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Precision medicine refers to the “tailoring of medical treatment to 
the individual characteristics of each patient.”1 Because cancer 
is a disease of the genome,2 molecular profiling often informs 
diagnosis, prognosis, and therapeutic decision making. Biomarker 
development generates actionable, reliable information for 
therapeutic development and clinical decision making. However, 
therapeutic development only requires biomarker to identify 
populations where a drug will be effective. Companion diagnostic 
development through categorical biomarker definitions may, 
therefore, not be ideal for biomarker development.

BIOMARKER CLASSIFICATION
Precision oncology relies on the use of bio-
markers to guide clinical decision making. 
Biomarkers can be helpful in diagnosing 
a disease, outlining prognosis, predicting 
response to a therapy, or for monitoring 
response and outcomes. As cancer is a 
disease of the genome, genomic profiling 
can play a critical role as a diagnostic bio-
marker. For example, diagnostic criteria 
for some tumors now combine molecular 
information with standard histopatho-
logic criteria. Prognostic biomarkers are 
not only useful for counselling patients 
but can also be helpful for clinical de-
cision making. Decisions on adjuvant 
therapy, for example, are based primarily 
on risk of recurrence. A therapy with the 

same proportional risk reduction confers 
more clinical benefit by reducing the ab-
solute risk of recurrence from 50% to 20% 
than from 5% to 2%, for example. Post-
treatment biomarkers may also be useful in 
assessing response and monitoring disease 
status. Most often, however, biomarkers in 
support precision medicine are predictive 
biomarkers, and economic incentives may 
direct resources towards the development 
of predictive biomarkers in parallel with 
therapeutic development.3

PREDICTIVE BIOMARKER 
DEVELOPMENT: COMPANION 
DIAGNOSTICS AND BEYOND
Predictive biomarkers are “used to iden-
tify individuals who are more likely than 

similar individuals without the biomarker 
to experience a favorable or unfavorable ef-
fect from exposure to a medical product or 
an environmental agent.”4 Assays for these 
biomarkers are frequently established as 
companion diagnostics as part of the drug 
development process. Companion diag-
nostics are devices deemed essential for 
the safe and effective use of therapeutic 
products, defining the patient popula-
tion for whom the benefits of a drug have 
been demonstrated to outweigh the risks. 
There are some advantages to developing 
predictive biomarkers as part of the drug 
development process. First, development 
as a companion diagnostic leverages estab-
lished US Food and Drug Administration 
(FDA) regulatory pathways, setting a high 
bar for assay validity and precision, provid-
ing a quality benchmark that may be crit-
ical for clinical decision making. Second, 
the process for generating clinical evidence 
is very expensive; reimbursement for di-
agnostic tests may not drive the required 
investment in large clinical trials for each 
biomarker. Companion diagnostic de-
velopment allows biomarker evidence 
generation to be “subsidized” by drug de-
velopment. However, companion diagnos-
tic development and predictive biomarker 
development are not the same. In many 
cases, companion diagnostic development 
does not provide all of the evidence needed 
for clinical decision making.

The dotted boxes in Figure 1 exem-
plify a population that might be studied 
to support therapeutic and companion 
diagnostic development. Despite defining 
a population that might benefit, conclu-
sive biomarker utility requires knowing 
the response in the biomarker-negative 
population. Differential effect is import-
ant evidence for decision making, but such 
evidence is often not generated as part of 
companion diagnostic development. The 
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underlying truth could be that the bio-
marker-negative group still benefits from 
the drug (Figure 1).

Categorical vs. continuous predictive 
biomarkers
Categorical biomarkers define discrete pop-
ulations. Sometimes, categorical biomarkers 
are defined by the underlying biology. Blood 
type is an example. Other times, categorical 
biomarkers are defined from continuous 
biomarker “cut points.” In these situations, 
transformation to categories is often based 
on limited evidence, and information is al-
ways lost. For example, age is a continuous 
biomarker, whereas “young” or “old” based 
on a cutoff of 65 years is a categorical trans-
formation. Although blood types A vs. B 
may map to relatively deterministic predic-
tions of transfusion response, age 64 vs. 66 
likely provides much less information for 
clinical decision making. Importantly, this 
fact does not invalidate the overall utility of 
age as a biomarker, in that a comparison of 
age 18 to age 66 could result in determinis-
tic predictions akin to blood types.

