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Abstract:

Patients with leukemia have their best chance for a good outcome with a precise diagnosis and an
individualized treatment beginning at the point-of-care. Evidence-based medicine (EBM) and
genomic medicine (GenM) have done much to advance towards this goal. EBM, promised high-
quality cost-effective treatment using biostatistical methods and in the 1990s replaced the
mechanistic paradigm of disease (MPD). This was justified by the assumption that EBM would
enable precise treatment of individual patients. However, efficacy, for a statistically derived
average patient has proven insufficient for individualizing treatment for the real-world patient
population. Currently, physicians have no means of making predictive point-of-care decisions for
individual patients. Health analytics has the capacity to individualize patient management.
Warehoused electronic health information (EHI) represents accumulated clinical experience
from real-world patients. Multivariate clinical data analysis (MCA) and cohort multidimensional
analysis COMA (CoMA) has the potential to build individualized clinical patient models from
EHI to support decision making and prognostication.

Keywords: evidence-based medicine; leukemia; genomics; multivariate analysis; co-variate
analysis; principal component analysis
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L INTRODUCTION

Historically, diseases were classified by anatomical location, microscopic appearance, symptoms
and progression. Medical research focused on normal anatomy, histology, biochemistry,
physiology and a basic understanding of health emerged for the human body [1]. Disease was
defined as an impairment of bodily function accompanied by discernable signs and symptom:s.
Researchers established theoretical mechanisms for disease by studying variations from normal.
Basically, pathology appearance and pathophysiology referred to those things that varied in
chemical processes. This was called the Mechanistic Framework for disease etiology. These
variations were linked to objective findings (signs), subjective complaints (symptoms) and
bodily changes over time (progression). This framework served as the theoretical basis for
treatment.

During the 20™ century the basic medical sciences! underpinned the “mechanistic” curriculum
from which medical students were taught. Supervised apprenticeships? provided clinical practice
experience. Unfortunately, the quality of medical education and the delivery of health care varied
by institution and region.

In 1950 scientific knowledge increased at an exponential rate, Figure 2 [2]. By 1982 human
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Figure 2. Knowledge went firom doubling every 100 years in 1900 to doubling every 12 hours in 2020.
[Fuller; IBM, VNC/]

knowledge doubled every 13 months. The translation of new medical knowledge into patient
care began to fall behind. A gap between research and clinical practice developed.

During the 1990’s, the cost of health care skyrocketed, the translational gap became significant
and the quality of care® declined. Confidence in the mechanistic principals of practice began to
wane. As a result, a new paradigm, evidence-based medicine (EBM), dominated clinical
research. EBM depended upon clinical evidence derived from biostatistical and epidemiological
methodologies. It promised improved individualized high-quality care and cost reduction [3].

The 21 century brought genomics* and health analytics. Genomics promises to further
individualize care with more accurate diagnoses, focused therapy and better outcomes. Health

! Gross anatomy, histology, biochemistry, physiology, etc.
2 “see one, do one, teach one”

outcomes”

4 The translation of genetic testing
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analytics® also evolved during this time period. Health analytics linked EBM and genomics
creating new medical knowledge. Health analytics, applied to clinical practice data has the
potential to augment current clinical decision making and meet the standards of precision
medicine.

Evidence-based medicine of leukemia (EBM-L), genomics of leukemia (GEN-L) and
multivariate clinical data analysis of leukemia (MCA-L) are the core topics of this review.

A. Evidence-based medicine
L Background

To Erris Human: Building a Safer Health System, in 1999 publicly revealed that the American
health care system health was fragmented, unaccountable and lacked uniform quality. 98,000
people per year were dying from medical errors and the cost of care was unsustainably
accelerating [4]. Americans spent twice as much per capita on health care than the European,
Asian and Oceanic nations but had a shorter life span (figure 3). It was during this time that
evidence-based medicine gained momentum [5].
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Figure 3. Health care per capita spending: US vs World [6]

5 Mathematical and biostatistical methods for the analysis and translation of medical data into actionable knowledge



Epidemiological medical researchers decided to change physicians’ thinking about the diagnosis
and treatment of disease. Their decision was based upon 4 assumptions. First, embracing EBM
promoted “superior patient care” (3: p.2421) by making them better informed and eliminating
bias. Second, physicians were biased because of their practice experience and their mechanistic
thinking [5]. Physicians were responsible for: “expensive, ineffective or harmful decision
making” and “relying upon pathophysiological principles may lead to adverse events or
inaccurate estimates about the efficacy of interventions” [7: p. 1122, par. 1)]. Clinical intuition
and experience were biased and represented an uncritical or haphazard use of research results
[5]. Third, physicians do not understand biostatistical “rules of evidence, as the basis for
determining treatment efficacy. Certain types of evidence deserved privileged consideration
compared to others based on their higher and the low risk of bias (Fig.4) [5]. Fourth, decisions
based on mechanistic thinking were unreliable and the translational gap was a result of the slow
uptake of new interventions and explained variations in practice [3].

Cohort Studies

Caze Series, Case
Feports

Ednorials, Expert Opinion

Figure 4. Pyramid of Hicrarchical Evidence [VNU |
2. Value of EBM

Essentially, academic clinical and research educators believed, mechanistic reasoning, was
flawed and should be rejected [8]. As a result, the emphasis on the basic medical sciences was
reduced and problem-oriented learning, based on evidence from RCTs and systematic reviews
was substituted (Figure 4) [3]. In fact, RCTs showed statistically significant evidence of efficacy
even in the absence of identifying or understanding causal mechanisms [9]. This became the new
paradigm for medical education and clinical practice [10; 11].

