tables) for automated literature appraisal.

Open Science and Advanced Search Engines The open
science movement endorses the sharing and accessibility of liter-
ature data, thereby providing a greater number of resources for
analysis and synthesis. It is recommended that the percentage
of open-access papers should be further increased in the era of
e-publishing. Furthermore, search engines that rely on semantic
similarity, recommend systems, or co-citation networks rather
than keyword matching are also encouraged. Such engines will
primarily benefit both researchers and Al systems by enabling
them to retrieve more relevant papers, thus enhancing the quality
of any publications in all of the research fields.
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Review Reference

RQMT  Automation Level

Visual Elements SALSA Analysis [31]

[100] by human authors 160 0.99 Manullay

A typically narrative, method clustering-

based review aims to offer valuable insights

in visual prompt learning. The selection
v o .

criteria for references are not specified, but

it’s clear that each reference has been thor-

oughly appraised.

Review by Jenni [4] - -

Semi-automated X

Automated searching and appraising ref-
erences is not supported. The generation
process relies on user interaction, and only
narrative description is provided.

Review by ChatPaper [43] 15 0 Automated

Retrieving relevant literature from arXiv
based on multiple LLM-generated keywords
with no appraisal step. Each section contains
plain descriptions of the related reference.

Review by PaperDigest [77] 5 0.99 Automated

Searching papers with the user-specified
keyword. It seems to appraise the quality of
references with private criteria. The gener-
ated content is more like a summary.

Review by askyourpdf [15] 9 0.31 Automated

No official explanations are found for how
to retrieve references and appraise the qual-
ity of the literature. The generated review
includes a brief analysis and description of
the related concept, current state of develop-
ment, and gaps.

TABLE 5
Comparisons between human-authored and Al-generated literature reviews.

7 CONCLUSION

This Analysis has provided a fresh perspective on the wealth of
literature reviews in PAMI, introducing a systematic approach
to categorize and evaluate them. In total, it presents four large
language models-empowered quantitative evaluation indicators,
a subjective evaluation that includes a typology for literature
reviews, a comparison between human-authored and Al-generated
reviews, and a meta-data database named RiPAMI, accompanied
by a dataset of review topic key phrases.

The proposed evaluation indicators offer an innovative alterna-
tive to traditional bibliometric analysis, enabling a cost-efficient,
field-normalized, and real-time assessment of literature reviews’
quality and impact. These bibliometric indicators not only furnish
clear numerical hints for human researchers but could also offer
substantial assistance in the appraisal processes of Al-generated
review systems.

Subject evaluations for reviews in PAMI are also provided.
Numerous representative reviews of popular research topics are
investigated to offer readers a brief overview of these exemplary
reviews. In addition, a typology for reviews is introduced. It
category the reviews into three major types which are method
clustering-based, challenge-oriented, and hybrid literature review.
Such typology enhances the understanding of how literature re-
views are organized and synthesized.

The study highlights the differences between human-authored
and Al-generated literature reviews, pinpointing significant gaps
in retrieval, synthesis, and reporting capabilities of Al-generated
reviews compared to those crafted by humans. The insights gained
from this comparison not only help to understand the current state
of Al-generated reviews in PAMI but also suggest how they might
evolve with advancing technology.

By constructing the RiPAMI database, we analyze approxi-
mately 3,000 review samples in the field of PAMI, which provides
statistical support for the proposed quantitative indicators. Further-
more, a dataset of topic keywords is manually annotated to validate

the effectiveness of various prompts, enabling the selection of the
optimal prompt for more accurate data retrieval.

To further support and expand upon this work, we release
the code framework that encompasses functionalities including
metadata retrieval, indicator calculation, and data analysis, etc.
While it is designed for analysis of literature reviews in PAMI,
the framework is universally adaptable, catering to the expansive
needs of researchers from disparate fields.
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APPENDIX A
VISUALIZATION OF THE PROPOSED IMPACT INDICA-
TORS.

To provide readers with a clear understanding of the pro-
posed quality metrics, We render the graphical representations of
TNCSI and IET in Fig. 8 and Fig. 9, respectively.

As can be seen in Fig. 8, TNCSI equals the area under
the probability density function curve, which is fitted with the
use of maximum likelihood estimation. In Fig. 9, the horizontal
axis labeled O to 5 inversely denotes the months prior to the
current month, with 0 representing 6 months ago and 5 denoting
the previous month. The corresponding I E1 is approximately
—0.76, which indicates a slightly decreasing citation trend of the
investigated review over the last six months.
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Fig. 8. Visualization of the proposed TNCSI. The TNCSI equals the area
under the fitted probability density function curve.
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Fig. 9. Visualization of the proposed IEIl. IEl is the average of the
derivatives of each control point on the Bézier curve.
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