In precision oncology, a historical abun-
dance of biologically-defined categorical 

biomarkers has obscured key differences 
between companion diagnostic and pre-
dictive biomarker development processes. 
Examples include EGFR inhibitors for 
non-small cell lung cancer with exon 19 
deletions or exon 21 L858R substitution 
mutations, alpelisib for PIK3CA mutated 
breast cancer, PARP inhibitors for homol-
ogous recombination pathways mutated 
prostate or ovarian cancer, and TRK in-
hibitors for NTRK fusion-positive solid 
tumors.5 When mutations drive tumor 
growth and progression, targeting these 
mutations often results in a specific, robust 
response. Biomarker assays to detect driver 
mutations are therefore typically developed 
as companion diagnostics. The predictive 
aspect of the biomarker is often implicit 
(i.e., cancers without these driver muta-
tions would not be expected to respond to 
a drug targeting the driver mutation), and 
biomarker-negative populations are often 
not studied clinically.6 When the biomark-
er-negative population is clearly identified 
and there is a strong biological rationale, 
development of a companion diagnostic 
may be sufficiently informative for clinical 
decision making. Furthermore, if mutations 

are mutually exclusive, biomarker panels 
can directly support clinical decision mak-
ing heuristics through if-then algorithms.

Despite possible benefits of heuristics 
and simplified decision tools, some biolog-
ical processes—particularly complex, mul-
tifactorial ones—are better characterized 
by continuous quantities. However, the 
interpretation of continuous predictive bio-
markers is difficult. In these cases, a marginal 
increase in the measurement or score is asso-
ciated with a marginal change in the prob-
ability of experiencing therapeutic benefit. 
For such biomarkers, there is no “right” place 
to set a cutoff, and no biologic determinism 
to exploit. Decision making becomes more 
probabilistic, and the tradeoffs more situ-
ation specific. For example, trial eligibility 
criteria are complicated without biologic de-
terminism to dictate a clear cutoff. Defining 
an inclusive cut point requires large and 
lengthy trials to demonstrate treatment ef-
fect in the overall population. Defining a 
restrictive one (i.e., with only high-probabil-
ity responders) reduces the size and length 
of the trial, but the population eligible to 
receive the drug in clinical practice excludes 
patients who could benefit. Furthermore, 

Figure 1 Comparison of evidence generation during companion diagnostic development for novel predictive biomarkers, where a traditional 
approach (top row) focuses exclusively on characterizing the therapeutic effect among asubpopulation classified as biomarker positive. The 
assumption that the true therapeutic effect is negligible in the biomarker-negative population can be based on strong biological rationale (left 
column, bottom left), as with oncology drugs targeting driver mutations. For predictive biomarkers with a truly continuous relationship (right 
column) between biomarker value and therapeutic benefit among the biomarker-positive subpopulation, the traditional companion diagnostic 
approac leads to important gaps in evidence forclinical decision making, mainly due to substantial uncertainty about the risks and benefits for 
patients below the cutoff.
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when the trial population is defined by a 
cutoff applied to a continuous biomarker, as 
in Figure 1a, the evidence necessary to ob-
tain drug approval often does not support 
evidence-based decision making for patients 
falling just beyond the cutoff. Patients with 
biomarker scores just above and just below 
the cutoff could have indistinguishable clini-
cal courses in response to a drug, but the cut-
off sets them on very different clinical paths.

Predicting effects of immune 
checkpoint inhibitors
Biomarkers predicting response to immune 
checkpoint inhibitors (ICPIs) are not as 
straightforward as the biologically defined 
categorical biomarkers for tyrosine kinase 
inhibitor response. For example, pro-
grammed death ligand 1 (PDL1) immu-
nohistochemistry assays are critical ICPI 
biomarkers. However, although the true 
relationship between PDL1 immunohis-
tochemical scores and response probability 
may be continuous, cutoffs used in clinical 
trials define specific subgroups. The 22C3 
assay cutoffs of 1% tumor proportion score 
(TPS) in recurrent non-small cell lung can-
cer and 50% TPS in newly diagnosed non-
small cell lung cancer were based on data 
from the Keynote-107 and Keynote-24 tri-
als, respectively. In Keynote-10, however, 
the subset of patients with TPS  ≥  50% 
had a better hazard ratio for progres-
sion-free survival and overall survival and 
a higher overall response rate in response 
to pembrolizumab, than the broader group 
defined by TPS  ≥  1%, suggesting a rela-
tionship with more gradation. Similarly, 
Aguilar et al. showed in a multi-institu-
tional retrospective analysis that patients 
with PDL1 expression in > 90% of tumor 
cells had better outcomes compared to 
patients with expression in 50–89% of 
cells.8 Thus, there is likely more informa-
tion in the continuous analysis of PDL1 
that could be brought to bear on clinical 
decision making. Such decisions would use 
probabilistic reasoning to assess tradeoffs. 
For example, a low probability of response 
may be more acceptable in clinical scenar-
ios with few alternative options, whereas 
the bar would be higher when selecting 
among several promising therapies or 
combinations. Furthermore, erroneous 
decision making based on threshold ef-
fects would be avoided—TPS of 49% and 

that of 51% are unlikely to have different 
outcomes.

