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Abstract
[目的/意义]The Author-Topic Model, as a novel probabilistic model that has at-
tracted considerable attention in the computer science field in recent years, has
been widely applied in text mining, natural language processing, and related
areas. By analyzing the improvement approaches and applications of domestic
and international Author-Topic Models, this study seeks to better comprehend
the current research status and provide references for researchers in computer
science, library and information science, and related fields.[方法/过程]This paper
selects the Web of Science Core Collection, DBLP, and CNKI (China National
Knowledge Infrastructure) databases as literature sources. Through procedures
including search strategy formulation, deduplication, and manual screening, a
literature corpus on Author-Topic Models and their improvement methods is dis-
tilled. From the perspective of model application processes, existing research is
summarized and synthesized employing literature analysis methodology.[结果/结
论]Through analysis, it is revealed that existing relevant research has established
a relatively complete analytical workflow, and the improvement perspectives and
applicable domains of the models are becoming increasingly diversified. How-
ever, aspects such as performance optimization, standardization and refinement
of model evaluation metrics, and further application within the library and in-
formation science field remain to be thoroughly explored.
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Abstract
[Purpose/Significance] The Author-Topic (AT) model, as a novel probabilis-
tic model that has attracted considerable attention in computer science in recent
years, has been widely applied in text mining and natural language process-
ing. This paper analyzes the ideas and applications of AT models and their
improvements both domestically and internationally to better grasp their re-
search status, aiming to provide references for researchers in computer science,
library and information science, and related fields. [Method/Process] This
study selected the Web of Science Core Collection, DBLP, and CNKI (China
Academic Journals Full-text Database) as data sources. Through the estab-
lishment of retrieval rules, deduplication, and manual screening, a literature
collection on AT models and their improved methods was constructed. From
the perspective of the model application process, combined with literature anal-
ysis, existing research was summarized and 归纳. [Result/Conclusion] The
analysis reveals that existing research has formed a relatively complete analyti-
cal workflow, with increasingly diversified improvement angles and application
domains for the models. However, further in-depth exploration is still needed
in areas such as performance optimization, standardization and improvement of
model evaluation metrics, and expanded applications in library and information
science.

Classification Number: G250 TP391
Keywords: Author-Topic model, topic evolution, community detection, model
evaluation

Introduction
The rapid development of computer technology and the accelerated connectiv-
ity of communities through social media, coupled with diversified data types
and exponential growth in data volume, have led researchers to no longer be
satisfied with using single topic information to represent dataset characteristics
in large-scale data mining. Instead, they seek to uncover the relationships be-
tween topics and users to more comprehensively reveal information contained
in datasets and discover underlying patterns. To this end, researchers proposed
in 2004 a statistical model that could mine implicit author-topic relationships
in document collections—the Author-Topic (AT) model [?]. The AT model
extends Latent Dirichlet Allocation (LDA), inheriting LDA’s ability to map
high-dimensional word sets to low-dimensional topic space for dimensionality
reduction while incorporating author information as extended metadata into
the original model. This establishes associations between authors and topics in
datasets, enabling the mining of implicit “author-topic” semantic information
and helping researchers better match authors with their discussed content.
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As the application scope of the model continues to expand, the diversification
of tasks has made the simple AT model insufficient to meet growing demands,
such as the need to consider temporal attributes in social media data anal-
ysis. Leveraging the excellent extensibility of the AT model, researchers have
attempted various improvements, achieving breakthroughs that have broadened
its applicability. Through preliminary literature investigation, we found that
most existing review literature summarizes topic models in general, but with
the development of topic models, the resulting model collection has become
very broad, with few reviews focusing specifically on the “author-topic” lineage.
Most reviews primarily summarize models’ principles and improvements chrono-
logically, while reviews from the perspective of specific application processes are
relatively rare. Therefore, this paper, based on existing domestic and interna-
tional research on AT models, employs literature analysis and 归纳 methods to
deeply analyze the research status of AT models and their improved methods
and applications, aiming to provide references and broaden research ideas for
relevant researchers.

