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ABSTRACT

Background & Aims: Inflammatory bowel disease (IBD) case reports provide rich longitudinal insights but
have rarely been analyzed using quantitative text-mining approaches. This study applied unsupervised machine
learning to PubMed-indexed IBD case reports to identify long-term thematic structures spanning 60 years
and evaluate whether major historical milestones in IBD care can be reconstructed from biomedical texts.
Methods: Case reports indexed under the keyword “inflammatory bowel disease” were retrieved from PubMed
(1960-2025). Titles, key words, and abstracts were concatenated and preprocessed before TF-IDF vectorization.
Non-negative matrix factorization (NMF) was applied to extract latent topics, followed by KMeans clustering
using the optimal topic number selected by silhouette evaluation (2-15 topics). Cluster characteristics were
summarized using report counts and term frequency-inverse document frequency (TF-IDF) statistics. Top
discriminative key words were used to assign data-driven topic labels. All analyses were performed in Python
3.10.5 (PyCharm 2022.1.3) using pandas, numpy, scikit-learn, matplotlib, and seaborn.

Results: A total of 18,458 case reports were analyzed. Across all time periods, two highly stable clusters
consistently emerged, corresponding to Crohn’s disease and ulcerative colitis. Early decades (1960-1989)
emphasized pathology and complication-focused descriptions. Reports from the 1990s showed increasing
terminology related to diagnosis and emerging therapies. From 2000 onward, infliximab-related and treatment-
focused terms predominated, paralleling the rise of biology. After 2010, clusters reflected diversified therapeutic
strategies, including attention to extraintestinal manifestations and biologic or small-molecule therapies.
Conclusions: Unsupervised machine learning successfully reconstructed important historical changes in IBD
management, demonstrating that a large case report text corpus captures the evolution of clinical concepts
and treatment paradigms over 60 years.

Key words: inflammatory bowel disease — IBD - machine learning — case reports — natural language processing
— non-negative matrix factorization.

Abbreviations: AZA: azathioprine; CD: Crohn’s disease; IBD: inflammatory bowel disease; ML: machine
learning; TF-IDF: term frequency-inverse document frequency; NLP: natural language processing; NMF:
non-negative matrix factorization; SASP: salazosulfapyridine; T2T: treat-to-target; UC: ulcerative colitis;
6-MP: 6-mercaptopurine.

INTRODUCTION and salazosulfapyridine (SASP) [1]. In the 1990s,
immunomodulatory agents such as azathioprine (AZA) and
6-mercaptopurine (6-MP) were introduced, leading to a shift
toward treatment aimed at steroid withdrawal and long-term
remission maintenance [2, 3]. In 1998, biologics such as
infliximab emerged, ushering in the era of targeted therapy
[4]. In recent years, with the emergence of small-molecule
drugs such as tofacitinib (2018) [5], in addition to the treat-
to-target (T2T) strategy [6], emphasis on mucosal healing,
and the diversification of biologics, treatment has become
more diverse and precise, accelerating a paradigm shift toward
personalized medicine.

Treatment strategies for
inflammatory bowel disease
(IBD), including ulcerative
colitis (UC) and Crohn’s disease
(CD), have evolved significantly
over the past 60 years. From the
1960s to the 1980s, treatment
focused on suppressing acute
inflammation and controlling
symptoms with corticosteroids
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While these changes have been well documented clinically
in the literature, they have not been adequately documented
quantitatively or scientifically. Case reports published in
PubMed provide detailed real-world records and represent a
valuable yet underutilized source of information. From 1960
to 2025, the PubMed database indexed 144,662 IBD-related
publications (including 18,458 case reports), providing a
unique opportunity to quantitatively track the evolving
research topic.

The evolution of publication numbers is closely related
to past treatment developments: 1960-1989: rapid increase
during the corticosteroid/SASP era as the IBD concept
became established; 1990-1999: only modest growth during
the AZA/6-MP and introduction of the treatment pyramid;
2000-2009: sharp increase following infliximab approval
(1998) and early biologic adoption; 2010-2024: The most
accelerated growth, corresponding with T2T (STRIDE-I, 2015),
vedolizumab, ustekinumab, and JAK inhibitors.

