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Abstract of Thesis

A Biomarker Data Model for Standardization of FDA-Approved Cancer Laboratory Tests

Identifying new disease biomarkers has become increasingly challenging due to
the lack of validated reference values and standardized classifications, which have
hindered clinical use. To better understand cancer heterogeneity exploration of its
genomic and proteomic landscape through omics-based technology has fueled cancer
biomarker research in recent years. With the rapid expansion of omics technologies,
strategies and standardization techniques have accelerated high-throughput data
availability. In this context, bridging the gap between biologics products (lab tests,
therapeutic protein, reagents) and understanding key cancer drivers should be considered.
Therefore, there is a need for a standardized basis for reporting biomarker data for
application in clinical settings.

The Foods and Drugs Administration (FDA) and the National Institute of Health
(NIH) working group developed BEST (Biomarkers, EndpointS, and other Tools) as a
guide to define biomarkers by the context of use (COU). An open-access database
currently populated with COVID19, cancer, and diabetes mellitus biomarkers

(https://data.oncomx.org/allbiomarkers), classifies biomarkers using BEST as the top-

level categories. The FDA has approved over a hundred genetic tests analyzing DNA and
RNA sequence variations to diagnose various medical conditions, including cancers.
Targeted therapy relies significantly on biomarker validation, allowing for valuable and
interpretable data models. Increased representativeness of biomarker data will allow for

targeted efforts towards meaningful clinical applications contributing to advancements in



precision medicine. We curated 40 companion diagnostic tests associated with FDA-
approved cancer tests modeled into individual markers or panels. This task has allowed
for the identification of 24 panels and 14 single biomarkers that encompass 158 unique
biomarker entities represented by gene/protein expression, differential expression, and
mutations. This work provides the basis for curating cancer biomarkers that are part of

FDA-approved tests.
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Introduction

A Brief Overview of Biomarkers

The Food and Drug Administration (FDA) and National Institute of Health
Biomarker Working Group (FNBWG) describes the concept of biomarkers as “a defined
characteristic that is measured as an indicator of normal biological processes, pathogenic
processes, or biological responses to an exposure or intervention, including therapeutic
interventions”'. The first reported biomarker was discovered through simple heat
denaturation in a cancer patient with myeloma. A scientist showed that neoplastic plasma
produces an immunoglobulin light chain known as the Henry Bence protein, suggestive
of Waldenstrém’s macroglobulinemia and multiple myeloma?. This protein existence was
established by its production by neoplastic plasma cells of myeloma patients but not in
normal patients (Figure 1). This discovery emphasized critical features involved in
biomarker discovery, such as the biological sample where the biomarker is evaluated, and
the target condition known from patients’ status®. Though biomarkers are commonly
identified through proteins, other marker types include genes, peptides, cells, metabolites,
and glycans. The change molecular drivers as a response to stress can be measured and
represented as biomarkers. For example, excess production is where normal tissue can
produce biomarkers derived from the tumor. In the case of tumor profiling, biomarkers
are made in significant excess*. Mutations in genes responsible for growth and survival
can result in either benign, malignant, or pre-malignant tumors with over 200 types
categorized into sarcomas, carcinomas, leukemias, lymphoma/myeloma, and central

nervous system cancers. Measurable changes in these markers can be indicated as



biomarkers reported from differential diagnosis for various conditions. In fact,
biomarkers are commonly identified as changes in molecular drivers as a response to
stress, measured and represented as biomarkers. These molecular drivers range from

protein to lipids and can provide insight on biological conditions (Figure 2).

Cancer Incidence and Biomarker discovery

The National Institute of Health (NIH) has reported cancer as an emerging major
health issue with increasing incidence °. Millions of cases are diagnosed every year with
lung, breast, and prostate cancer leading in the number of cases. In addition, data
collected from the World Health Organization (WHO) and the Centers for Disease
Control and Prevention report cancer as a leading cause of disease mortality behind
ischemic heart disease (Figure 3). In 2018, 18.1 million new cases and 9.5 million
cancer-related deaths worldwide placed cancer as one of the leading causes of death. It is
estimated by 2040, the number of cancer cases per year will rise to 29.5 million, and the
number of cancer-related deaths to 16.4 million. Cancer is a malignant disease that can be
considered a healthcare concern that causes a significant clinical burden and requires
additional research to improve therapy strategies and return more efficient drugs.
Progress in sequencing technologies and omics- studies provide tremendous benefits in
understanding genomic and molecular aberrations associated with diverse cancer
development. The Cancer Genome Atlas (TCGA) facilitates the comprehensive
understanding of molecular characteristics of cancer types and subtypes. This data shows
the diversity of cancer at the genomic level from over 11,000 cases evaluated for 33

cancer types ®. These molecular markers, such as mutations, provide considerable insight



into cancer development. Determining biomarkers and their application could play a
critical role in improving cancer treatment options. Consequently, testing and screening

costs could be reduced by applying biomarker studies to precision medicine.

Technological advancement and biomarker discovery

The advancement of technology has allowed for faster and more efficient
biomarker discovery methods. Such progress includes developments in omics studies
which allow for biomarker study at various molecular levels. Additionally, big data
science fields provide improved and more efficient tools for analyzing biological data.
Such technology involves DNA and RNA sequencing platforms used to study gene
differential expression (Figure 4). As a result, conditions such as cancer can be
constantly studied in different areas, including screening, diagnosis, prognosis,
monitoring, staging, and tumor localization’. Cancer can be evaluated at various stages
due to the measurable features of biomarkers. In this perspective, it is essential to
understand the circumstances in which biomarkers are produced. Studies have shown that
tumors lead to excess production of biomarkers resulting in fluctuating characteristics
that are quantifiable. For example, catecholamine secretion by tumors of the adrenal
medullar or prostate-Specific Antigen (PSA) production by the prostate are markers
produced by the normal tissue from which the cancer is derived; thus, causing excess
production®. Ectopic production of tumor markers can be caused by both fetal tissues and
tumors, known as oncofetal biomarkers. For example, the pituitary normally secreted the
adrenocorticotropic hormone (ACTH); however, certain lung tumors can also produce

ACTH’.



Biomarker Development

Biomarker development requires following a set of standardized processes from
discovery to clinical implementation'® to maintain a logical flow for understanding the
data collection pipeline. The biomarker discovery process aims to implement their use in
clinical settings for predicting patient outcomes. However, challenges have emerged

regarding the clinical translation of those biomarkers'!.

Biomarker discovery

The initial process of any biomarker development involves validation in the same
preliminary report. Validation is ideally performed following predefined rules in an
independent patient population; however, the validation-based methods are used when
independent patient groups are unavailable. The fundamental use of the marker or device
is defined prior to the analysis step. This process might be challenging at the early stages
of cancer biomarker development. The current state of high-throughput omics
technologies allows for the investigation of molecules without previous hypotheses. The
ever-evolving omics studies represent a powerful tool for biomarker discovery as
hypotheses can be generated following genome-wide studies'® !!. The target population
should be clearly defined from the start to establish the appropriate clinical context for
guiding the implementation and development of the assay or device of choice. Another
cause of potential failure in biomarker early discovery stages can be from biospecimens
used for the studies. Inclusion and exclusion criteria should be well-defined to avoid
source bias, hindering the following development stages. A solution to this issue is

following a database or biobank with standardized clinical annotations. This has been



challenging due to cancer's heterogeneity and complex nature, and it requires meticulous
improvement and adherence to published guidelines'?>. These reports emphasize the
relevance of careful evaluation of the technical robustness and the methodological
strength and validity for an objective assessment of new biomarkers. Efforts have been
made to develop bioinformatics/informatics resources such as public repositories,
including datasets that follow annotations and other parameters for standardization

purposes. As a result, reproducible research can be conducted to discover biomarkers!>.

Biomarker Analytical Validation

The discovery phase is ensured by applying biomarkers to clinical assay platforms
that can be analytically validated. The accuracy, robustness, and reliability of the
measurement in patient samples should be considered for the evaluation process for
quantifying the analyte of interest. Analytical validation is typically conducted by testing
the same set of models through the initial assay/device used and the clinical platform
applied to determine the experiment's robustness and reproducibility. The technologies
commonly used for gene analysis include next generation sequencing real-time
polymerase chain reaction (RT-PCR) for gene expression and other DNA mutation
profiling methods. Another frequently used assay is FISH (Fluorescent in situ
Hybridization) which assesses genetic translocation and evaluates DNA copy numbers.
Immunohistochemistry or IHC also applies to potential methods used for assay
development. In this case, protein expression and subcellular disease localization can be

assessed.



