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Abstract: In the rapidly evolving landscape of cancer drug research, cellular lines serve as invaluable
tools for understanding drug-sensitive and drug-resistant tumors. The computational representation
of cellular lines is usually based on genomic profiling, even though this method cannot be applied
in a large scale. This study introduces a novel approach to the computational representation of
cellular lines using text mining techniques. By meticulously extracting and analyzing textual data
from the scientific literature, we developed a computational representation of these cellular lines.
Our methodology encompassed advanced Natural Language Processing (NLP) for text extraction
and machine learning models for predictive analysis. We achieved a comprehensive description
of each cellular line. To validate our findings, we generated a distance matrix for all cellular lines,
leading to the construction of a dendrogram representing cellular line relationships. This dendrogram
shows a resemblance with the established cell line ontology from CLO. Our results bridge the gap
between cellular line representation and text mining, offering a robust computational model that can
significantly impact cancer drug research.

Keywords: text mining; natural language processing; predictive modeling; machine learning; cellular
line representation; drug response prediction; personalized medicine

1. Introduction

Cellular lines are indispensable tools in cancer research. These in-vitro models offer
a controlled environment to study the biology of cancer cells, test potential therapeutic
agents, and understand drug resistance mechanisms. Cellular lines have been instrumental
in elucidating the molecular pathways of carcinogenesis and have paved the way for the
development of targeted therapies. Their significance is underscored by the vast body
of scientific literature dedicated to their study, emphasizing their role in advancing our
understanding of cancer and its treatment.

The drug discovery process can be leveraged by Artificial Intelligence [1]. Furthermore,
Al fosters the emergence of Computational Precision Medicine, allowing the design of
therapies tailored to individual patients’ physiology, disease features, and environmental
exposures [2]. The combination of Al with big data and advanced computing has the
potential to revolutionize evidence-based, personalized medicine, making treatments more
efficient and tailored to individual needs [3].

As the volume of data related to cellular lines continues to grow, there is an increasing
need for efficient computational representation to manage and analyze this information.
Text mining, a subset of data mining, offers a promising solution. By extracting valuable
insights from vast amounts of textual data, text mining can help researchers identify
patterns, trends, and relationships that might otherwise go unnoticed [4]. In the context of
cellular lines, text mining can facilitate the identification of novel drug targets, elucidate
mechanisms of drug resistance, and streamline the drug discovery process.
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Despite the wealth of information available on cellular lines, there remains a gap in
the systematic computational representation of these data.

This research aims to present a comprehensive computational representation of cellular
lines. Our aims are to: (1) extract relevant information from textual data sources related to
cellular lines, (2) develop a computational model that captures the intricacies of cellular
line data, and (3) validate the relevance of the extracted information in the context of cancer
drug research.

2. Motivation

The computational representation of cellular lines has been a topic of interest in the
scientific community in the last 15 years. However, there is no consensus on the most
effective method for achieving this representation. The most prevalent technique employed
to date is genomic representation. Though this approach offers valuable insights into
the genetic makeup of cellular lines, it falls short of providing a comprehensive view.
For instance, a study by Li et al. found that established cell lines are generally a poor
representation of primary tumor biology, indicating that genomic representation might not
capture the full spectrum of cellular characteristics [5]. Genomic representation primarily
focuses on the genetic sequences and variations, often overlooking other crucial aspects
such as cellular behaviors, interactions, and responses to various treatments.

In contrast, other domains within bioinformatics have witnessed significant advance-
ments through the integration of text mining techniques. Text mining has been employed
to explore publication trends in various biomedical areas, facilitating the discovery of new
insights and relationships [6]. Domains such as proteomics, genomics, and systems biology
have successfully employed text mining to uncover patterns, trends, and relationships,
leading to novel insights and a deeper understanding of complex biological systems. Ki-
tano discussed the integration of mathematical modeling, molecular interaction networks,
and cellular structure physics, suggesting that achieving computational models predicting
cellular system behaviors is increasingly feasible [7]. Yun et al. combined text mining
with gene expression analysis to reveal a relationship between a specific molecule and the
invasiveness of a glioblastoma cell line [6].

Thus, given the successes of text mining in these domains, it presents a compelling
unaddressed approach for its application in the computational representation of cellular
lines. By leveraging text mining, there is potential to extract a more holistic and nuanced
understanding of cellular lines, bridging the gap left by genomic representation and offering
a more comprehensive view of cellular dynamics and characteristics.