These patterns suggest that publication trends themselves
may mirror therapeutic paradigm shifts. Despite the existence
of over 18,000 case reports, few studies have investigated the
feasibility of reconstructing known clinical milestones from
large-scale biomedical texts using natural language processing
(NLP) or unsupervised machine learning (ML). Furthermore,
traditional reviews rely on expert interpretation and are unable
to quantitatively assess research trends and changes in research
focus over time.

In this study, NLP and unsupervised ML [term frequency-
inverse document frequency (TF-IDF), non-negative
matrix factorization (NMF), k-means, and silhouette-based
selection] were used to analyze PubMed-indexed IBD case
reports from 1960 to November 2025. This study’s primary
goal was to determine whether major historical milestones
such as the corticosteroid/SASP era, the widespread use of
immunomodulatory drugs, the introduction of infliximab, the
emergence of T2T, and the arrival of JAK inhibitors (2018),
can be reconstructed and quantitatively visualized using NLP
and unsupervised ML methods. By leveraging six decades of
case reports, this study provides a quantitative framework for
mapping the evolution of IBD research.

METHODS

Data Collection and Preprocessing

This study collected case reports related to “inflammatory
bowel disease” from the PubMed database in November 2025.
Each case report contained an article title, keywords, and
abstract. The data for analysis selection procedure included
the following steps:

Initial Search: A total of 144,662 records were retrieved
using the topic search term “inflammatory bowel disease”

Document Type Filtering: The dataset was further refined
by applying the “Case Reports” filter, yielding a dataset of
18,458 records.

Title, keywords, and abstract were concatenated into a
single text string per case report. The preprocessing pipeline
handled missing values by replacing them with empty
strings. All text data underwent conversion to lowercase and
tokenization for subsequent analysis.
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Text Vectorization Using Term Frequency-inverse

Document Frequency

The study applied TF-IDF vectorization to transform
textual data into numerical representations utilizing the
TfidfVectorizer from the scikit-learn Python library [7], a
widely used open-source ML tool in Python. The vectorization
process removed common English stop words and excluded
terms appearing in more than 95% of documents or fewer
than 2 documents (Max_df=0.95, Min_df=2). This approach
generated a sparse matrix that captured the relative importance
of each term across the corpus [8] and has been effectively
applied in emotional text classification tasks [9].

The TF-IDF procedure consisted of 1) for each case
report, the article title, author-keywords, and abstract were
concatenated into a single text document, thereby ensuring that
both thematic descriptors and clinical narratives contributed
to feature extraction. All text was converted to lowercase prior
to analysis to maintain consistency across documents; 2) term
frequency was calculated within each document to reflect the
local importance of words, while inverse document frequency
weighting was applied to down-weight terms commonly shared
across many reports and to emphasize more discriminative
clinical terminology; 3) the resulting TF-IDF matrix, in which
rows corresponded to individual case reports and columns to
weighted terms, served as the quantitative input for subsequent
unsupervised topic modeling and clustering analyses.

Topic Modeling with Non-negative Matrix Factorization

The analysis implemented topic modeling employing
NMEF [10] with an optimal number of components (topics)
determined by silhouette score evaluation ranging from 2 to
15. The optimal number of components (topics) was selected
based on the average silhouette score across 10 independent
runs for each topic count ranging from 2 to 15.

The silhouette score is an internal validity metric that
measures the quality of clustering by balancing intra-cluster
cohesion and inter-cluster separation [11]. For each document,
this study compares the average distance within that cluster
with the nearest other clusters. Values range from -1 to +1;
higher values are better. After projecting TF-IDF documents
into the NMF space, KMeans was applied to compute silhouette
scores for different numbers of topics. Each configuration was
repeated ten times with varying seeds, and the mean score
was used to select the optimal value. Because the silhouette
score alone may oversimplify thematic structure and risk
information loss, the Calinski-Harabasz and Davies-Bouldin
indices were additionally employed to assess topic stability
across seeds [12].

