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SUMMARY

Text mining was utilized to improve personalized tyrosine kinase inhibitor (TKI) therapy
selection for chronic myeloid leukemia (CML) patients and identify long-term adverse
events for which regular surveillance is recommended. TKI therapy remains the gold
standard of current treatment and has greatly improved patient survival and outcome.
However, the adverse events and side effects associated with TKIs negatively impact
patient quality of life and therapy compliance. Because many patients must take TKIs
indefinitely, understanding the long-term adverse event profile is critical for optimal
clinical management. Given many TKI are relatively new, the long-term adverse event
profiles are not yet fully understood. Text mining methods such as bag-of-words, k-means
clustering, cross-domain literature-based discovery, and literature meta-analysis were
conducted to predict and quantify the most relevant adverse events. Three tiers of predicted
adverse events were quantified through statistical analysis and machine learning. Tier 1
adverse events (top 1% of predictions) constituted hematological, glucose-related, iron-
related, cardiovascular, and thyroid-related adverse events from TKI therapy. Tier 2
adverse events (top 5% of predictions) constituted kidney and inflammation related adverse
events. Tier 3 adverse events (top 10% of predictions) constituted gastrointestinal
neuromuscular, or other adverse events like secondary malignancies. Based on study
results, tier 1 conditions were recommended for regular surveillance; tier 2 for periodic
surveillance with periodicity based on patient history; tier 3 for surveillance as a function
of symptoms present. These insights provide a more proactive approach for optimal CML

management and personalized TKI selection.



CHAPTER 1. BACKGROUND

1.1 Text Mining & Personalized Medicine

Personalized medicine is the form of medicine that uses specific information about
one's unique characteristics to make improved treatment decisions [1]. There is a plethora
of literature to help distinguish important details of various diseases towards personalized
medicine. For example, a simple PubMed query for common diseases like "diabetes
mellitus" or "cardiovascular disease" returns hundreds of thousands of journal articles.
Although there are plenty of articles to help improve one's understanding of various
concepts, this abundance may cause difficulty in making important connections within the
literature, which are relevant to optimal personalized patient management. Due to its
inherently specialized and narrow focus, biomedical research unintentionally obstructs the
establishment of relationships between the findings of different biomedical sub-fields [2].
In addition to literature, there are other data sources that provide valuable insight for
improving outcomes in personalized medicine. For instance, patient medical records,
standardized clinical data, administrative data (from hospitals, insurance companies, and
pharmacies), and self-reported comments from individual patients all have the potential to
be useful inputs. With such an enormous amount of available information, staying up to
date with all new discoveries and theories in biomedical research has never been so
demanding. Within the treasure trove of biomedical literature is a wealth of important

information that has yet to be encapsulated into actionable insight [3].

Text mining is the discovery and extraction of interesting, non-trivial knowledge

from free or unstructured text [4]. Similar to extracting insight from structured sources like



databases via data mining, text mining deals with the processing of inherently unstructured
and vague textual data. The applications of text mining have recently garnered interest in
the biomedical domain to help alleviate the challenges associated with the profuse amount
of available textual information. The overarching goal of biomedical text mining is to allow
researchers to identify needed information more efficiently, uncover relationships obscured
by the sheer volume of available information, and shift the burden of information overload
from the human researcher to the computer. Text mining provides valuable and actionable
insight for biomedical researcher and clinicians by applying algorithmic, statistical and
data management methods to the vast amount of published literature and free text fields of

biomedical databases [2].

1.2 Examples of Text Mining Methodology

The general framework of text mining consists of two components: text refining and
knowledge distillation [5]. Text refining deals with the transformation of the unstructured
text into a more organized and suitable intermediate form. Knowledge distillation then
processes this intermediate form to deduce patterns or knowledge. There are three main
text mining approaches that are prevalent in the biomedical domain: co-occurrence-based
approaches, rule/knowledge-based approaches, and statistical/machine-learning-based

approaches [6].

Co-occurrence-based approaches evaluate the frequency of words that occur in a
unit of text, such as a document or an abstract. The central idea of this approach is that if
there are multiple concepts that frequently appear in a unit of text, this suggests there is

some relationship between these co-occurring concepts. Although more error-prone than



knowledge-based and machine-learning-based approaches, co-occurrence-based
approaches are often used as a baseline due to their simplicity and low computational
expense [7]. One of the most popular co-occurrence-based approaches is the bag-of-words
model. This model creates a vector representation of the document where each element

denotes the normalized number of occurrences of a basis term in the document [8]

Knowledge-based approaches make use of a domain's pre-existing knowledge.
There is a wide variety of knowledge-based approaches that range from abstract to
concrete. On the one hand, linguistic and semantic analyses of the text can be used to
substantiate a wide range of hypothetical relationships between specific concepts. On the
other hand, there can be a hard-coded set of rules -- for instance, (gene) plays a role in
(disease), or (treatment) is associated with (disease) -- to investigate concepts of domain
researcher interest [6]. A convenient way to visualize such sets of rules is via a knowledge
graph. In a knowledge graph, the nodes represent biomedical concepts (e.g., particular gene

or disease) and the edges represent the predication between the nodes (e.g., treats, inhibits).

Machine learning-based systems construct classifiers that can be applied to various
parts of textual data, from labeling parts of speech to classifying the findings of a document.
These systems are used in conjunction with knowledge-based approaches to quantitatively
shape the researcher's assertions. A particular instance of the combination of these two
approaches is link prediction. Link prediction refers to the discovery of associations
between nodes that are not directly connected in a network, such as a knowledge graph [9].
It does so by estimating the probability that an edge exists between two nodes based on the

observation of existing edges. A common example of link prediction in practice is when



an online social network such as Facebook or Twitter suggests friends based on one's

profile.

1.3 Leukemia & Clinical Context

Mayo Clinic defines leukemia as the cancer of the body's blood-forming tissues,
including the bone marrow and the lymphatic system. There are four main types of
leukemia: acute myeloid leukemia, acute lymphocytic leukemia, chronic myeloid
leukemia, chronic lymphocytic leukemia. Each type can be distinguished by the type of
white blood cell affected (lymphoid vs. myeloid) as well as the characteristics of the disease
(acute vs. chronic) [10]. In acute leukemias, the cancer develops from immature cells
known as precursor cells or stem cells. In chronic leukemias however, the leukemia cells
come from mature, abnormal cells. Myeloid leukemias, also known as myelogenous
leukemias, develops from myeloid cells, and lymphocytic leukemias develop from cells
called lymphoblasts or lymphocytes in the blood marrow. Although all four types are

classified as leukemia, each type is unique is its etiology and treatment.

In this work, it is hypothesized that text mining can identify and predict long-term
adverse event profiles for specific leukemia treatments. For example, in chronic myeloid
leukemia (CML), there are relatively few clinical studies available that have examined
long-term adverse events with tyrosine kinase inhibitor (TKI) therapy. However, text
mining cross-domain literature relationships can identify adverse events that should be
monitored or considered when matching a specific TKI option to a patient’s medical history
and lifestyle. Thus, in this case study, text mining provides actionable insight for improving

long-term surveillance of CML patients on TKI therapy.



CHAPTER 2. INTRODUCTION

Preface: The work presented in Chapters 2-6 comprise a journal article in preparation
that is based on the presented work. I, Armon Varmeziar, will be co-first author of the
corresponding journal article. The remaining full author list has yet to be finalized at the
time of this writing. Nonetheless, | want to acknowledge here project team members that
directly assisted me, including Nidhi Mehra (the other co-first author), Rachel Fisher,

Olivia Kronick, Xinyu Chen, and Dr. Cassie S. Mitchell.

Chronic myeloid leukemia (CML) is an uncommon type of cancer in the bone
marrow that targets early myeloid cells. It results in an increase of impartially mature cells
that offsets normal myeloid cells. Comprising approximately 15\% of all leukemias, CML
is cytogenetically characterized by the presence of the Philadelphia (Ph+) chromosome.
Ph+ results from the fusion of the Abelson (ABL) tyrosine kinase gene of chromosome 9
and the breakpoint cluster (BCR) gene at chromosome 22. Chronic myeloid leukemia has
an estimated 9,110 new cases and 1,220 new deaths in 2021 [11]. While CML is most
frequently diagnosed among adults aged 65-74, more cases of pediatric, adolescent, or

young adult CML has increased in recent years [12].

The advent of BCR-ABL-targeting tyrosine kinase inhibitors (TKI) as a therapeutic
for CML has substantially improved patient outcomes [13, 14]. Currently, five TKIs are
widely approved for CML treatment: imatinib, dasatinib, nilotinib, bosutinib, and
ponotanib. Nowadays, patients with CML boast a life expectancy that is similar to that of
the general population. As a result of this improved life expectancy, the goals of CML
treatment are beginning to shift from short-term disease management towards long-term
expectations and quality of life [15]. Namely, treatments aim to achieve deep molecular

response, where blood levels of BCR ABL transcript measured via PCR are less than or



equal to 0.01% on the International Scale (IS), which is equivalent to a 4-log reduction in
BCR ABL transcript with < 1:10,000 of measured transcripts still possessing the mutation
[16]. Obtaining and maintaining a deep molecular response with ongoing TKI therapy

makes CML more analogous to treating a chronic condition.

More recently, the possibility of treatment-free remission (TFR) has been a goal.
TFR is where patients with a deep molecular response cease to take TKI therapy if they
meet specific criteria. In the United States, the most successful guidelines for TFR patient
selection include those CML patients who meet all the following criteria: patients who did
not have a high Sokal score at initial diagnosis, never progressed past chronic phase, did
not possess TKI resistant mutations, have been on TKI therapy for 8 years, and have had a
deep molecular response for more than 2 years at the time of TFR trial initiation [17].
Several trials have commenced to assess relapse rates in patients who undergo TFR,
including but not limited to the French STIM trial [18], the TWISTER study in Australia
[19], the EURO-SKI study [20], the ENESTfreedom study [21], ENESTop study [22], and
the DASFREE study [23].

Unfortunately, not all patients many patients who attempt TFR relapse, with the
majority relapsing within 6 months; based on the many TFR studies somewhere between
40-60% of patients ultimately relapse and a required to resume TKI therapy [24].
Moreover, TKIs are not considered safe to use during pregnancy; thus, CML female
patients of child-bearing age must make the difficult decision to stop therapy and risk
relapse before the birth of their child [25]. Thus, based on current TKI therapies and
corresponding clinical evidence, the majority of CML patients at this time require TKI
therapy indefinitely. Obtaining and maintaining a deep molecular response with ongoing

TKI therapy makes CML more analogous to treating a chronic condition.



While TKIs have been very effective, these powerful drugs are certainly not benign.
Due to the ubiquitous nature of the drugs’ targets in the body, there is a litany of adverse
events (AEs) or side events associated with TKI usage [26]. Studies have shown
cardiovascular, musculoskeletal, and gastrointestinal disorders associated with TKI
therapy [27] [23] [28]. With such chronic utilization, these undesired effects can negatively
impact patient quality of life of a patient. Poor quality of life can result in decreased patient
TKI compliance, which may lead to drug resistance [29] [30] [31]. In summary, there are
a number of patients, which must remain on TKI therapy for a long period of time, if not
indefinitely. Thus, understanding the long-term adverse events or side effects is critical for
patient management, including patient monitoring, selection of the optimal TKI given the

patient’s medical history, and for improving future, more targeted TKI therapies [28].

