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In Brief
Biomarkers are the highest value
proposition in cancer medicine
today. Despite progress in
molecular sciences and evolving
regulatory frameworks for
biomarkers, the field has been
more about promise than
improving human health.
Achieving precision medicine
necessitates moving away
from reductionist thinking to
studying complex diseases as
complex adaptive systems and
defining biomarkers as
representations of biological
system states. This approach will
enable redefining cancer as a
disease of dysregulated
communication, which could
ultimately prove to be game
changing for the field of
biomarkers and the patients who
will benefit.
Highlights
• Protein biomarkers will be key to deconvoluting the complexity of cancer.• Redefine biomarkers as representations of hierarchical biological system states.• Big data and AI could be transformative for biomarker discovery in the future.• Biomarkers discovery will require theoretical constructs to separate signal from noise.• Build mechanistic frameworks to enable new data analytics in context of prior studies.
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PERSPECTIVE Special Issue: Clinical Proteomics
An Inflection Point in Cancer Protein
Biomarkers: What was and What's Next
Anna D. Barker1,2,*, Mario M. Alba3 , Parag Mallick4,5 , David B. Agus1,6,7 , and
Jerry S. H. Lee1,6,7
Biomarkers remain the highest value proposition in cancer
medicine today—especially protein biomarkers. Despite
decades of evolving regulatory frameworks to facilitate
the review of emerging technologies, biomarkers have
been mostly about promise with very little to show for
improvements in human health. Cancer is an emergent
property of a complex system, and deconvoluting the
integrative and dynamic nature of the overall system
through biomarkers is a daunting proposition. The last
2 decades have seen an explosion of multiomics profiling
and a range of advanced technologies for precision
medicine, including the emergence of liquid biopsy,
exciting advances in single-cell analysis, artificial intelli-
gence (machine and deep learning) for data analysis, and
many other advanced technologies that promise to
transform biomarker discovery. Combining multiple omics
modalities to acquire a more comprehensive landscape of
the disease state, we are increasingly developing bio-
markers to support therapy selection and patient moni-
toring. Furthering precision medicine, especially in
oncology, necessitates moving away from the lens of
reductionist thinking toward viewing and understanding
that complex diseases are, in fact, complex adaptive
systems. As such, we believe it is necessary to redefine
biomarkers as representations of biological system states
at different hierarchical levels of biological order. This
definition could include traditional molecular, histologic,
radiographic, or physiological characteristics, as well as
emerging classes of digital markers and complex algo-
rithms. To succeed in the future, we must move past
purely observational individual studies and instead start
building a mechanistic framework to enable integrative
analysis of new studies within the context of prior studies.
Identifying information in complex systems and applying
theoretical constructs, such as information theory, to
study cancer as a disease of dysregulated communication
could prove to be “game changing” for the clinical
outcome of cancer patients.
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Much has been written over the last two-plus decades
about the inadequacies of both biomarker discovery and the
distressing lack of the successful development and clinical
adoption of cancer biomarkers (1–5). Literally, thousands of
biomarkers are in the published literature, and if reports of
biomarker discoveries mattered in terms of patient benefit, we
should have countless biomarkers employed clinically today
(3, 5). However, despite this “wealth” of reported discoveries,
the number of Food and Drug Administration (FDA)-approved
cancer biomarkers has changed little for several decades (6).
Moreover, the problems leading to the dismal success of
protein biomarkers has been reviewed, discussed, and rere-
viewed to the point that many of the sources of failure are well
known for the biomarkers that do enter development (1, 2, 4,
5, 7–9). The authors that have studied, reported, and opined
on why biomarkers (proteins and beyond) fail in end-to-end
development (discovery to FDA approval and clinical appli-
cation) cite various reasons for these dismal results ranging
from the obvious example of poor quality samples to under-
powering studies and bias to more complex regulatory
questions of context of use and the fit for purpose of
biomarker development that aims to become FDA-approved,
clinically relevant assays (8–10).
However, nowhere in this dizzying array of studies, research

reports, perspectives, or commentaries on biomarker failure is
denial of their critical role in fundamentally understanding and
ultimately controlling cancer. Biomarkers are crucial to
achieving precision oncology.
Biomarkers are key to predicting cancer risk (screening),

diagnosing the presence or absence of cancer, supporting
disease prognosis, predicting therapy selection, subtyping
patients for clinical trials, and monitoring both the safety and
therapeutic signals in patients. In addition, biomarkers are key
to developing pharmacodynamic biomarkers that can serve as
endpoints for clinical trials and potentially become surrogate
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Inflection Point in Cancer Biomarkers
endpoints. All of these biomarker “classes” require assays that
employ specific R&D strategies for establishing the metrics to
determine the sensitivity (measure of positives) and specificity
(measure of negatives) for specific context of uses (11). Pos-
itive and negative predictive values represent true positives
and true negatives (12). These performance measures require
careful consideration in the development of all biomarker as-
says and are especially relevant in cancer screening where
even a seemingly small decrement in sensitivity or specificity
can have a major impact on test outcomes and their ultimate
value.
Interestingly, protein biomarkers remain the main target

for biomarker discovery and development. In fact, most
investigators agree that protein cancer biomarkers are key
to realizing the promise of the decades of research that
is currently driving the emerging concept of precision
medicine. The Human Genome Project and subsequent
large-scale projects such as The Cancer Genome Atlas,
International Cancer Genome Consortium, Clinical Prote-
omics Tumor Analysis Consortium (CPTAC), and normal
and tumor “atlases” at nearly all biologic scales now makes
it possible to create a molecular profile of an individual
patient’s cancer to predict therapy selection in the context
of precision oncology (13–15). The combination of these
“omics” profiles with clinical and real-world data is creating
an unprecedented “big data” revolution that offers oppor-
tunities to apply machine and deep learning and other
artificial intelligence (AI) approaches to potentially transform
the discovery and development of new generations of
cancer biomarkers. It is important to note that the initial
generation, quality assessment, and interpretation of mo-
lecular data sets from these large-scale initiatives required
iterative inputs from teams of disease experts, pathologists,
technology platform specialists, and data scientists to
separate true biological insights from misleading batch ef-
fects and other artifacts.
Given the history of biomarker discovery, it is possible that