Clustering with KMeans

The study applied KMeans clustering [13], a widely used
unsupervised learning algorithm based on iterative centroid
optimization, to the NMF feature matrix to categorize case
reports based on their topic distributions. The number of
clusters was set equal to the optimal number of topics identified
through NME The clustering was performed multiple times
with random initialization to assess stability. Each report
received cluster label assignment, and visualization displayed
the distribution of reports across clusters. The clustering
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algorithm was executed with random initialization (i.e.,
random state not fixed), meaning results may vary across runs.

Statistical Characterization of Clusters

The analysis calculated the number of reports, mean, and
standard deviation of the NMF feature values for each cluster.
These metrics provided insights into the internal consistency
and density of individual clusters. The study compiled all
results into summary tables and exported them as Excel files
for further examination.

Validation of Clustering Quality

Clustering quality was evaluated using three established
metrics: Silhouette Score [11], Calinski-Harabasz Index [14],
and Davies-Bouldin Index [15].

Reproducibility Assessment of Topic Modeling

The analysis conducted five independent runs of the
NMEF topic modeling process using different random seeds to
evaluate model stability. For each topic, the study compared

the top 10 keywords across all runs and calculated their overlap
with the original keyword set. The average keyword overlap
across runs served as a reproducibility score, indicating the
consistency of topic identification. Note that this study used the
simple number of keyword matches (overlap count) to evaluate
NME reproducibility and does not utilize ratio-based metrics
such as the Jaccard Index or percentage overlap.

RESULTS

IBD Publication Trends (1960-2025)

A total of 18,458 IBD-related case reports were identified
in PubMed between 1960 and 2025. The annual publication
volume showed four distinct phases: a moderate increase from
the 1960s to the 1980s, a moderate increase in the 1990s, a
notable increase in the 2000s following the introduction of
infliximab (1998), and the most rapid increase since 2010,
consistent with the adoption of the T2T (2015) strategy and
the diversification of biologics and small molecule drugs (Fig.
1, Table I).

Fig. 1. IBD case reports and key milestones (1960-2025).

Table I. Evolution of IBD treatment strategies (1960-2025)

Era Main therapeutic Treatment strategy Key words Major events / Guidelines
agents goals
1960-1989  Steroids, Sulfasalazine ~ Rapid suppression of Symptomatic therapy, Establishment of IBD disease concept;
(SASP) acute inflammation, non-specific anti- treatment approaches were empirical.
symptom control inflammatory
1990-1999  Azathioprine (AZA), Steroid-free therapy, Immunomodulators, Introduction of treatment pyramid
6-MP, Methotrexate maintenance of long- long-term management concept; initial consensus on
(MTX) term remission hierarchical treatment; Infliximab
approved by FDA (1998).
2000-2009  Infliximab (anti- Start of targeted therapy,  Biologics, TNF-a Approval of infliximab in Japan
TNF-a antibody) disease modification inhibition (2002); ECCO guideline project
launched (2006); dramatic
improvement in treatment outcomes.
2010-2025  Adalimumab, Treat-to-target (T2T), Diversification of targets, ~ STRIDE-I (2015) introducing
Vedolizumab, mucosal healing, small molecules, pathway — T2T strategy; systematic ECCO
Ustekinumab, JAK personalized medicine specificity guidelines; JAK inhibitors introduced
inhibitors (Tofacitinib: 2018, oral targeted

therapy).
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Topic Structure Identified by NLP and Unsupervised

ML

The analysis consistently generated two major themes
corresponding to CD and UC across all four time periods
(Figs. 2 and 3). K-means clustering (k=2), selected based on
the Silhouette and Davies-Bouldin indices, reproduced this
dichotomy with high internal consistency. The CD cluster
included terms such as Crohn’s disease, bowel, inflammatory
and infliximab, while the UC cluster included terms such
as ulcerative colitis, chronic, associated, gangrenosum
and pyoderma. These core terms have been maintained

over decades, reflecting the stability of the clinical disease
framework (Table II).

Era-Specific Shifts in Topic Patterns

1960-1989

Case reports from this era primarily described the disease
and pathology of IBD. This era’s IBD case reports clearly
distinguished between CD and UC. In Cluster 1, key words
such as “Crohn,” “disease,” and “bowel” indicated many reports
on the lesion site (small intestine and large intestine) of CD. In

Fig. 2. Analysis of IBD case reports using TF-IDF scores cluster 1 and 2 (1960-1989) (1990-1999).