Since TKI therapy is a relatively new treatment, there are limited studies of its long-
term effects. CML is also a relatively uncommon leukemia, resulting in limited clinical
cohort studies on the less common AEs associated with TKI therapy. The applications of
text mining and machine learning pose an innovative opportunity to circumvent the
challenges associated with the lack of large-scale studies across underexplored physiology.
SemNet, for instance, is a literature-based discovery tool that uses text mining to extract
relationships from millions of indexed abstracts in the PubMed database [32] [33]. SemNet

can extract relationships to reveal cross-domain connections in the scientific literature.

The central objective of this study was to utilize innovative text mining techniques
to identify cross-domain literature relationships of physiology impacted by tyrosine kinase.
The text mining techniques are performed to identify and rank adverse events relevant to
TKI therapy for CML. A follow-up meta-analysis is conducted on a subset of predicted
hematological AEs to quantitatively assess text mining predictions as a form of validation.
An outline of this study’s research process is shown in Figure 1. The benefits gained from

uncovering connections are threefold: 1) knowing what long-term AEs are most probable



assists in patient follow-up care by suggesting prophylactic testing to identify and treat AEs
as early as possible; 2) further understanding and improving the design of TKIs so that
their AEs can be attenuated or even eliminated; 3) improving personalized medicine for
optimal TKI selection by considering a patient’s medical history/antecedent disease,
genetic predispositions, and lifestyle, as well as considering drug-specific TKI AEs, when

selecting a TKI therapy.



CHAPTER 3. METHODOLOGY

The overall goal of this work was to use innovative text mining to identify and rank
potential adverse events (AEs) or side effects due to long-term TKI therapy in CML
patients. Methods consisted of three major four analyses: 1) Preliminary cluster analysis to
connect adverse events to specific TKI drug types based on text mining of CML-specific
literature; 2) Literature based discovery simulations with SemNet to examine highly ranked
cross-domain relationships connected to tyrosine kinase physiology using a knowledge
graph consisting of over 30+ million PubMed articles; 3) Quantitative meta-analysis with
real CML TKI clinical data to validate a subset of text mined predictions for which there

was sufficient existing quantitative clinical data.

3.1 Cluster Analysis of TKI-Specific Adverse Events

Peer-reviewed CML journal articles in PubMed were extracted to assess the
statistical associations between highly occurring adverse events and specific TKI drugs
(imatinib, nilotinib, dasatinib, bosutinib, ponotinib) based on the presence of specific terms
in a document (a specific journal article) and the overall corpus (all included CML articles).
After conducting a PubMed search using the query ‘CML AND side effects OR adverse
events’, 2575 abstracts were retrieved. The abstracts were parsed, common stop words (a,
an, the, but, etc.) and punctuation removed, tokenized, lemmatized, and cleaned in Python
using the Natural Language Toolkit library. A bag-of-words technique [34] was used to
vectorize abstracts and transform them into a term frequency-inverse document frequency
(TF-IDF) matrix. TF-IDF calculates how relevant a word is in a corpus. The meaning of

TF-IDF increases proportionally to the number of times in the text a word appears but is



compensated by the word frequency in the corpus. The TF-IDF matrix for thi study had
dimensions of (2575, 1621). Thus, 1621 terms occurring in between 1% and 85% of the
abstracts were included for analysis. Note that only abstracts were processed for inclusion,
rather than the entire journal article, in order to reduce bias from repetitive or less relevant

text in sections of an article not specific to that study’s results.

K-means clustering [35] was used as to showcase the distinct adverse event and
side effect profiles associated with specific TKIs used to treat CML. The TF-IDF matrix
was used as the input for k-means clustering, which was implemented using Scikit-learn in
Python. The data was reduced to 50 components using TruncatedSVD [36]. Finally, t-
Distributed Stochastic Neighbor Embedding (t-SNE) was used to further reduce the

dimensionality for 2D visualization [36].

After examining the top 200 terms with the highest term frequency in-verse
document frequency (TF-IDF) scores in each cluster, clusters 4, 7, 8, 10, and 16 were
identified to be relevant to specific TKIs and their associated undesired effects. A list of n
terms related to AEs and toxicity was identified from visually inspecting the
aforementioned terms in each of the five clusters. The highest frequency of occurrence for
each term in the clusters was noted to identify specific adverse event profiles associated
with each of the TKIs. For each of these clusters, fold differences were calculated for each
term to compare its frequency within the cluster to its frequency within the corpus of
abstracts. Pairwise Chi-Square tests were used to determine whether each of the five
clusters identified were significantly different from each other. A family-wise alpha of 0.05
was utilized, and a Bonferroni correction for multiple comparisons was used to lower the

threshold for statistical significance to prevent a Type | error.

10



3.2  SemNet Simulation of Cross-Domain Conditions linked to Tyrosine Kinase

The TKI-specific clusters from the bag-of-word analysis of peer-reviewed CML
journal article abstracts are helpful for assessing known drug-specific TKI AEs. However,
to assess potential long-term AEs that may not have been yet measured in mentioned in
CML literature, a different approach is needed. One way to assess distant interconnected
relationships across domains is to utilize a knowledge graph. A knowledge graph uses
extracted text relationships to create a flowchart of connections. A scientist or clinician can
typically deduce connections that are a few connections away from the target or disease of
interest if those connections fall within their domain specialty. However, more distant
cross-domain relationships or relationships simply further from the target are much more
difficult to deduce. Machine learning algorithms can be used to rank relationships within a
large knowledge graph to one or more targets of interest. Here, we utilized the SemNet
software for this purpose [32]. This study used the original SemNet software given work
was completed before the release of SemNet 2 [33]. Two types of knowledge graph text
mining were performed: the standard unsupervised rank aggregation algorithm of SemNet
to assess published relationships in the knowledge graph [32] and a link prediction module
to assess predicted unpublished relationships [37]. Relationships predicted as important
suggest possible conditions that should be monitored as part of long-term AEs with TKI

therapy. Figure 1 illustrates the knowledge graph pipeline utilized in this work.
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Figure 1. Overview of cross-domain text mining relationships extracted from peer-reviewed articles in
PubMed and connected into a knowledge graph. Subject-object-predicate triples are extracted from the text
of journal article, which relate two or more nodes or “concepts” of interest. The knowledge graph ontology
is specified by the Unified Medical Language System (UMLS). Example node types include pharmacological
substance, gene or genome, neoplastic process, organic chemical, cell component and amino acid/ protein.

s s

Predication types include “interacts”, “associated”, “part of”, “treats”, “inhibits”, “stimulates”, “causes”, and
“is a”. The open source Python-based biomedical literature based discovery software, SemNet [32], was used
to identify rank relationships between possible adverse events or side effects due to tyrosine kinase
inhibition. A standard SemNet simulation was used to rank published relationships connecting undesired
conditions to tyrosine kinase. A natural language processing (NLP) link prediction algorithm [37] was used
in combination with SemNet to identify relationships that are not explicitly in the knowledge graph. Rather,
link prediction uses existing published relationships in the knowledge graph to predict novel relationships,
which are either unpublished or, minimally, do not exist in the graph. Results are then synthesized and
ranked to suggest adverse events or side effects that should be carefully and prophylactically monitored as
part of a long-term TKI therapy

3.2.1 Initial examination of highest rank nodes to CML and tyrosine kinase

SemNet is a semantic inference network and biomedical concept graph that uses
unsupervised ranking algorithms to reveal hidden connections from PubMed’s nearly 30
million indexed abstracts [32][33]. A user can run a simulation for a particular node of
interest, which is specified as the “target node”, for which SemNet will search the
knowledge graph and return a list of “source nodes” that are connected to the target node(s).
Each connection has both a predication type that represents the association between the
two nodes, as well as a magnitude that represents the prevalence of the connection within
the PubMed literature. Each node has a particular node type to help the user methodically
filter for desired source nodes. For instance, if a user wanted to examine all the published
genetic factors involved in chronic myeloid leukemia, they could run a simulation with a
target node of “chronic myeloid leukemia” and filter the resulting source nodes for the

“gene or genome (GNGM)” node type.

SemNet Simulations were utilized to examine diseases and therapeutic substances

that might be associated with TKI therapy for CML. The simulation parameters were set

12



to filter for two particular node types in the knowledge graph: Diseases or Syndromes
(DSYN) and Therapeutic or Preventive Procedure (TOPP). These parameters were
specified to focus on any immediate diseases or therapeutic substances within one
connection of the specified target node: CML. After the simulation was ran, a
comprehensive list of 308 treatments and diseases related to CML were retrieved. The list
was subsequently analyzed to look for existing trends or novel relationships derived from
the current literature. The results of this simulation identified conditions of interest,
including node types from Amino Acid Peptide or Protein (AAPP), Biologically Active
Substance (BACS), Disease or Syndrome (DSYN), Gene or Genome (GNGM), and
Pharmacologic Substance (PHSU). HeteSim scores were utilized to rank conditions that

were of most importance to CML and tyrosine kinase.

Largely due to the inclusion of the CML node as a target, predominantly
hematological conditions were returned as the highest ranked related nodes. Those
especially featured included: aplastic anemia, anemia, neutropenia, pancytopenia,
thrombocytopenia and the more general node, myelosuppression. These nodes were
utilized as inputs into more specific link prediction cross-domain simulations to identify
potentially underrepresented but very relevant conditions for which long-term TKI therapy

may cause or exacerbate.

3.2.2 Link prediction of distant or less published connections to tyrosine kinase

While SemNet is able to summarize existing connections in the knowledge graph,
it cannot predict a connection that does not already exist in the literature. Thus, another

text mining method called link prediction was used in conjunction with SemNet to predict

13



potentially novel relationships of interest between possible AEs and long-term CML TKI
therapy. An end-to-end link prediction module originally used to identify repurposed drugs
for COVID-19 [37] was adapted to predict potential AEs with long-term CML TKI
therapy. The link prediction used the following format, head node-relationship-tail node.

For example, tyrosine Kinase inhibitor-causes-myelosuppression.

A node neighborhood analysis was performed to gain a better understanding
predicted relationships and conditions of interest. A node neighborhood is defined as all
nodes connected to a specific node of interest. The objectives of this analysis include: 1)
the comparison of node neighborhoods between conditions of interest and; 2) to identify
missing nodes and edges from these neighborhoods. The node neighborhood analysis used
the 6 nodes from the initial SemNet analysis as hub nodes for making the neighborhoods:
aplastic anemia, anemia, neutropenia, pancytopenia, thrombocytopenia and the more
general node, myelosuppression. Entity prediction was used to generate a list of nodes
with a specified relationship type to the six node hubs. The included relationships were
CAUSES, PRECEDES, AUGMENTS, DISRUPTS, STIMULATES, and AFFECTS, and
included the node types were AAPP, BACS, DSYN, GNGM, PHSU). The unsupervised
graph algorithm, TranskE [37] generated a list of nodes predicted to have a relationship with
each hub node. A Neo4j query (head node-relationship-tail node) was used to construct
subgraphs around each hub node. Each output of the query was accompanied by a degree
normalized weight value, which represented the strength of the relationship between the
head and tail node. The weight values were used to prune the number of nodes included in

the neighborhood for standardization across the generated hub node neighborhoods.