Multi-gene assays have been introduced into the clinical setting as in vitro assays.
However, the implementation of this technology remains challenging as the measurement

t'> are available tests

process has poor reproducibility. Oncotype Dx'* and MammaPrin
approved by the FDA to test breast cancer profiling. The tests are performed in controlled
facilities to reduce the technical variability that might arise from different laboratory
standards. Potential approaches including direct transcript quantification without target
amplification might provide a more robust reproducible measurement of the gene
expression profile. For instance, a 50-gene subtype assay for prognosis and prediction
was developed for selecting patients who would benefit from adjuvant tamoxifen
treatment for breast cancer'. In addition, the identification of somatic mutations by

resequencing targeted panel genes has been accepted as a potential method that allows for

discovering cancer drivers!”.

Clinical use validation

Once the biomarkers have been clinically validated, the assay used for clinical
development is evaluated. The goal for this step is to confirm the performance of the
device in diagnosing and predicting the phenotype of interest. The outcome of interest
can also be established by validating clinical utility for the target biomarkers'® !°. The
clinical sensitivity of the assay plays a crucial role in asserting sets of standards for
interpreting results appropriately. The biomarkers must be analyzed in a statistical trial?°,
but the experiment may not be realistically reproducible due to either financial limitations
or low patient availability. Retrospective designs such as biobanks and biorepositories

could circumvent these limitations. Outcome benefit can also be assessed through clinical

validation, including comparative efficiency/effectiveness?'.



Clinical implementation

The statistical and clinical validation of biomarker assays can be implemented in
clinical care by following key steps that vary from regulatory approval to integration in
clinical practice strategies. The regulatory approval process in the U.S. is often overseen
by the Food and Drugs Administration (FDA), which approves in vitro diagnostic
tests/devices which also serve as commercial medical devices labeled as 510(k). The
FDA approved human genetic tests for biomedical diagnosis, where genetic variations are
at the DNA level. These tests aim to differentiate healthy individuals from those carrying
a genetic status indicative of those targeted by a health condition. Other laboratory tests
are also in effect, though, often submitted to FDA regulatory standards before validation.
A list of currently approved diagnostic tests from the FDA is shown in table 1. The
dataset involves collecting human genetic tests approved by the FDA to diagnose

diseases or conditions.

FDA-Approved Biomarker Discovery

The National Cancer Institute Early Detection Research Network (EDRN)
implemented a guide including five phases to conduct biomarker development. The
process starts with preclinical exploratory studies, clinical assay validation, retrospective
longitudinal repository studies, prospective screening studies, and cancer control
studies??. Potential tumor markers are currently discovered using common approaches
such as high throughput and targeted discovery. The latter qualifies as the preferred
method for many groups even though high throughput discovery is more frequently

applied*> 2. Regardless of the approach, it is essential to design a successful study by



considering strategies that yield the most accurate results. Since the discovery of the first
biomarker, the FDA has approved a few tumor markers for clinical use?. In addition, the
organization has reviewed nucleic acid-based tests to analyze variations in expression,
structure, or sequence in DNA and RNA for various conditions for disease diagnosis.
These methods allow for the discovery of biomarkers expressed differentially at the
molecular level. Biospecimens play an important role in diagnosis, specifically in cancer,
where biopsies are often required. Organ and tissue biopsies serve as gold standard for
diagnosing patients, though there are certain risks associated with its procedure. To
provide an alternative to biopsies and other risky procedures, it is essential to find non-
invasive methods. In this perspective, human genetic tests can provide insight on
biomarkers used for patient identification and stratification. Studies have shown that
biomarker panels present powerful tools for profiling and studying diseases’*. For
example, researchers discovered that combining CK-18, serum adiponectin, and serum
resistin into a panel translates into a reliable model for differentiating nonalcoholic
steatohepatitis from simple steatosis by measuring levels of various antigens* 2.
Developing reliable biomarker panels based on laboratory and clinical data has potential
to be useful for patient management. Biomarker data can be studied through medical
devices that identify specific analytes measured by the device for classifying patients. A
rigorous process is required for the validation and approval of these tests which rely on
analysis performed on biological samples mostly including biopsies. The FDA approves

devices that are intended for clinical use.

Classification of biomarker assays as medical devices




Understanding the classification of these devices allows for a better understanding
of the biomarker use and its applications in precision medicine and drug
labeling®®. Medical devices are categorized into three classes based on the intended use
and the risk assessment of patients when incorrect results are generated. Devices of class
IIT are described as devices that pose risks and require premarket approval (PMA) by the
FDA. Their approval process requires analytical and clinical performance studies to
determine the safety and effectiveness of inpatient care. Class Il devices are of moderate
risk as assessed by the FDA through the premarket notification pathway, 510(k). In this
case, the device must be equivalent to a previously cleared device by the FDA. The new
device is required to perform equivalently to the predicate. 510(k) applications do not
necessarily include clinical studies. A differential comparison between the two devices is
performed to validate the equivalence of the new device for moderate-risk devices with
no applicable predicate (510(k) process devices through the “De novo” pathway). The
FDA does not require premarket submission for low-risk devices (class I). Little
processing is done with these devices relative to class II and III types as the

manufacturing company are responsible for the system's quality control.

Classification of biomarker assays based on the intended use

The device's clinical performance used for screening conditions listed by the FDA
provides relevant information to the clinical context in which the biomarker is being
measured?’. The disease type or subtype would also offer a different perspective
regarding the biomarker of interest. The devices were validated using parameters
including the disease of interest, the endpoint, and the patient population targeted for the

biomarker discovery process. Additional statistical data is also provided with proper



positive and accurate adverse reports for biomarker screening. The tests associated with
the assays aim to improve the study's accuracy in question®®. The description provided by
FDA resources for each device describes the sample population included or targeted in
the research and the intended results for the test in terms of the quantifiable gene or
protein. For example, the biomarker entity could also be identified as changes in

chromosomes or other potential mutations observed in genes.

Classification of pharmacogenomic biomarkers for drug labeling

Pharmacogenomic discoveries have been included in patient care management,
given their involvement in product labeling. As a result, small molecule drugs and
biological drugs can be studied through many areas of pharmacogenomics. For instance,
genetic variations in the drug target can be researched along with the potential
downstream/upstream pathways for evaluating an individual’s likeliness to respond to

treatment?’

. Other pharmacogenomic research areas involve applications to biologic
therapies. For example, relationships between immunogenicity and genetic variability can
be investigated through the pharmacogenomic basis for genetic and immune diversity™’.
In the clinical setting, pharmacogenomics applies to the development of precision
medicine strategies to ultimately bypass immunogenicity’!. Studies have shown that
binding monoclonal antibody to the cell surface of immune receptor cells is a vital feature
of some anticancer agents (e.g., rituximab. trastuzumab) that are programmed for tumor
cell killing®?. Previous clinical studies indicate that specific genetic polymorphisms in

immune receptor cells may impact response to biologic therapies as well as anticancer

agents*. These studies provide information that would be incorporated in drug and

10



product labeling, a process that would be implemented when the level of evidence

eventually supports the clinical use of the data®*.

The U.S. FDA has listed drugs whose labels provide pharmacogenomic
information. The list is expanding, indicating the development and success of precision
medicine. However, implications in clinical use can be different depending on the
pharmacogenomic biomarker drug label*>. On the one hand, the title might clarify
whether genetic testing is recommended or required to define suitable candidates.
Additionally, the information can explain the risk assessment of side effects reported for
some biomarkers. The label could confirm whether the pharmacogenomic biomarker is
involved in the drug mechanism of action. The latter two cases are accompanied by
diagnostic tests that require some level of genetic testing for the detection of the
biomarker as well as the change observed in the biomarker. In such cases, the genetic
information may be relevant to precision medicine. Earlier studies have reported a low
frequency of requirements or recommendations for genetic testing among drugs with a

pharmacogenomic biomarker mentioned in the label®.

Biomarker Categories

Determining biomarker data is critical to developing rational medical diagnoses
and therapeutics in cancer research. Great strides in advancing proteomics and genomics
have resulted from the implementation of biomarkers in research and clinical practice.
However, biomarker use is defined by the clinical role played. Significant confusions
have arisen as a result. Efforts are being conducted towards harmonizing and

standardizing the definition of biomarkers. The language confusion issue is addressed to

11



prevent medical product development hindrance. The U.S. Food and Drug
Administration (FDA) - National Institute of Health (NIH) working group provides a
consistent and commonly understood terminology resulting in better validation and
development of medical products. The concept differs depending on the biomarker’s
context of use (COU). The group defined biomarkers under the Biomarkers, EndpointS,
and other Tools (BEST) resource to promote consistency for biomarker science. BEST’s
effort to harmonize biomarker studies allowed for the refinement of that definition and
classification (Figure 5). The initial description describes biomarkers as characteristics
that can be objectively evaluated and measured as indicators of normal biological and
pathogenic processes or pharmacologic responses to therapy. Other biomarkers also
considered include molecular, histologic, radiographic, or physiologic characteristics that

do not necessarily assess how the patient feels or survives'.