Fig. 3. Analysis of IBD case reports using TF-IDF scores cluster 1 and 2 (2000-2009) (2010-2025).
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Table II. Summary of topic modeling and clustering results across four time periods (1960-2025)

A. Cluster Statistics

Period Cluster Topic Label Num Reports ~ TF-IDF Mean  TF-IDF SD
1960-1989 1 Crohn, disease, case 2,487 0.0286 0.0316

2 colitis, ulcerative, case 900 0.0526 0.0534
1990-1999 1 disease, Crohn, bowel 688 0.0553 0.0529

2 colitis, ulcerative, case 1,829 0.0331 0.0323
2000-2009 1 disease, Crohn, infliximab 2,893 0.0286 0.0277

2 colitis, ulcerative, patient 957 0.0514 0.0472
2010-2025 1 disease, Crohn, bowel 6,634 0.0226 0.0213

2 colitis, ulcerative, uc 2,070 0.0423 0.0360

B. Top 10 Key words per Topic (TF-IDF Score)

Period

Topic

Top Key words (TF-IDF Score)

1960-1989

1990-1999

2000-2009

2010-2025

1

Crohn (2.08), disease (2.07), case (0.57), bowel (0.47), inflammatory (0.37), report
(0.31), colon (0.30), patients (0.29), regional (0.28), small (0.25)

colitis (1.79), ulcerative (1.70), case (0.47), chronic (0.25), associated (0.24), acute
(0.22), patient (0.21), report (0.21), pyoderma (0.20), toxic (0.17)

disease (1.78), Crohn (1.76), bowel (0.48), inflammatory (0.41), case (0.39), patient
(0.35), patients (0.29), report (0.29), treatment (0.26), diagnosis (0.24)

colitis (1.48), ulcerative (1.40), case (0.32), associated (0.27), patient (0.26), patients
(0.21), chronic (0.20), report (0.19), acute (0.17), therapy (0.16)

disease (1.76), Crohn (1.67), infliximab (0.63), bowel (0.56), inflammatory (0.52),
patient (0.49), case (0.49), treatment (0.42), report (0.36), patients (0.36)

colitis (1.67), ulcerative (1.53), patient (0.34), associated (0.30), case (0.30), uc
(0.26), thrombosis (0.22), treatment (0.19), pyoderma (0.18), patients (0.17)

disease (1.87), Crohn (1.70), bowel (0.80), inflammatory (0.75), patient (0.63), case
(0.61), treatment (0.47), cd (0.46), infliximab (0.45), report (0.45)

colitis (1.86), ulcerative (1.72), uc (0.53), patient (0.40), case (0.37), pyoderma
(0.29), associated (0.28), gangrenosum (0.27), treatment (0.25), report (0.24)

C. Clustering Validity Metrics

Period Optimal k Silhouette Calinski-Harabasz Davies-Bouldin
1960-1989 2 0.5501 3861.97 0.6678
1990-1999 2 0.5776 3687.26 0.6052
2000-2009 2 0.6209 6954.16 0.5563
2010-2025 2 0.6184 15347.02 0.5804

D. Reproducibility (Average Overlap Count)

Period Topic Average Overlap Count
1960-1989 1 10

2 10
1990-1999 1 10

2 10
2000-2009 1 10

2 10
2010-2025 1 10

2 10

Cluster 2, key terms such as “colitis,

» «

» «

ulcerative,” “chronic,” and  strategies. Cluster analysis revealed frequent use of keywords

“acute” were used, indicating a focus on the pathology and severe  such as “treatment,;” “therapy;,” and “diagnosis,” revealing that
complications of UC (toxic megacolon, skin symptoms) (Fig.2).  in addition to traditional disease concepts and descriptions

1990-1999

of pathology, there was increased discussion of diagnosis and
treatment. These trends indicate a shift from the pathology-

The analysis results from this period suggest that case  centered reports of 1960-1989 and reflect the characteristics
reports on IBD were undergoing a turning point in treatment  of the era in which treatment options were being explored
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prior to the introduction of biologics from the 2000s onward
(Fig. 2).