EBM helped establish a strong framework for determining the safety and efficacy of treatments
by defining a criterion for “quality medical evidence” and a methodology for analysis by
systematic review. Relevant publications were identified, aggregated, and analyzed based on the
rules of systematic review. The strength of support for treatments depended upon hierarchical
grading systems that assigned levels of quality to research reports during systematic review [12].
The basic principal being that certain types of evidence were better than others and deserved
privileged consideration. They were a higher quality of research that had a lower risk of bias
compared to others (Fig.4) [5]. This became the gold standard for the medical treatment of
people. Subsequently, a number of journals and medical organizations adopted variations of
increasingly complex classification systems of the quality of medical research [13; 4].



B. Genomics
1 Background

Genomics is defined as “the branch of biotechnology concerned with the application of genetics
and molecular biology to the sequencing of gene sets, specifically the genetic mapping of DNA
and complete genomes” [15]. Its roots reach to the classical era of Hippocrates, Aristotle and
Gregor Mendel whose experiments advanced genetics from a descriptive science to one with
substantiated scientific conclusions [16].
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Figure 5. Leukemia and lymphoma separated from anemia and recognized as unrelated disorder.

Chromosomal abnormalities as a cause for cancer were hypothesized as early as 1914 [17].
Tissue staining and histochemical methods identified genetic markers that enabled some early
differentiation of hematological malignancies. However, it wasn’t until the 1960°s that
diagnostic testing became sophisticated enough to genetically differentiate leukemia and
lymphoma from “anemia”, see Figure 5. By the1980°s oncogenes were identified as responsible
for malignant transformation and clearly separated leukemia from lymphoma [17;19; 20].
Anemia, was now recognized as an end-stage state for many blood disorders.

Genomics owes much of its success to the development of precise measurement and
biostatistical tools. Analysis of human tissues and body fluids detected biomarkers while
biostatistical methods provided the correlation with exposure to environmental factors and
specific diseases. The detection of a biomarker reflected an individual’s genome or changes in
their genome consistent with the tendency towards or presence of pathology.

After the discovery of chromosomal abnormalities associated with cancer, early treatment efforts
focused on the pathophysiology caused by these abnormalities. For example, cancer cells have
vulnerabilities compared to most normal cell systems, such as rapid replication, high metabolic
demands, inappropriate angiogenesis® and deranged cellular repair mechanisms. Normal cell
systems had razor thin advantages over cancerous cells. RCTs exploited the vulnerabilities of

¢ Capacity to form nutrient blood vessels



cancer cells with highly toxic agents. The most efficacious treatments, many with thin statistical
advantages, were consolidated by expert consensus committees into evidence-based guidelines
and protocols [21]. Leukemia had some of the earliest confirmations that this terminal disease
was treatable [22].

Most leukemic patients, were treated with conventional chemotherapeutic agents and
experienced unsustained positive responses’. All of the patients experienced toxic injuries. Many
normal cell systems responded well to systemically toxic chemotherapeutic drugs, some did not.
Cell systems (tissues or organs) with normally rapid lifecycles®, similar to cancer cells
(gastrointestinal, blood, and immune), were severely damaged causing nausea, dehydration,
malnutrition, infection and even death. The “razor thin” advantage human cell systems had was
their ability to recover. Treatment, with these agents were a double-edged sword; giving hope at
the expense of quality of life and cost of care.

2. Value of Genomics for the treatment of Leukemia

Leukemia may be suspected from a patient’s clinical presentation, diagnosed by laboratory
testing but is only effectively treated after gene mapping. This is the process that identifies gene
locations and their distance from related genes, essentially creating a “map or fingerprint” of the
disease. Once the genes’ physiological role in the cell cycle is known a theory of the disease’s
etiology is proposed. Work can then begin looking for less toxic targeted therapies.
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Figure 6. Reciprocal Philadelphia Translocation t(9;22) (q34,q11) (Wikimedia Commons)

Chronic myelogenous leukemia (CML) results from an asymmetrical reciprocal translocation
from chromosome 9 (c9) to chromosome 22 (c22) [23]. This is called the Philadelphia
translocation and is designated by the notation #(9,22)(q34;q11)° and yields a BCR-Abl fusion
gene, see figure 2. The BCR-ADI fusion gene codes for the BCR-ABL protein; a constitutively

7 Response in this sense means any discernible change compared to the untreated state

8 Cell turnovers

? Translocation “t” from c9 to c22 with “region 3, band 4, sub-band 1” break of long arm “q” of ¢9 “region 1, band
1, sub-band 2” of the long arm q of c22. [26]



active tyrosine kinase. Abl (Abelson) protein, normally a self-inhibitory cell induction protein,
becomes a fusion protein that de-regulates and accelerates cell division. Unchecked cell
replication no longer undergoes apoptosis and rapidly supersedes Hayflick’s limit for normal
senescence: 50 + 10 cell replications [24]. The bone marrow expands into all tissue spaces and is
populated by immortal dysregulated leukemogenic clones. The bloodstream is flooded with
poorly differentiated myeloblasts (blast cells)!’. As normal clones senesce, and the leukemogenic
expanded bone marrow exhausts its nutrient supply, bleeding, hypoxia, tissue necrosis (pain),
sepsis and death ensues.

Leukemogenic oncogene translocation activation deranges intracellular signal transduction
leading to leukemia and its phenotypic variants. Hematopoietic progenitor cell replication errors
manifest by mutation, amplification or translocation. Some are immediately lethal; many are
eliminated by senescence and others transform proto-oncogenes'! to oncogenes. [25].
Conversely, there are oncogenes’? shared by highly disparate cancers that respond to the same
chemotherapeutic and targeted agents. For example, CML and gastrointestinal stromal tumor
(GIST) are both linked to ABL1 and ABL2 (Abelson family of protein kinases) and respond to
imatinb - the first clinically available PKI [26]. Therefore, current treatment of leukemia
employs hematopoietic cell membrane tyrosine kinase inhibitors. In many cases these new
targeted therapies replace systemic chemotherapeutic agents, radiation and bone marrow
transplantation as first line therapy. This new class of drugs resulted from the analysis of human
tissues and the identification of biomarkers; indicators that represent the presence of disease, its
variants, their response to treatment and environmental factors (epigenetics). Evidence for their
efficacy was determined by RCTs and oncologists moved more readily from non-specific
systemically toxic treatments to more targeted therapies.