14



The node neighborhood results were used to set the targets for additional SemNet
simulations for DSYN conditions associated with tyrosine kinase. These simulations
generated pairwise comparisons between mutually highly ranked nodes related to tyrosine
kinase and the hub node(s). A pictorial diagram to illustrate this concept is shown in Figure
2. To ensure that the resultant nodes were maximally informative, the baseline nodes linked
to “hematopoiesis” were removed as well as overly generic nodes, like “protein”. To enable
comparison and aggregation across hub node neighborhood simulations, the HeteSim
scores were recorded and normalized to fall between 0 and 1. Approximately the top 10%
of aggregated hub node neighborhood simulations were isolated for human-in-the-loop
validation. The top 10% were chosen on the basis of the most novelty (using the SemNet
novelty score) and relevance (using the SemNet HeteSim score). Finally, three tiers were
used to classify foci of conditions that are predicted to be relevant to long-term TKI therapy
with CML. Tier 1 included the top 1% of predicted aggregates, tier 2 the top 5% of

predicted aggregates, and tier 3 the top 10% of predicted aggregates.
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Figure 2. Conceptual overview of hub node neighborhood analysis to find more distant or less represented
connections to tyrosine kinase in the knowledge graph. The 6 leaves shown represent the hub nodes that were selected
using the initial SemNet simulations (aplastic anemia, anemia, neutropenia, pancytopenia, thrombocytopenia, and
myelosuppression) to identify high ranking conditions tied to the CML target node. Here link prediction and SemNet
simulation using the hub nodes is used to find nodes related to tyrosine kinase that could be relevant to CML patients on

long-term TKI therapy.

3.2.3 Human-in-the-loop validation of potential relevance of predicted conditions

The human-in-the-loop validation protocol published in [37] was utilized to
determine whether there was sufficient tangential literature evidence to support or refute a
predicted relationship. Recall link prediction looks for links based on suggested similar
patterns but not directly published explicit relationships. Thus, tangential evidence could
include relationships from connecting domains. For example, a predicted relationship such
as tyrosine kinase-affects-glucose may be found to be present in the diabetes literature but
not explicitly in the CML literature. Each predicted relationship was classified by a human
curator as “agrees”, “disagrees”, or “missing”. Agrees was defined as a relationship for
which sufficient literature evidence was available to make the predicted link likely.
Disagrees was defined as relationship for which sufficient literature evidence was available
to make the predicted link unlikely. Missing was defined as relationship for which there
was insufficient information to make a determination. Each relationship was reviewed by
an independent quality control team and any differences in classification label resolved

[37].
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3.3 Statistical Meta-Analysis

The text mining analyses all concurred that hematological conditions were the most
common adverse event or side effect for TKI therapy. In order to assess the prevalence and
correlation of Tyrosine Kinase Inhibitor (TKI) treatment with hematological conditions,
searches on Pub-Med.gov and ClinicalTrials.gov were performed in 2021 to discover
relevant peer-reviewed data sources for performing a cross-cohort meta-analysis. The
prevalence of each hematological condition was examined compared across specific TKI
treatments and different CML disease stages. Ultimately, sufficient data was available to
examine and compare the prevalence of anemia, neutropenia, or thrombocytopenia while
being treated with imatinib, dasatinib, nilotinib, or busutinib for chronic phase, accelerated

phase, or blast phase CML.

3.3.1 Inclusion Criteria

The key words used to search are as follows:

a. (“chronic myeloid leukemia” OR “Chronic myelogenous leukemia” OR “CML)
AND (“imatinib” OR “dasatinib” OR “nilotinib” OR “bosutinib” OR “ponatinib” OR

“asciminib” OR “radotinib” OR “ruxolitinib” OR “tipifarnib™)

b. (“chronic myeloid leukemia” OR “Chronic myelogenous leukemia” OR “CML)
AND (“Aplastic anemia” OR “anemia” OR “neutropenia” OR “thrombocytopenia” OR

“myelosuppression” OR “pancytopenia”).
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Before curation, the number of studies found were: 6 for aplastic anemia, 16 for anemia,
27 for neutropenia, 24 for thrombocytopenia, 56 for myelosuppression, and 15 for

pancytopenia.

3.3.2 Exclusion Criteria

After gathering all found literature through open access or Georgia Tech Library,
studies without one or more of the following attributes were excluded: quantitative
incidence data available, studies published in non-English language, studies not comprising
diagnosed CML patients, CML treatments that did not solely comprise the use of an
included TKI. In the case of duplicate patient populations identified in multiple peer-
reviewed academic articles (such as data published with duplicated NCT numbers), the

clinical data for the cohort was only recorded once to prevent analytical bias.

3.3.3 Data Curation and Quality Control

Data initially recorded from each study included the following: PMID (paper
dentification), number of patients under treatment, number of patients under treatment with
condition, fraction of patients with hematological adverse event, TKI type [imatinib,
dasatinib, nilotinib, bosutinib, ponatinib, asciminib, radotinib, ruxolitinib, tipifarnib], type
of hematological condition [aplastic anemia, anemia, neutropenia, thrombocytopenia,
myelosuppression, pancytopenia], grade of condition [all grades, grade 3-4], phase of CML
[chronic, accelerated, blast], and data source. Data was collected and aggregated for “all
grades” of the hematological condition. The exact source of each study was traced, and
data published with duplicated NCT numbers were excluded. Lastly, all data curated was

independently validated by a quality control team [28] [38].
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During curation, studies without relevant data relating to CML patients on TKI
treatment showing hematological conditions, along with studies that were not TKI
treatment only, were further excluded. At the end of the curation process, the number of
unique data points collected were as follows: 3 for aplastic anemia, 50 for anemia, 55 for
neutropenia, 61 for thrombocytopenia, 13 for myelosuppression, and 16 for pancytopenia.
Many studies found included data for multiple hematological conditions at the same time,
making the number of unique studies different from the number of unique data points.
Ultimately, the number of available studies and/or the aggregate sample size of patients for
myelosuppression, aplastic anemia, and pancytopenia was too small to be included in the
pairwise statistical analysis. Similarly, the number of available studies and/or the
aggregate sample size of patients taking ponatinib, asciminib, radotinib, ruxolitinib,

tipifarnib was too small to be included in the pairwise statistical analysis.

3.4 Statistics

Two statistical techniques were used in this meta-analysis: pairwise statistical analysis
and odds ratio analysis. Pairwise statistical analysis was performed to examine
hematological adverse event incidence among CML patients taking TKIls. Pairwise
comparisons were performed to examine potential significant differences in hematological
AEs as a function of specific TKI therapy. Pairwise comparisons were also performed to
examine potential significant differences in hematological AEs as a function of CML phase
(chronic, accelerated, and blast phase). The pairwise test performed determined if the
proportion of patients with the hematological AE was significantly different than the
proportion of patients who did not have the hematological AE. The family-wise alpha was

set at 0.05. However, the final p-value threshold for significance lowered using a
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Bonferroni correction to account for multiple comparisons and prevent a Type | error.
Additionally, to compare hematological conditions as a function of specific TKI therapy,
an odds ratio (OR) with 95% confidence interval was calculated using imatinib as the
control population. The objective of performing the OR test was to assess how dasatinib,
nilotinib, or bosutinib impacted the odds of getting a specific hematological AE compared
to imatinib. Imatinib was chosen as the control cohort because it is a first generation TKI

and is still viewed as the most popular first-line standard of care worldwide.
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CHAPTER 4. RESULTS

The goal of this study was to explore the unintentional adverse events or side effects
with TKI therapy and, especially, long-term TKI therapy. A secondary goal was to provide
an evidence-based framework to assist clinicians in the optimal selection of a specific TKI
based on patient medical history and to help monitor, diagnose, and treat potential AEs.
Three types of analysis are performed. First, a text mined analysis of CML TKI literature
was performed to quantify know adverse events or side effects specific to a TKI therapy.
Second, a cross-domain text mining analysis using a knowledge graph of nearly 30+
million PubMed articles was performed to assess which less represented or even
unpublished relationships are predicted to be most relevant to long-term TKI therapy.
Third, a quantitative meta-analysis was performed to quantify the prevalence of the most
common hematological conditions identified in both text mining analyses as a function

hematological AE type, TKI type, and CML disease stage.

4.1 K-means Clustering of Adverse Events in the CML and TKI literature

K-means clustering was performed to identify potential connections between adverse
events or side effects and specific TKI drugs used for CML treatment. Figure 3 depicts the
results of the k-means clustering algorithm, which was applied to 2575 CML abstracts
retrieved from a Pub-Med search query for ‘CML AND side effects OR adverse events’.
Of the thirty clusters generated, five were identified to be pertinent to tyrosine kinase
inhibitors based on the terms with high frequency within each cluster, as discussed in the
Methods section and shown in Figure 4. Cluster 4 (blue) pertains to bosutinib, cluster 7

(gold) pertains to imatinib, cluster 8 (green) pertains to ponatinib, cluster 10 (red) pertains
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to dasatinib, and cluster 16 (pink) pertains to nilotinib. In each of these clusters, named
specific TKI occurs at a drastically higher frequency than the other highly occurring terms.
To statistically analyze if each cluster was significantly different, pairwise Chi-squared
tests were conducted. The family-wise alpha was set to 0.05, and a Bonferroni correction
was applied to appropriately adjust the p-value threshold for significance for multiple
comparisons. All five clusters were significantly different from each other, as depicted in

Figure 4.
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Figure 3. Left: Visual representation of the k-means clustering output when applied to PubMed abstracts
retrieved for CML and side effects. Each point on the plot represents a distinct abstract. Gray dots are the
abstracts unrelated to TKIs. The colored dots represent the abstracts in the clusters pertaining to TKIs. Right:
Output of the k-means clustering algorithm without the unrelated abstracts.
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Figure 4. Bar chart mapping each TKI to its corresponding cluster. The color of each bar corresponds to the color of
the cluster in the scatter plot (Figure 3). Frequency of occurrence of each TKI in its related cluster is printed above each
bar. A chi-squared test was performed on clusters 4, 7, 8,
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Table 1 illustrates highly occurring terms within each of the clusters identified
using k-mean clustering. The frequency of TKIs and side effects or adverse events within
each of the resulting clusters are shown in Table 1 Panel B and Panel C, respectively. Terms
pertaining to gastrointestinal adverse events, such as “diarrhea”, “nausea”, and “vomiting”
occurred most frequently in cluster 4 (bosutinib). Terms pertaining to hematological and
dermatological adverse events, such as “edema”, “rash”, “myelosuppression”,
“hematological”, and “lesion” occurred most frequently in cluster 7 (imatinib).
Additionally, the terms “hepatitis” and “liver” also occurred most frequently in cluster 7
(imatinib). Terms such as “cardiovascular” and “vascular” occurred most frequently in
cluster 8 (ponatinib); “platelet” and “arterial” also occurred at high frequencies in cluster
8. Terms such as “pulmonary”, “pleural”, “platelet”, “hypertension”, and “arterial”
occurred at the highest frequency in cluster 10 (dasatinib). The only term to occur at the
highest frequency in cluster 16 (nilotinib) was “diabetes”; however, terms including
“cardiovascular”, “vascular”, and “arterial” also occurred at relatively higher frequencies.
Finally, terms pertaining to hematological conditions appeared frequently within all five
clusters, and thus were associated with all TKIs. “Myelosuppression” appeared in all
clusters except cluster 16 (cluster most associated with nilotinib). The term

“hematological” and “platelet” appeared within all clusters except cluster 4 (bosutinib).