2 Data Sources and Overview
2.1 Data Sources

To ensure comprehensive coverage, this paper selected the Web of Science Core
Collection and DBLP (Digital Bibliography & Library Project) as authorita-
tive databases in the computer science field for foreign literature, in addition to
CNKI for Chinese literature. Although there is overlap between the first two
databases, they remain complementary. The specific data acquisition process
was as follows: (1) In CNKI, professional retrieval was conducted using the
query “Subject=‘author’ AND (‘topic model’+‘LDA model’) OR SU=‘author
topic model’ OR SU=‘Author Topic model’ ”, with literature types limited to
journals, conferences, and dissertations. In Web of Science Core Collection, ad-
vanced retrieval was performed using the query “Topic=(‘Author’ AND (’Topic
Model’ OR ‘Latent Dirichlet Allocation’))”, with literature types limited to Ar-
ticle, Proceedings Paper, and Review. In DBLP, retrieval was conducted using
“Author Topic Model” as the subject term. All searches had no time span re-
strictions, with the retrieval date being May 25, 2018, yielding 174 Chinese
documents and 360 foreign documents. (2) The three datasets were cleaned to
remove invalid literature and duplicates. (3) Manual screening was conducted
to select literature matching the topic, resulting in 139 documents (96 foreign
and 43 Chinese) as the focus of this analysis.

2.2 Data Overview

Among the 139 research papers on AT models and their improvements, there
were 3 review papers, 46 methodology research papers, 83 application papers,
and 7 papers that used AT models as control groups in experiments. [Figure 1:
see original paper] shows the chronological distribution of the 139 papers. As
seen in [Figure 1: see original paper], after the AT model was proposed in 2004,
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domestic research on this model with published outputs began in 2008 [?, ?]. In
terms of publication trends, attention has generally increased, with two small
peaks in attention occurring during 2013-2017. Based on these data, it can be
predicted that research based on AT models will maintain high popularity for
some time to come.

3 Research Progress Analysis
The analysis workflow for AT model improvement and application research [?]
is as follows (see [Figure 2: see original paper]): First, determine the original
dataset and data type to be analyzed; then perform text preprocessing; next,
model and solve the preprocessing results; finally, select evaluation metrics and
assess the model through comparative experiments. This paper will summarize
and analyze existing research methods based on this workflow.

3.1 Dataset Selection

Through summary and归纳, datasets selected for AT model improvement and ap-
plication research both domestically and internationally are mainly divided into
six categories (see ). Among them, the “academic papers” dataset type ranks
first (17 categories total), which can be further subdivided into five subcate-
gories: (1) professional field databases (DBLP, PubChem, MEDLINE, PubMed
Central, ACM Digital Library); (2) citation index systems (Scopus, CiNii, NIPS,
CiteULike, Citeseer, Wanfang, CNKI, Web of Science); (3) preprint reposito-
ries (arXiv); (4) academic search engines (Arnetminer, Microsoft Academic Re-
search); and (5) evaluation conferences and corpora (TREC). In addition to
academic papers, text datasets also include social websites and emails, while im-
age datasets include both open-access data and non-open-access resources such
as school surveillance videos.

** Dataset Type Distribution**

Dataset Name Type Examples
Text Datasets Academic

Papers
DBLP[?], PubChem[?],
MEDLINE[?, ?],
Scopus[?], CiNii[?],
NIPS[?], CiteULike,
Citeseer[?], PubMed
Central, Wanfang[?],
arXiv[?], Web of
Science[?], CNKI[?],
Arnetminer, ACM
Digital Library,
Microsoft Academic
Research[?, ?]
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Dataset Name Type Examples
Social
Websites

perverted-
justice.com[?],
delicious.com, IRC
logs,
ProgrammableWeb,
Tianya Forum[?],
mooc.guokr.com[?],
NLPIR, Twitter[?],
digg[?], Enron[?]

Image Datasets Open Access Flickr[?], VIPeR[?],
BrainMap, Yahoo,
Wikipedia[?],
Tripadvisor[?], CASIA,
Weizmann,
DECODA[?, ?],
Quickbird, LIVEIQA,
Tripadvisor, Google
Earth[?]

Non-Open
Access

Hospital databases,
School surveillance
videos[?]

Note: This classification is based on the types of data objects extracted in AT
model-related experimental studies, not all data types in the datasets. For ex-
ample, Flickr itself is a social platform containing both image and text data, but
in AT model experiments, its image data is typically selected for analysis, so it
is classified under the image category rather than text.