Susceptibility/risk biomarkers

Patients can present specific molecular characteristics that would predict a
disease. The potential for developing a condition, even for clinically asymptomatic
individuals for the disease of interest, can be determined through susceptibility/risk
biomarkers. For example, these markers define one’s increased or decreased chance for
cancer later in life. A typical example of risk biomarkers is BReast CAncer genes 1 and 2
(BRCA1/2), which undergo mutations in individuals with susceptibility to develop breast

cancer>°.

Diagnostic biomarkers

12



Diagnostic biomarkers are used for identifying individuals with a subtype of the
disease to detect or confirm the presence of a condition of interest. Diagnostic biomarkers
play an important role in determining a patient’s ability to be enrolled in a clinical trial
that studies the disease. The oncology field has revealed that cancers may have subtypes
differentiated by prognoses and responses to individual treatments. For instance,

Progesterone and Estrogen Receptor positive breast cancer for tamoxifen therapy®’.

Prognostic biomarkers

These markers apply to the process of evaluating disease (also patient)
progression, recurrence, and the likelihood of a clinical event for the condition studied. In
clinical practice, prognostic biomarkers are often an eligibility criterion as they allow the
patient to have disease progression or clinical events to be identified. For example, Zhang
et al. 2020 assessed plasma fibrinogen as a prognostic marker for selecting lung cancer
patients for inclusion in clinical trials®®. In addition, the FDA uses these markers as

“enrichment factors for assessing drug effectiveness™.

Predictive biomarkers

Specific individuals experience a medical product’s favorable or unfavorable
effect or environmental agent exposure. Predictive biomarkers can evaluate an
individual’s likeliness without the biomarker to respond to exposure. Responses to stress
may include adverse effects, survival, and symptomatic benefits. These markers can also
be specific to the host characteristics, showing the disease process. For drug labeling,
predictive biomarkers are selected depending on their mechanism of action. These

markers also determine patients who can benefit from treatment. Thiopurine

13



methyltransferase (TPMT) activity is representative of a predictive biomarker as it can
identify a patient who is at risk for severe toxicity because of high azathioprine or 6-

mercaptopurine concentrations*.

Monitoring biomarkers

Markers are evaluated serially to monitor therapy effectiveness or the disease
status. In clinical settings, biomarkers for treatment monitoring are critical as
measurements can be made throughout the patient’s course of therapy, starting after the
diagnosis process. The goal is to determine the favorability of the disease’s response to
treatment by measuring changes in the biomarker level in prevention trials of new drugs.
After tumor removal, for example, specific genetic markers can forecast the likelihood of
breast cancer resurgence. Goncalves et al. 2017 developed clinical trials for breast cancer
patients to monitor response to endocrine therapy based on the proliferation marker

protein (Ki-67)*.

Pharmacodynamic/Response Biomarkers

The specificity of these markers shows the occurrence of biological responses in a
patient exposed to an environmental or medical product. The definition classifies
pharmacodynamic biomarkers as monitoring ones. Their assessment is performed in a
repeated fashion. When exposure is triggered, the biomarker level changes. The
difference in these markers provides evidence of treatment effect on a clinical endpoint.
Ultimately, they guide dosing processes in clinical practice where drug use continuation
is gaged. YH2AX monitoring after exposure to treatment drugs is evaluated in circulating

tumor cells*?.
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Safety biomarkers

The adverse effect of certain medical products can translate to toxicity, and safety
biomarkers are measured before and after exposure to those agents. Therefore, results
would indicate the likelihood of adverse effect toxicity. Thus, drug dosing can be
managed and refined to respond to treatment where the changing levels of safety
biomarkers are measured. For example, serum creatinine is considered a safety biomarker

for evaluating the effect of kidney function drugs in terms of nephrotoxicity*’.

Biomarker Standardization

A common challenge encountered in biomarker studies is the prevalence of
unclear and inconsistent definitions stemming from the lack of biomarker sensitivity and
specificity. Additionally, the lack of evidentiary requirements for assessing biomarker
endpoints also contribute to these challenges. Inefficient translation of approved medical
products to promising discoveries contribute to the misunderstanding of biomarker
concepts. Contextual distinctions limit our understanding of biomarkers as inappropriate
endpoint are sometimes assigned to biomarkers. Additionally, discrepancies in

differentiating single biomarkers from panels.

Biomarkers are often considered separately regardless of the combined
interpretation even when measured together. However, studies show that biomarkers
integrated into a more accurate individual classification. It has been demonstrated that
combination of a cardiac biomarker and brain parameters predicted a 6-month-improved
outcome for brain damage as opposed to biomarkers assessed individually**. However,

several challenges arise from the development of panels which are not readily applicable
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in clinical settings due to their lack of specificity. The discovery and interpretation of
traditional single analytes can be used to build panels for patient classification in higher
dimensionality. These discoveries have led to the rapid determination of several
biomarker types ranging from genes to other measurable entities. Biomarker data
availability has significantly increased over the past few years with omics technology and
better capabilities in storing biospecimens*> 6. As a result, the identification and
harmonization of biomarkers remain inconsistent across entities due to the lack of
standardization of biomarker data interpretation*”” *. There is a need to standardize
biomarker data models as biomarkers discovery improves rapidly with the advancement
of omics-based technologies/tools*” >, Additionally, these tools can provide a basis for

understanding biomarker-relevant data to be standardized.

To remedy this issue, it is critical to create a set of criteria that respond to a
common language that serves as a foundation for characterizing biomarkers. In fact,
developing a consistent and robust methods of biomarker identification and classification
is important for standard understanding across medical professionals. Previous efforts to
model biomarker data have been performed in this regard. The CIViC database’! applies
a text-mining approach to retrieve articles that mention biomarker entities and the type of
biomarker category it belongs to. This model is limited to the entity and not the clear
biomarker endpoint. This model also lacks relevant data such as specimen, organ and
other data types that can be captured. Another effort was accomplished to establish
relationships between genes, alteration, and indication®?. Though the model encompasses
deeper biomarker information, it does not encompass proteins and other possible entities.

A more comprehensive model would be appropriate in this case. To address this issue, a

16



disease biomarker model (BDM) was developed to encompass differential expression in
diverse biomarker types including genes, proteins, glycans, chromosomes, cells,
microRNAs, and others*’. The model was established by manual curation of publicly
available publications which allowed for modeling over 145 COVID-19 biomarkers. To
accomplish this, the curators annotated the publication content for diverse checks: the
biomarker name referenced in the publication, the best standardized accession matching
the biomarker term, appropriate categorization of the BEST biomarker type from the
article description and the specimen type. Additionally, LOINC (Logical Observation
Identifiers Names and Codes)> specifications linked to laboratory and test orders were
included for clinical terminology mapping. The model identifies the measured biomarker
characteristic and their associated entities including: 1) the tissue sampled
(source/matrix), 2) the disease target, and 3) biomedical reference sources (canonical
UniProtKB/Swiss-Prot accession®* , PubChem Compound ID*, Cell Ontology ID%,
Protein Ontology ID*’, Disease Ontology ID*®, Uberon Anatomy Ontology*’, Protein
Database ID (PDB)®, NCI Thesaurus concept code (NCIt)®!, CHEBI®?, LOINC ,

miRbase®® and PubChem®).

To model FDA tests into biomarkers, this BDM serves as a standard for retrieving
relevant biomarker data from FDA literature evidence associated with approved tests and
devices. This will be accomplished by annually curating approved cancer devices and
their submission labeling, followed by retrieving biomarkers measured by the device/test,
the intended use interpreted as the BEST biomarker type from the literature evidence.