10 Myeloblasts or blasts are primitive poorly differentiated blood cells that precede the final functioning blood cell.
! Proto-oncogenes are normal genes when altered by mutation become oncogenes — genes that cause cancer.
12 L.e., oncogenes are the cancer-causing genes
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A more recent example is chronic lymphocytic leukemia (CLL), a subtype of leukemia, it is
typically a slow indolent disease that responds well to treatment [45]. However, it also has
phenotypic variants that are extremely aggressive and resistant to chemotherapy. These are
associated with genotypes possessing del(17p) and/or the TP53 gene mutations. Fortunately,
these variants are sensitive to venetoclax, an orally bioavailable inhibitor of B-cell
lymphoma/leukemia 2 protein (BCL-20) a kinase that blocks apoptosis [27]. Before these
mutations were identified, all CLL patients underwent the conventional treatment protocols. A
sub-category of patients experienced relentless disease progression and treatment failure. These
patients have the mutations. Patients with CLL can be screened upfront for the mutations and
provided with the additional targeted therapy as appropriate.

There were many areas impacted by genomics including bone marrow transplantation and the
diagnosis of metabolic disorders. Genomics is really in its infancy and there are many exciting
discoveries yet to be made that will improve the human condition.

C. Multivariate clinical data analysis (MCA-L)

Principal component analysis is a form of multivariate analysis. It is a matrix factorization
method that extracts individual variables from sets of random or mixed variables. It affectively
reduces the dimensions of interrelated variables while maintaining data set variation. The
reduction in dimensionality occurs when the original datasets are transformed into new sets of
ordered uncorrelated variables; the principle components. signals from is and is defined as an
orthogonal linear transformation consisting of a data matrix “X” with n rows and p columns [28;
29; 30]. This is transformed to p — dimensional or” weighted” vectors representing the greatest
variance. First greatest variance is the first component with the second greatest variance
representing the second component etc. In this way the most significance features are identified
and dataset dimensionality is reduced'?. It began as an analogue to the principal axis theorem'*
[31] and later rediscovered, and named PCA, by Hotelling in 1933 [32; 33]. PCA was
computationally intensive and impractical for anything but small datasets. Recent advances in
computerization enable application to high-dimensional datasets. Currently, PCA is used under a
variety of names; table 1 [28].

Designation Domain
Karhunen—Loé¢ve transform Signal processing
Eigenvalue decomposition (EVD) Linear algebra
Empirical modal analysis Structural engineering
Proper orthogonal decomposition (POD) Mechanical engineering

Table 1. Variations of PCA used in other fields.

13 Component vectors (sores) (1) are described as vectors projected onto the axes (X, y, z...n) & having a length or
magnitude >0 & a direction which is an angle relative to an axis or “components” along an axis that is pos. or neg.
!4 Where a system of variables is described as a straight line — “orthogonal best fit”. Pearson 1901
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The medical record'’, until approximately 10 years ago, was a folder'® organized using both
structured and unstructured formats, by date and in sections!’. Inpatient and outpatient files'®
were available in the same record. Health information, existed predominantly as unstructured
physician notes, letters and reports. Health data was typically structured.

Structured health data, as part of its governance, are organized, and can be validated against
expected values. This facilitates retrieval, analysis and exchange. Structured health data
generally consists of lists of variables. Such as, quantitative variables; weight, blood pressure and
cholesterol (continuous) or qualitative (categorical) variables; blood type, genotype (nominal),
stages of a disease, social status and educational level (ordinal).

Unstructured health care data lacks the familiar formats characterized by structured data.
Nonetheless, unstructured health care data exists in predictable formats determined by the nature
of the data and domain. For example, diagnostic images, photographs, pathological specimens,
histological slides, and scanned copies of structured data are formatted by standards of the
media. For this data to become useful, currently, it requires human analysis and documentation.

Physician notes, reports and letters contain unstructured data within predictable formats
(“templated” text), but most importantly there is synthesis. The data is transformed into a context
in the form of a physician’s narrative.

Hand written (dictated) unstructured physician narratives are ontological discourses that are
temporally linked. Individual patients’ medical problems are solved by structured and
unstructured data gathering and analysis. Synthesis requires integration of internal (health
record) and external resources (i.e.; EBM and genomics) resulting in a knowledgebase from
which treatment decisions are made. Complex problems require input from multiple domains®
not only for their analysis and synthesis but their experience. This knowledgebase and individual
outcomes are chronicled in the EMR and are the foundation for clinical practice experience or
experienced-based medicine (ExBM) [34]

Finally, there are no established methods to exploit unstructured data and structured data on
leukemic patients for clinical decision making. These data exist within non-integrated
databases®’. Natural language processing (NLP) and machine learning (ML) can extract, process
and aggregate this data into patient cohorts for medical modeling.

15 The terms health record and medical record are used interchangeably

16 Or a series of folders. An unhealthy patient could have a stack of folders a meter or greater in height

17 Or folders commonly referred to as the “chart”

13 vital signs, lab results, patient-generated lifestyle data, images and physician notes, letters and reports

19 Peer and specialty consultation, imaging, special testing & multidisciplinary board presentation; i.e. Tumor Board.
20 Genomic data is included as non-integrated structured data along with disease registry data, pharmacy data etc.
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1I. PROBLEM STATEMENT, SCOPE AND RESEARCH QUESTIONS
A. Problem Statement

Physicians cannot provide patients with the individualized diagnoses and personalized treatments
that maximize their chances for the best possible outcome. Predictive point-of-care decisions for
personalized care are not possible.

Genomics improved precision by enabling better disease characterization by identifying genetic
abnormalities. EBM improved the overall uniformity of patient treatment and eliminated
unacceptable practices. However, it also has significant weaknesses. EBM did not demonstrably
reduce the cost of care or provide sufficient evidence to individualized care. The assumptions
justifying the move from the mechanistic framework to EBM were flawed. [5; 35; 36].