“Thrombocytopenia” appeared in all clusters.
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Table 1. Color coding corresponds to colors of clusters in the cluster plot (Figure 3). Using abstracts retrieved
from a PubMed search involving CML and side effects or adverse effects, k-means clustering was performed
and clustering frequency computed. Based on the cluster frequency, the top 200 terms by term frequency -
inverse document frequency (TF-IDF) scores were examined. Clusters 4, 7, 8, 10, 16 were identified to each
pertain to a different tyrosine kinase inhibitor (TKI) therapy and its associated adverse events or side effects.
This table shows the generated cluster frequency (refers to the frequency at which a term occurs within a
given cluster) data for relevant terms in these clusters pertaining to specific TKIs.

Cluster
Cluster Term
Frequency
bosutinib 0.493
imatinib 0.053
diarrhea 0.045
nilotinib 0.027
gastrointestinal 0.017
nausea 0.016
vomiting 0.014
imatinib 0.255
gastrointestinal 0.034
stromal 0.032
liver 0.022
7 edema 0.020
lesion 0.020
platelet 0.019
hematological 0.011
cardiac 0.011
ponatinib 0.453
cardiovascular 0.051
nilotinib 0.037
vascular 0.035
bosutinib 0.034
cardiac 0.025
imatinib 0.024
dasatinib 0.023
platelet 0.021
hypertension 0.019
dasatinib 0.367
pulmonary 0.066
hypertension 0.037
imatinib 0.033
effusion 0.032
arterial 0.029
pleural 0.029
platelet 0.028
heart 0.024
retention 0.023
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vascular 0.022
gastrointestinal 0.020
pneumonia 0.012
inflammation 0.012
nilotinib 0.011
rash 0.011
nilotinib 0.346
imatinib 0.078
dasatinib 0.062
cardiovascular 0.031
16 vascular 0.025
arterial 0.024
diabetes 0.013
kidney 0.013
liver 0.013
lesion 0.013

Table 2. Color coding corresponds to colors of clusters in the cluster plot (Figure 3). The terms and clustering frequency
from Table 1 are reorganized to show frequency of appearance of each TKI type across each cluster examined. Maximum
frequency across all clusters is indicated with boldfaced text and dark border.

TKI/Cluster 7 16
bosutinib 0.003 0.034 0.007 0.004
0.255 0.024 0.033 0.078
ponatinib 0.002 0.453 0.000 0.004
dasatinib 0.009 0.023 0.367 0.062
nilotinib 0.008 0.037 0.011 0.346

Table 3. Color coding corresponds to colors of clusters in the cluster plot (Figure 3). The terms and clustering
frequency from Table 1 are reorganized to show frequency of appearance of different adverse events across
each cluster examined. Maximum frequency across all clusters is indicated with boldfaced text and dark

border.
Event 4 ‘ 8 10 16
diarrhea 0.045 0.005 0.000 0.010 0.001
gastrointestinal 0.017 0.034 0.000 0.020 0.006
nausea 0.016 0.007 0.000 0.002 0.001
vomiting 0.014 0.002 0.000 0.000 0.001
cardiovascular 0.014 0.000 0.051 0.004 0.031
pleural 0.011 0.003 0.000 0.029 0.002
effusion 0.011 0.005 0.000 0.032 0.002
pulmonary 0.009 0.001 0.000 0.066 0.002
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edema 0.004 0.020 0.000 0.001 0.006

rash 0.003 0.028 0.002 0.011 0.009

liver 0.008 0.022 0.006 0.000 0.013
platelet 0.000 0.019 0.021 0.028 0.005
myelosuppression 0.003 0.012 0.002 0.007 0.000
hepatitis 0.000 0.012 0.000 0.003 0.000
hematological 0.000 0.011 0.002 0.004 0.006
hypertension 0.000 0.000 0.019 0.037 0.003
thrombocytopenia 0.005 0.007 0.004 0.004 0.001
pneumonia 0.000 0.000 0.000 0.012 0.005
inflammation 0.000 0.007 0.000 0.012 0.002
vascular 0.004 0.002 0.035 0.022 0.025
arterial 0.000 0.000 0.021 0.029 0.024
diabetes 0.000 0.000 0.000 0.000 0.013
lesion 0.000 0.020 0.002 0.000 0.013

4.2 Initial SemNet Analysis of Relationships to CML

Initial SemNet simulations were conducted to assess which conditions were most
associated with CML and TKI therapy in a knowledge graph comprised of nearly 30+
million PubMed abstracts. With CML as the target node, and DSYN and TOPP as the
source node types, a list of 308 treatments and diseases related to CML were generated.
The two SemNet features that were examined were HeteSim score and novelty score.
HeteSim score represents the strength of the relationship to the target. The novelty score
indicates how potentially novel a connection may be. The resultant TOPP (therapeutic or
preventive procedure) source nodes yielded a list of broad procedures without specific
processes or drug names, and thus were not of interest. The resultant DSYN (disease or
syndrome) nodes were sorted by their HeteSim scores and novelty scores and compared.
The top 20 nodes by HeteSim and the top 10 nodes by novelty are shown in Figure 5. Seven

out of the top 10 resulting nodes were hematological conditions when ranked by HeteSim.
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These nodes were aplastic anemia, pancytopenia, thrombocythemia, thrombocytosis,
hematological disease, neutropenia, and myelosuppression. Similarly, 6 out of the top 10
resulting nodes were hematological conditions when ranked by novelty. These nodes were
thrombocythemia, myelosuppression, thrombocytosis, aplastic anemia, and pancytopenia.
The hematological conditions that were found to overlap in both HeteSim-ranked results
and novelty-ranked results were aplastic anemia, pancytopenia, thrombocytopenia,

neutropenia, and myelosuppression.

The k-means clustering examined only abstracts that specifically included CML
and a TKI drug, whereas SemNet examined the entire knowledge graph of cross-domain
relationships from all of PubMed. Yet, hematological conditions were frequent in both
analyses. Some of these conditions shown in Figure 5 are related to the presentation of
CML, itself (shown in purple bar), some are specific to CML patients taking TKIs (aqua),
and for some conditions, it is not clear whether the relationship can be explicitly attributed
(light blue). The grey bars in Figure 5 represent artifacts in SemNet due to the frequency
of highly occurring general nodes in the UMLS, such as “complication, infection”. These

general nodes do not add value to the analysis and thus were disregarded.
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Figure 5. Left: The top 20 highly scoring HeteSim nodes representing comorbidities or hematological adverse
conditions are shown, as identified from the SemNet simulations. A lower HeteSim score correlates to a
stronger relationship to the target, so from left to right the correlation decreases. A majority of these highest
ranking nodes are related to hematological deficiency. The color code was marked after literature search:
green, conditions observed in patients on TKIs; orange, conditions observed in CML patients on other
treatments; blue, conditions where no established relationship to CML was found; gray: conditions too broad
to be informative. Right: The top 10 highly scoring novelty nodes representing DSYN are shown, as identified
from the SemNet simulations. A higher novelty score correlates to a potentially stronger novel connection, so
from left to right the novelty decreases. A majority of these highest-ranking nodes are related to hematological
deficiency.

4.3 Prediction of Distant or Less Published Connections to Tyrosine Kinase

Initial SemNet simulations looked at relationships tied to the target node, CML.
However, the inclusion of CML as a target constrained the identification of conditions
related to tyrosine kinase pathophysiology that may not have yet been published in the
CML literature. In order to examine deeper relationships of potential importance, link
prediction [37] and node neighborhoods were utilized. Node neighborhoods were created
using six hub nodes identified from the initial CML simulation results: aplastic anemia,
anemia, neutropenia, pancytopenia, thrombocytopenia, and myelosuppression. Analysis of

mutually highly ranked nodes across the hub node neighborhoods predicted relevant
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relationships to tyrosine kinase that are not necessarily directly connected to CML in the

knowledge graph.

Cross-domain SemNet simulation results and relationship predictions were pooled
for each hub node neighborhood, and the HeteSim scores were recorded and normalized to
fall between 0 and 1. The mean occurrence rate and normalized HeteSim scores were
aggregated to determine which conditions were most likely to be relevant to long-term TKI
therapy. Foci were determined based on three tiers of aggregate rankings: tier 1
approximated the top 1%, tier 2 the approximated the top 5% and tier 3 approximated the
top 10%. Foci names were not based on UMLS but rather functional classifications that
best represented the nodes comprised. Tier 1 included: hematology condition (1), glucose
regulation (2), iron homeostasis (3), cardiovascular conditions (4), and thyroid conditions
(5). Tier 2 included inflammation (6) and kidney disorders (7). Tier 3 included
gastrointestinal disorders (8) neurological disorders (9), and other (10). “Other” denoted
conditions that ranked within the top 10% of aggregated and normalized nodes but could
not be reasonably described by a single cohesive category. A visual representation of
aggregated cross-domain text mined predictions of conditions potentially relevant to TKI

therapy are shown in Figure 6. For each foci, the three highest ranked conditions are listed.
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Figure 6. Conditions predicted to be most relevant to long-term TKI therapy based on aggregated text mined
feature importance. Predictions are based on cross-domain literature-based discovery across all of PubMed
using SemNet. A residual analysis was performed to examine the higher ranked outputted and/or intersecting
nodes from SemNet simulations examining related conditions of interest with tyrosine kinase. Rankings are
based on normalized and aggregated HeteSim feature importance scores. Tier 1 comprised approximately the
top 1% of aggregated nodes: hematological conditions (1), glucose (2), iron homeostasis (3), cardiovascular
disorders (4), and thyroid disorders (5). The second tier comprised approximately the top 5% of aggregated
nodes: inflammation (6) and kidney disorders (7). The third tier comprised approximately the top 10% of
aggregated nodes: neurological disorders (9) and other (10). “Other” was used to denote conditions that
ranked within the top 10% of aggregated and normalized related nodes but did could not be described by a
single cohesive functional category. The surveillance categories were based on the predicted importance by
tier, with tier 1 warranting regularly scheduled surveillance, tier 2 warranting periodic surveillance based on
additional factors (risk, age, symptoms, etc.), and tier 3 warranting monitoring predominantly based on the
presence of overt symptoms and/or monitoring similar to a non-TKI treated patient in an age and gender-
matched population.
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Hematologic, cardiovascular, and gastrointestinal conditions were expected to be
present based on the results of k-means clustering of frequent terms in the CML specific
literature. However, some of the other conditions identified as relevant to tyrosine kinase
in the cross-domain literature analysis were less obvious. For example, diabetes and kidney
disorders only appeared in a single k-means CML literature cluster (cluster 16, nilotinib).
Thyroid disorders, iron homeostasis and inflammation were not among the most frequent

terms in the k-means clustering of CML specific literature.