the impact of AI and other advanced technologies may not all
be positive in improving the science of biomarkers but may
further exacerbate problems that have historically plagued the
field. Technologies such as liquid biopsy, digital pathology,
advanced imaging, and broader availability of affordable
genome sequencing may create unmanageable amounts of
data of questionable quality that will add significant additional
complexity to biomarker discovery and development (16–19).
For example, liquid biopsy has evolved in a short period of
time to gain the confidence of the clinical oncology world,
setting the stage for collecting unprecedented quantities of
patient data at unprecedented speeds. Further complicating
this picture, liquid biopsy will also drive the emerging field of
multicancer early detection (MCED) assays, which will provide
complex data sets with limited existing knowledge to support
meaningful analysis (https://prevention.cancer.gov/news-and-
events/blog/blood-samples-could-help) (20–22).
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Despite the dismal success rate of protein biomarkers,
given their effector roles in nearly every aspect of biology, they
remain the primary choice for the discovery and development
of biomarkers of outcome and theragnosis in oncology. To
achieve success in the discovery and development of protein
biomarkers, the field must engage the interrogation of dysre-
gulated cancer biology with new thinking that views and
studies cancer as a complex adaptive system (CAS) (23, 24).
The convergence of AI, “multiomics” profiling, liquid biopsies,
MCED assays, imaging, and advanced technologies that
capture complex spatial information from patients portend
different paths for the discovery and development of protein
biomarkers (alone or in combination with other interrogative
technologies). For example, how will information-driven sys-
tems of proteins versus an expressed protein from a relatively
simple alteration in a gene, or even a few genes, change what
we know about the disease to inform and improve both bio-
markers and prediction for therapeutic interventions.
In the following paragraphs, we will briefly trace some of the

history of biomarker discovery and development as a back-
drop for what we may expect in the future. It has taken de-
cades to reach a point where we can reasonably expect to
collect and integrate high quality data from multiple biological
scales to identify and develop biomarkers that could be
transformative. We are at an inflection point. It now requires
rethinking what biomarkers are—and are not—and recog-
nizing that biomarkers as a technology class are tools that
must capture the complexity of the biology of cancer to
achieve their promise. In that regard, we must move beyond
single genomic alterations and/or small sets of altered genes
in cancer to embrace systems proteomics, which may in the
final analysis produce “coarse-grained” biomarkers that more
accurately represent measurable changes reflected in disease
phenotypes using a combination of invasive, minimally inva-
sive, and noninvasive platforms (25–28) (Fig. 1). Future prog-
ress in the field will depend in large measure on understanding
the origin, multiscale dynamics, and management of infor-
mation (29–32). Given the need for application of mathemat-
ical constructs and information theories to make sense of “big
data,” this may well represent the biggest challenge we have
faced to date in cancer research.

THE DISMAL HISTORY OF PROTEIN BIOMARKERS AND SOME
HOPEFUL SIGNS

The field of biomarker science and the development paths
for biomarkers discovery and development have struggled for
years to determine what biomarkers are (and are not) and if
protein biomarkers even existed at all. Some of this confusion
comes from attempts to define what the term biomarker
means, especially in terms of regulatory review. Currently
most studies employ the definition of a biomarker as defined
“officially” in 2001 by a task force of the National Institutes of
Health and the FDA. This often-referenced definition, “A
characteristic that is objectively measured and evaluated as
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FIGURE 1. An overview of biomarkers. Cancer is an emergent property of a complex adaptive system (CAS) that requires we move beyond
the single analyte–disease correlation model and instead look at biomarkers as multiscaled. Complex (sometimes termed “Coarse grain”)
biomarkers will be required to capture sufficient mutiscale information that represents an overall system state and allow us to build the
mechanistic framework to describe the “diagnostic window” transitionary state between healthy and diseased. This new generation of bio-
markers can be simple representations of vastly more complex biological systems, that is, jaundice and the diagnosis of liver failure. (Created
with BioRender.com).
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an indicator of normal biological processes, pathogenic pro-
cesses, or pharmacologic responses to a therapeutic inter-
vention” (33) provides a reasonable construct for identifying a
biomarker. Related, and as important, is the definition of a
surrogate endpoint (33). Perhaps the best and most accepted
definition of a surrogate endpoint was proposed in 1995 by Dr
Robert Temple of the FDA, “a surrogate endpoint in a clinical
trial is ‘a laboratory measurement’ or a physical sign used as
substitute for a clinically meaningful endpoint that measures
directly how a patient feels, functions, or survives.” (34)
Interestingly, as biomarker discovery and development
continue to advance, it is likely that these definitions will also
need to evolve (35).
Biomarkers are likely the highest value proposition in

biomedicine today, especially protein biomarkers for cancer,
but frankly even with the rise of multiomics and wider use of
companion diagnostics for therapeutics and significant im-
provements in mass spectrometry and the protein technolo-
gies, the discovery and development of biomarkers remains
somewhat daunting. This should not be a surprise as the bar
for clinically useful biomarkers is extremely high, especially for
cancer biomarkers. Depending on the use envisioned for a
cancer biomarker to be used in patients, some or all the
following may apply. The authors propose that a biomarker
must be (1) integrative to reflect the complexity of cancer; (2)
represent the dynamics of cancer; (3) deconvolute mixed
subtypes of cancer; (4) ubiquitous; (5) simple to interpret; (6)
sample friendly in terms of patients; (7) be derived from high
quality fit for purpose samples; (8) amenable to develop using
simple technologies; (9) able to seamlessly integrate into clin-
ical practice, hospitals, and clinical care workflows; and (10) be
cost effective. The bar is even higher for a biomarker surrogate
endpoint that purports to be a direct measure of how a patient
feels, functions, or survives (34). These criteria point to the fact
that the discovery and development of a clinically useful
(successful) cancer biomarker is a formidable challenge that
cost in excess of 100 million dollars end-to-end (36).
A number of authors have reviewed in detail the difficulties

that have plagued the field of protein biomarkers (3–5, 27, 36),
and virtually all of these explorations make clear that the fail-
ure of protein biomarker begins in biomarker discovery and
cascades through the entire biomarker development cycle. As
shown in Table 1, biomarkers (particularly protein cancer
biomarkers) have proven especially hard to discover, and false
discovery has resulted in less than a single protein biomarker
being approved by the FDA since the early 1990s (27). Clearly,
the failure of protein biomarkers in discovery is inexorably
linked to our lack of understanding of the biology of
Mol Cell Proteomics (2023) 22(7) 100569 3
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TABLE 1
Why protein biomarker fail in discovery and what has changed

Failure source What goes wrong Changes that mitigate the problem

An interesting but
irrelevant clinical
question

Biomarker does not address the clinical
question or is not sufficiently different from an
existing clinical biomarker (5).