Current dogma is based on evidence from RCTs. Efficacy for a drug is established when there is
a statistically significant positive outcome in a theoretically homogenous population. In other
words, RCTs measure the general affects within a cohort of average patients with a disease.
Candidate selection for clinical trials are strict in order to measure the effect of a drug upon a
disease.

People are evaluated and treated as individuals, not as groups. Patient populations are naturally
heterogenous and therefore contain people with individual confounding factors and
comorbidities. These characteristics significantly influence treatment outcomes (see table 2).
Individual patients with multiple confounding variables represent skewing heterogeneous
components of a statistically homogenous interpretation.

Patients with comorbidities and confounding factors populate RCT sub-cohorts. They represent
small groups of phenotypic variants with effects that are statistically insignificant compared to
the overall study population. The goal of a clinical trial is to determine the efficacy of a treatment
upon a disease. Measuring the treatment effects on phenotypic variants is a different goal. An
RCT with the capacity to yield statistically significant effects upon phenotypic variants would be
orders of magnitude larger than typical studies and prohibitively expensive.

Confounding factors Comorbidities
Race diabetes

Age hypertension
Gender Heart disease

Socioeconomic Status (SES) | kidney disease
allostatic load [37]

Table 2. List of Confounding factors and comorbidities found in phenotypic variants
B. Scope

Leukemia was selected as the center of this review because it has a rich coherent literature that
has benefited from EBM, genomics and complex analytics. Many genotypic and phenotypic
variants are available. In addition, the morbidity and mortality in the elderly is increasing and
requires study.
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Research questions centered on the management of leukemia patients tend to be broad based and
with complex intertwined answers. To further narrow the scope of this review treatment of
individual leukemic patient. Evidence-based medicine of leukemia (EBM-L) and the genomics
of leukemia (GEN-L) are the current gold standards for decision making. Multivariate clinical
data analysis (MCA-L) can bring the experience of managing patients with diverse and
confounding characteristics into the clinical decision-making process. This review is restricted
to a clinical perspective (i.e., PubMed) to further narrow the scope.

1 The scope of the Research Questions

This comprehensive review of the leukemia literature is divided into 3 areas of enquiry;
evidence-based medicine of leukemia (EBM-L), genomics of leukemia (GEN-L) and analytical
techniques used in leukemia, referred to simply as multivariate clinical data analysis (MCA-L).
Two questions evaluate the EBM-L and GEN-L literature for study methodologies impacting
individual patients and one question catalogues the analytical methodologies used to study
leukemia. The research questions are as follows:

a) Has evidence-based medicine (EBM -L) improved a physician’s
ability to diagnose and treat an individual patient with leukemia?

b) Does the clinical human genomics of leukemia literature (GEN-L)
study the diagnosis and treatment of individual patients with
leukemia?

¢) What are the common methods of multivariate clinical data analysis in
the leukemia literature (MCA-L) and how were they employed?

d) From what we have learned by answering the 3 questions above, can
we apply technology to improve a physician’s ability to diagnose and
treat an individual patient with leukemia?

C. Expected Findings

A majority of the literature will focus on EBM using hierarchical graded RCTs and systematic
reviews as the way to determine best practices. There will be a positive impact on many areas of
medicine including diagnosis, prognosis and therapeutics.

I expect to see documentation that genomics improves disease characterization through gene
expression, phenotypic and “omic” analysis (metabolomics etc.). Its impact on the rest of the
leukemia literature will be obvious. I also expect that the analytical methods will be frequently
introduced in an unnecessarily complex manner.

The need for a point-of-care physicians’ system to assist in the prediction of risks and outcomes
for individual patients will be suggested in the literature. However, theoretical approaches will
be introduced into the literature with few concrete proposals [38].
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D. METHODS.
1. Literature Search Strategy

Search the literature on EBM-L, and MCA-L as separate entities, screen and evaluate the content
of each search result for evidence-based management of leukemia, genomics in the management
of leukemia and the use complex statistical methodologies (“MCA”) relating to leukemia. Since
EBM-L and MCA-L overlap significantly, with regard to “leukemia”, the papers excluded from
these categories will form the pool from which the GEN-L papers will be drawn. As with the
other categories they will be evaluated heuristically. This will serve to maintain tight topical
focus within this study.

Search strategies were designed and executed with the assistance and guidance of a UNC Health
Sciences Librarian.

1. Evidence-based Medicine for Leukemia (EBM-L) Search

The search was formulated as evidence-based medicine + leukemia retrieved from PubMed with
the MESH terms (Table 3):

[Evidence based practice, Evidence-based guidelines, Randomized control trials (RCT),
Systematic reviews of RCT, Meta-analyses of RCT]

AND

[Leukemia, leukemic, myeloproliferative neoplasms, hematological malignancies, CML, chronic
myeloid leukemia, chronic myelogenous leukemia, AML, acute myeloid leukemia, acute
myelogenous leukemia, ALL, acute lymphocytic leukemia, acute lymphoblastic leukemia, CLL,
| chronic lymphocytic leukemia, chronic lymphoblastic leukemia]
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The heuristic for article selection, outlined in table 2, screened for the highest levels of evidence:
RCT, systematic review and guidelines present in the leukemia literature. There were 2
comprehensive reviews included in the final article set: one represented an update of an earlier
systematic review and the second resulted in an important guideline [21; 39]. Both were
landmark articles. The objective of this section of the paper was to review the of evidence-based
literature and summarize the major study categories and methods of analysis as well as evaluate
their effect on the diagnosis and treatment of individual leukemia patients.