The three tiers reflect both the prevalence of conditions in the text mined foci, as
well as their predicted relevance to tyrosine kinase. As such, the assigned tier was used to
suggest the level of clinical surveillance for CML patients undergoing long-term TKI
therapy. Surveillance entails testing for the presence and degree of clinical or subclinical
conditions that are associated with or worsened by TKI therapy. Tier 1 foci are predicted
in the present analysis to prevalent and relevant enough that regularly scheduled
surveillance is likely warranted regardless of patient history. Tier 2 foci are predicted to
need periodic surveillance where the periodicity is expected to be less frequent than tier 1,
unless a patient has relevant antecedent disease or co-morbidities that increase
susceptibility to tier 2 conditions. Based on text mined predictions for prevalence and
relevance to TKI therapy, tier 3 foci likely only need tested when active and/or persistent
symptoms are present, unless a patient has relevant antecedent disease, co-morbidities, or

other factors that increase susceptibility to tier 3 conditions.
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4.4 Meta-Analysis to Quantify Anemia, Neutropenia, and Thrombocytopenia with

TKI usage

Both the k-means text mining analysis of CML abstracts and the larger cross-
domain text mining performed with SemNet showed several hematological conditions
were associated to TKI treatments for CML. TKIs are meant to reduce cancerous white
blood cells. Ironically, while myelosuppression is a known possibility for a TKI, there have
not been that many cross-cohort analyses to better quantify the prevalence and degree to
which this happens. Therefore, a statistical meta-analysis was conducted to validate the
text mining predictions and to quantitatively analyze the prevalence of hematological
conditions with TKI therapy for CML. Imatinib, dasatinib, nilotinib, and bosutinib were
the TKI therapies that had sufficient data to be included for pairwise statistical analysis.
Anemia, thrombocytopenia, and neutropenia were the hematological conditions that had

sufficient data to be included for pairwise statistical comparison.

Figure 7 illustrates the descriptive statistics of hematological adverse event
incidence as a function of hematological AE type, patient CML phase, and patient TKI
therapy. More details on the patient sample sizes and citations for the extracted data are
found in Table X. Figure 7A illustrates the percentage of patients with AE grouped by
thrombocytopenia (green hues), neutropenia (brown hues), and anemia (blue hues). The
darkest pigment intensities represent blast phase, medium pigment intensities represents
accelerated phase, and the lightest pigment intensities represent chronic phase. The mean
AE rates across all stages is: thrombocytopenia, 46.4%; neutropenia, 42.4%; anemia,
50.7%. Figure 7B illustrates the percentage of patients with AE grouped by CML stage,

with colors and pigments matching those of panel A. The mean AE rates for each AE
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grouped by CML stage is: thrombocytopenia (chronic = 30.8%, accelerated = 65.4%, blast
= 43.3%); neutropenia (chronic 27.0%, accelerated = 63.8%, blast = 36.4%); anemia
(chronic = 29.5%, accelerated = 66.9%, blast = 55.8%). Thus, accelerated phase has the
highest incidence of each hematological AE, and chronic phase has the lowest incidence
of each hematological AE. Figure 7C illustrates hematological AE incidence (all
severities) as a function of TKI therapy. The mean AE rates (includes all severities of AE
and all phases of CML) are: bosutinib, 44%; nilotinib, 47.6%, dasatinib, 57%. imatinib,
36.8%). Figure 7D illustrates severe AE (defined as stage 3 or stage 4) as a function each
TKI therapy. Insufficient data was available for bosutinib on severe AE. The mean severe

AE incidence was 26.2% for nilotinib, 22.2% for dasatinib, and 14.9% for imatinib.

34



A. % Patients with Hematological AE by Phase % Patients by Phase with Hematological AE

thrombocytopenia 65.6 blast
. 65.6
neutropenia 63.8 accelerated 63.8
66.9
55.8
anemia 66.9 chronic
0 20 40 60 80 100 0 20 40 60 80 100
C. % Patients with Hematological AE by TKI D. % Patients with Severe (grade 3/4 ) AE by TKI
v 30.7
h i - )
thrombocytopenia 62.2 thrombocytopenia 23.8
37.2 13.8
141 Bbosutinib
. 14.1 325
neutropenia 51.2 Onilotinib neutropenia 20.9
359 mdasatinib =
Oimatinib
. — 4.0 155
anemia 545 anemia 220
37.3 7.8
0 20 40 60 80 100 0 20 40 60 80 100

Figure 7. Descriptive statistics for aggregate incidence of hematological adverse events in CML patients
treated with TKI therapies. A. Percent of patients (i.e. aggregate incidence) of each type of hematological
adverse event, including all severities: thrombocytopenia (monochromatic green hues), neutropenia
(monochromatic brown hues), and anemia (monochromatic blue hues). The pigment intensity or “degree of
darkness” represents patient phase with chronic phase having the lightest pigments, accelerated phase the
medium pigments, and blast phase the darkest pigments. B. Percent of patients (i.e. aggregate incidence) of
hematological adverse events of any severity as function of patient CML phase (blast, accelerated, or chronic
phase). Bar colors and pigment intensity match those described in panel A. C. Percent of patients (i.e.
aggregate incidence) with hematological AE based on type of TKI therapy. D. Percent of patients (i.e.
aggregate incidence) with severe (grade 3 or 4) hematological adverse events as a function of TKI therapy.
Data was unavailable for bosutinib for severe hematological AEs.

Table 4. A complete list of the data acquired during the literature-based meta-analysis, as described in the
Method and Results section. N/A: not applicable, or no applicable data source found. Example: To calculate
the % of patients with anemia for all grades, imatinib, (¥WithCondition) / (Total#) = 1036 / (1036+1738) = 37.3%.

Hematological TKI Type # of Patients with # of Patients % of Patients Reference
condition Condition Without With Number
From studies of: Condition Condition

(allGrades | Grade3-4Only)

From studies of:
(allGrades | Grade3-
40nly)

From studies of:

(allGrades | Grade3-

40nly)
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Anemia Imatinib 1036 54 1738 636 373 78 4~21
Dasatinib 1244 121 1040 430 544 220 13, 22~30
Nilotinib 299 71 2376 387 112 155 31~35
Bosutinib 343 N/A 437 N/A 440 N/A 18, 20, 36
Ponatinib 105 N/A 312 N/A 252 N/A 37
Asciminib 17 N/A 133 N/A 11.3 N/A 38
Radotinib 48 4 112 73 30.0 5.2 14, 39
Ruxolitinib 24 NJ/A 36 N/A 40.0 N/A 40, 41
Tipifarnib 17 N/A 9 N/A 654 N/A 42
Neutropenia Imatinib 921 253 1643 841 359 231 5~19, 21, 43~46
Dasatinib 736 235 702 890 512 209  13,22~23,25~30,47~48
Nilotinib 362 251 2206 521 141 325 31, 33~35, 49~51
Bosutinib 110 N/A 670 N/A 141 N/A 18, 36, 45
Ponatinib 126 N/A 480 N/A 20.8 N/A 37,43, 52
Asciminib 16 N/A 134 N/A 10.7 N/A 38
Radotinib 61 1 99 76 381 1.3 14, 39
Ruxolitinib N/A N/A N/A N/A N/A N/A N/A
Tipifarnib 12 N/A 14 N/A 46.2 N/A 42
Imatinib 963 173 1629 1083 372 13.8 5~21, 43~44, 46, 53~55
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Dasatinib 706 365 429 1171 62.2 238 13,22~23,25~30, 47~48,

Thrombo- 53, 56

cytopenia Nilotinib 601 237 2095 535 223 307 31~35, 49, 50
Bosutinib 188 N/A 344 N/A 353 N/A 18, 20, 36
Ponatinib 262 N/A 344 N/A 432 N/A 37,43, 52
Asciminib 33 N/A 117 N/A 220 N/A 38
Radotinib 142 N/A 95 N/A 599 N/A 14, 39
Ruxolitinib N/A N/A N/A N/A N/A N/A N/A
Tipifarnib 10 N/A 16 N/A 385 N/A 42

Statistical analysis was performed to examine significant differences in AE
incidence (all severities) as a function of CML phase (chronic, accelerated, blast) in Figure
8. A pairwise statistical comparison was performed at an alpha of 0.05. Bonferroni
correction for multiple comparisons lowered the p-value threshold of significance to p <
0.016 to avoid a Type I error. Anemia (Figure 8A) has significant differences between
each phase. Neutropenia (Figure 8B) has significant differences in incidence between blast
and accelerated phase as well as chronic and accelerated. Thrombocytopenia (Figure 8C)
has significant differences in incidence between blast phase and accelerated, as well as
chronic phase and accelerated phase. When comparing differences in hematological AE
in all chronic phase patients (Figure 8D), there is a significant difference between anemia
and thrombocytopenia, as well between thrombocytopenia and neutropenia. There were
no pairwise significant differences between hematological AE type in accelerated phase

patients (Figure 8E). Likewise, there were no pairwise significant differences between
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hematological AE type in blast phase patients. The p-values indicate that anemia is trending
towards being significantly more prevalent than neutropenia (p = 0.03) or
thrombocytopenia (p = 0.05). The relationships are shown as insignificant here since they
exceed the Bonferroni threshold for significance in multiple comparisons. Nonetheless,
with a less conservative post-hoc correction or a larger blast phase patient sample size,
anemia (55.8%) may become significantly more prevalent in blast phase patients compared

to either thrombocytopenia (37.9%) or neutropenia (36.4%).
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Figure 8. Pairwise statistical comparison hematological adverse events (all severities) in CML patients treated
with TKIs as a function of CML stage (chronic, accelerated, or blast phase). Percentage is aggregate incidence
of the sample. For pairwise analysis at an alpha of 0.05, significance less than the Bonferroni-corrected p-value
of p <0.016 is illustrated with an asterisk (*). The * are color-coded to illustrate with which other category
there is a significant pairwise connection. Multiple asterisks (**) of different colors indicate multiple significant
pairwise relationships. A. Percentage of patients with anemia. There is a significant difference in anemia
between every phase pair. B. Percentage of patients (aggregate incidence) with neutropenia. Neutropenia is
significantly different between blast and accelerated phase, as well as chronic and accelerated phase. C.
Percentage of patients with thrombocytopenia. Thrombocytopenia is significantly different between blast and
accelerated phase, as well as chronic and accelerated phase. D. Percent of chronic phase patients with
hematological AE. There is a significant pairwise difference between thrombocytopenia and neutropenia, as
well as thrombocytopenia and anemia. E.Percent of accelerated phase patients with hematological AE. There
are no statistical differences between any pair of hematological AEs. F. Percent of blast phase patients with
hematological AE. There are no statistical differences between any pair of hematological AEs. However, with
a larger sample size, there could be significance between anemia and neutropenia or thrombocytopenia.
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Next, statistical analysis was performed to examine significant differences in AE
incidence (all severities) as a function of TKI therapy in Figure 9. A pairwise statistical
comparison was performed at an alpha of 0.05. Bonferroni correction for multiple
comparisons lowered the p-value threshold of significance to p < 0.005 to avoid a Type |
error. Additionally, an odds ratio with 95% confidence interval was calculated to
determine whether a TKI increase or decreased the odds of hematological AE compared to
imatinib. Imatinib was used as the control in the odds ratio analysis since it is the oldest
and most popular standard of care treatment. Figure 9A-C illustrates pairwise statistical
significance analysis between drugs for each hematological condition. Figure 9D-F

illustrates the corresponding odds ratio analysis for each hematological condition.