“Multiomics,” MRM mass spectrometry, new generation
proteomic technologies imaging, AI, and engagement of
multidisciplinary teams are vastly improving opportunities to
understand root causes of disrupted molecular pathways;
and with the addition of real-world patient data, biomarker
discovery will become more successful (27, 47, 48, 67, 70,
125–127).

Experimental design Design is underpowered, does not recognize
or control for bias anticipated analytics
needs, or specifically address the question
(10, 39, 128, 129).

Improved statistical models, Bayesian designs, and AI are
proving new approaches to design robust proteomics
biomarkers that minimize bias and other confounders (130).

Samples Poor quality (often convenience) samples of
insufficient numbers to power the study (8,
131).

The last decade has steadily improved the sources and
quality of human samples—including approaches that
maintain the fidelity of the biology of the sample, including
preanalytics (https://biospecimens.cancer.gov/
bestpractices/index.asp) (132, 133).

Technology
standards

Technology standards in areas such as mass
spectrometry, sequencing technologies, etc.
are not used to ensure quality and
reproducibility (131).

Increased sophistication of protein measurement
technologies, especially mass spectrometry, increasingly
requires wider spread of use of standards at all levels of
sample interrogation (27, 45).

Data quality and
metadata

Poor samples equal to data that does not
assess the biology targeted in the hypothesis;
lack of metadata (especially clinical data)
renders the biomarker useless (134, 135).

Data quality remains a major challenge, but the eras of “big
data” is requiring investigators to consider data relative to
sample quality and ensure appropriately consented metadata
(27, 45, 66).

Flawed analytics Biomarker studies require increasingly
sophisticated analytics—well beyond “p
values” and many researchers are not trained
in ML and AI overall (136, 137).

The analytics space remains a work in progress. Data
quantity, quality, and velocity from proteomics technologies
require new thinking and approaches in the design phase of
biomarker discovery inclusive of analytics that are AI based
(138).

Reproducibility All of the above and more render many
biomarker studies irreproducible—significant
source of overall failure (4, 131, 139).

Reproducibility of results across all of oncology, especially
biomarker, research was (and remains) a major source of
biomarker failure. FDA has emphasized the critical nature of
sensitivity, specificity, and reproducibility of biomarkers in all
of their guidance documents and reviews—which is helping
(45, 128) (https://www.gpo.gov/fdsys/pkg/BILLS-114hr34
enr/pdf/BILLS-114hr34enr.pdf).
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expressed proteins that derive from dysregulated genes that
exist in cells which are themselves highly complex-regulated
environments.
Deconvoluting the underlying complexity of cancer through

biomarkers is a mandate for all aspects of discovery studies
that aim to identify any type of cancer biomarkers, especially
proteins. Unfortunately, as pointed out in numerous studies,
just the opposite is true, with a plethora of reports of false
discovery. Table 1 summarizes many of the reasons for the
failure of biomarkers including beginning with an irrelevant
clinical question; flawed experimental design; convenience
samples of poor quality and insufficient numbers; lack of
technology standards (even if they exist); poor data quality,
especially lack of metadata; inadequate or just wrong ana-
lytics; and lack of attention to the reproducibility of results.
Table 1 also illustrates that some of the root causes for

biomarker failure are being addressed, but the creation of
robust protein cancer biomarker pipelines will require
4 Mol Cell Proteomics (2023) 22(7) 100569
solutions for these barriers and some that are less obvious.
For example, addressing preanalytical variability of patient
samples is a critical, but often overlooked, source of failure for
protein biomarkers, and fortunately, standards are in various
stages of development (4, 37–39). For example, application of
the National Cancer Institute’s (NCI) best practices is
designed to minimize preanalytical variability (https://
biospecimens.cancer.gov/bestpractices/index.asp), and the
goals of consortia such as BloodPAC aim to improve the
reproducibility and value of blood-based cancer assays
through the development of standards and frameworks (40).
All of these efforts are reenforced by the need for biomarker
studies to be clinically relevant in response to the FDA’s re-
quirements that workflows warrant standard operating pro-
cedures ensure “fit for purpose” (41) with NCI’s biospecimen
evidence-based practices serving as a potential guide.
Despite these efforts there are, as of this writing, no national
standards to control the impact of preanalytics on biomarker
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Inflection Point in Cancer Biomarkers
discovery and derivative development pipelines. The reason
for this lack of uniform standards is in the spirit of siloed sci-
ence, as there is an abundance of standards. Unfortunately, to
date, the focus has been more on standards development
than harmonization—and the result is limited progress in the
lack of reproducibility of biomarker research.
The “big data” revolution is proving to be both an asset and

a liability for biomarker discovery and development. Siloed
science drives data protectionism and sequestered data sets
that are of insufficient power to drive quality biomarker
studies. In addition, to establish predictive clinical cancer
biomarkers will require agreement on common data ele-
ments, data harmonization standards and significant in-
crease in open access to longitudinal and paired clinical
outcomes data (5, 42, 43). Recent federal initiatives purport
to address some of the problems associated with data
availability, harmonization, and longitudinal data access
through mandate that data from federally funded grants
(e.g., NCI) be publicly available (https://www.whitehouse.
gov/ostp/news-updates/2022/08/31/what-they-are-saying-
white-house-federally-funded-research-guidance-hailed-as-
a-win-for-innovation-and-equity/) (44, 45).
Looking into the future where cancer is viewed as a

complex adaptive (and evolving) system versus a collection of
“parts,” it will be necessary to develop systems level bio-
markers. It could be argued that the best systems level bio-
markers we have for cancer today are stage and grade, which
offer “snapshots” and something of a surrogate for the extent
of tumor development over time inclusive of evolution and the
resulting heterogeneity that defines most cancers. Although
these may be systems level representations of cancer, they
tell you almost nothing about the cancer that is actionable.
Cancer is an emergent property of a complex system, and
deconvoluting the integrative and dynamic nature of the
overall system through biomarkers is a daunting proposition.
That said, perhaps these biomarkers will be more reflective of
measures of system states at hierarchical levels more reflec-
tive of the phenotype. Such biomarkers will require multidis-
ciplinary teams (cancer biologists and clinicians,
mathematicians, physicists, and engineers) to iteratively opti-
mize and monitor multiscale systems dynamics (46–48).
Perhaps in the future, there will be more integrative, coarse-
grained biomarkers such as a patient’s performance score,
which may well offer a measure of the integrative and dy-
namics aspects of the overall system.