The biological sample required by the device is also retrieved and interpreted as the
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specimen type. The retrieved data is then integrated into BDM to build a data model for

cancer biomarker panels.
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Material and Methods

Dataset Descriptions

The overall workflow for the data expansion process involves data collection
from various FDA resources. The first data source is the nucleic acid-based tests

(https://www.fda.gov/medical-devices/in-vitro-diagnostics/nucleic-acid-based-tests) that

captures devices used in diagnosing different conditions including cancer (Table 1). The
table headers are disease/use, trade name, manufacturer, and submission. The disease/use
shows the targeted health condition in the context of the device use. The second header
provides the name of the device used to test for the condition and it is followed by the
manufacturer of the device. Lastly, the submission reflects the intended use of the device.
Each submission is defined based on the type of device used. Submission identifications
with ‘KXXXXXX’ format are 510(k) Premarket Notifications; ‘DENXXXXXX’
formatted entries are used for devices needed to be classified (de Novo); ‘PXXXXXX’
formatted entries define premarket approval for the device. Premarket submissions
include a ‘decision summary’ with data of interest found in the ‘Measurand’ and
‘Intended Use’ sections of this literature evidence. Literature evidence for de novo
submissions is found in the decision summary with the measurands, and indications of
use included. Finally, premarket submissions are labeled with an approval order
statement that consist of a description of the device and its use. For device use intended
for drug targets, additional literature evidence can be found in the table of

pharmacogenomic biomarkers.
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Publicly available data from the FDA (https://www.fda.gov) compiles a list of

pharmacogenomic biomarkers classified by therapeutic area and drug target. Where
available, the companion diagnostic tests reference is mentioned in the pharmacogenomic
description. The table is used as a quick search tool for assessing drug-related biomarkers
for cancer treatment. In this case, the context of use for the disease is not explicitly
disclosed. The companion diagnostic devices data is also included where nucleic acid-
based tests are quired for classification. The indication for each test is provided in terms

of the therapeutic area, more precisely categorizing the cancer types that the device tests.

The list includes cleared and approved companion in vitro and imaging tools
where the premarket approval is provided along with the submission number that
describes the methodology and results for the tests. The submission lists the intended use
for the assay and the disease it can be tested for. The dataset lists human genetic tests
applied to discover different conditions, including multiple cancer types. Assays include
genetic tests for risk assessment, such as tumor profiling tests that screen for specific
mutations and variations to determine one’s predisposition to cancer. Additionally, some
tests aimed at screening target diseases applied whole-exome sequencing methods to
detect genetic marker panels. The device specification contains clinical trial entries

(NCTID).

The workflow includes differentiating individual biomarkers from panels. The
device measurand describes whether the device assesses a single entity or panels
including more than one entity. When the measurand is not provided, the intended use

specifies the unit of measurement applied for the tests. Tests measuring single entities
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will be labeled as cancer biomarkers while biomarker panels will be characterized by

multiple analytes characteristic to the disease endpoint.

Dataset cleaning

The list of nucleic acid-based tests includes various conditions ranging from
leukemia to thrombophilia. The diseases of interest are oncology therapeutic fields (i.e.,
cancer). We filter the dataset to only include devices used in cancer and tumor profiling.
Each submission is investigated to analyze the results of the tests according to the
following workflow in figure 1. Each submission identification summarizes the
experiment. For example, the first entry, ‘K033982’, describes a bladder cancer
recurrence kit aimed at identifying chromosomal changes resulting from nucleic acid in
situ hybridization. The biomarker, in this case, would be aneuploidy for chromosomes 3,
7, 17, and loss of the 9p21 locus in urine specimens from subjects with transitional cell
carcinoma of the bladder. Results from the kit are intended for use as a method for
monitoring for tumor recurrence in conjunction with cystoscopy in patients previously

diagnosed with bladder cancer.

Modeling FDA-approved devices into a BDM

The proposed workflow (Figure 6) involves retrieving relevant cancer data from
FDA-approved publications linked to medical devices/tests and the collected data will be
integrated into a biomarker disease model. Manual curation of each submission sets a
pathway for populating a list of FDA approved biomarkers where data points fit the BDM
model (Table 2). To evaluate FDA-approved cancer tests and devices as individual

biomarkers or panel biomarkers, the assessed biomarker is determined by the analyte
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used as the characteristic which change indicates the cancer type and its endpoint. Here,
we use a text curation approach to standardize assessed biomarker entities. FDA tests
detect and measure changes in entities that can be genes, proteins, and gene expression
profiles. The strategy is to qualify the measured entity as the ‘assessed biomarker entity’
(ABE) and the change detected by the test defines the ‘biomarker’ which can include
terms such as ‘mutations’, ‘protein level’, ‘amplification’, ‘aneuploidy’ and additional
terms. Panel biomarkers were represented by expression profile signatures for genes and
proteins belonging to the same family of genes assessed collectively as indicated by the
test result. We build a pipeline to categorize tests in biomarker vs panel ABE types.
Individual entities composing the panel are identified and their individual biomarker is
assessed using a functional annotation approach. The model proposes functional

annotation of panel entities into biomarkers from the FDA publication curation.

The primary strategy for mapping scraped data from FDA resources and external
evidence linked to the model with one-to-one mapping strategy for each data type
required is described (Figure 7). First, the assessed biomarker entity was determined to
be the analyte detected by the device/test. The main cross-reference was matched to the
most appropriate biomarker term from a reviewed standard ontology using
UniProtKB/Swissprot. The biomarker was represented by any or all changes occurring in
the analyte that are indicative of the disease endpoint. This is retrieved from the
detection accomplished by the FDA device. For entities parts of a panel, we assess
individual biomarkers by functionally annotating the gene from its involvement in that
cancer type. The annotation was used to establish the gene involvement in biological

processes and upregulation, or downregulation is established as biomarker. It is implied
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that when the gene is detected, its purpose is to serve as a cancer hallmark. Knowing the
normal biological function of the gene shows functional implication in cancer.
Upregulation is defined for positive contributors and downregulation for negative
contributors. The functional annotation ID is retrieved from the associated
UniprotKB/SwissProt. The BEST biomarker type was assigned by evaluating the disease
endpoint. This process involves identifying text in the device labeling that describes the
intended use which is then mapped to BEST biomarker definition. The most appropriate
evaluation was accomplished on intended use translation into a biomarker typ. The
specimen type was also incorporated in the model. This data point was defined by the
device required for testing. Specimen types such as formalin-fixed paraffin-embedded

(FFPE) tissue represent tissue specimen types. Standardization of this data point is

achieved using the Uberon ontology platform (ebi.ac.uk/ols/ontologies/uberon) while
disease name was standardized using the human disease ontology platform

(ebi.ac.uk/ols/ontologies/doid). The LOINC code is retrieved  from

(http://bioportal.bioontology.org/search). To retrieve the unique LOINC identifiers, the

assessed biomarker entity was searched. Results return multiple tests associated with the
entity, so the appropriate LOINC code was retrieved by identifying the test that best
corresponds to the biomarker. In the harmonization process, we created a labeling prefix
for the devices cross reference. We used the submission number and preceded by the
“FDA Test Code ID” abbreviated as FCTID which serves as the literature evidence for
the model. The clinical trial ID associated with the test that qualifies the biomarker was
also incorporated along with the test biomarker/ panel status assessment. A resulting

dataset of biomarkers fitted in the BDM data model from curating text mining FDA
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resources and the table of Cancer Nucleic Acid-Based Tests (CNABT) for humans is

generated based on the following FDA biomarker configuration (Figure 8).
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Results and Discussion

FDA biomarker data model

This multi-omics approach shows a standard procedure to curating and
standardizing biomarkers derived from approved laboratory tests. The data model was
created based on a manual curation effort that allowed for organizing FDA-approved
biomarker data (Figure 9). The scope of this work results from focusing on devices used
in the oncology field. The model captures FDA-approved devices modeled into
biomarkers where the analyte name serves as the assessed biomarker entity name. The
biomarker description was obtained from the device measurand or the characteristic of
the biomarker indicative of the disease endpoint. Currently, 40 devices out of 142 are
designed to be used for our target list of cancers (melanoma cancer, breast cancer,
prostate cancer, lung cancer, ovarian cancer, colorectal cancer, and urinary bladder

cancer).

Those 40 devices are explored from their disease/use standpoint and 41 distinct
biomarkers are reported as a result. Additionally, the test measurands provide information
on the biomarker(s) type. This method of interpretation allowed to translate the device as
an assessed biomarker entity. A strategy was developed to assess devices into biomarkers

or panels (Figure 10).

The identified biomarkers were systematically classified using the FTCID
followed by the device submission number. The main cross reference for the literature
evidence can be traced to entries compiled in FDA resources. Researchers can find the

original FDA-approved test identifier. The integration of these standardized cross-
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references in the model allows for linking our model to externally reviewed sources (such

as FDA).

Comprehensive FDA-Biomarker Classification

The data model consists of 37 unique test identifiers. Though there are 40 distinct
tests, it is important to note that certain devices might involve identical biomarkers. Both
the 23andMe PGS Genetic Health Risk Report for BRCA1/BRCA2 and the
BRACAnalysis CDx tests diagnose both ovarian and breast cancers using
BRCA1/BRCA2 biomarkers. A total of 172 unique biomarker entities were identified
across biomarker and panel devices including presence of gene mutations, increased and
decreased gene expression and protein levels. These biomarkers are encompassed by 160
distinct biomarker entities such as ERRB2, BRCA1, BRCA2, BRAF, and EGFR genes.
Additional data types are captured by the model. Chromosomes and mRNA sequences
were identified as potential biomarkers for cancer diagnosis. Detection of chromosomes
aneuploidy was assessed as potential biomarkers for urinary bladder cancer monitoring.
The discovery of these mRNA transcripts offer significant data on individuals at risk for
the disease as they can be detected at early stages while their progression can be

monitored through microarray assays®’.