Likewise, a continuous biomarker ap-
proach may be appropriate for tumor muta-
tional burden (TMB), a surrogate measure 
for neoantigenicity that has been hypothe-
sized to predict ICPI treatment effect. In 
theory, greater numbers of foreign-appear-
ing antigens will trigger greater immune 
system recognition and response. Unlike 
with driver mutations and target thera-
pies, the biological rationale here does not 
suggest the existence of natural “cutoffs.” 
Retrospective analyses support this hypoth-
esis. In one large study of patients treated 
with ICPI across a variety of tumor types, 
continuous TMB was positively associated 
with survival without a specific cutoff iden-
tifying “responders” and “nonresponders.”9 
Still, most clinical development of bio-
markers for ICPI focuses on defining the 
right “cutoff ” for therapeutic effect. When 
the true relationship exhibits gradation, de-
fining a high cutoff increases the power of a 
trial for a given sample size. But the result-
ing label indication is unnecessarily restric-
tive, potentially denying access to patients 
who would experience substantial thera-
peutic benefit. Conversely, defining a low 
cutoff requires larger and longer trials, may 
dilute the observed treatment effect, and 
yet there could still be benefit for patients 
below the cutoff. The FDA complemen-
tary diagnostics designation, for biomark-
ers that aid in benefit-risk decision making, 
offers a potential regulatory pathway to 
more fully develop biomarker information 
to support precision medicine, and has 
been used for PDL1 immunohistochemis-
tryl for ICPI. However, there is no require-
ment to develop biomarker assays through 
this pathway, no requirement for using the 
biomarker in clinical use and comprehen-
sive information about the biomarker/
effect relationship is not necessary nor is 
guidance on use provided. Developing a 
true predictor of ICPI response is further 
complicated by the observation TMB and 
PDL1 are not correlated,10 contributing 
independent predictive utility. A future 
“immunoscore” will likely have many in-
dividual biomarker inputs, including an 
assessment of nontumor factors, such as 
immune infiltrates and host immune fac-
tors, potentially creating tradeoffs between 
efficacy and interpretability.

CLINICAL TRIALS FOR EVIDENCE 
GENERATION TO SUPPORT PRECISION 
MEDICINE
Optimal biomarker evidence for precision 
oncology requires treatment effect estima-
tion across the entire range of biomarker 
values. For categorical biomarkers with 
strong rationale indicating a biomarker-spe-
cific effect, current approaches may suffice. 
In particular, biomarkers for driver muta-
tions and associated inhibitors are generally 
served well by companion diagnostic devel-
opment and trials conducted exclusively in 
biomarker-positive patients. Outside of this 
biomarker-positive population, the hypoth-
esized mechanism of action for the drug 
dictates a null or negative treatment effect. 
On the other hand, more robust evidence 
is needed to guide decision making with 
complex biomarkers, such as continuous 
variables or composite scores. For these, an 
ideal body of evidence would result from 
all patients enrolling in randomized stud-
ies, with biomarker associations learned 
through preplanned analyses rather than a 
priori restrictions with artificial categories. 
This might introduce considerable regula-
tory risk, however, as “negative” results in 
the overall population may lead to rejec-
tion of promising therapies. Randomize-
all designs are also inefficient. However, 
novel designs that incorporate adaptive 
components could be used as a compro-
mise between trial efficiency and robust 
data collection.6,11 Trials could start with 
randomizing all patients but become more 
biomarker-specific as the evidence supports 
an association, as in I-SPY2, GBM AGILE, 
and INSIGhT.11 In addition, trials could 
start as biomarker-specific based on robust 
preclinical or prior trial data and then ex-
plore a broader range of patients as efficacy 
is demonstrated.6 Ultimately, innovation in 
regulatory frameworks and clinical trial de-
sign could generate better evidence for deci-
sion making in precision oncology.
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