TECHNOLOGY ADVANCES PROMISE BIOMARKER SUCCESS—BUT TO
DATE A “Slow SLOG”

As noted in the prior section, biomarker discovery and
subsequent development has maintained an uncertain and
often detached, relationship with advances in technologies—
often delaying and sometimes slowing progress. For example,
the success of imatinib for chronic myeloid leukemia (CML) is
the best example of how advances in technology informed the
development of a highly clinically important biomarker dis-
covery. The Philadelphia chromosome discovery was first re-
ported by David Hungerford and Peter Nowell, based on
application of new cytogenetics techniques that revealed the
alterations in chromosome numbers in seven CML patients
(49). A decade later, Janet Rowley’s use of quinacrine fluo-
rescence karyotyping nine CML patients revealed the origin of
the Philadelphia chromosome and paved the way for a new
methodology to characterize chromosomal alterations across
cancers (50). Both discoveries, at the time, were dismissed and
mired by problems that continue to plague biomarker studies
today: insufficient patient samples to determine whether the
results were artifacts of new technologies or potential new
clinical insights. Now we know these initial discoveries paved
the way to the identification of the BCR-ABL fusion gene as the
principal pathogenetic driver of CML and approval of the first
successful tyrosine kinase inhibitor targeting the function of a
fusion gene, imatinib, by the FDA in 2001 based on the dra-
matic results of pivotal clinical trials (51).
Imatinib initiated an era of biomarker discovery focused on

finding “more” BCR-ABL–like targets and spurred 2 decades
of evolution of molecular profiling technologies. We are now in
an era of multiomics, with advances in genomics, tran-
scriptomics, and epigenomics; are protein biomarkers still
considered the “holy grail of biomarkers?” Although genomics
and transcriptomics are often touted as comprehensive for
creating patient molecular profiles, the fact is that these
modifications do not necessarily manifest in the proteome (36).
The proteome remains perhaps the most impacted biological
measure of disease on a broadscale that reflects the state of
the underlying biology (3). Protein posttranslational modifica-
tions alter signaling networks which create opportunities for
discovery of new therapeutic targets (52). Although all aspects
of the digital information that derives from the genomic alter-
ations play some role in cancer, it is the systems of proteins
(systems proteomics) that affect functional changes that pro-
vide a path to fundamentally understand and control cancer.

PSA—A Learning Experience and Cautionary Tale

The imatinib experience taught us that achieving an
increased understanding of a disease at the molecular level
does not necessarily lead to the discovery of clinically
important protein biomarkers. Although protein cancer bio-
markers (and cancer biomarkers overall) have historically
suffered from significant failure, we have gained valuable
lessons that cancer is not a singular event but rather a dy-
namic state change that evolves across space and time.
Clearly, the early and somewhat naïve assumption that single
protein biomarkers would capture cancer’s complexity led to
the unfortunate reality that approximately 1% of published
biomarkers achieved clinical utilization (4). For example, first
approved by FDA in 1986, prostate-specific antigen (PSA), a
single protein, was one of the few early biomarkers that
advanced to clinical use, and it has taught us a great deal
Mol Cell Proteomics (2023) 22(7) 100569 5
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Inflection Point in Cancer Biomarkers
about the challenges associated with its use in both the
screening and diagnostics settings for a heterogenous dis-
ease like prostate cancer.
The expansive deployment of PSA tests in the United States

in the early 1990s led to significant overdiagnosis and un-
necessary invasive and often harmful therapeutic interventions
(53, 54). It was estimated during this time that only 25 to 30%
of “positive” cases would ultimately develop cancer, and by
2009, PSA screening represented over $750 million a year in
unnecessary follow-up testing (36). Another learning experi-
ence from PSA testing was the realization that signals from
other biological processes, such as inflammation and trauma
(55), could produce positive PSA results and an abundance of
false positives. It also became clear that a PSA test offered
little, if any, guidance on the optimal point for disease inter-
vention, and it became clear that deployment of a screening
test like PSA in the population at large requires exquisitely
validated sensitivity and specificity (56–58). Validation across
all affected populations and the addition of familial history,
multiomics profiles, and clinical data have continued to
improve the value of PSA (59).
Ironically, although PSA does not capture the complexity

of prostate cancer, it has recently demonstrated the value of
an imperfect screening test for early detection of this dis-
ease. As early as 2014, and again in 2018, the U.S. Pre-
ventive Services Task Force recommended that men of 55
to 69 years should decide if they wanted to have PSA
screening, or not, and further recommended that men of
70 years of age or older should not receive PSA screening
(https://www.uspreventiveservicestaskforce.org/uspstf/index.
php/recommendation/prostate-cancer-screening). In subse-
quent years, prostate cancer increased 3% per year from
2014, and the proportion of advanced prostate cancer has
more than doubled over the past 10 years (https://www.
cancer.org/research/cancer-facts-statistics/all-cancer-facts-
figures/2023-cancer-facts-figures.html). This alarming in-
crease in late stage prostate cancer prompted the American
Cancer Society to make evidence-based recommendations
in 2023 for screening that combines age, risk, and
PSA results (https://www.cancer.org/research/cancer-facts-
statistics/all-cancer-facts-figures/2023-cancer-facts-figures.
html). Although PSA is not a perfect test and research is
required to determine if PSA screening has differential
effects in affected populations, it is a cautionary tale. PSA
tests apparently measure an important disease signal, and
its deployment as a screening assay plays a significant role
in identifying disease at a point where intervention is war-
ranted. The tradeoffs in terms of slowing or preventing
advanced disease speak to the value of identifying early
disease signals, even in the setting of accepting a per-
centage of false positive results. In addition to the potential
role of PSA in identifying key disease signals, one of the
major outcomes from the PSA experience is the extent to
which efforts to improve the assay have enabled significant
6 Mol Cell Proteomics (2023) 22(7) 100569
advances in understanding the complex biology of prostate
cancer. Imperfect tests, especially PSA, have made clear
that cancer biomarkers will require a high degree of
dimensionality to reflect the heterogeneity and complexity of
most cancers and the need to understand how biomarkers
can be leveraged to understand state changes in cancer.
These findings and improvements in protein biomarker dis-
covery, development, plus the availability of new FDA reg-
ulatory pathways have benefitted the field of biomarker
science, especially the promise of protein biomarkers.
In recent years, multiple advances in technologies, like the