After determining the dataset, target data fields need to be extracted. Academic
paper datasets typically include titles, authors, abstracts, and time. Depending
on the research content, researchers also extract fields such as citations, jour-
nals, and conference information to study shifts in author research interests[?],
academic paper recommendation[?], expert community discovery in academic
fields[?], and author-topic identification in specific disciplines[?]. For image
datasets, specific resolution images and video clips are selected to achieve image
and video topic recognition[?] and to mine spatial correspondence relationships
of brain cognitive functions[?]. For social website datasets, tweet texts are typ-
ically extracted to mine user interests[?]. For email datasets, fields such as
recipients, subject, content, and time are usually extracted to achieve associa-
tions between senders and topics/time[?].
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3.2 Data Cleaning

After obtaining target data fields, data preprocessing is required. Among these
steps, author disambiguation significantly impacts experimental results. Author
disambiguation currently faces two major challenges: first, the name ambiguity
problem, where multiple people share the same name; second, the coreference
problem, where the same author has multiple name variations, which commonly
occurs in English literature and is associated with name abbreviation issues. In
practice, disambiguation is mostly performed by combining attribute features
such as author email, affiliation, and co-authorship relationships[?], while ex-
ternal network information can further improve disambiguation accuracy[?].
Specific methods can be divided into unsupervised and supervised learning ap-
proaches. Unsupervised methods include graph theory and clustering: the for-
mer constructs network graphs to connect relationships among authors, calcu-
lating topological distances between nodes to determine whether authors with
the same name are the same person; the latter measures similarity to cluster all
possible same-name authors pointing to the same person, where the choice of
clustering method and definition of similarity functions among same-name au-
thors are key to clustering effectiveness[?]. Supervised learning methods mainly
refer to probability model-based approaches, which typically require building
complex probabilistic models such as Bayesian networks or conditional ran-
dom fields to infer matching relationships among authors with the same name
through statistical calculations.

3.3 Model Construction

After completing data cleaning and other operations, an appropriate model is
selected or constructed based on research content and objectives, and model
parameters are estimated. This section summarizes current domestic and inter-
national AT models and their improvements.

3.3.1 Simple AT Model M. Steyvers et al. proposed in 2004 a method to
mine author-topic associations from document collections, namely the Author-
Topic model[?], which simultaneously models topics and authors by introducing
author information into the LDA model. This model incorporates author in-
formation of analysis objects into the LDA model to achieve semantic topic
associations among words, topics, authors, and documents. On the word layer,
each topic can be described through a multinomial distribution, while docu-
ments can be modeled through author mixture distributions in topic space[?].
The generative process of the AT model is as follows[?]:

For each document 𝑑 ∈ 𝐷 in a document collection 𝐷: 1. Draw 𝜃 (author-topic
probability distribution) ∼ Dirichlet(𝛼); 2. Draw 𝛽 (topic-word probability
distribution) ∼ Dirichlet(𝑏); 3. For each word 𝑤 in 𝑑: (a) Select an author
𝑥 from the author set 𝑎𝑑 of 𝑑 using uniform distribution; (b) Assign a topic 𝑧
according to the author-topic probability distribution 𝑥 ∼ Multi(𝑥, 𝜃); (c) Assign
a word 𝑤 according to the topic-word probability distribution 𝑧 ∼ Multi(𝑧, 𝛽).
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From this generative process, each author in the AT model corresponds to a
distribution over topics, and all authors share a common set of topics[?].

3.3.2 Extended AT Models Although the introduction of author informa-
tion transforms the LDA model from unstructured to structured information,
enabling simultaneous analysis of user interest distributions and document struc-
tures, several limitations remain[?]. In recent years, with the development of
text mining technology, researchers have conducted a series of transformations
and extensions. Below, we summarize AT model-based improvements from four
aspects: time factor incorporation, supervised learning methods, metadata ex-
tension, and task-specific adaptations.

(1) Time Factor-Based Improvements. As research on AT models deep-
ens, how to capture temporal changes in authors’ topics has become a research
hotspot. Time-based improvements can be further divided into two categories
from a data temporal perspective: treating time as a random variable for
continuous-time modeling, and discretizing time into timestamps for dynamic
Bayesian network modeling.