Search Inclusion Exclusion

[Evidence based practice,
Evidence-based guidelines,
Randomized control trials (RCT),
Systematic reviews of RCT,
Meta-analyses of RCT]

AND

[Leukf:mia,.leukemic, RCT, EB Systematic Summaries,

Evidence-based medicine myeloprollferatlve 1_13013135_’1135, Review, metg—analysis, opinion,
+ hematological llnahgnan(.:les, Comprehensive Review | commentary,
leukemia (EBM-L] CML, chronic myeloid Evidence based case studies,
leukemia, chronic myelogenous literature (EBL), retrospective
leukemia, AML, acute myeloid Guidelines studies, non-

leukemia, acute myelogenous English English

leukemia, ALL, acute
lymphocytic leukemia, acute
lymphoblastic leukemia, CLL,
chronic lymphocytic leukemia,
chronic lymphoblastic leukemia]

Table 3. EBM-L Search Result: 240 records retrieved from PubMed
1 Multivariate Clinical Data Analysis of Leukemia (MCA-L).

This search is labeled: “multivariate clinical data analysis” + leukemia and in this context
includes a variety of biostatistical methods retrieved from PubMed. The MESH terms (Table 4)
are as follows:

[#1 = ("principal component analysis") OR ("composite variable analysis") OR ("multivariate
| cohort analysis") OR ("covariate analysis") OR ("non-parametric multivariate analysis")]

[#2 = (leukemia OR leukemic OR "myeloproliferative neoplasms" OR "hematological
_malignancies" OR Leucocythaemia)] i

[#1 AND #2]




16

The inclusion/exclusion heuristic is outlined in table 4. The objective of this review was to
develop a clinician’s view of common health data analytical methods, how they are employed
and support the diagnosis and treatment of individual leukemia patients.

Multi variate Clinical data
Analysis— Leukemia (MCA-L

Search Inclusion Exclusion

[#1 = ("principal component Clinical & laboratory

analysis") OR ("composite variable | biostatistical studies

analysis") OR ("multivariate studies relevant to

cohort analysis") OR ("covariate | leukemia; analytical L

analysis") OR ("non-parametric methods, data Pharmzllcokmetlf:s,

multivariate analysis")] analysis, machine genomm;/genenc/
learning, systematic | P ?.tholog.lcal,
reviews, meta- dlaguost.lc- tests,

[#2 = (leukemia OR leukemic OR ~|analysis, Zuf]?;?lnes’

"myeloproliferative neoplasms" comprehensive P °

OR "hematological malignancies"
OR Leucocythaemia)]

reviews, prospective/
retrospective/ case
studies, English

commentary, non-
English

[#] AND #2]

Table 4. Multivariate Clinical data analysis

2. Genomics of Leukemia (GEN-L)

As discussed, earlier EBM-L and MCA-L were broad searches and results were expected to
overlap. These overlapping domains including, genomics, were excluded and saved in a separate
pool. The GEN-L “search” result was a concatenated set of articles consisting of EBM-L and
MCA-L exclusions. This pool was heuristically reviewed as outlined in Table 5. and represented
a broad view of genomics and its related fields on our understanding and management of

leukemia.

Genomics of
Leukemia (GEN-L)

Search Inclusion Exclusion
Diagnostic
Targeted drug therapy, methods,
Concatenated from the EBM-L genonnf:-s/ genetic/ _ spectrographic
metabolomics/proteomics methods,
and iRNA pathological/ summaries
PCA-L exclusions. [IEAZL patiologica L7
histological diagnostics, opinion,
English commentary,
non-English

Table 5. Evidence-based medicine genomics of leukemia
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The objective of this section of the paper was to review the literature on the genomics of
leukemia, summarize the major study categories and methods of analysis and evaluate effect on
the diagnosis and treatment of individual leukemia patients.

E. Data Management and Processing

Search results were received in a spreadsheet format and converted into .CSV file. Article data
was sorted, 9 fields were extracted, and exported as text:

PMID

Article Title
Abstract
Journal Name
Journal Year
Journal Volume
Journal Issue
Pagination
Authors

Text was managed in Notepad++ for processing and analysis. Article and reference data were
managed with a duplicative combination of ZOTERO and Mendeley. ZOTERO provided rapid
capture, organization (synch) and storage of article data with PDFs. However, ZOTERO did not
consistently capture complete metadata. Mendely, is much slower synching its reference
databases (crashes periodically), its capacity to automatically import ZOTERO data files served
as a backup and fills in metadata by drawing from its online network. Mendely regularly
frequently fails to capture PDFs and urls. A strong feature of Mendeley was its ability to
highlight, capture, and condense main ideas and salient points into notes for later text analysis
(ADOBE will soon be better).

EBM-L, MCA-L and GEN-L final article sets were processed individually for analysis and
comparison:

» The EBM-L articles were alphabetized by title and labeled under 2 categories: “Study
Category” and “Analysis Category”. Studies were either Diagnostic, Prognostic or
Therapeutic and the analyses were published as either a Systematic Review,
Comprehensive Review, Guideline, or RCT.

EBM-L Study Categories EBM-L Analysis Category
Therapeutic Systematic Review
Prognostic Comprehensive Review EBL
Diagnostic Guidelines
Total RCT

Total

Table 6. EBM-L Study and analysis categories
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» The MCA-L articles were alphabetized by title and labeled under 3 categories: “Study

MCA-L Study Categories MCA-L Sub-category
Data Cleaning Gene Expression analysis
Diagnostic Genome Analysis
Prognostic Metabolome / Proteome
Therapeutic Phenotype Analysis
Table 7. MCA: Study categories and sub-categories

Category”, “Sub-category” and “Methods of Data Analysis”. Studies were either Data
Cleaning, Diagnostic, Prognostic or Therapeutic and Sub-categorized as either Gene
Expression Analysis, Genome Analysis, Metabolome/Proteome Analysis or Phenotype
Analysis.