Incidence of anemia (all severities, all CML phases) was significantly different
between every TKI therapy (Figure 9A). The descending ordering of incidence per TKI
was dasatinib (54.5%), bosutinib (44.0%), imatinib (37.3%), nilotinib (11.2%). Likewise,
the odds ratio analysis for anemia (Figure 9B) agreed with the pairwise analysis. The odds
ratios and their 95% confidence intervals exceed 1 for bosutinib (OR =1.18) and dasatinib
(OR =1.46), meaning both had significantly increased odds of anemia over imatinib. In
contrast, nilotinib (OR = 0.3) significantly decreases the odds of anemia compared to
imatinib. Percent of patients with neutropenia (all severities, all CML phases) was
significantly higher between dasatinib and all other drugs and significantly lower between
imatinib and all other drugs (Figure 9C). The odds ratio analysis agrees for neutropenia
(Figure 9D) and agrees with the pairwise analysis. The OR and corresponding confidence
interval was greater than 1 for dasatinib (OR = 1.42), meaning dasatinib significantly

increased odds of neutropenia over imatinib. In contrast, bosutinib (OR = 0.39) and
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nilotinib (OR = 0.39) significantly decreased the odds of neutropenia compared to imatinib.
Percent of patients with thrombocytopenia was significantly different in every pairwise
comparison except bosutinib and dasatinib (Figure 9E). The OR and corresponding
confidence intervals for thrombocytopenia (Figure 9F) illustrated no significant difference
between bosutinib and imatinib. While bosutinib odds ratio (OR =0.95) is less than 1, its
confidence interval crosses 1, meaning there was no significant difference in odds of
getting thrombocytopenia with bosutinib compared to imatinib. Nilotinib (OR = 0.60)
decreased odds of thrombocytopenia compared to imatinib, and dasatinib (OR = 1.67)

increased odds of thrombocytopenia compared to imatinib.
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Figure 9. Statistical comparison of hematological adverse events (all severities, all CML phases) in CML
patients treated with different TKIs. Percentage is aggregate incidence of the sample. For pairwise analysis at
an alpha of 0.05 (Panels A., C., E.), significance less than the Bonferroni-corrected p-value of p < 0.005 is
illustrated with an asterisk (*). The * are colored-coded to illustrate with which other TKI there is a significant
pairwise connection. Multiple asterisks (**) of different colors indicate multiple significant pairwise
relationships. For odds ratio analysis (Panels B., D. F.), odds of getting the hematological AE are calculated
relative to imatinib. Error bars illustrate the 95%% confidence interval (CI) and the exact CI is shown inside
brackets. An OR > 1 illustrates increased odds of AE compared to imatinib, and an OR <1 illustrates decreased
odds compared to imatinib. A. Pairwise analysis of percentage of patients with anemia based on TKI therapy
usage. B. Odds ratio of anemia for each TKI compared to imatinib. C. Pairwise analysis of percentage of
patients with neutropenia based on TKI therapy usage. D. Odds ratio of neutropenia for each TKI compared
to imatinib. E. Pairwise analysis of percentage of patients with thrombocytopenia based on TKI therapy
usage. F. Odds ratio of thrombocytopenia for each TKI compared to imatinib.
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CHAPTER 5. DISCUSSION

The present study utilized multiple types of innovative text mining to assess which
types of adverse events or side effects might accompany long-term TKI therapy. While
many of the predictions align with CML literature, there are also some highly ranked
predictions that are less represented in the CML literature but could be pivotal to optimal
patient management. The cross-domain text mining analysis included nearly 30 million
PubMed articles in a knowledge graph, which enabled relationships to be identified that
may not be explicitly present in the CML TKI literature. Three tiers of highly ranked foci
were used to describe the potential relevance of the conditions to CML TKI patient
management. Tier foci were conditions in the top 1%, tier 2 in the top 5% and tier 3 in the
top 10%. In the Discussion, clinical evidence from the literature is used to validate and/or
support the text mining model predictions and suggest optimal patient surveillance for each

adverse event type.

5.1 Predicted Tier 1 Adverse Events Likely Tied to TKI Therapy

As noted in Figure 6, the tier 1 foci comprised the top 1% of predicted nodes
relevant to tyrosine kinase and the CML hub nodes. The tier 1 foci were: 1. hematological
conditions (many which were also hub nodes for the cross-domain neighborhood analysis,
as illustrated in Figure 2); 2. glucose; 3. iron homeostasis; 4. cardiovascular conditions; 5.
thyroid disorders. Of these conditions, hematological and cardiovascular disorders were
expected based on their term frequency in the k-means clustering in the CML TKI

literature. However, glucose, iron homeostasis, and thyroid disorders are less discussed in
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CML literature. Thus, in particular, more awareness of these conditions as possible clinical

or subclinical adverse events is necessary for optimal long-term TKI therapy patient care.

5.1.1 Hematological conditions as adverse events from TKI therapy

The innovative text mining analyses illustrated that myelosuppressive
hematological conditions (namely anemia, neutropenia, thrombocytopenia, and
pancytopenia) were the most connected to TKI usage for CML. This is not unexpected
given the mechanism of action of TKIs and their intended target of stopping proliferation
of Philadelphia chromosome positive white blood cells. However, the significant
differences in quantified prevalence of these conditions, as shown in the statistical meta-
analysis, illustrate their pervasive nature and the variations in myelosuppression across
specific TKIs. As shown in the statistical meta-analysis (Figure 8, 9), a large portion of
patients taking TKIs do present with one or more blood cell type deficiencies. Based on
the present study’s statistical meta-analysis results, approximately one-third of chronic
phase CML patients or CML patients in remission who remained on TKI therapies have
either anemia, neutropenia, or thrombocytopenia. Dasatinib had the highest prevalence of
hematological adverse events (anemia, neutropenia, thrombocytopenia) of the TKIs, and
nilotinib the lowest prevalence. For this reason, monitoring of blood cell counts even after
patients have reached a deep molecular response is important given these adverse events
could present even later in therapy. Anemia can be worsened or complicated by iron
deficiency, which is the number two predicted adverse event. Persistence of a
hematological adverse event or the deficiency of more than one blood cell type could
suggest hypocellular bone marrow, which happens as a result of prolonged

myelosuppression. Hypocellular bone marrow was one of the nodes that was highly ranked
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in the hematological condition foci. In summary, the mechanism by which TKIs work mean
that myelosuppression is a real and somewhat expected possibility. Thus, the goal is
adjusting the dose of TKI to minimize myelosuppression that causes anemia, neutropenia,
or thrombocytopenia, or for patients who more susceptible to myelosuppression due to
other co-morbidities or antecedent disease, select a TKI where myelosuppressive adverse
events are not as pervasive. Due to the high prevalence of hematological adverse events,
the results of the present study suggest regular monitoring of all CML TKI patients, and
minimally a regularly performed complete blood count test. Where symptoms are present,
more specific testing is warranted to determine if the hematological events are being
worsened by other co-morbidities or TKI-related AEs, like iron or B12 deficiency, kidney

dysfunction, thyroid dysfunction, etc.

5.1.2 Glucose-related adverse events from TKI therapy

Glucose-related conditions were predicted to be the second most relevant adverse
event with TKI therapy. In the case of glucose, the impact appears to depend on habituation
to the drug. Early on, patients on TKIs tend to have lower blood sugar levels or Alc. In
fact, imatinib was used recently in a study examining it has a possible therapeutic for Type
| diabetes [39]. While the drug lowered blood sugar initially in the first 12 months, the
effect did not last when measured through 24-months [39]. Another published review also
discussed the use of TKIs for type 2 diabetes treatment [40]. According to the text mining
simulations here, insulin resistance and metabolic syndromes are predicted as highly
ranked possibilities of long-term TKI therapy. Thus, it is possible that patients initially see
lowering of glucose levels and insulin resistance. However, TKI with long-term therapy,

habituation, the innate physiology overcompensates, potentially resulting in insulin
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resistance, pre-diabetes, metabolic disorder, or eventually, even Type 2 diabetes.
Depending on age, lifestyle, and other co-morbidities this condition may not be recognized
as attributed to TKIs, even though results presented here predict a strong association.
Nilotinib was associated with diabetes in the k-means clustering text mining performed in
this study. In fact, one clinical panel has recommended that nilotinib not be the primary
therapy for CML patients who also have diabetes [41] as many studies have tied it to
diabetes or minimally impaired glucose metabolism [42] [43]. Higher glucose is also
associated with iron deficiency anemia; as such these two conditions are intertwined.
Insulin resistance can also compound cardiovascular co-morbidities or TKI-related AEs.
As such, regular monitoring of glucose and Alc [44] is recommended based on the results

of this study.

5.1.3 Iron homeostasis adverse events with TKI therapy

The iron foci ranked number 3 in the cross-domain text mining analysis. Once
again, opposing conditions are identified: iron deficiency (too little iron) and iron overload
(too much iron). While it is possible both are relevant to TKIs, it is also plausible that iron
overload is an artifact in this analysis due to its strong relationship with blood transfusions,
a TOPP node which was strongly connected with the hub nodes used to generate the
neighborhood rankings for determining the foci. Both iron deficiency and iron overload
can impact the thyroid, which is the fifth ranked foci. A recent study showed than iron
chelator, deferasirox, improved imatinib resistance and increased the clearance of BCR
ABL cells [45]. Most of the iron connections in the graph were related to iron deficiency
anemia. Given the importance of iron to red blood cell function, preventing anemia, and

maintaining proper thyroid function, regular monitoring with an iron panel (peripheral
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blood levels of iron, ferritin, iron binding capacity, etc.) is recommended based on the

results of this study.