BCR-ABL story, are supporting and accelerating the suc-
cessful discovery and development of the protein biomarkers
of the future. Sequencing technologies and multiomics ap-
proaches are evolving rapidly to enable sequencing work-
flows, reduce costs, and enable progress in precision
medicine, especially oncology. Fortunately, the story of pro-
tein biomarker discovery and development is not all doom and
gloom. There are several examples that demonstrate the po-
wer of multiomics technologies and protein-based biomarkers
to support more effective discovery, development, and utili-
zation of clinically important cancer biomarkers.
Launched in 2010, the I-SPY 2 consortium is an excellent

example of a learning system that utilizes a suite of biomarkers
to pair patients with the most rational therapeutic intervention
for their disease. The I-SPY 2 consortium has continuously
enrolled patients on a multiarmed, master protocol to evaluate
new neoadjuvant therapies in combination with standard-of-
care chemotherapy for breast cancer (60). Utilizing Bayesian
adaptive randomization and clinical biomarkers to assign pa-
tients to specific breast cancer biomarker–based subtypes, a
number of therapies have successfully “graduated” to move
on to small phase 3 trials (61). Moreover, the multiple arms of
the trial and biomarker-based subtype treatments support
advancing successful therapies to patients and in parallel
provide the power needed for biomarker regulatory approval.
This innovative approach to trial design is reducing the costs
of clinical trials, and as an enduring “platform” trial, it is
streamlining the organization and set-up of further clinical
trials (62). Master protocols have been employed to perform
adaptive platform trials beyond breast cancer including the
Beat AML trial (63) and the GBM AGILE Trial (64) for glio-
blastoma, and the model continues to be adopted across
other diseases (https://clinicaltrials.gov/ct2/show/NCT04488
081). As observed in I-SPY 2, these trials offer exciting op-
portunities to identify protein biomarkers that can serve to
assign treatment based on molecular biomarkers, subtype
disease, and advance precision oncology.
Whole exome sequencing of specimens in lung cancer

cohorts have identified numerous genomic alterations, with
somatic mutations as high as 8 to 10 mutation per mega base,
reflecting the vast genetic heterogeneity in lung cancer (43).
Next generation sequencing (NGS) mutations can be traced to
single base-pair resolution levels, without sacrificing accuracy
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or precision, and multiple cancer types are beginning to
leverage these technologies for better multiomics resolution
and associated biomarker development. In fact, genomics
screening has quickly become a standard of care in non–small
cell lung cancer as the National Comprehensive Cancer Net-
work’s 2023 principle of molecular and biomarker analysis
guidelines have recommended nine genomic screening bio-
markers along with PD-L1 expression for therapeutic decision
making in non–small cell lung cancer (65). Multiomics changes
also differentiate tumors from normal tissues, paving the way
for improved targeted therapeutic intervention to extend pa-
tient survival (66). The NCI lung-MAP trial and the UK national
lung matrix trial are just two examples of trials that are
leveraging NGS to identify multiple gene panels as biomarkers
for lung cancer.
As sequencing methods continue to advance in depth of

coverage, so does the ability to potentially develop high
sensitivity and specificity protein biomarkers to detect early-
stage tumors. While multiomics markers are providing much
needed support for targeted therapies, especially in precision
oncology, markers for immunotherapy remain a major chal-
lenge. Complex (black box) biomarkers such as tumor muta-
tional burden (43) are of limited use in predicting patient
response and monitoring patients that do respond. Patient
molecular profiles based on classic genomics without consid-
eration of epigenomics are insufficient to support optimal de-
cision making by physicians. Epigenetic changes are common
across all human cancers, as posttranslational and histone
modifications play significant roles in altering the expression of
various oncogenes and tumor suppressors (67). It has been
shown that mRNA levels tend to correlate poorly with protein
abundance, but by leveraging genomic level data, prediction of
protein expression will improve (67–69). Although tran-
scriptomics has allowed us to have a better understanding of
the genetically driven RNA transcript alterations, genomic,
epigenetic, and transcriptomic alterations will manifest in ways
that will impact protein expression, making proteomics the
strongest candidate for clinically relevant biomarkers. In
recognition of these findings, proteogenomics as an emerging
field has increased significantly in recent years as the science
has evolved. By combiningmultiple omicsmodalities to acquire
a more comprehensive landscape of the disease state, we are
increasingly developing biomarkers to support therapy selec-
tion and patient monitoring.