These cancer-related devices are mostly assessed as kits that detect multiple
biomarkers based on diverse analytical techniques. The condition diagnosed by the test
was characterized by a standard disease ontology (DOID). Here, cancer names are
generalized to capture subtypes and comorbidities. The disease identifiers were validated

by the general umbrella term for the cancer type. Breast cancer presented the highest
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number of associated biomarker entities with some included in a panel. MammaPrint and
Prosigna are panel biomarkers where the expression of each gene in relation to other
panel entities determines the device intended use. These 2 panels were modeled into a
BDM to curate each entity. These panels assess multigene expression profiles suggesting
presence of gene expression for the distinct panel analytes. To standardize panels in the
BDM format, each entity is assessed to have increased expression as the panel detects the
genes for profiling. Our model consists of 2 ovarian cancer panels, 3 colorectal cancer
panels, 3 breast cancer panels, 2 lung cancer panels, 1 urinary bladder cancer panel and 1
prostate cancer panel. breast cancer bother represented by multigene signature profiles. It
is important to note that few biomarkers were observed across these panels. BRCA,
KRAS, BRAF, and ERBB2 genes are frequently identified biomarker entities across
panels and individual biomarkers. This could suggest major implications of these genes
in cancer pathways. Amplifications of these genes often leads to overexpression of
receptors responsible for stimulating cancer cell growth, migration, differentiation, and
adhesion®®. Here we uncover potential functional annotations for FDA approved

biomarkers.

With the established assessed biomarker entity, biomarkers are evaluated as
measured changes by the device. Patients are tested for diagnosing different aspects of a
disease. These FDA devices measure gene, protein and cell expression detected by DNA
and RNA expression profiling. Consequently, the devices provide insight on identifiable
genetic carriers in relation to the disease. We standardized the measurement for the tests
modelled into markers as response to stress. Changes in gene expression reflect the

device intended diagnostic use which plays as the device biomarker” . FDA cancer
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devices mostly capture the detection and assessment of gene expression alterations,
including mutations, variants, and gene carrier status. The tests detected target gene
alterations such as exon deletions, single nucleotide polymorphisms (SNPs) and single
nucleotide variants (SNVs). FDA devices quantify measurable changes as well. Certain
gene features can be measured to show measurable alterations. These gene markers were
identified by concentration or physiochemical change such as the rate of change observed

in the context of disease exposure.

Overall, FDA-approved device sourcing allowed to interpret and cross-validate 40
biomarkers distributed across 7 cancer types. These biomarkers include 30 unique gene
mutations, 115 differentially expressed protein levels mostly constituting panels, and new
data types include detection of chromosome aneuploidy as biomarkers. Standardizing
measurands as individual entities resulted in the identification of measured genes
bridging the gap between gene expression and disease profiling. These genetic tests also
evaluate tissue expression as cancer biomarkers. Tumor tissues can be evaluated at the

physical characteristic level in the context of disease diagnosis.

FDA Biomarkers endpoints

The BEST biomarker type was assessed from interpretation of the device intended
use. Curation of FDA-approved cancer tests allowed for the identification of biomarker
types based on their use in cancer diagnosis. The literature evidence characterizes the
device as aids in differentiating patients in terms of measurand expression status, or in
identifying patients who would response to targeted therapies for example. The

biomarker category is classified by exploring what patient cohorts are targeted by the
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application of the device or test. Genetic health reports revealed the clinical rationale
which indicates the measurand assessment and how cohorts are selected for specific
endpoints including drug therapy eligibility, tumor recurrence or progression, risk of
disease development, and drug therapy strategy assessments. Furthermore, the biomarker
model captured devices classified into the most suitable biomarker types. Examples of
key terms and patterns were derived from the device description to provide more context

for classifying biomarker types (Figure 11).

Risk/susceptibility biomarkers were translated as devices used to assess
unaffected patients at risk of developing cancer. These devices were differentiated from
prognostic biomarkers that assess cancer patients’ likelihood of a particular outcome
including disease progression and recurrence. Using BEST’s interpretation for those
endpoints, 2 cancer biomarker panels were identified as predictive biomarkers. Such
devices include the 23andMe breast cancer panel to determine whether an individual
without any apparent sign of the disease is at risk of developing the disease by detecting
the presence of specific BRCA1 and BRCA2 gene alterations. To contrast the concept of
prognostic biomarkers for disease recurrence, the Prosigna Breast Cancer Prognostic
Gene Signature Assay is used for individuals with breast cancer to establish the risk of
disease recurrence over the years. The device detected RNA transcribed from 58 genes
considered as panel biomarkers measured dependently. Most FDA-approved devices
were assessed as predictive biomarkers suggesting implications of genes in pathways
leading to worse disease outcome. These predictive biomarker discoveries could allow

for drug development for improved patient survival.
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Additionally, the tests were modeled into diagnostic biomarkers aimed at
characterizing individuals positive or negative to a condition. The rationale for this
classification involves determining that patient samples are unaffected and being tested
for disease presence. This assessment relied on biomarker point mutations that reflect a
disease-positive profile. The Cologuard test, includes the detection of NDRG4, BMP3,
KRAS genes and hemoglobin protein as biomarkers of colorectal cancer presence, was
modeled as diagnostic biomarker panel. The implication of those genes for the condition

could serve as basis for cancer drug treatment additionally to stand-alone diagnosis.

Monitoring biomarkers were established as devices assessing the status of a
disease in terms of progression and recurrence for example. The FDA approved the Vysis
UroVysion Bladder Cancer Recurrence Kit as a monitoring device for evaluating the
progression of the disease in patients’ subgroups with transitional cell carcinoma. This
interpretation suggests that the detection of aneuploidy in chromosomes 3,7,17 and loss
of 9p21 locus indicates that these markers are assessed as indicators for signs of disease
evolution and outcome. In this case, better drug-disease pathways can be established from

assessing response to treatment over time.

FDA data integration

This comprehensive manual curation effort has allowed for modeling single and
panel biomarkers with appropriate data types. Each biomarker entry was assigned a
unique identifier and integrated into our biomarker database (data.oncomx.org).

Biomarker entries comprise a main list and biomarker instance for single biomarkers
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(Figure 12) and panel views for panel biomarkers (Figure 13). All curated biomarkers

are published on the frontend of the biomarker database (Table 3).

DNA, RNA and Protein Biomarkers are helpful for cancer related studies

Biomarkers are valuable source of genomic information in cancer where primary
tissue sampling remains challenging and costly. With limited biospecimen options and to
improve the cost of precision medicine, it could be useful to track changes occurring at
the molecular level because of exposure or treatment. With crowdsourcing efforts to
consolidate biomarker data, researchers and laboratories perform genetic tests at the DNA

and RNA levels of cancer patients evaluated at various stages (Figure 14).

DNA biomarkers show variations in their sequences resulting from mutations and
chromosome crossovers for example. Such biomarkers currently approved by the FDA
are related to human response to drugs and how disease progression occurs. The
discovery of these biomarkers can be applied to drug safety as individual responses to
drug and metabolites vary greatly. DNA biomarkers play an important role in preventing
adverse effect of cancer specifically with treatment and diagnosis. Biomarkers can show
patterns in genetic mutations that can be useful for system level inquiry. Common SNPs
could provide a blueprint for human cancer mechanisms. FDA biomarkers also
encompass RNA biomarkers which are measurements of varying gene expression levels.
With the rapid development of array-based tests, increasing monitoring biomarkers are
discovered. These markers are measured by the expression level profile with increasing
or decreasing units of measurement. RNA markers such as the Prosigna 50-gene

expression profile was validated for breast cancer diagnosis as well as risk assessment for
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clinical use. Protein biomarkers are encoded by approximately 20,000 human genes and
they are key components of the cell as far as functionality. In cancer treatment, drugs
often target these protein biomarkers, and their detection might indicate the cell state and

proliferation are affected.