• Continuous-Time Modeling. In 2010, Tang et al. introduced time
as a continuous variable into the AT model, proposing the Author-Topic-
Time (ATT) model[?]. This model combines AT with the Time-over-Topic
(TOT) model, where word generation in documents is jointly determined
by topic and time attributes, better describing author-topic distributions
across different times. As a typical representative of continuous-time mod-
eling, many subsequent studies on time-factor-based author-topic min-
ing were developed based on this[?]. By considering dependencies be-
tween topics and the sparsity of user interest data, models such as the
Hidden Markov Author-Time-Topic (HMATT) model[?] and the Author-
Conference-Topic-Over-Time (ACTOT) model[?] were proposed, enrich-
ing user interest matrices and reducing model perplexity.

Although ATT and ACTOT models consider temporal information to repre-
sent the distribution intensity of author-topics across time, they still have two
problems: First, the number of topics within each time window is fixed, thus
only revealing changes in topic intensity while ignoring changes in topic con-
tent[?]. Second, for large document collections with frequent temporal changes,
the models consume substantial computational and memory resources.

• Discrete-Time Modeling. To address ATT’s inability to model
dynamic relationships between time periods, discrete-time modeling
emerged. Represented by Yang Ruyi’s Dynamic Author Topic (DAT)
model proposed in 2015[?] and Yu Chuanming et al.’s composite topic
evolution model (Author-Topic-Time-LDA with Author Ranking, ATT-
LDA) proposed in 2018[?], these models typically combine the advantages
of Dynamic Topic Models (DTM) and AT models, discretizing topics into
time windows. This offers significant advantages in both computational
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complexity and application scenarios. Experiments have proven that such
models can accurately describe latent author-topics and their dynamics.

(2) Supervised Learning-Based Improvements. Most current AT model
extensions are unsupervised models that only require input of document collec-
tions and topic numbers for automatic learning. However, unsupervised learning
results often have poor interpretability and are difficult to understand. To ad-
dress this issue, H. Mou et al. proposed the supervised Author-Subject-Topic
(AST) model in 2015[?], introducing a supervised “subject” layer to group doc-
uments, which helps cluster words and documents to reduce noise.

(3) Metadata Element-Based Extensions. Introducing richer and more
diverse metadata elements transforms the traditional “author-topic” distribu-
tion into an “other metadata-author-topic” distribution, further expanding the
scope of information that AT models can reveal. Metadata-based improvements
currently fall into four categories: (1) Incorporating community elements, such
as the Author-Topic-Community (ATC) model proposed by C.S. Li et al. in
2012[?, ?], which combines social network analysis to achieve author commu-
nity discovery based on author interests; (2) Incorporating conference elements,
such as the Author-Conference-Topic (ACT) model proposed by Tang et al. in
2008[?] and the ACTC model proposed by Y. Ding in 2011[?], which dynami-
cally set topic numbers corresponding to different conferences; (3) Incorporating
user interest and other user characteristic elements[?, ?, ?], enabling better ap-
plication to personalized recommendation tasks; and (4) Incorporating author
citation and related elements, including citations and journal information[?],
allowing models to fully utilize author and citation information in academic
documents for better author discrimination and citation ranking.

(4) Task-Specific Improvements. To enable AT models to meet specific
tasks in particular domains, researchers have proposed task-specific AT mod-
els. These models currently target mostly image data. The most representa-
tive ones incorporate geographic information (Author-related Geographic Topic
Modeling, AGTM)[?] and color/shape features of multispectral remote sensing
images (Author-Genre Topic Model, AGTM)[?] for topic annotation of region
categories. However, how to combine geographic information with better prob-
abilistic models to process document information and improve image category
annotation accuracy still requires further exploration.

The four types of extended models described above mainly address existing
problems in traditional AT models from different angles. [Figure 3: see original
paper] summarizes the extension patterns of various models, primarily divided
into two extension modes based on LDA and AT models, where solid arrows
indicate model improvements and dashed arrows indicate combinations with
other models. provides a summary of the extended AT models described above,
analyzing the advantages, disadvantages, and other information of each model.
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3.4 Model Evaluation

Measuring whether results truly reveal data patterns and whether they are op-
timized compared to existing research is essential throughout the experimental
process. As scientific research advances, model evaluation perspectives have be-
come more comprehensive. Investigation reveals that common evaluation meth-
ods in AT model research are conducted from six perspectives, with specific
evaluation metrics shown in [Figure 4: see original paper].