Proteogenomics

Proteogenomics represents an application of multiomics to
biomarker discovery and development. Proteogenomics, the
combination of genomics and proteomics, has emerged
rapidly over the past decade to define genomics-driven
proteomic workflows. The NCI CPTAC flagship programs
have been largely successful in developing assays and
potential markers across multiple cancers, leveraging the
proteogenomic approach (38, 70–72). As of 2022, over 3500
assays for 3224 unique peptides and 1742 unique proteins
have been validated by the CPTAC initiative to develop
reproducible targeted mass spectrometry–based assays for
biomarkers in cancer (73-75). Advances in NGS will allow for
ever-better identification of proteins to create pipelines of in-
terest to both CPTAC and the industry. Selected companies
maintain that next generation biomarker research should
encompass genomic sequencing, transcriptomics, neoantigen
prediction, immune profiling, and single-cell sequencing
(https://www.science.org/content/resource/genomic-biomarkers-
multiomics-next-generation-sequencing-cancer-research).
Proteogenomics continues to advance, with recent CPTAC
reports demonstrating the ability of these pipelines to generate
biomarkers of patient responses to chemotherapy and thera-
peutics (71). Progress in proteogenomic-based approaches are
powerful and promising technologies that look to improve and
advance the discovery and development of protein biomarkers
to support precision oncology in the future (76).
The emergence of proteogenomics highlights the need for

integration across the research discovery, development, and
delivery continuum. The focus on individual investigator
studies has historically focused on single genes and/or pro-
teins and resulted in what has become “siloed science.” No-
where is that truer than in oncology where thousands of
“biomarkers” are reported in the literature (77) and few ever
even make it into development. To achieve progress in pro-
teogenomics, and deconvolute the complexity of cancer, it will
require that silos come down and the “omics” research
communities unite through seamless partnerships that will
result in high value biomarkers that will move the field forward
(https://www.cancer.gov/news-events/cancer-currents-blog/
2021/cancer-moonshot-midpoint-progress-update). As dis-
cussed later in this perspective, these partnerships are
essential to fundamentally understand that cancer is an
emergent multiscale complex system driven by dysregulated
communication where each scale has its own integrative
structure and emergent properties.
Liquid Biopsy

Proteogenomics is not alone in what portends an improved
future for protein biomarkers, and one of these advances,
liquid biopsy, may prove to be transformative for all aspects of
cancer diagnosis, treatment, and even prevention. Liquid bi-
opsy for cancer generally refers to the analysis of circulating
tumor DNA but may also include isolation and analysis of
other tumor-derived material from bodily fluid matrices.
Isolating these fractions is challenging, as the abundance of
circulating tumor DNA to cell-free DNA in circulation can range
from 0.1% to 90%, and although imperfect, it is generally
reflective of the tumor burden in a given patient (20). Despite
several challenges, the method has expanded exponentially
recently as a popular orthogonal technique to analyze patients
that is less invasive compared to traditional needle biopsy.
Mol Cell Proteomics (2023) 22(7) 100569 7
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Early Multiple Cancer Detection Assays

The rapid evolution and expansion of liquid biopsy meth-
odologies is best personified in what is a new class of MCEDs.
As of 2022, there are more than 27 companies developing
MCED assays. Many MCED assays claim to detect over 50
cancers using CpG methylation analysis of cell-free DNA
coupled to NGS or other methods. This assay is in a trial to
evaluate results in 140,000 patients to validate its predictive
value. Whether or not these assays will make a difference in
cancer survival is yet to be determined, but the field of MCED
is without question a highly promising development for
biomarker research (78).
Although overall liquid biopsy continues to develop, and

similar to biomarkers, reproducibility in this setting illustrates
the critical need for larger data to power these technologies.
For example, it has been posited that liquid biopsy–based
MCEDs may be the next PSA, leaving little doubt that a
great deal of more research is required for these assays to
ever become screening tools for early detection of cancer
in the population (https://prevention.cancer.gov/news-and-
events/blog/blood-samples-could-help). Liquid biopsy in
general, and MCEDs, in particular, offer hope that achieving
scale and application of stringent quality control metrics in
sampling will significantly improve biomarkers for all phases of
the patient’s journey—well beyond detecting early cancer
“signals” (21, 22). Reflecting the promise of the MCEDs as
diagnostics, federal agencies are attempting to develop
infrastructure to determine if identifying potential cancers
very early also increases survival (https://prevention.cancer.
gov/news-and-events/blog/blood-samples-could-help). In
hopes of answering this question, the NCI has expanded
trials to evaluate 24,000 patients over a span of 4 years
(https://prevention.cancer.gov/major-programs/multi-cancer-
detection-mcd-research). One thing is clear, for these assays
to be effective as screening tools in the general population will
require near perfect sensitivity and specificity.

Single-Cell Analysis

The science of biomarkers is also benefiting from single-cell
analysis. For example, the NCI Cancer Moonshot is establish-
ing a clinical, experimental, computational, and organizational
framework to create publicly available tumor atlases that in-
cludes single-cell analysis (44, 45). In addition, single-cell
analysis is enabling deeper profiling of the microenvironment,
an increasingly important source of potential cancer bio-
markers, as is mass spectrometry imaging that profiles single-
cell populations within the tumor immune microenvironment.
This approach allows investigators to identify cellular subtypes
by combining both tandem mass tags with antibodies for a
targeted proteomic approach that can be further multiplexed to
provide biomarkers that characterize the overall cancer immune
profile (79–81). Targeting single-cell interactions promises to
transform therapeutic intervention as cellular subtypes
8 Mol Cell Proteomics (2023) 22(7) 100569
associated with resistance to hormone ablation therapy in
prostate cancer and in melanoma patients have been identified
using these technologies (82, 83). Although there are myriad
challenges (e.g., reproducibility and scaling) in single-cell pro-
teomic analysis, these technologies offer much needed op-
portunities to molecularly characterize the tumor immune
microenvironment and increase the effectiveness of these
therapies in cancer patients (84). Single-cell analysis continues
to grow, and new guidelines have also been established by the
community at large to help continue its maturity (85).
As briefly reviewed here, the last 2 decades have seen an

explosion of multiomics profiling and a range of advanced
technologies designed to support precision medicine. This re-
view does not include advanced imaging technologies, nano-
technology devices, synthetic biomarkers, and several other
advances that enable probing the proteome. The emergence of
liquid biopsy, continued development of single-cell analysis,
and these other technologies could have the potential to
transform biomarker discovery. However, in all of these do-
mains, it will ultimately be critical to understand how information
is encoded into definedpathways andnetworks, and tomap the
perturbations in those networks in the context of a given dis-
ease, and importantly around a clinical decision. Clearly trans-
lating multiomics profiling into an understanding of biological
signaling networks as they relate to disease highlights the
challenge of understanding the overlap of these networks in
complex systems.Diseases are oftenmore than the sumof their
parts, and while a singular focus on omics domains may yield a
lot of data, it will not be sufficient to capture the information
needed to define a disease phenotype or drive improved clinical
decision making. Advancing precision medicine necessitates
moving away from the lens of reductionist thinking toward the
understanding that complex diseases are in fact CASs. In
addition, the field needs to adopt communication models that
maximizes information and reduces noise at all levels in a CAS
(Fig. 2). Theoretical constructs such as Shannon information
theory is one approach that may be able to decode the infor-
mation needed for biomarkers at various biologic scales.
DISCUSSION: EMBRACING COMPLEXITY, REALIZING THE
DIAGNOSTIC PROMISE OF PROTEIN BIOMARKERS