MCA-L Methods of Data Analysis

ANOVA

Canonical correlation analysis
Clustering

Cronbach's alpha

Fisher exact test

Functional principal component analysis
Gaussian model

Gibbs sampling

Kernel principal component analysis
Kruskal-Wallis H test

Mann-Whitney U test

Mean residual life regression model
Moultiple regression analysis

k nearest neighbor (classification)
Nonnegative matrix factorization
Partial Least Squares (PLS)

Parzen windows

Pearson’s Chi Squared test

Principal Component Analysis (PCA)
Principal factor analysis

Proportional hazards model (Cox's analysis)
Quantile residual lifetime regression
Relative expression level

Sliced inverse regression

Support vector machines

Total Principal Component regression (TPCR)

Table 8. MCA-L Methods of data analysis
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» The GEN-L articles were alphabetized by title and labeled under 3 categories: “Study
Category”, “Sub-category” and “Methods of Data Analysis” (Table 10). Categories
were either Data Cleaning, Diagnostic, Prognostic or Therapeutic (Table 9). Sub-
categories were either Gene Expression Analysis, Genome Analysis,
Metabolome/Proteome Analysis or Phenotype Analysis (Table 9).

GEN-L Study Categories GEN-L Sub—categories
Data Cleaning Gene Expression analysis
Diagnostic Genome Analysis
Prognostic Metabolome
Therapeutic Phenotype Analysis

Table 9. GEN-L Study categories and sub-categories

Methods of Data Analysis

Statistical analysis of clusters

ANOVA

Covariate analysis

Cox's analysis

Dynamic Cross-Correlation Map (DCCM)

Feature clustering using the Bayes information criterion
Fisher's ratio and fold change

Genomic nucleotide sequence

Levene test

Linear Discriminant Analysis (LDA)

Linear-mixed model

Logistic Discrimination

Mann-Whitney test

multivariate statistical analysis

Partial Least Squares (PLS)

Per-residue Root Mean Square Deviation (per-residue RMSD)
Principal Component Analysis (PCA)

Principal component discriminant analysis (PCDA)
Proteomic analysis

Quadratic Discriminant Analysis

Rissanen's MDL

Root-mean-square deviation (RMSD)

Root mean square fluctuation (RMSF)

Tukey HSD method of one-way ANOVA
Unsupervised hierarchical clustering analysis (HCA)

Table 10. GEN-L Methods of data analysis
Methods of data analysis were collated and listed in table 10.



F. Results and Analysis

The evidence-based medicine- leukemia (EBM-L) search yielded 240 records. The multivariate

clinical data analysis— leukemia (MCA-L) search yielded 215 records. Following the
inclusion/exclusion process 29 EBM-L and 33 MCA-L relevant papers resulted. The GEN-L
“search” result was a concatenated set of 392 articles consisting of 211 EBM-L and 181 MCA-L

exclusions. After screening there were 33 relevant GEN-L papers.

2. The 29 EBM-L articles were analyzed for study type (category), illustrated in
“graph and table 1 “and analysis category, illustrated in “graph and table 2

20

EBM-L Study Categories | Numb
EBM-L Study Categories U, e
Therapeutic 15
> Prognostic 11
o Diagnostic 3
& Therapeutic Total 29
v
0 5 10 15
Number
W Diagnostic mPrognostic M Therapeutic
Graph and table 1. GEN-L study types or categories
. . EBM-L Analysis Category - | Number
EBM-L Analysis Categories —
Systematic Review 21
RCT Comprehensive Review EBL| 2
< Guidlines .
E S Comprehensiee Guidelines 5
g 5
% Systematic Review RCT 1
v
Total 29
0 5 10 15 20 25
Number

RCT  WGuidelines mComprehensive Review EBL W Systematic Review

Graph and table 2. GEN-L Analysis categories
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» The 33 MCA-L articles were analyzed for study category, sub-category and

methods of data analysis:

MCA-L Study Categories

o i
o ML Therapeutic -
0 i }3 f.."lle._
v
M
v
0 5 10 15

Number

B Therapeutic M Prognostic W Diagnostic M Data Cleaning

MCA-L Sub-categories

| Metabolome / Proteome

Gene Expression analysis

Sub-category
=X
-3

0 2 4 b 8 10 12 1 16 18

Number

BPhenotype Analysis ~ WMetabolome [Proteome ~ MGenome Analysis W Gene Expression analysis

MCA-L Study Categories Number
Data Cleaning 12
Diagnostic 6
Prognostic 14
Therapeutic 1
Total 33

MCA-L Sub-category Number

Gene Expression analysis 18

Genome Analysis 5
Metabolome / Proteome 2
Phenotype Analysis §
Total 33

~ 7 "l hi TN AT T 2 . 5 1 .
Sremd el fohile 3 ; T ctuefy funec ar coteanriec el cinhora foo ar fac
Graph and fable 3. MUCA-L study tvpes o caregories ang sut-caregories



22

|MCA-L Methods of Data Analysisl

[Kruskal-Wallis H test, 3.8% |

3.8% 3.8% 5.8%

Fercent

Proportional hazards model
(Cox's analysis), 2

Number 8

% 10% 20% 30% 40% 50% 6o 70% Bo% q006 100%

Aois Title
W Mean residual life regression model @ANOVA W Canonical correlation analysis B Cronbach's alpha
B Fisher exact test B Functional principal component analysis B Gaussian model @ Gibbs sampling
B Kemel principal component analysis B Mann-Whitney U test B Multiple regression analysis Bk nearest neighbor (classification)
@ Nonnegative matrix factorization @ Partial Least Squares (PLS) @ Farzenwindows B Pearson's Chi Squared test
B Principal factor analysis B Relative expression level @Sliced inverse regression @ Total Principal Component regression (TPCR)
B Kruskal-Wallis H test B Froportional hazards model (Coo's analysis) B Quantile residual lifetime regression B Support vector machines
@Clustering B Frincipal Companent Analysis (PCA)

L

Graph and table 4. MCA-L Methods ofdata analysis

There was a gratifying finding within this group of papers. Rigolin et al in their 1994 paper used
cluster analysis to group patient presenting features (symptoms/finding) to determine prognosis
[38]. Principal component analysis was used as a method for feature reduction and Cox’s
proportional hazard model was used to evaluate prognosticating features. These were
subsequently clustered in to groups to simplify interpretation.
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» The 33 GEN-L articles were analyzed for methods of analysis (graph and table 5) and
study category, sub-category (graph and table 6)