Biomarkers allow for system biology inquiry

Biomarker discovery can also present limitations not only at the technical and
bioinformatics level, but at the biomarker conceptualization level. Developing a standard
ontology to harmonize biomarker data is key for translational research. More clinical
trials are being performed as well as genome wide studies that yield significant biomarker
data that can be integrated using a standard terminology. Using this approach, panels can
be created with better specificity and sensitivity. Common conditions such as cancer
provide models for big data approaches given accelerating mutational and gene
expression studies conducted thus far. These approaches target inquiry at the higher level,
for example organs, and cascade down to genetic patterns. This technique provides the
ability to design predictive models for further biomarker discovery. Additionally, with
pharmacogenomic and disease effect studies, products such as tests for cancer diagnosis
shed light on cancer patterns and pathways commonly observed among patients. System
biology can be incorporated to address the larger picture at the organism, tissue, and cell
levels. Using a comprehensive system of biomarkers to classify patients at the higher

level to build networks for biomarker studies as well (Figure 15).

With comprehensive biomarker data models, reductionist approaches show

patterns in individuals exposed to similar biological changes and how response occurs.
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Patterns in gene expression present of HER-positive cancer patients revealed that breast
cancer patients within a certain age range present this marker which can be potentially
applied as a prevention target. Not only does the marker HER2 signals presence of the
disease, but the change measured in this DNA marker is overexpression or amplifications
which is implicated in the disease. Researchers could trace the tissue of origin and
develop target drugs for site specific targets and therefore preventing breast cancer
metastasis. In fact, this approach suggests that individuals meeting these criteria can be
stratified into cohorts for prevention and diagnosis methods. With the FDA component,
biomarkers could be functionally annotated in terms of their involvement in cancer with
drug action targets. This also allows for discovery of biomarker actions and pathways.
Pathways in turn can provide coregulation and additional gene implication for example.
Biomarker data can also be modeled an illustration of a potential knowledge graph

developed from the biomarker data model of panel biomarkers (Figure 16).

Challenges and limitations of biomarker data standardization

A reliable and consistent technique is essential for determining biomarkers which
are reviewed and approved from clinical studies. Regulatory companies such as the U.S.
FDA has initiated the Biomarker Qualification program (BPQ) where consistent language
is applied to assess biomarkers in the appropriate context of use (COU). In this case,
biomarker data integrity should be maintained by assessing what surrogate endpoint for
the disease is aimed at the use for the biomarkers. For example, the FDA approved
galactomannan measured in serum as a diagnostic biomarker to identify patients with
invasive aspergillosis®. Here, a one-to-one mapping is essential for identifying molecular

biomarkers to avoid cascading effects of how their context of use is applied. This issue
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could lead to biomarker misidentification and therefore cascading issues with validation.
Current technologies remain inconsistent in validating biomarkers due to their lack of
specificity for a particular disease. Microarray technologies present limits to sensitivity
and specificity due to the heterogeneity of these cancer biomarkers®®. Here, panels
provide improved sensitivity for diagnosis as biomarkers could be selected based on
patterns observed in cancer population. Thus, the evaluation and combination of these
standalone biomarkers would allow for creating powerful biomarker tools developed as

panels.

Future directions

This project involves building a comprehensive and valuable information system
on biomarkers using a common standard. FDA-approved devices aimed at diagnosis
cancer patients were developed to establish relationships between biomarker entities and
their context of use for a particular disease. The discovery of potential biomarkers
implication across diseases, specifically cancer, serves as basis for emerging biomarkers
that address cancer heterogeneity. As more drug and devices are developed in cancer
management, the goal is to curate and model FDA-approved tests into a biomarker
disease model. Furthermore, panel biomarkers will be incorporated at an increased rate
due to the extensive registry of previously approved devices developed from clinical
studies. These will be incorporated into a comprehensive biomarker resource for COVID-
19, diabetes mellitus, and cancer (https://data.oncomx.org). This will also allow for
additional biomarker discovery among those comorbidities. The data can be integrated
into other resources such as GlyGen for linking biomarker data to glycans. Additionally,

the biomarker disease model can be repurposed for machine learning purposes.
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Biological questions can be studied at that level to inquire about potential drug treatment
and targets as well as panels of biomarkers which implications might not have been

previously discovered.
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Conclusion

Advancements in omics-based studies has allowed for increased data availability
on biomarkers which present challenges in translational sciences. Cancer studies have
been further developed with new sequencing and genetic techniques for biomarker
discovery. The FDA registry encompasses assay developments reflecting these
advancements. Proteomic biomarkers provided through FDA approval processes that
follow a standard workflow that identify key steps in biomarker discovery. Using the
device’s context of use, we developed a standard model for the translation of FDA
approved cancer diagnostics into biomarkers. This allowed for building a model
consisting of protein, DNA, RNA, and metabolite biomarkers implicated in cancer. Our
consistent methodology was based on a biomarker disease model (BDM) that
additionally implicate drug and pan cancer biomarker discovery. Furthermore, our model
allows for exploring drug-disease relationships. To push further, functional annotation of
these pathways could shed light on how cancer types can be differentiated and address

disease heterogeneity.
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Fig. 1: Biomarker discovery: multiple myeloma

(a) This protein was discovered in 1847 in a cancer patient with multiple myeloma to
be produced in specific cell types. Information for this figure was retrieved from
Solomon, A. Light chains of immunoglobulins: Structural-genetic correlates. Blood 68,
603-610 (1986). (b) When comparing normal versus myeloma patient serum protein
bands, a peak is observed in the gamma region which suggests the presence of Bence
Jones protein identified as an immunoglobulin light chain. This figure was retrieved
from Making sense of serum protein bands. Making sense of serum protein bands - Best
Tests July 2011 (2011). Available at: https://bpac.org.nz/bt/201 1/july/serum-

protein.aspx. (Accessed: 6th April 2022).
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Figure 2.
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Fig. 2: Biomarker overview

Types of biomarker entities that are measurable. Biomarkers commonly identified as

change molecular drivers as a response to stress, measured and represented as biomarkers

that reveals some biological function including biomarker targets such as specimen,

organs, drug, and disease pathways.
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Figure 3.
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Fig. 3: Cancer incidence report

Daily report of cancer cases places cancer as the second leading cause of death after
heart disease and COVID19. Correlations between COVID19 cases and heart diseases,
linked to diabetes for example, has been discovered and can be traced to cancer as well.
The data used to generate this chart was obtained from the Centers for Disease Control
and Prevention (CDC) report on cancer incidence. https://www.kff.org/coronavirus-

covid-19/slide/covid-19-now-leading-cause-of-death-in-the-united-states/
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Figure 4.
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Fig 4: Technological advancements and techniques for biomarker data analysis
Areas in omics-based studies include proteomics (large scale study of proteins),
transcriptomics (study of an organism RNA transcript), and genomics (interdisciplinary
field for DNA and genes). This figure was generated from information retrieved from
Steuer, A. E., Brockbals, L. &amp, Kraemer, T. Metabolomic strategies in Biomarker
Research—New Approach for indirect identification of drug consumption and sample
manipulation in clinical and forensic toxicology? Frontiers in Chemistry 7, (2019).
Figures were retrieved from free image sources: Human anatomy vector

hitps://www.vecteezy.com/free-vector/human-anatomy, DNA transcription

https://'www.sciencenewsforstudents.org/article/explainer-what-is-rna, mRNA

translation and metabolomics molecules were digitally drawn, DNA genomics icon was

obtained from PowerPoint stock icons.
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Figure 5.
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Fig 5: Biomarker categories
Brief overview of biomarker categories based on the context of use. The
classification is based on consistent terminology established by the FDA-NIH
group. FDA-NIH Biomarker Working Group. Best (biomarkers, endpoints, and

other tools) resource.
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Figure 6.
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Fig 6: Biocuration pipeline

This figure describes the workflow for modeling FDA-approved tests into biomarkers.
The work involves exploring the list of human genetic tests under FDA-approved
nucleic acid-based tests is explored for cancer and tumor profiling devices and tests.
The cancer data is then sorted to encompass cancer types of interest. Manual text
curation is then performed to retrieve relevant biomarker data. The retrieved

information is then standardized in a biomarker disease model.
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Figure 7.