2000-2009

There was a notable increase in infliximab and treatment-
related terms in case reports during this period. This coincides
with the introduction and rapid expansion of biological
therapy. In UC, terms such as “treatment,” “thrombosis,”
and “pyoderma” indicated that treatment strategies and
complication management in UC were key themes. These
trends indicate a shift in the focus of case reports from disease
concepts to examinations of treatment efficacy and safety

(Fig. 3).

2010-2025

Case reports from this period highlight the diversification
of therapeutic strategies for IBD and the growing emphasis
on complication management. Cluster 1 is characterized
by the presence of “infliximab” and “treatment,” reflecting
the sustained use of biologic therapies, particularly anti-
TNF agents. Cluster 2 includes terms such as “treatment,’
“pyoderma,” and “gangrenosum,” indicating that management
of extraintestinal manifestations, especially dermatologic
complications, was a major focus. These trends align with
contemporary treatment paradigms, including T2T strategies,
mucosal healing objectives, and the introduction of JAK
inhibitors (Fig. 3).

Cluster Validity and Reproducibility

Model output demonstrated high reproducibility. All
clustering runs yielded identical topic structures (overlap
10/10), with silhouette scores consistently above 0.55 and
low Davies-Bouldin indices. The robustness of these metrics
indicates that the extracted themes were not sensitive
to sampling variation, supporting the reliability of the
comparisons (Table IT).

DISCUSSION

This study demonstrated that NLP and unsupervised
ML can reconstruct research themes in IBD over a 60-year
period using case reports indexed in PubMed. Despite the
heterogeneity of case reports, this study’s analytical approach,
combining TF-IDF, NMF-based topic modeling, k-means
clustering, and silhouette-driven cluster selection, was able to
capture clinically meaningful differences and the evolution of
long-term themes aligned with major events in IBD research.

This approach extends prior bibliometric and text-mining
studies by focusing exclusively on case reports and by explicitly
evaluating topic stability and reproducibility across multiple
random initializations.

IBD case reports from 1960 to 1989 focused on describing
pathology and lesion location, reflecting early efforts to
define IBD pathology. In the 1990s, with the introduction
of immunomodulatory agents, terminology shifted toward
diagnosis and treatment, the feature not present in the
1960-1989 terminology (Fig. 2, Table II). In the 2000s, the
introduction of biologics and increased interest in their
therapeutic efficacy and complications led to a significant
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increase in infliximab-related terminology. IBD case reports
from 2010 to 2025 emphasized the diversification of treatments,
including new biologics, small molecules, targeted therapeutic
strategies, and T2T, and detailed descriptions of extraintestinal
manifestations such as pyoderma gangrenosum were also
included. These trends reflect the contemporary shift toward
personalized medicine and comprehensive comorbidity
management.

Two reproducible topic structures emerged, corresponding
to CD and UC. The stability of these clusters across iterations
suggests that linguistic distinctions between CD and UC are
deeply embedded in clinical reporting, despite changes in
terminology, therapeutic approaches, and publication practices
over time.

High silhouette scores, low Davies-Bouldin indices,
and reproducibility of top key words indicate robust topic
cohesion. The alignment of computationally derived transitions
with clinical milestones-such as immunomodulators in the
1990s and biologics in the 2000s-supports the validity of this
approach. Large-scale text mining can complement traditional
reviews by revealing longitudinal patterns not easily captured
manually.

This study used NLP and unsupervised ML, a technology
for extracting meaning from text, to analyze a large number of
IBD case reports [16]. It demonstrates its potential for practical
application in clinical practice and research, going beyond
simple bibliometric analysis [17, 18]. Case reports can contain
rare complications, unexpected treatment responses, and signs
of safety that appear earlier than in large-scale clinical trials.
By structuring this information using NLP and unsupervised
ML, the methods can provide a mechanism for discovering
important patterns that would be difficult to find through
traditional manual analysis or the analysis of a small number
of case reports [19].