0% 10%

Percent

Number

M Covariate analysis
M Cox's analysis

u Dynamic Cross-Correlation Map (DCCM)
[ Feature clustering using the Bayes information criterion

M Fisher’s ratio and fold change

B Genomic nucleotide s

B Levene test

GEN-L Methods of Analysis

20% 30% 40% 50%

60% 70% 80% 90%

3.8% PLS 7.7%

Unsuper. hierarchical
clustering (HCA)

B Root-mean-square deviation

I Statistical analysis of clusters

B ANOVA

Tukey HSD method of one-way ANOVA

B Logistic Discrimination

B Mann-Whitney test
B Per-residue RMS Deviation

M Linear Discriminant Analysis (LDA)

H Linear-mixed model

B Multivariate statistical analysis

B Principal component discriminant analysis

B Proteomic analysis
M Rissanen's MDL

B Quadratic Discriminant Analysis

B Root mean square fluctuation (RMSF)
B Unsuper. hierarchical clustering (HCA)

M Partial Least Squares (PLS)
i Principal Component Analysis (PCA)

Graph and table 5. GEN-L methods of analysis

100%
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GEN-L Study Categories GEN-L Study Categories [Number

Data Cleaning 7
Diagnostic 10

2 l/ Therapeutic Prognostic 15

g I Therapeutic 2

- Diagnosticl Total 34

Data Cleaning
’ ° 10 -
Number

Therapeutic mPrognostic  m Diagnostic  m Data Cleaning

Graph and table 6. GEN-L study types or categories

There was no literature that addressed the concept of cohort multidimensional analysis (CoMA)
of warehoused EHR data for the precision treatment of individual patients with leukemia

G. Discussion

1 Has evidence-based medicine (EBM -L) improved a physician's ability to
diagnose and treat an individual patient with leukemia?

This comprehensive review documents a robust evidence-based literature for determining the
efficacy of a wide variety of therapeutic, prognostic and diagnostic approaches to the
management of leukemia derived from population based biostatistical methodologies from
systematic reviews. It demonstrates that efficacy is calculated as a population statistic for the
“average patient”, a theoretical homogenous representor for what is really a heterogenous
population. The flaws and limitation of evidence-based medicine for leukemia are not really
addressed. Some studies discuss limitations associated with quality or abundance of evidence
but rarely, is the lack of evidence for the risks and outcomes associated with the generalization of
these treatment to more genialized populations.

Efficacy is determined for the treatment of a disease, not an individual plus the disease. The
main effects are measured. The effects associated with individual patients with confounding
factors such as comorbidities, age, race, gender, socioeconomic and environmental exposure.
These are the phenotypic variants that put patients into sub-categories within RCTS. There are a
large number of variants populated by small numbers of patients within the context of RCTs. The
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effects from these groups become statistically insignificant and therefore have little impact on
final study outcomes. They are washed out in EBM RCTs. The ability to treat these patients
safely and with predictable risks and outcomes is what defines precision medicine.

Frequently these phenotypic variants have risks and outcomes inconsistent with published
results. When treatment populations expand from 1,000s to 100s of millions, those statistically
insignificant effects during RCTs become unexpected consequences and result in recalls. Those
sub-categories with confounding factors rapidly populate.

Although intuitively attractive, skeptics noted very little supporting data accompanied the
promises of waste reduction, cost savings and better patient outcomes. The ethical justification,
physician decision making would be better informed and less biased, to change medical
education and clinical practice was unsubstantiated [5].

After nearly 3 decades of EBM, a growing voice in the medical literature was bringing attention
to the notion that evidence based medicine has failed to meet its original expectations. To
provide practicing clinicians sufficient evidence to predict the risks and outcomes faced by
individual patients in response to treatment. [40] RCTs supply population-based risk and
outcomes data on diseases (phenotypes) and limited risk and outcomes data on subcategories of
disease (phenotypic variants) i.e.; individual patients. They have a wide range of individual risks
and responsiveness based on confounding factors and the doctor-patient relationship was not
encouraged. As a result, EBM by itself, lacked sufficient power to accurately predict an
individual patient’s outcome from any diagnostic or treatment option.

2. Does the clinical human genomics of leukemia (GEN-L) study the
diagnosis and treatment of individual patients with leukemia?

As genomics expanded, pharmaceutical companies increased drug screening. This made
thousands of active compounds available. RCTs vetted promising drugs and the number of
systematic reviews evaluating potentially new drugs exponentially increased.

To qualify for RCTs subjects must meet narrowly defined criteria attempting to create as
homogenous a population as possible. Human populations and their diseases are naturally
heterogeneous. Populations invariably contain subcategories (phenotypic variants (5). As a
result, the main affects (efficacy, low toxicity etc) of a drug achieve statistical significance for a
representative average patient that may or may not exist but rarely achieve statistical significance
for phenotypic variants (subcategories) [35]. However, it should be noted that the greater the
homogeneity of the study pool the higher the probability targeted affects are statistically
significant and predict risks and outcomes. This raises questions of patient selection bias because
pharmaceutical companies fund a substantial number of these studies. Some studies are not
reproducible [5].

3. What are common methods of multivariate clinical data analysis in the
leukemia literature (MCA-L) and how were they employed?

Principal component analysis dominated the statistical landscape in more than 30% of MCA-L
and GEN-L publications. PCA determined the impact of variables on outcomes without
consideration of correlation. It was used to reduce dimensionality of datasets.
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Within the GEN-L literature the next most frequent method of analysis, at nearly 8%, was partial
least squares or PLS (regression). PLS regression is related to principal component regression
(PCR) and therefore PCA. In short PLS /PCR are applied upon correlations where as PCA
depends upon the rank of projected maximum variance between independent variables and
response. Inthe MCA-L literature clustering was important for cohort determination and was
used in 13.5% of publications.