3.4.1 Model Generalization Ability. This refers to the trained model’s
prediction ability on unknown data, quantified through test error in practice.
The most commonly used metric is perplexity. In our constructed dataset, Q.Q.
Yang and L. Poddar et al. used this metric to quantify generalization ability,
where perplexity represents the difficulty of topic word prediction—lower values
indicate better generalization[?, ?]. Additionally, Wan Lukang et al. used P@n
(Precision@N) to evaluate generalization ability, detecting the accuracy of top-N
prediction results[?]. In practice, P@5, P@10, and P@20 are commonly selected.

3.4.2 Topic Interpretability. This analyzes the semantic relevance of word
distributions in topics, but experiments prove this evaluation perspective is
highly subjective. To evaluate more objectively, some scholars calculate PMI
(pointwise mutual information) values proposed by K.M. Schneider et al. for
quantification, where PMI values measure the co-occurrence probability of event
pairs[?].

3.4.3 Efficiency. Most researchers evaluate model efficiency through complex-
ity[?], which refers to the resources required during algorithm runtime, including
time complexity and space complexity. However, complexity-based evaluation
cannot avoid the problem that low complexity does not guarantee good topic
words at the semantic level. Therefore, H.M. Wallach et al. proposed two dif-
ferent evaluation dimensions including effectiveness and correctness[?].

3.4.4 Effectiveness. This is a quantitative representation of how well model
output structures match characteristics of real-life systems. C.S. Li et al. used
sensitivity to characterize the degree of response change caused by unit change
in variables[?, ?]. Additionally, W. Buntine improved H.M. Wallach’s left-to-
right algorithm, proposing a novel method for estimating document collection
likelihood to make model evaluation more fair[?].

3.4.5 Correctness. This includes precision, recall, and related comprehensive
metrics. In our dataset, Wang Yonggui et al. used precision, recall, and the
F1-Measure combining both to quantitatively analyze correctness[?]. X. Xie et
al. used the AUC (Area Under the ROC Curve) metric, where larger area under
the ROC curve (with true positive rate on the y-axis and false positive rate
on the x-axis) indicates higher accuracy[?]. J. Wang et al. used Mean Average
Precision (MAP) to evaluate correctness, where average precision for a single
topic is the mean of precision values after each relevant document retrieval[?].

3.4.6 Relevance. This evaluation perspective typically relies on specific tasks
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to indirectly assess models, using quantifiable concepts like distance to reflect
topic similarity between documents or authors. For instance, C.S. Li et al. used
KL divergence (Kullback-Leibler Divergence)[?], T. Wang et al. used similarity
measures[?], and T. Zhang et al. used Spearman rank correlation coefficients
and Pearson correlation coefficients[?]. Spearman rank correlation assumes that
if data has no repeated values and two variables are perfectly monotonically
correlated, the value is +1 or -1, while Pearson correlation coefficients typically
range between [-1, 1].

In addition to these six evaluation perspectives, researchers have proposed flex-
ible methods like manual evaluation[?], but such methods remain highly sub-
jective. The above analysis shows that different evaluation perspectives focus
on different aspects of models, and researchers often select metrics based on
task characteristics, making horizontal comparison between models difficult.
Moreover, research shows that models performing well on specific metrics may
have large performance gaps in other aspects. For example, with complexity—a
common quantitative evaluation metric—if an improved model has lower com-
plexity than existing models, it indicates more optimized modeling. However,
as mentioned earlier, complexity does not represent the quality of topic word
mining results[?], prompting the development of effectiveness, correctness, and
other metrics to ensure fairer evaluation. Nevertheless, due to differences in
application domains and time slice divisions, there is still no unified standard
for judging model quality.

3.5 Applications Based on AT Models

As research on AT models deepens, they have been widely applied in text min-
ing and other fields, with notable attention in social media analysis, academic
literature, and community detection.