5.1.4 Cardiovascular adverse events with TKI therapy

The cardiovascular foci ranked number 4 in the cross-domain text mining analysis.
However, cardiovascular event terms were even more frequent in the k-means clustering
of CML literature. Hypertension adverse events are approximately 10% for those treated
with imatinib, dasatinib, bosutinib, nilotinib [46] but are as high as 30% of patients for
patients treated with ponatinib [47]. Heart failure, hypertension, Q-T prolongation, and
vascular events are cardiovascular adverse events that are most monitored among CML
patients treated with TKIs. Heart failure ranges from <1% for imatinib or dasatinib to as
high as 4% for patients on bosutinib or ponatinib [46]. Q-T prolongation and the associated
sudden cardiac death in 0.3% of nilotinib patients prompted the black-box warning by the
Food and Drug Administration; approximately 1% of dasatinib or imatinib patients had
clinically significant Q-T prolongation but much less associated sudden cardiac death [46].
Acrterial vascular events are approximately 2% for imatinib, 5% for dasatinib, and 11% for
nilotinib, although the nilotinib number was based on relatively much smaller study [46].
Notably, ponatinib was most associated with “cardiovascular” and “arterial” in the k-means
clustering of CML literature, followed by nilotinib; these results align well with the cited
clinical meta-analyses results. Many clinicians agree that cardiovascular risk as one of the
most important factors for selecting a long-term TKI regime [48]. Echocardiogram and
electrocardiogram testing is currently recommended to monitor for cardiovascular AEs
with TKI therapy [46] [48]. The results of the present study concur, given cardiovascular

events were predicted as a tier 1 foci.
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5.1.5 Thyroid disorders as adverse events with TKI therapy

The thyroid foci was ranked number five in the cross-domain text mining analysis.
Again, opposing conditions are identified hypothyroidism (too little thyroid hormone) and
hyperthyroidism (too much thyroid hormone). In the general [non-CML] population,
hyperthyroidism is typically attributed to Grave's disease, an autoimmune disorder.
However, neutropenia is also associated with hyperthyroidism. Certain types of TKIs can
cause hyperthyroidism due to their mechanism of action in the down-regulation tyrosine
kinase, especially in patients who have a history of thyroid problems [49], with
hyperthyroidism most likely during the early stages of TKI therapy. However, a recent
2020 study found that hypothyroidism is more prominent than hyperthyroidism in CML
patients treated with TKIs [50]. Of 326 patients who were on TKI therapy and had a thyroid
disorder as an adverse event, 74% had hypothyroidism and 20% had hyperthyroidism [50].
Of the 326 CML TKI therapy patients with a thyroid AE, hypothyroidism accounted for
73% of cases with imatinib, 75% with dasatinib, 48% with nilotinib, and 87% with
bosutinib [50]. Thus, while hyperthyroidism may be more likely in early TKI therapy, long-
term TKI therapy can result in physiological overcompensation that leads to

hypothyroidism.

The parathyroid function is also of potential importance, although with a lesser
predicted connection than the thyroid, itself, for TKI adverse events. Secondary
hyperparathyroidism has been associated with bone marrow fibrosis (hypocellular bone
marrow), which can cause pancytopenia, anemia, thrombocytopenia, or neutropenia.
Patients with hyperparathyroidism may not exhibit overt symptoms early in the disease

course, making monitoring all the more important. Changes in blood calcium (namely
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hypercalcemia) or phosphatase (namely hypophosphatemia) due to hyperparathyroidism
can also impact cardiovascular adverse events [51]. In one study, up to 30% of patients

taking nilotinib have reported hypophosphatemia [52].

Finally, there are key relationships between anemia, iron homeostasis, and thyroid
function which complicates this triad of tier 1 foci of TKI-related adverse events. Anemia
caused by iron deficiency (iron-deficiency anemia, or IDA) impairs thyroid metabolism
function. Both overt and subclinical hypothyroidism are associated with anemia. Previous
studies have shown improvement in both conditions with the addition of iron to thyroxine
therapy [53]. In conclusion, regular peripheral blood testing with a thyroid panel or
minimally TSH (thyroid stimulating hormone) and T4 (thyroxine) levels is recommended
based on the results of the present study. Also, if regular peripheral blood chemistry testing
reveals changes in calcium or phosphatase, or if a follow-up bone marrow biopsy reveals
hypocellular bone marrow, parathyroid testing should be considered. Prior work suggests

testing is recommended for patients.

5.2 Predicted Tier 2 Adverse Events Likely Tied to TKI Therapy

As noted in Figure 6, the tier 2 foci comprised approximately the top 5% of predicted
nodes relevant to tyrosine kinase and the CML hub nodes in the cross-domain simulations.
The tier 2 foci were: 6. Inflammation; 7. kidney function. Inflammation was one of the
adverse events that occurred frequently in the k-means clustering of CML literature and
was especially tied to dasatinib. “Kidney” occurred at the highest frequency in the nilotinib

cluster.

5.2.1 Kidney adverse events with TKI therapy
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Cluster 16 from the clustering methods, which was dominated by nilotinib, had the
term “kidney” occur at high frequency within the cluster. All text mining analyses revealed
a connection between kidney conditions and hematological condition, namely anemia).
SemNet simulations predicted glomerulonephritis, glomerulopathy, toxic nephropathy, and

chronic kidney disease as kidney conditions relevant to tyrosine kinase.

Chronic kidney disease (CKD) is characterized by excessive fibroblast activation,
and it is hypothesized that tyrosine kinase can increase fibroblast activation and contribute
to CKD development as a result. Therefore, it may be valuable to consider the impact of
tyrosine kinase inhibitors on fibroblast activation by reversing the effect of tyrosine
kinases, and in turn evaluate the impact of TKI treatment on the kidney health of patients.
However, most TKIs inhibit more than one kinase, making their exact effect unclear and
their individual impact on kidney health difficult to determine [54]. Some studies show
imatinib, which inhibits BCR-ABL, c-Kit, and PDGF receptors, to improve the chronic
kidney disease of animal models and, nilotinib, which inhibits BCR-ABL and PDGF
receptors, to improve the thioacetamide based conditions of animal models [55]. However,
other studies showed CML patients with pre-existing renal dysfunctions who took
dasatinib and nilotinib experienced increased risk for acute kidney injury [56]. Another
study showed imatinib to decrease renal function in patients with pre-existing renal
dysfunction [57], and there also case reports of dasatinib-induced nephrotic syndrome [58].
Kidney conditions, including chronic kidney insufficiency and general kidney diseases, are
cited heavily in literature to contribute to the development of anemia even in non-CML

populations.
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From the neighborhood analysis for the anemia hub, 5 nodes were identified as
relevant to kidney function: iron deficiency, PTH , urea, uric acid, and C-reactive protein.
While these nodes have clear and heavily weighted ties to the hematological hub nodes, it
is unclear whether they are truly important to CML patients on TKI therapy who do not
have a history of pre-existing kidney disease. It is possible that the hub node neighborhood
methodology resulted in the over-weighting of the relevance of kidney disease due to its
strong connections in each hub. However, the well-known impact of fluid retention [59]
and fluid-related pleural effusion [60], which are both discussed in Section 2.4.3.3,
amplifies the importance of the necessary good kidney function for patients on TKIs. In
summary, based on the novel predictions of the present study and corroborating manual
literature validation, it is recommended that patients only undergo periodic testing, with
the periodicity based on the presence of relevant antecedent disease or other relevant risk
factors that impact susceptibility. Metrics such as serum creatinine, glomerular filtration

rate, and blood urea nitrogen are suitable candidates to help test for proper kidney function.

5.2.2 Inflammation adverse events with TKI therapy

Inflammation was most represented in cluster 10 (dasatinib) but was also
represented in cluster 7 (imatinib) and cluster 16 (nilotinib). “Inflammation” could
represent many different types of symptoms. The three highest ranked types of
inflammatory disorders in the cross-domain text mining analysis were chronic
inflammatory disorder (CID), autoimmune diseases, and periodontitis. Autoimmune

disease has been associated been identified as predisposing risk factor for getting CML;
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one study found the odds ratio of getting CML was 1.55 (compared to 1) for patients that
had an autoimmune disease prior to being diagnosed with CML [61]. There have also been
ties to neurological autoimmune diseases which is discussed in Section 4.3.2. It was
hypothesized that inflammation is an indicator of long-term success in CML. Yet, a more
recent study found that biomarkers for inflammation could not predict whether CML
patients were more likely to be successful or if they were more likely to relapse when
attempting treatment-free remission (TFR), which is a planned cessation of TKI therapy
[62]. There have been case reports of colitis followed by dasatinib TKI therapy [63].
Another study has reported that predisposition to pro-inflammation or pro-oxidative stress
increases atherothrombotic adverse events with TKI therapy, particularly nilotinib [64].
Similarly, dasatinib has been connected to immune-mediated thrombotic
thrombocytopenic purpura [65]. In summary, it appears that inflammation has connections
to CML predisposition and is most likely a relevant adverse risk factor especially to
patients who have pre-existing inflammatory disorders. Based on the predictions of this
study and supporting direct literature evidence, it is recommended that inflammatory
markers be periodically monitored with the periodicity based on the presence of relevant
antecedent disease or other relevant risk factors, that impact susceptibility. In particular,

patients more at risk for clotting should have inflammation markers monitored.

5.3 Predicted Tier 3 Adverse Events Likely Tied to TKI Therapy

As noted in Figure 6, the tier 3 foci comprised approximately the top 10% of
predicted nodes relevant to tyrosine kinase and the CML hub nodes in the cross-domain
simulations. The tier 3 foci were: 8. gastrointestinal; 9. neuromuscular; 10. Other.

Gastrointestinal events were also frequent in the k-means clustering and accompanied by
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nearly every TKI. Neuromuscular or neurological were not as frequent in the k-means
clustering. “Other” represented conditions that were in the top 10% but could not be

categorized into an overlapping functional foci.

5.3.1 Gastrointestinal adverse events with TKI therapy

For the cross-domain text mining analysis, bowel regulation (diarrhea or
constipation), liver dysfunction, and pancreatitis were among the most highly ranked
gastrointestinal events. K-means clustering of CML literature found that gastrointestinal
was among the most frequent terms and appeared with all TKIs. Gastrointestinal adverse
events are some of the most common symptoms reported by CML patients. Many patients
report nausea, vomiting, and diarrhea. A recent large cross-cohort meta-analysis
extensively examined gastrointestinal adverse events with TKI therapy [28]. Briefly,
results illustrated bosutinib had the most prevalent and severe gastrointestinal AEs, with
dasatinib and imatinib being very similar and nilotinib having the least number of reported
gastrointestinal events [28]. Diarrhea is most common early in treatment with some patients
having more constipation with habituation to the drug with long-term treatment, perhaps
another over-compensation of innate physiology to the TKI. In general, the most common
gastrointestinal events tend to abate over time. However, attention must be paid to liver
and pancreatic function given overt symptoms may not be present until more acute
problems arise. A recent large-scale clinical meta-analysis reported the prevalence of toxic
hepatopathology [66]. Statistically significant increases in toxic hepatopathology were
reported for every TKI except dasatinib [66]. Some patients have been switched to
dasatinib following imatinib hepatotoxicity [67]. A recent review article discusses the

pharmacokinetics of TKI that lead to specific gastrointestinal adverse events [68]. Increase
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in amylase has been seen in some CML patients treated with TKIs [69], and while
pancreatitis is a less frequently reported AE even in meta-analyses [28], the severity of the
AE warrants some prudence in monitoring, particularly when possible symptoms appear.
Current data suggest that ponatinib appears to have the most frequent incidence of
pancreatitis [70]. In summary, the gastrointestinal foci were a tier 3 foci based on cross-
domain text mining predictions. Based on the results of this study and supporting clinical
evidence, gastrointestinal adverse events should be monitored based primarily on the
presence of symptoms. Basic liver function can be assessed with a simply peripheral blood
chemistry test, which should be performed regularly based on the tier 1 foci discussed
above where blood chemistry testing provides helpful surveillance. If symptoms warrant,
a peripheral blood test of amylase can provide evidence to pancreatitis. Of course, if a

patient has known susceptibility or other complicating factors, periodic testing is warranted

5.3.2 Neuromuscular adverse events with TKI therapy

Based on cross-domain text mining analysis, the most highly ranked neuromuscular
adverse events predicted to be related to tyrosine kinase included autonomia, neuropathy,
muscle pain, and cognitive dysfunction. Neurological disorders did not show up as frequent
term in the k-means clustering of CML literature, although musculoskeletal was appeared

relatively often even though the term did not make the top terms list shown in Table 3.