Header Description Types

Biomarker unique identifiers A0001
Biomarker ID within the dataset resource OMX 0001
*UPKB (UniProtKB/Swiss-Prot ac)
*FDA Test Code' FTCID for FDA panels
*PCCID (PubChem Compound ID) can use PubChem
Substance ID (PCSID) if PCCID is missing
Accession or identifier that most +CO (Cell Ontology ID)
closely matches the biomarker |*PRO (Protein Ontology ID)

Main x-ref term *Do not use DO (Disease Ontology) IDs; disease is an incorrect
*UPKB protein name and gene symbol or short name in
parenthesis
*Panel with more than one entity: Test name used for panel
name with the name of the disease
*Panel with single entities: Test name used for panel + 'entity

Common name and gene symbol name' + 'panel'

Assessed biomarker entity | or short name in parenthesis «Cell type and short name in parenthesis
sincreased/decreased level
edetected/measured/assessed and list biomarker type for panels
+gene amplification
epresence of mutation
+gene amplification

The change measured in disease *presence of polymorphism

Biomarker versus healthy eratio
*monitoring
esusceptibility/risk
ediagnostic
*prognostic
epredictive
epharmacodynamic/response

BEST biomarker type Category of BEST Biomarker  +safety
*blood (UN:0000178)

The type of specimen (biofluid |+saliva (UN: 0001836)
or tissue) used to access the eurine (UN: 0001088)
biomarker; Uberon name and ID «a tissue/organ; e.g., liver (UN:0002107)

in parentheses; NOTE: for *Formalin-fixed, paraffin-embedded (FFPE) specify the
Serum and Plasma, use blood  specific tissue type (eg, liver), with Uberon name and ID, in the
Specimen type (UN:0000178) ‘Specimen type’ field and include a note in Notes indicating
There should be one (best)
LOINC code LOINC code LOINC code; e.g., 54238-1
Disease name Disease name; e.g., liver cancer DO (Disease Ontology ID); e.g., (DOID:3571)
*Text from article (a few key declarative sentences) [PMID or
DOI]

*Device specification (labelling, decision summary, approval
order statement abbreviated "FDA Test Code ID" into FTCID
followed by the FDA device submission number) [Premarket
Literature reporting the Approval (PMA) FTCID:K 033982 or 510(k) number
Literature evidence biomarker FTCID:P100027 or De Novo classification number

*FDA approved biomarker
*EDRN Biomarker
*Additional relevant informative data not captured in the other

data fields
Free text to add meta data to the *Clinical trial ID [NCTID]
Notes entry *Biomarker entity alternative name

Fig 7: Header description for test/device biomarkers

Data description for the FDA-approved cancer nucleic acid-based tests (CNABT).
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Figure 8.
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Assessed biomarker entity: gene, protein, metabolite,
disease panel name

Biomarker: mutation, increased/decreased level, ratio,

detection/assessment/measurement of single gene changes UniProtKB
or multigene changes Main x-ref OMX_
BEST biomarker type

Specimen type Biomarker ID

LOINC code(s) Main x-ref

Disease name
Literature evidence (FTCID)

Notes: Additional information, Clinical Trial ID

Biomarker
instances

Fig 8: FDA single/panel biomarker configuration

Devices/Tests are modeled using the assessed biomarker entity classified as single
biomarkers or panel biomarkers. The main cross-reference is a unique identifier
(UniProtKB) for singles and OMX identifiers for panels that comprise more than one
entity or more than one biomarker type. For panels, all entities and their measurable

changes are also identified (mutation, differential expression level).
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Figure 9.

measured in

Disease :
name <—BEST biomarker type I

BEST

biomarker
type
involved in
used for
Specimen
type

tested in

detection/
measurement of

assigned

Fig 9: Biomarker data schema
This model shows associations between biomarker data types in relation to the
biomarker disease model. Each black depicts the data type and arrows identifies

relationships.

45




Figure 10.

Result:

Stepl: Identify Step 2: Device Step 3: Step 4: Entities Step 5: Device .
Assessed device
Cancer type name Measurand assessed status
ontology
Roche COBAS .
Melanoma 4800 BRAF V600 Vgggécrt:ust:ﬁ;n 1 ;Bnt?:ﬁg::e Single Biomarker canf:gl?bAisof:;?ker
MUTATION T EST
. Detects BRCAL FoundationFocus
Ovarian cancer Four&%ité%nc}rcus and BRCA2 2 gAe’\lngsB.Rli:R/fz/-\l Panel CDxBRCA ovarian
alterations cancer panel
Therascreen
Therascreen Detects 11
Breast cancer PIK3CA RGQ PIK3CA gene 1 PIK.?’CA Panel PlKSC.A RGQ
X A mutations PCR Kit breast
PCR Kit mutations
cancer panel
. VYSIS ALK BREAK
VYSIS ALK BREAK Detects ALK gene Multiple ALK APART FISH
Lung cancer APART FISH rearrangements gene Panel PROBE lun
PROBE KIT 8 rearrangements 8

cancer panel

Fig 10: Devices/tests components translation into biomarkers

When multiple observations are reported for the test use, they are considered part of a
panel while single biomarkers are determined by a single observation. The Roche Cobas
test detects BRAF V600E mutation in melanoma; thus, the biomarker is the presence of
BRAF V600E mutation associated with melanoma. The MammaPrint breast cancer panel

consists of the expression of 70 genes assessed together for breast cancer diagnostic.
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Figure 11.

BDM
Endpoints

Fig 11: Biomarker categories from translation of label intended use

Each category explains how the biomarker is used or associated with the intended use

for the device in diagnosing the cancer type.

47




Figure 12.

Biomarker ID Main x-ref Assessed biomarker entity Biomarker BEST biomarker type Specimen type LOINC code Disease name Literature evidence Notes
The therascreen BRAF VB0OE RGQ PCR Kit is a real-time PCR test for
the qualitative etection of VGOOE mutations in the BF gene using Therascreen BRAF
Sarinarih i 5 ; colorectal genomic DNA extracted from formalin-fixed paraffin-embedded (FFPE) ~ V600E RGQ PCR
A0411 UPKB:P15056 ke”“e 4 'e‘;"‘”e‘p’;Re/'{‘F g’;ii”“:’ . prognostic 53':’_"0012652 58415-1 cancer human colorectal cancer (CRC) tumor tissue. The therascreen BRAF  colorectal cancer
NEEDERETE I R WLGED ( ) (DOID:9256)  VBOOE RGQ PCR Kitis an in vitro diagnostic device intended to be used  biomarker;
as an aid in selecting patients with metastatic colorectal cancer (NCRC) NCT02928224
‘whose tumors carry the BRAF VG0OE mutation ...[FTCID:P190026]
Biomarker ID A0411
Main x-ref UPKB:P15056
Assessed

biomarker entity

Serine/threonine-protein kinase B-raf gene (BRAF)

Biomarker presence of BRAF V600E
BEST biomarker )
type prognostic

Specimen type

colon (UN:0012652)

LOINC code

58415-1

Disease name

colorectal cancer (DOID:9256)

The therascreen BRAF VB00E RGQ PCR Kit is a real-time PCR test for the qualitative detection of V600OE mutations
in the BRAF gene using genomic DNA extracted from formalin-fixed paraffin-embedded (FFPE) human colorectal

I;}?dr:::: cancer (CRC) tumor tissue. The therascreen BRAF V600E RGQ PCR Kit is an in vitro diagnostic device intended to
be used as an aid in selecting patients with metastatic colorectal cancer (nCRC) whose tumors carry the BRAF
VB00E mutation ...[FTCID:P190026]

Notes Therascreen BRAF V600E RGQ PCR colorectal cancer biomarker; NCT02928224

Fig 12: Mockup of a single biomarker model

Each category explains how the biomarker is used or associated with the intended use for

the device in diagnosing the cancer type. Main list of FDA biomarker sample into a data

table encompassing data types such as biomarker id, main cross-reference (UniProtKB

identifier), the assessed biomarker entity represented by the tests/device measurand,

biomarker (change in the entity), BEST biomarker type, specimen type and disease

name. The literature evidence was obtained from the FDA submission number. The

biomarker instance shows all entries associated with the biomarker within the database.

48




Figure 13.

Biomarker ID_Main x-ref ‘Assessed biomarker entity Biomarker BEST biomarker type_Specimen type LOINC code Disease name_Literature evidence Notes

preew Panel of dentfied gene predictive biomarkers (mutations) in ovarian
i T BRACAnalysis CDx ovarian blood ovarian cancer  cancer patients with deleterious o suspected deleterious germine

A0390 ORAX OG0B0 cancer panel mutants BRCA1 | predictive (UN:0000178) 909950 (DOID:2394)  BRCAvariants. The genes are BRCA1 (UPKB:P38398), BRCA2 NCT00753544

and BRCA2
(UPKB:P51587)
Biomarker ID_Main x-ref ‘Assessed blomarker entity_Biomarker BEST biomarker type _Specimen type LOING code Disease name Literature evidence Notes
o BRACAnalysis CDx ovarian ! blood ovarian cancer

A0390 OMX_000100 e BRCA1 mutation  predictive Unbooorrey 509950 OIS FTCID:P140020 NCT00753544

o ) BRACAnalysis CDx ovarian blood ovarian cancer

A0390 OMX_000100 s o BRCA2 mutation  predictive Unbooorrey 509950 (REIBLECe FTCiD:P140020 NCT00753544

Fig 13: Mockup of a panel biomarker model

Panel biomarkers with main list as previously described. The main cross reference here is
a unique identifier following an alphanumerical code OMX_. The assessed biomarker
entity is represented as the test name and biomarkers are represented by all instances of
biomarkers that contribute to the panel. The panel view indicates sets of molecules and

their change which are comprised in the panel.
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Figure 14.