From a clinical perspective, the temporal changes
demonstrated in this study, such as the rapid increase in case
reports in the 2000s following the approval of infliximab
in 1998, the development of guidelines and treat-to-target
strategies since 2010, and the introduction of JAK inhibitors
in 2018-reflect major paradigm shifts in IBD management
[3, 4]. These findings suggest that NLP and unsupervised ML
methods can support clinical decision-making by automatically
structuring medical information. For example, it may be
possible to detect side effects, including immune-related
adverse events of new drugs or complications associated with
specific treatments before they are fully incorporated into
official guidelines [20, 21].

From a translational perspective, this analysis could
help inform future diagnosis and treatment by providing
data on how new drugs, treatment strategies, and disease
characteristics-such as symptoms and severity—affect clinical
practice and identify key areas of focus [22, 23]. For example,
trends observed in large volumes of case reports could be used
to identify groups with higher rates of side effects or unusual
symptoms, which could be used to monitor drug safety and
develop hypotheses for research and clinical trials [24, 25].
In fact, similar analysis methods have been used to analyze
symptoms, predict treatment outcomes, and check safety in
other chronic diseases, demonstrating their broad applicability.
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Future refinements to the current methodology could
further enhance the usefulness of this approach: first, by
incorporating full-text articles rather than just abstracts, and
second, by integrating case reports published in databases other
than PubMed database.

Several recent studies have applied NLP and unsupervised
ML techniques to biomedical literature, including that related
to IBD and other chronic diseases. For example, Li et al. [26]
used latent Dirichlet allocation (LDA) in 2022 to identify
thematic trends in IBD-related publications but focused
primarily on original articles rather than case reports. Although
several studies have analyzed gastroenterology literature, most
rely on bibliometric or network-analysis approaches rather
than NLP-based topic modeling [27, 28].

In contrast, this study appears to be one of the first to
systematically apply TF-IDF-based NMF topic modeling and
k-means clustering specifically to IBD case reports spanning
several decades. By incorporating silhouette-driven model
selection, multiple validation metrics, and keyword overlap-
based reproducibility assessment, our approach extends
previous work methodologically and analytically.

Furthermore, previous studies have treated medical
literature as a uniform corpus [29, 30]. However, this study
showed that while case reports have diverse writing styles,
they consistently maintain disease-specific language patterns
(CD and UC), while at the same time reflecting changes in
treatment methods and concepts over time. This dual pattern
of stability and plasticity has not been clearly demonstrated in
previous IBD-related text mining studies.

In recent years, studies using ML have begun to appear in
internal medicine journals [31], reflecting growing interest
in data-driven approaches. This study’s methodological
framework offers a practical approach for monitoring
long-term scientific trends, identifying emerging clinical
challenges, and supporting literature surveillance in rapidly
advancing fields. Although limited by its reliance on PubMed
data and abstract-level information, the approach remains
robust, reproducible, and adaptable to other chronic diseases.
Nevertheless, the findings of this study should be interpreted
considering several limitations.

This study has several limitations. First, the data used
was only from PubMed, so case reports published in region-
specific journals may not be included. Second, all case reports
were given the same weight regardless of their quality or
number of cases, so ambiguous diagnoses may have affected
the classification of topics. Furthermore, only paper titles,
key words, and abstracts were analyzed, and detailed clinical
information was not included. It would be desirable to utilize
full-text data in the future.

CONCLUSIONS

This study applied NLP and unsupervised ML to
systematically characterize research themes in PubMed-
indexed case reports on IBD. The results revealed stable
diagnostic structures alongside distinct era-specific shifts.
By consistently identifying two core topics corresponding
to CD and UC, the analysis highlights how linguistic
patterns in clinical reporting have preserved disease

fundamentals while reflecting major therapeutic milestones,
from pathologycentered descriptions in the 1960s-1980s, to
diagnosis, and treatment-oriented terminology in the 1990s, to
biologic-driven advances in the 2000s, and the diversification
of targeted therapies and complication management after 2010.
These findings show that large-scale text mining can uncover
transitions that parallel the real-world evolution of IBD care.
Future work incorporating full-text data and broader databases
may further enhance precision, enabling more comprehensive
assessments of how clinical language evolves alongside medical
innovation.
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