3. Materials and Methods

In our research, we employed a systematic methodology to achieve a comprehen-
sive representation of cellular lines. Our data sources were the Cellosaurus database and
PubMed, from which relevant information on cellular lines was extracted. To process
these data, we utilized text mining techniques, specifically Term Frequency-Inverse Docu-
ment Frequency (TF-IDF) and Support Vector Domain Description (SVDD). Following the
extraction of features, we computed similarities between cell lines based on their SVDD
representations. This facilitated the construction of a dendrogram, providing a hierarchical
representation that elucidates the relationships between various cell lines. This structured
approach ensured both the depth and breadth of our analysis, leading to meaningful
insights into cellular line representations. Our methodology is represented in Figure 1.
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Figure 1. Methodology for data extraction and representation.

3.1. Data Sources

The data for this research were sourced from two major databases. The list of cellular
lines was extracted from Cellosaurus, a comprehensive cell line database that presents a
large collection of cell line names and their synonyms [8]. For the descriptions of these
cellular lines, we turned to PubMed, a database of scientific papers in the biomedical
domain [9]. In PubMed, we searched for all the papers that refer to all known names and
synonyms of cellular lines.

In our research, the Cellosaurus database was pivotal in providing both the primary
names and associated synonyms of cellular lines. Upon extraction, all synonyms for a
given cellular line were consolidated into a unified list. This ensured that any mention
of the cellular line, regardless of the specific name or synonym used, could be identified
and processed. Recognizing the variability in naming conventions, we consolidated all
synonyms for each cellular line into a unified list. During data extraction from sources
like PubMed, this list ensured the comprehensive capture of relevant data, regardless of
naming variations. All synonyms underwent normalization to a standard format, remov-
ing discrepancies like special characters or capitalization differences. By systematically
managing and incorporating these synonyms, we ensured thorough and accurate data
extraction, capturing the entirety of available knowledge on the studied cellular lines. This
approach was taken aiming to capture a broad spectrum of the literature, encompassing
most cellular lines and their descriptions. In Figure 2, we can see an example for a query
using the PubMed API. Our corpus comprises 266,790 papers from 21,844 cell lines.

for index, row in df_queries.iterrows():
try:
string_search = Entrez.read{Entrez.esearch(db="pubmed”, term=row[ query’]
D i OR 0R “cellular 3
time.sleep(l)

pubmed_ids = [int{id) for id in string_search[ IdList"]]
paper_id_1

" : pubmed_ids, “mum_ids': len({pubmed_ids)})

except Exception as e:

error_paper_id list.append({{ cell line’ ubmed ids®: [ mm ids®:

Figure 2. An example of a query using the PubMed APIL.

3.2. Text Mining Techniques

After extracting abstracts related to cell lines from PubMed, we utilized the Term
Frequency-Inverse Document Frequency (TF-IDF) method to transform each abstract into
a numerical vector, as depicted in Figure 3. The selection of the TF-IDF method for
our research was driven by its ability to efficiently evaluate the importance of words
within text descriptions relative to their frequency across multiple documents. TF-IDF
not only emphasizes the relevance and significance of terms, but also offers scalability
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and dimensionality reduction. This ensures that the most pertinent terms are highlighted,
filtering out common terms and focusing on those that are truly significant, especially given
the extensive data sourced from databases like PubMed.

aa aaa aaaf aaatcaatatt aab aabcl aac aacocf aacr aacrjourn .. zymosan zynaxi zyx zyxin zz zzr zzui zzZUneui

0 00 00 00 0.0 00 0.0 00 00 00 0.0 .. 0.0 00 00 00 00 00 00 0.0

1 00 00 00 00 00 00 00 00 00 00 .. 0.0 00 00 00 00 00 00 0.0

2 00 00 00 00 00 00 00 00 00 0.0 .. 0.0 00 00 00 00 00 00 0.0

3 00 00 00 00 00 0.0 0.0 00 00 0.0 .. 0.0 00 00 00 00 00 00 0.0

4 00 00 00 00 00 0.0 00 00 00 00 .. 0.0 00 00 00 00 00 00 0.0
266,787 00 00 00 00 00 00 00 00 00 0.0 .. 0.0 00 00 00 00 00 00 0.0
266,788 00 00 00 00 00 00 0.0 00 00 0.0 .. 0.0 00 00 00 00 00 00 0.0
266,789 00 00 00 00 00 0.0 00 00 00 00 .. 0.0 00 00 00 00 00 00 0.0

Figure 3. Textual data are transformed into numerical data using TF-IDF. Every row corresponds to a
single abstract.