Clearly the literature demonstrates that the methodologies exist for analysis of complex datasets.
Multivariate analytics/PCA made gene expression analysis results meaningful and genomics
comprehensible from a clinical standpoint.

Finally, no methodologies for precision medicine will approximate cohort multidimensional
analysis (CoMA).

4. From what we have learned by answering the 3 questions above, can we
apply technology to improve a physician’s ability to diagnose and treat an
individual patient with leukemia?

Rigolin et al.’s 1994 paper, approximated the methodology proposed in CoMA. Symptoms and
findings of AML patients were ranked by principal component analysis. Prognostic value was
derived by Cox’s proportional hazard model [38]. In this example age was found to be a
prognosticating factor and clustering patient features modeled patient presentations. This study
was, enlightening because Cox’s univariate models was also compared to other multi-variate
models including PCA. It was encouraging, because on a very small scale, patient matched
cohort modeling was used to individualized care.

Clearly methodologies exist for statistical analysis of complex datasets and coupled with natural
language processing for processing of clinical unstructured electronic health data the analytical
technology exists to provide individualized patient care using the proper baseline model.

II1. CONCLUSION

Evidence-based medicine for leukemia (EBM-L) is currently the sine qua non for disease
management, relying predominantly upon systematically reviewed hierarchically graded
randomized controlled trials (RCTs). and yield population-based risks and outcomes for disease
treatments. EBM promised cost effective individualized “superior patient care” (3, p. 2421) by
vetting diagnostic and treatment methodologies using biostatistically derived evidence from
RCTs. This brought uniformity to practice but was ineffective for precision management of the
individual leukemic patients. This characteristic of population-based results is a strength and
weakness of EBM.

For determining treatment efficacys, it is a strength. The RCT “average patient”, does not
resemble the “every day” patients seen by physicians [35]. It is a weak methodology for
predicting the clinical risks and outcomes for individual patients. The patients with the highest
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need are within the sub-cohorts®!. In the RCT driven EBM model they are statistically
insignificant. Abandoning the mechanistic understanding of disease and clinical experience, for
epidemiological and biostatistical medical research evidence alone has significant limitations.
The phenotypic variants, the patients with comorbidities, are the real-world patients that build
wisdom and experience [41]. It has failed to advance medicine towards its original goal of
improving the physician’s ability to manage the individual patient [42]. EBM lacks sufficient
power to accurately predict an individual patient’s outcome from a particular diagnostic or
treatment option.

Cohort multidimensional analysis (CoMA) based on principal component analysis leverages real
world clinical experience by mining data from EHRs, health data warehouses, disease data marts,
genomic and other specialty databases (pharmacy, oncology, diabetes, etc.). Data is extracted
aggregated and analyzed based on an individual patient’s characteristics, providing evidence of
treatment efficacy on patients that vary from the idealized RCT patient®.

Diagnoses, demographics, confounding factors and comorbidities are patient variables or
attributes. Observable attributes are signs and symptoms for example. When grouped, these
presenting traits or observable expressions represent disease and define a disease’s phenotype. If
the attributes are general or non-specific, they represent a group of similar diseases or
phenotypes. If the attributes are unique or detailed, they may define a specific phenotype or even
a phenotypic variant. Individual patients present with patterns of attributes. When these
attributes are transformed into a composite variable, a template or fingerprint is created
representing that patient and their phenotypic variant. When aggregated and clustered they
define cohorts. An individual patient is the index composite variable (ICV). ICVs are used to
extract and aggregate data from information sources into attributable cohorts®*. Attributable
cohorts contain specific patient matched data: disease designation, demographics, treatments,
genotype, phenotype, confounding factors and comorbidities**. This data when recorded over
time represents the course of a patient’s disease. Time series data is important because it can be
used to forecast a patient’s disease trajectory given a set of circumstances or hypothesizing a set
of circumstances. In other words, an outcome may be forecasted with the current treatment and
stage of disease or a hypothetical outcome may be forecasted given a proposed change in
treatment with the same stage of disease.

2! Sub-cohorts contain phenotypic variations and represent matched patients with confounding factors and
comorbidities.

22 These are the phenotypic variants or sub-cohorts within RCTs

23 another general description is “phenotypically matched cohorts”

24 These can be individual entities or sets of related entities (disease, phenotype, treatment etc)
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Figure 7. Index Composite Variable from patient attributes

Modified principal component analysis, using the index composite variable has the potential to
distinguish cohorts with attributes that match (patient matched, disease matched, phenotype

matched, treatment match, and genotype matched cohorts) or approximate the index composite
variable. Clinical decision models and predictive models can be built for an individual patient.

A methodology is therefore needed that can build attributable cohorts using ICVs. PCA is a
likely candidate to enable this process. The methodology will be applied to a single known health
information dataset either sourced from the Carolina Data Warehouse for Health (CDW) or
synthetically derived for testing. Then to multiple information sources. The long-term goal is to
develop a point-of-care system that presents models based on patients’ ICVs for medical
decision making and predictive analytics.

There are significant challenges associated with this task. For example, using categorical
variables with continuous variables needs to be addressed. The uniformity and quality of data
within information sources can present impediments. Patient data is not stored in longitudinal
sets and will require a degree of access that permits assemblage of individual patient timelines
and patient matched timelines.

A brief example of how to overcome the categorical/continuous variable problem would be to
use the categorical variable for cohort development and the continuous variable for PCA

The evidence for personalizing care lies within the EHR and specialized clinical databases [43].
This structured and unstructured data represents real-world treatment experience of complex
diversified patients. Experience-based evidence derived from clinical health data using cohort
multi-dimensional analysis (CoMA-HD) is proposed as a methodology to use this data. Medicine
has reached an asymptote in quality and personalization and will not advance without a paradigm
change — the inclusion of clinical experience-based evidence in decision making.
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