Embracing Complexity

Clearly, for the biomarkers of the future, especially protein
biomarkers, to be more predictive requires that they increas-
ingly capture the complexity of cancer information and asso-
ciated signals. In that regard, it will become necessary to
redefine biomarkers as representations of a biological system
state at different hierarchical levels of biological order (Fig. 1).
This definition would include traditional molecular, histologic,
radiographic, or physiological characteristics, as well as
emerging classes of digital markers and complex algorithms.
In the case of protein biomarkers, it will be necessary to move
away from single or small numbers of proteins to effectively
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FIGURE 2. Information transfer. Understanding where and how biological information is encoded and transferred is essential to collect the
right data to support accurate measurements. Uni-dimensional collection of a singular parameter is susceptible to bias and can lead to
misrepresentation of the biological state in question (Created with BioRender.com).
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capture the information in protein networks and systems. Over
90% of the human proteome has now been validated at high
stringency to better enable the understanding of the proteome
networks, thanks in large part to efforts from the Human
Proteome Organization (86, 87). Systems proteomics will
support the discovery and development of biomarkers that
can capture complex systems information throughout the
health-to-disease continuum of patients and thus enable
the development of efficacious treatments and high value
diagnostics and theragnostics. In this regard, using bio-
markers to understand information architectures and infor-
mation processing in complex biological systems will be of
key importance for making precision oncology a reality.

Reframing Cancer Diagnostics as an Information Transfer
and Systems Management Problem

As we look forward the next decade of cancer biomarker–
related studies, one of our greatest opportunities to succeed
will come from reframing the challenge of biomarker discovery
and accordingly the approaches taken for data analysis and
interpretation. To date, much of the focus of biomarker studies
has been through the lens of univariate binary classification.
This framing essentially states the biomarker challenge as,
“find a protein whose abundance differentiates state X (i.e.,
healthy) from state Y (i.e., diseased).” In the case of di-
agnostics for infectious disease, such a phrasing is reason-
able. There is a clear mechanistic link, and appropriate
reductionism, between the presence of a pathogen in the
body and the presence of a pathogen’s shed material in
locations that can be easily sampled. Furthermore, the wide
molecular gulf between a pathogen and its host makes the
differentiation of signals from the pathogen and background
signals straightforward to interpret. Because there is such a
significant difference between host and pathogen, it can often
be straightforward to look at one or a few pathogen-derived
biomarkers as differentiators in a relatively time-invariant
manner. In therapeutics, the distinction between disease and
healthy state is often referred to as the “therapeutic window”

and enables thinking about how straightforward it is to
therapeutically target a given disease. We adopt the term
“diagnostic window” to describe the magnitude of difference
between disease states and healthy states.
Mol Cell Proteomics (2023) 22(7) 100569 9
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Unfortunately, when finding diagnostics for diseases like
cancer, the binary classification framing of biomarker studies is
unlikely to succeed. The simplest diagnostic windows, such as
those inmany infectious diseases, are ones inwhich amarker or
set of markers are absent in one state and present in another.
More complex diagnostic windowsmight operate with different
effective set points, such as low in one state and high in another
(such as with serum troponin before and after cardiac arrest
(88)). However, as tumors are extremely like their host, partic-
ularly in their earliest stages, the signals from those cancers are
less differentiated and thus the diagnostic window is likely
incredibly small as within person, and across person, biological
variance can be large and state-to-state difference can be
small. Furthermore, cancers are multiscale, complex adaptive,
and dynamic systems, so the signals they are producing are
constantly changing, further exacerbating the challenge of
finding a marker whose single-timepoint measurement is radi-
cally different between states (Fig. 2). Given these two factors, it
becomes necessary to reframe the biomarker-based di-
agnostics challenge away from univariate binary classification
and toward a more descriptive information-rich framework.
These innovative approaches are already influencing the field of
proteomics, with the Human Proteome Grand Project repre-
senting an excellent example of an increased understanding
that proteomics functions as a network of networks (https://
hupo.org/page-1757429).
Wecast the challengeof describing the state and trajectory of

a tumor as an information transfer andmanagement problem as
illustrated by the following example. Remote sensing dates
back to mid-19th century when aerial photographs were taken
from hot air balloons or by camera-bearing carrier pigeons. The
term “remote sensing”was first used in the United States in the
1950s by the Office of Naval Research (89) and is now
commonly used to describe the science of identifying,
observing, and measuring an object without coming into direct
contact with it. One can deconstruct such problems as con-
taining two pieces: the first is the signal(s) coming from the
monitored object(s) and the second is the communication of
that signal from the source through a communication channel to
a receiving device (Fig. 2). A communications framework (90)
gives us both a language and set of techniques for interrogating
our biological problem of biomarker discovery. It is quite natural
to recast the early detection and therapeutic response predic-
tion/monitoring problems as information transfer and man-
agement problems. Essentially, for cancer early detection and
therapeutic response characterization, we would like to discern
the presence and trajectory of a tumor without requiring direct
measurement of that tumor. The “source” in ourmodelwouldbe
the tumor or the host response to that tumor. The “signal”would
be the protein(s) from that tumor, and the “channel” would be
the poorly characterized and extremely noisy process of
shedding by which proteins travel from the tumor into the cir-
culation and persist therein (Fig. 2). Through this lens, proteins
are “transmitted” from the tumor to the circulation as governed
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by a series of information transfer functions. Alternately, signals
influenced by the tumor, but not generated by the tumor, such
as the immune responseor changes in themicrobiomecould be
considered in this framework. The sensor at the receivermay be
one of a wide variety of techniques ranging from ELISA to
broadscale proteomic profiling.
An additional benefit of a communications framework is that it