Disease-Biomarker
implication

| .
|

RNA — Gene expression level

Human response to drugs and how
disease progression occurs

Disease-Biomarker

pathways
o———+ ’ Diagnosis and assessment for clinical use
Protsi abolit Pharmacogenomic
rotein/Metabolites ‘L pathways
Drug ——o ’ Disease progression, biomarker action
developement

Fig 14: Scope of molecular biomarkers approved by the FDA

To demonstrate biological processes associated with DNA, RNA, and protein biomarkers
based on the context of use. This is a categorization of molecular biomarkers to discover

relationships between biomarker entities and various aspects of the condition targeted.
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Figure 15.

¢
~ Patient cohort ]
"8 ¥
A%l »

Organ network

BEST Biomarker Type:

%_ﬂ\# % Predictive biomarkers

nique to cell types
Cell state Hiqu Rl

Biomarker entitties
and Panels

A

Fig 15: Biomarker system biology inquiry

System level inquiry applied to the biomarker data model. Network linking biomarkers to
higher systems from molecules to cells, to organs and further expanding to cancer
stratification. Molecular network and gene level images were retrieved from PowerPoint
stock images. Human anatomy image was retrieved from

https://www.pngitem.com/download/bmhThx 28-collection-of-human-body-clipart-png-

human/, organ network and cell state images were retrieved from iStock database.

51




Figure 16.
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Fig 16: Knowledge graph developed from the biomarker disease model

Hierarchy graph linking biomarkers to other data types: specimen, disease (s), panel,

clinical trial
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Tables

Table 1. FDA dataset description

Breast Cancer 23andMe PGS 23andMe DEN170046
Genetic Health
Risk Report for
BRCA1/BRCA2
(Selected Variants)
Colorectal Cancer Cologuard Exact Sciences P130017
Corporation
Therascreen KRAS  QIAGEN P110027/P11003
RGQ PCR Kit MANCHESTER
LTD
Therascreen BRAF = QIAGEN P190026
V600E RGQ PCR  MANCHESTER
Kit LTD
Drug xTAG CYP2D6 Kit Luminex Molecular K130189,
Metabolizing v3 Diagnostics, Inc. K093420
enzymes
Tumor Profiling; = Guardant360® Guardant Health, P200010
NSCLC CDx Inc.

A sample table of the FDA nucleic acid-based tests which is a list of human genetic
tests. The table provides the disease or use for the FDA-approved test. ' The intended
use for the tests which *trade’s name is provided along with the *manufacturer’s name.
“The submission number is a unique identifier associated with the test. This table was
sampled from the complete list of human genetic tests retrieved from

https://www.fda.gov/medical-devices/in-vitro-diagnostics/nucleic-acid-based-tests
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Table 2. Biomarker data model header description of the current biomarker disease
model relevant data points used to standardize FDA data.

Biomarker ID A unique identifier for the biomarker panel for
integration in this standardized dataset to differentiate
biomarker entries

Main x-ref An appropriate and standardized identifier associated
with biomarker term(s)

Assessed The measured analyte(s) by the device and its short

biomarker entity

Biomarker

BEST biomarker
type

Specimen type

LOINC code

Disease name

Literature
evidence

Notes

name.

The change observed in the analyte indicative of the
disease endpoint

The biomarker category based on the test/device
context of use

The sampled biospecimen required for applying the
test/device

A unique clinical or laboratory test code for the
detection or determination of the biomarker.

The target condition recommended for the device/test
use

The FDA text evidence retrieved from device/test
submission labeling

Additional data not captured in the other fields but
relevant to characterizing the biomarker (i.e: NCTID)
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Table 3. Biomarker data integration in OncoMX with unique IDs for each biomarker and

URLs
Biomarker Biomarke Main x-ref Biomarker instance
term r ID
BRACAnalysis ) . . .
CDx ovarian A0390 OMX_000086 };tgtgs.//data.oncomx.org/allb10markers/b10marker/A0
cancer panel —
Cologuard
colorectal A0391 OMX 000087 https://data.oncomx.org/allbiomarkers/biomarker/AQ
cancer - 391
biomarker panel
Mammaprint ) . .
breast cancer A0392 OMX_000088 }3121235.//data.oncomx.org/allb10markers/b10marker/A0
panel —
Praxis Extended
RAS Panel A0393 OMX 000089 https://data.oncomx.org/allbiomarkers/biomarker/A0
colorectal - 393
cancer panel
23andMe PGS
breagt and A0394 OMX 000093 https://data.oncomx.org/allbiomarkers/biomarker/AQ
ovarian cancer - 394
panel
FoundationFocu
S CDXBRCA A0395 OMX 000090 https://data.oncomx.org/allbiomarkers/biomarker/AQ
ovarian cancer - 395
panel
GeneSearch
Breast Lymph https://data.oncomx.org/allbiomarkers/biomarker/AQ
Node (BLN) A0396 OMX 000091 396 : : :
breast cancer =
panel
ONCO/Reveal
Dx lung and A0397 OMX 000094 https://data.oncomx.org/allbiomarkers/biomarker/A0
colon cancer - 397
panel
Oncomine Dx . . .
Target Test lung | A0398 OMX_000092 };tgtgs.//data.oncomx.org/allblomarkers/blomarker/AO
cancer panel —
Vysis urinary ) . . .
bladder cancer A0399 OMX_000095 };ggs.//data.oncomx.org/allblomarkers/blomarker/AO
panel _
Ventana MMR
IHC panel A0400 OMX 000107 https://data.oncomx.org/allbiomarkers/biomarker/AQ
colorectal - 400
cancer panel
PROGENSA
PCA3 Assay A0401 OMX 000101 https://data.oncomx.org/allbiomarkers/biomarker/AQ
prostate cancer - 401
panel
Prosigna breast A0402 OMX 000102 https://data.oncomx.org/allbiomarkers/biomarker/A0
cancer panel - 402
COBAS A0403 OMX 000109 | https://data.oncomx.org/allbiomarkers/biomarker/A0
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Epidermal 403

growth factor

receptor gene

(EGFR) panel

COBAS v2 lung A0404 OMX 000098 https://data.oncomx.org/allbiomarkers/biomarker/A0
cancer panel - 404

THERASCREE ) . .

N lung cancer A0405 OMX_000105 Zglgs.//data.oncomx.org/allblomarkers/blomarker/AO
panel -

COBAS ) . .

colorectal A0406 OMX_000096 Zggs.//data.oncomx.org/allb10markers/b10marker/A0
cancer panel -

THERASCREE ) . .

N colorectal A0407 OMX_000104 Zggs.//data.oncomx.org/ allbiomarkers/biomarker/A0
cancer panel —

Prostate-specific A0408 UPKB-P07288 https://data.oncomx.org/allbiomarkers/biomarker/AQ
antigen (PSA) ) 408

Cytochrome . . . .

P450 2D6 gene | A0409 UPKB:-P10635 Zggs.//data.oncomx.org/allblomarkers/blomarker/AO
(CYP2D6) -

Dako breast A0410 OMX 000099 https://data.oncomx.org/allbiomarkers/biomarker/AQ
cancer panel - 410

Serine/threonine

-protein kinase A0411 UPKB-P15056 https://data.oncomx.org/allbiomarkers/biomarker/A0
B-raf gene 411

(BRAF)

Serine/threonine

-protein kinase A0411 UPKB:P15056 https://data.oncomx.org/allbiomarkers/biomarker/AQ
B-raf gene 411

(BRAF)

THXID skin A0412 OMX 000106 https://data.oncomx.org/allbiomarkers/biomarker/A0
cancer panel - 412

Invader skin A0413 OMX 000100 https://data.oncomx.org/allbiomarkers/biomarker/A0
cancer panel - 413

THERASCREE ) . .

N breast cancer | A0414 OMX_000103 Zt]tzs.//data.oncomx.org/allblomarkers/blomarker/AO
panel —

Septin-9 gene A0415 UPKB:Q9UHD | https://data.oncomx.org/allbiomarkers/biomarker/AQ
(SEPT9) 8 415

23andMe . . .

colorectal A0416 OMX_000097 Zt]tgs.//data.oncomx.org/allblomarkers/blomarker/AO
cancer panel —

Vysis lung A041T OMX 000108 https://data.oncomx.org/allbiomarkers/biomarker/AQ
cancer panel - 417

Receptor

tyrosine-protein A0418 UPKB:P04626 https://data.oncomx.org/allbiomarkers/biomarker/AQ

kinase erbB-2
gene (ERBB2)

418
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