3.5.1 Applications in Social Media With the rapid development of the In-
ternet, social media has emerged. Represented by Weibo and Twitter, compared
with traditional document data, these platforms feature fast data updates and
informal network language. How to combine social media characteristics to com-
plete data analysis tasks is currently a research hotspot. Early applications of
AT models to social media data analysis mainly modeled based on data content,
ignoring the strong real-time nature of social media data and failing to combine
text content with temporal information, making it impossible to observe topic
changes over time. Additionally, due to the short text length on Twitter, mod-
els cannot obtain ideal topic distributions through unsupervised learning. The
ATC (Author-Topic-Community) model proposed by C.S. Li et al. solved this
problem while achieving simultaneous inference of author interests and commu-
nity structure[?]. Subsequent research has included user interest mining[?, ?],
extraction of domain-specific Weibo accounts[?], and Weibo recommendations
based on user interests[?, ?].

chinarxiv.org/items/chinaxiv-202307.00532 Machine Translation

https://chinarxiv.org/items/chinaxiv-202307.00532


3.5.2 Applications in Academic Literature In academic literature, the
most representative application of AT models is revealing the distribution cor-
respondence between authors and topics across different time periods by con-
sidering temporal factors, deeply understanding the topic evolution processes
and development trends of leading researchers in cutting-edge interdisciplinary
fields, and revealing inter-topic influences to some extent, with certain reference
value for predicting research trends. Additionally, since academic literature
typically includes references, journals, and conference information, incorporat-
ing these elements has gradually attracted researchers’ attention. For example,
Y. Tu et al. proposed the Citation-Author-Topic (CAT) model in 2010[?], which
simultaneously models paper authors and cited authors. Subsequent research
has extended to author influence issues[?].

3.5.3 Applications in Data Communities Currently, AT model applica-
tions in data communities mainly include community detection and recommen-
dation systems. Community detection can be divided into social media and
scientific collaboration teams based on data type. Community detection meth-
ods can effectively discover data structures and evolution processes, helping re-
searchers analyze network structures and properties in datasets to understand
overall network trends, providing services for resource search, recommendation,
and network structure optimization[?]. Similarly, recommendation systems can
also be divided into social media and research domain data, with recommenda-
tions based on user/author interests.

3.5.4 Other Applications In addition to the main application domains men-
tioned above, there are specific applications based on researchers’ particular
experimental content. For example, in image domain automatic category anno-
tation, specific resolution images and video clips are selected to achieve image
and video topic recognition, with typical experiments including mining spatial
correspondence relationships of brain cognitive functions[?]. Additionally, email
data analysis extracts fields such as recipients, subject, content, and time to
achieve associations between senders and topics/time[?].

4 Research Gaps and Development Trends
The above summarizes specific applications of AT models. Despite continu-
ous improvements, due to demand updates and technological iterations, some
shortcomings remain, specifically in four aspects:

1. Technical Level: Social media data is increasingly massive, with charac-
teristics such as short text length and rapid update speed, generating large
amounts of network language and symbolic language in short periods, in-
creasing data noise and insufficient context information. This significantly
increases the difficulty for AT models to process data, preventing topic
identification from meeting expectations.
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2. Domain-Specific Method Selection Level: The AT model was orig-
inally designed to analyze scientific literature data to achieve “author-
topic” associations and reveal development evolution patterns in specific
disciplines, with relatively ideal effects. However, later applications found
AT models widely used in social media and even image domains, while
applications in library and information science remain immature. Most re-
search focuses on algorithm improvement and performance enhancement,
but relatively few studies fully apply AT models and their improvements
for topic discovery in library and information science, with some domestic
research still 停留在 the level of applying bibliometric analysis software.

3. Dataset Selection Level: In research applying AT models to scientific
literature data, most experimental data comes from corpora or public
datasets, focusing on verifying model effectiveness. However, research
that comprehensively determines representative datasets in fields through
JCR, Chinese Academy of Sciences journal partitions, and authoritative
papers/conference evaluation systems to reveal evolution in specific disci-
plines remains insufficient.

4. Lack of Model Quality Evaluation System: Researchers typically
select evaluation metrics based on experience or task characteristics, but
whether selected metrics can objectively measure model quality remains
a major problem in the AT model field. How to improve or propose new
evaluation metrics will become a future research focus.

In summary, future AT model research can develop in three directions: perfor-
mance optimization (efficient training algorithms, reduced time/space complex-
ity), standardization of model evaluation systems (divided according to task
nature, combining task characteristics with metric principles to achieve con-
sensus on evaluation methods for different tasks within domains), and deeper
applications in library and information science (such as mining user interest char-
acteristics for scholar profiling, personalized and precise services for libraries or
scholars, or studying research collaboration and topic evolution in cutting-edge
interdisciplinary fields to support management decision-making).
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