There are mixed clinical findings on the impact of pre-existing neurologic
autoimmune disease versus neurologic autoimmune adverse events caused by TKI therapy.
The association of autoimmune neurological diseases like myasthenia gravis has a strong

enough association with CML that some have suggested that they should be classified as
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paraneoplastic neurologic syndrome [71]. New demyelinating adverse events with TKI
therapy have also been reported with dasatinib [72], especially demyelinating peripheral
neuropathy. Peripheral neuropathy has also been reported with imatinib [73]. Some patients
with this adverse event with dasatinib or imatinib were successfully transitioned to nilotinib
[74]. However, nilotinib is not free of neurological adverse events either. There are reports
of dystonia and cognitive deficits with nilotinib [75]. There have also been recent reports
of neurocognitive deficits with dasatinib [76]. By far the most common neuromuscular
adverse event is musculoskeletal pain, which can occur with initial treatment with TKIs
[77] [78] or as part of withdrawal to the TKI during a planned TFR attempt to stop TKI
therapy [79]. In summary, based on the predictions of the present study and corroborating
clinical evidence, most neurological or neuromuscular adverse events require monitoring

based only on the presence of overt symptoms.

5.3.3 Other adverse events with TKI therapy

In the present study, the “other” foci were used to categorize conditions that were
found among the top 10% of predicted relevant conditions to tyrosine kinase. Secondary
cancers were frequently occurring node. Secondary cancers have been associated with
CML both before and after CML diagnosis [61] [80] [81] [82] [83]. Essentially every cited
study found statistically significant increases in secondary malignancy with CML and TKI
therapy. This is not unexpected given most forms of cytotoxic chemotherapy or immune

modulating therapy increases risk of secondary malignancies.

Other conditions in the foci that were predicted as relevant to TKIs were various

forms of vitamin deficiency such vitamin B6, B12, vitamin D, vitamin C, and of course,
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iron, which was ranked enough to be its own tier 1 foci. The majority of these vitamins are
tied to hematopoiesis, which explains why they are likely present in these tier 3 foci.
Beyond ties to hematopoiesis, there are presently no widespread hypotheses as to how or

why vitamin deficiency may occur with TKI therapy.

Edema was another condition ranked in the top 10% in the cross-domain text
mining analysis, and it also was a frequent term in the k-means clustering of CML
literature, with imatinib being a strong association, as well as dasatinib [59]. Moreover,
edema is noted as a patient-reported side effects that increases desire to try TFR [84]. Skin

conditions are another adverse even type that belonged to the other tier 3 foci.

Imatinib has been documented to contribute to developments of rash and skin
lesions, as is seen in cluster 7, where the terms “rash” and “lesion” occur at the highest

frequency.

Pleural effusion is perhaps one of the most well-known acute adverse events with
TKI therapy. Dasatinib is documented to induce pleural effusion in some CML patients at
higher rates than other TKIs [60]; this is also seen in our findings for cluster 10, where the
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terms “pleural” “effusion”, and “pulmonary” occur at relatively high frequencies.
Interestingly, pleural effusion was not an event predicted in the top 10% for the cross-
domain text mining simulations. Pleural effusion is tied to fluid retention and edema, which

were predicted as very relevant connections to TKIs. Pleural effusion is an acute event,

although the presence of edema certainly increases the risk of occurrence.

In summary, most other conditions should be monitored based on either present

symptoms or according to general age and gender matched clinical guidelines for non-
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CML patients. Given the higher incidence of secondary malignancies, patients should be
encouraged to be proactive in standard screenings such as mammograms and pap smears

(female) and prostrate screenings (male), colon cancers for those over the age of 45, etc.
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CHAPTER 6. CONCLUSION

The need for long-term therapy with cytotoxic tyrosine kinase inhibitors to treat CML
warrants careful evaluation and patient monitoring for undesired adverse events or side
effects. CML is a relatively rare condition and TKIs are still relatively new, with only
about 20 years since the first TKI, imatinib, came to market. Multi-factorial cross-cohort
longitudinal studies of long-term adverse events and side effects are not readily available.
Text mining provides an innovative means to assess potential long-term undesired effects
of TKIs by examining cross-domain pathophysiological connections between TKIs and
other potential related adverse events or side effects. Three types of text mining were
performed: 1) bag-of-words text mining analysis followed by k-means clustering to
identify frequent co-occurring terms that connect adverse event conditions with specific
TKIs within the CML literature; 2) Cross-domain text mined relationships from all of
PubMed within a heterogeneous information network (also known as a knowledge graph)
using SemNet; 3) Link prediction of potential but yet to be explicitly published cross-
domain relationships based on similar patterns of relationships in the knowledge graph and

hub node neighborhood analysis.

All text mining analyses predicted that hematological adverse events were the most
related to CML TKI therapy. A statistical meta-analysis to quantify the presence of anemia,
neutropenia, and thrombocytopenia confirms the validity of this prediction. Approximately
1 of 3 TKI patients experienced a hematological AE and with significant differences in
prevalence between TKI drug types. While there are variations based on specific AE type

and severity, overall, dasatinib has the most hematological AEs.
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The cross-domain and hub node neighborhood analysis predicted three tiers of
adverse events as most relevant to tyrosine kinase. Tier 1 foci (top 1%) included
hematological events, glucose, iron, cardiovascular, and thyroid conditions. Thus, based
on the predicted results and supporting clinical evidence, tier 1 foci are recommended for
regular monitoring of all TKI patients regardless of medical history. Tier 2 foci (top 5%)
included inflammation and kidney conditions. The associations with these conditions are
less clear than the tier 1 conditions but still reflect the need for periodic surveillance with
periodicity determined by individual patient medical history, co-morbidities, or
susceptibility. Tier 3 foci (top 10%) include gastrointestinal, neuromuscular, or “other”
conditions. The tier 3 conditions warrant monitoring based primarily on the presence of
overt symptoms or patient-specific risks. However, proactive monitoring and standard age
and gender-matched cancer screenings recommendation are particularly relevant to CML
patients given their greater risk of secondary malignancies. In summary, while TKIs have
been pivotal in changing the outcome of CML, these medications are not benign. More
careful and proactive monitoring of adverse events for patients on long-term TKI therapies
is recommended. Finally, personalized medicine to optimally select TKIs based on medical

history, lifestyle, and other individual factors can help mitigate some adverse event risks.
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CHAPTER 7. FUTURE WORK

In this work, it was shown that text mining can be used to uncover semantically related
concepts within the biomedical knowledge graph. In the presented application, text mining
identified long-term adverse effects associated with chronic myeloid leukemia treatment.
This is just one of many ways text mining can be used to improve outcomes in leukemia.
Beyond ameliorating adverse leukemia treatments, text mining can also be applied in other
aspects of disease management, such as further examining the causes of leukemia,

identifying risk factors, and devising new therapies.

Text mining techniques have already been shown to be serviceable for disease etiology.
A major challenge in systems biology is identifying the various relationships between the
exorbitant amounts of entities within the literature. There are numerous protein-protein
interactions and molecular pathways that can influence the progression of diseases. Natural
language processing methods have been applied to help streamline the extraction of causal
relationships between certain diseases and other genetic phenomena in the literature [85].
By conducting specified natural language processing towards key molecules in leukemia
progression, such as B cell lymphocytes in chronic lymphocytic leukemia or BCR-ABL
gene in chronic myeloid leukemia, the molecules' roles in the progression of their
respective leukemia can be further elucidated, providing possible direction and reference

for future experimental studies.

Researchers have also begun to use text mining on electronic patient records to help
determine disease correlations and stratify patient cohorts [86]. Roque et al. state that

clinics currently stratify their patients mainly from their primary diagnosis. They
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demonstrate that by clustering the patients through a more complete profile constructed by
their text-mined patient history, they can stratify the patients more effectively as opposed
to stratifying just from their diagnosis. Extending their findings to a leukemia cohort could
prove to be instrumental towards improving future leukemia patient management. There is
an increasing quantity of data on leukemia patient quality of life and therapeutic efficacy,
but a paucity of the utilization of holistic patient profiling in chronic myeloid leukemia
patients [87]. Beyond peer-reviewed journal articles, other textual data sources like
electronic patient records and patient questionnaires, could also be mined to improve

nuanced clinical decisions.

Many aspects of leukemia research, treatment, and patient management remain
unsolved. Text mining can accelerate the knowledge discovery process with the ability to
extract deeper or lesser-known relationships among leukemia concepts [88]. Even prior to
leukemia diagnosis, there may be risk factors specific to a clinical cohort that are not
entirely considered. Text mining could highlight these risk factors, which in turn would
allow for a more prophylactic approach for screening. Should a patient become diagnosed,
text mining can potentially postulate a more elaborate yet effective treatment option, such

as combination therapy.

For example, it is hypothesized that some clinical cohorts are more prone to developing
infections during their rigorous leukemia treatment. In small, heterogeneous cohorts where
standard clinical studies have insufficient sample size, cross-domain text mining could

potentially identify which factors or metrics are the best predictor(s) for infection.
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In summary, while the case study presented in this thesis focused on predicting long-
term adverse events in chronic myeloid leukemia therapy, the same general techniques
could be used on other leukemia populations. Text mining is particularly valuable when
patient populations are smaller, and thus, direct clinical investigation study with traditional
statistics is more difficult. Cross-domain text mining overcomes the limitations of sample
and patient heterogeneity to mine patterns that span multiple domains. Future work will
focus on utilizing and enhancing the text mining techniques presented here to improve
personalized medicine for both CML and other non-CML leukemias, including both adult

and pediatric populations.

62



APPENDIX A.

A.1 Conference Proceedings

Varmeziar, A., Allegri, S., White, B., Al-Hussaini, 1., Miller, T., Mitchell, C.S. (2021).

SemNet- Text Mining to Identify Predictive Features of Infection Susceptibility.
American Association of Physicists in Medicine. 2021 Conference on Data Science

in Medical Physics. Virtual conference. 26-27 Sept. 2021.
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