Following this, the Support Vector Domain Description (SVDD) technique was applied
to encapsulate the abstract instances into a unified computational representation for each
cell line. Unlike traditional support vector machines, SVDD creates boundaries around
data points in high-dimensional spaces, representing each cellular line as a distinct sphere,
visualized in Figure 4. SVDD is a technique that allows for the creation of a boundary
around data points in a high-dimensional space. By using SVDD, we were able to obtain a
singular, comprehensive description for each cellular line. The synergy of TF-IDF and SVDD
provided a robust methodology, delivering comprehensive insights into cellular lines.

cell_line center radius
0 CVCL_0028 [0.00251791017518784, 0.007314898799435672, -0 0.086173
CWVCL_0080 [0.019450449413684838, 0.013177261231692031, - 0.054771

CVCL_0081 [-0.00948665032411371, 0.0279376856571742012, 0.  0.046550
CVCL_0082 [0.023437824045063443, 0.006965141811858809, 0. 0.038501
CVCL_0107  [0.005348316471685562, 0.01594712288027022, 0.... 0.098690

B oG R =

9243 CWVCL_Z758 [-0.007880641290201352, -0.0014381966014572116. 0.897165
9244 CVCL_ZZ59 [-0.007880641290901352, -0.0014381966014572116 0.897165
9245 CVCL_ZZE0 [-0.007880641290901363, -0.0014381966014572116 0.897165
9246 CVCL_ZZ61 [-0.007880641290901363, -0.0014361966014572116._.  0.897165
9247 CVCL_ZZ70 [-0.0037931607355641476, -0.008175344523148489 0.892744

Figure 4. Cell line spherical representation.

4. Results
4.1. Cell Line Hierarchy

Upon successfully acquiring the spherical representations of the cell lines, we pro-
ceeded to quantitatively assess the inter-relations between these spheres. This was achieved
by calculating the distances between each spherical representation, providing a metric to
gauge their relative proximities and distinctions.

The resulting distance metrics facilitated the construction of a hierarchical representa-
tion of the cell lines. Intriguingly, this derived hierarchy exhibited a striking resemblance
to the established Cell Line Ontology. Such an alignment underscores the potential of our
methodology to naturally capture and reflect the intrinsic classifications and relationships
inherent to cellular lines within recognized biological frameworks. We employed the
scipy.cluster.hierarchy library in Python. This library provided the necessary tools
for hierarchical clustering, enabling us to create the dendrogram based on the computed
distances between cellular lines, ensuring both precision and reproducibility in our repre-
sentation. We obtained a dendogram for showing the relations between cell lines, shown in
Figure 5. The different colors in the figure represent clusters of cellular lines.



Eng. Proc. 2023, 47,13

50f6

Dendrogram

-

Distance

Subjects

Figure 5. Cell line hierarchical representation.

4.2. Discussion

The computational representation of cellular lines, as visualized through spheres in a
hyperspace, provided profound insights into the inherent relationships and distinctions
among various cellular lines. By quantifying the distances between these spheres, we
were able to discern patterns and clusters, indicating groups of cellular lines with similar
characteristics and behaviors. This spatial representation not only facilitated a deeper
understanding of the cellular lines in isolation, but also in relation to one another, high-
lighting potential synergies and differences that might not be evident through traditional
analytical methods.

Our findings have significant ramifications for drug testing. The ability to computa-
tionally represent and compare cellular lines provides a foundation for predicting their
responses to various drugs. By understanding the inherent characteristics of a cellular line,
researchers can potentially forecast its reaction to a specific therapeutic agent, streamlining
the drug testing process. This could lead to more efficient drug trials, as compounds can
be tested on cellular lines that are computationally predicted to be responsive, thereby
reducing the number of ineffective trials and accelerating the discovery of potent drugs.

Though our methodology and findings are promising, they are not without limitations.
The reliance on textual abstracts from the PubMed library means that our data are only
as comprehensive as the abstracts themselves. Important details and nuances present in
the full text of articles might be overlooked. Additionally, the dynamic nature of scientific
research means that new findings are continuously emerging, and our representation might
not capture the very latest advancements in the field.

Our research represents a significant step forward in the computational representation
of cellular lines and offers a foundation for future studies in this domain. By bridging the
gap between textual data and computational analysis, we hope to drive advancements in
drug testing and personalized medicine, ultimately benefiting patients and the broader
medical community.

5. Conclusions and Future Work

Our research demonstrates that text mining is not only feasible, but also effective
in deriving a computational representation of cellular lines. The techniques employed
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allowed for the extraction, processing, and representation of vast amounts of textual data
related to cellular lines.

The similarity between the derived hierarchy from our text mining approach and the
Cell Line Ontology underscores the validity of our methodology. It suggests that text-based
data, when processed appropriately, can yield representations that are in alignment with
established biological classifications.

As the demand for analyzing vast sources of text continues to grow, text mining
applications are poised to play an increasingly pivotal role in biomedicine. Future work can
improve the presented methodology, exploring additional text mining tools and techniques
that can enhance the accuracy and depth of the extracted information.
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Abbreviations

The following abbreviations are used in this manuscript:

NLP Natural Language Processing

CLO Cell Line Ontology

TF-IDF  Term Frequency-Inverse Document Frequency
SVDD  Support Vector Domain Description
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