enables the use of time-dependent, multiscale models
describing signal origins and signal transfer. Despite thousands
of case-control profiling studies attempting to discover bio-
markers, the number of studies asking simple, fundamental
questions about biomarker origins is extremely small (91–97).
The existence of biomarkers is predicated on the assumption
that processes occurring at the tumor are reflected at a dis-
tance, such as in the circulation, urine, or in breath exudate.
Proteomics-based biomarker discovery approaches have
asserted that many potential markers are tumor-derived pro-
teins that may be detected in the circulation, via shedding
(secreted, cleaved from thecell surface, or released from thecell
by either lysis or exocytosis) from the tumor, and then transited
into blood (77, 98). Consequently, the composition and dy-
namics of the tumor proteome may be reflected in the circu-
lating proteome (99–103). Based upon the assumption of a
relationship between the tumor proteome and the circulating
proteome, logical arguments are presented regarding the need
to give higher priority to abundant tumor proteins (94, 104–106).
As shown in Figure 2, it is possible to examine these assump-
tions. In particular, we must examine how molecular changes
propagate to the cell scale and are impacted by tissue and host
scale effects. For example, what if the proteins produced by the
tumor change over the course of its progression, such as
through evolution of the cellular heterogeneity or changes in the
microenvironment? Likewise, what if there is a nonmonotonic
relationship between the abundance of a protein in the tumor
and in the blood. Though attractive, the monotonicity
assumption may not be universally true; there may be a wide
range of functions relating a protein’s tumor levels to its circu-
lating levels. This is especially true given the likely wide range of
degradation and clearance rates (107–110); for reference, de-
cades of research shows that intracellular protein turnover rates
(111) vary from minutes, weeks, or even months (112–115).
Consequently, it is possible that proteins with large case versus
control differences in abundance at the tumor sitemay be either
unobservable or uninformative when interrogated in the circu-
lation. Furthermore, as both the patient and the cancer are
constantly changing, it is highly likely that we will need di-
agnostics that anticipate time-dependent variation, such as
those that arise through circadian rhythm or from changes in
weight or as induced by hormonal therapy (116–118). To suc-
ceed going forward, we must get past purely observational
studies and instead start building a communications framework
in which to better interpret the vast array of observational data.
The biomarkers must also look for the dynamic changes of the
tumor, as many studies have shown static cells with tumor-
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associated molecular changes that do not cause harm to the
host (119, 120).
Building the communication frameworks needed to drive

progress in the discovery of biomarkers that represent complex
systems states will benefit from several current opportunities
including the integrative analysis of new studies within the
context of prior studies. For example, there are nearly 2000
publications citing TIMP1as aputative biomarker in diseases as
wide range as pancreatic cancer and rheumatoid arthritis. Un-
fortunately, with new studies being done in isolation, it is hard to
contextualize any potential biomarker. Resources like Mar-
kerDB and the GVK 13,000 biomarker database could poten-
tially help in the future (121, 122). There is also an opportunity to
use multidata-type analysis, such as the integration of tran-
scriptome and proteome data, especially given that at the cell
scale, there are key linkages between molecular scales (e.g.,
transcriptome to proteome) that can give a synergistic boost to
data interpretation. To recognize this boost, it is necessary to
treat the data, not simply as additional dimensions but instead
as linked multivariate entities. Learning these relationships
within any singular dataset is currently an intractable problem.
However, appropriate use of prior information and prior mech-
anistic models can enable more grounded, integrative analysis.
Finally, the field will benefit greatly from the development of
controlled vocabularies and repositories for both biomarker-
associated data and experimental metadata and results of
these studies.
LOOKING FORWARD: A PORTENTOUS FUTURE

Dating to themid 1990s, viewing cancer as aCAS is not a new
concept (23). Albeit biologic CAS is increasingly defined in
greater detail; simply stated, they consist of large numbers of
interacting components with simple rules of operation that
exhibit selforganization and informationprocessing.CAS is also
characterized by internal information flows and dynamic input
from external information flows. These properties lead to sub-
systems (complex interacting networks) that exhibit properties
that cannot be predicted based on understanding the individual
components. Complex systems adapt and evolve giving rise to
collective emergent properties, which cannot be predicted from
studying the parts of the system. In fact, cancer is perhaps best
described as an emergent property of a CAS.
The future of cancer biomarker discovery, especially protein

biomarkers, will depend in large measure on identifying and
understanding the dysregulated information architecture,
transfer, and management processes of cancer in a CAS
context. Information in biological systems is stored everywhere
and flows everywhere in time scales that are difficult for most
current technologies to capture, but coarse-grained elements
of these systems can be measured and used as surrogates.
Most of the problems encountered in biomarker discovery to
date reflect this lack of understanding of what information is,
where it is, and how information is related to data. Some of the
current AI approaches in development today promise to reduce
the dimensionality of the data from a dysregulated system like
cancer, but the translation to information will require identifying
the signal based on a defined biological context. However,
capturing the complexity and trajectory of the cancer CAS
through systems of protein biomarkers will require the appli-
cation of novel communication frameworks including theoret-
ical constructs such as information theory (24, 123) that provide
a basis for understanding how information is encoded and
transmitted, which offers an opportunity to reduce uncertainty
in the predictions based on converting data to information (90,
124). One such theoretical construct, mathematically based
Shannon information theory (90), is especially promising for its
applicability to biological information. The theory enables
defining information based on context (including temporal and
spatial information) and distinguishing signal (information) from
noise (entropy) at escalating levels of complexity in cancer.
Evolution suggests that signaling networks in biology are opti-
mized tomatch information sources, which will open new areas
of investigation based on dysregulated signaling in cancer (24).
Achieving this transition will not be easy. However, it is

increasingly a scientific imperative that the identification of
clinically relevant biomarkers (especially proteins) be devel-
oped for a cancer patient’s journey from diagnosis to survi-
vorship. Ideally, the future will embrace the discovery,
development, and delivery of complex information-based
biomarkers gleaned through theoretical constructs that cap-
ture cancer as a disease of multiscalar communication in the
context of a CAS.
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