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a b s t r a c t
Predictive biomarkers can guide treatment decisions in breast cancer. Many studies are undertaken to
discover and translate these biomarkers, yet few biomarkers make it to practice. Before use in clinical
decision making, predictive biomarkers need to demonstrate analytical validity, clinical validity and clinical utility. While attaining analytical and clinical validity is relatively straightforward, by following
methodological recommendations, the achievement of clinical utility is extremely challenging. It requires
demonstrating three associations: the biomarker with the outcome (prognostic association), the effect of
treatment independent of the biomarker, and the differential treatment effect between the prognostic
and the predictive biomarker (predictive association). In addition, economical, ethical, regulatory, organizational and patient/doctor-related aspects are hampering the translational process. Traditionally,
these aspects do not receive much attention until formal approval or reimbursement of a biomarker test
(informed by Health Technology Assessment (HTA)) is at stake, at which point the clinical utility and
sometimes price of the test can hardly be influenced anymore. When HTA analyses are performed earlier,
during biomarker research and development, they may prevent further development of those biomarkers
unlikely to ever provide sufficient added value to society, and rather facilitate translation of the promising ones. Early HTA is particularly relevant for the predictive biomarker field, as expensive medicines are
under pressure and the need for biomarkers to guide their appropriate use is huge. Closer interaction
between clinical researchers and HTA experts throughout the translational research process will ensure
that available data and methodologies will be used most efficiently to facilitate biomarker translation.
Ó 2016 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Biomarkers are measurements of biological processes or disease
that represent their state or activity. Since biomarkers signify a
level of biological understanding, they can be exploited to improve
research and clinical decision-making. For cancer treatment outcome, two types of biomarkers exist. Prognostic biomarkers associate with outcome and can help identify whether a patient should
be treated. Predictive biomarkers, associate with outcome after a
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specific treatment and can guide the choice of treatment for an
individual patient [1].
The neo-adjuvant (NACT) setting provides an in vivo research
setting to identify predictive biomarkers. In this setting the expression of biomarkers can be characterized prior to systemic treatment and the response to the therapy can subsequently be
measured in the surgical specimen. Significant amounts of effort
and money have been put in identifying predictive biomarkers to
systemic NACT [2]. However, despite many studies being undertaken, few of these biomarkers are actually used for clinical decision making [3]. Several reasons may prevent more effective
translation. Statistically, studies are often poorly designed. Clinically they lack a relevant use, and biologically they underestimate
the complexity of a drug’s mechanism of action and signaling pathways that confer sensitivity and resistance. Furthermore, econom-
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ical, ethical, regulatory, organizational and patient/doctor-related
aspects can affect translation as well.
Health Technology Assessment (HTA) is a multidisciplinary process that scientifically evaluates the medical, health economic,
social and ethical aspects related to the adoption, implementation
and use of a new technology or intervention. It aims to inform decisions on safe and effective health policies by seeking best value for
money [4]. Traditionally, HTA does not receive much attention
until the formal approval or reimbursement of a biomarker test
is at stake. Early HTA refers to assessing these aspects alongside
the basic, translational and clinical research process [5,6]. Early
HTA can thus improve biomarker translation by preventing the further development of those biomarkers unlikely to ever provide sufficient added value to society, while facilitating the translation of
promising ones [7]. Furthermore, it can be used to prevent late
unfavorable assessments at the time the technology is being evaluated for cost-effectiveness and after big investments are done [8].
Common early HTA methods include literature reviews, evidence
synthesis, decision analysis and health economic modeling as well
as formal qualitative methods to elicit expert opinions and perform
multi-criteria assessments for example in focus group discussions
[5,9].
In this manuscript, we discuss the clinical challenges in the
translation of predictive biomarkers for NACT in breast cancer
and provide concrete guidance on how the use of early HTA methods can support this process.

Types of treatment biomarkers
For treatment outcomes two types of biomarkers exist. Prognostic biomarkers inform on who to treat and predictive biomarkers inform on how to treat. The investigations of predictive
biomarkers have to take into account three associations: the biomarker with the outcome (prognostic association), the effect of
treatment independent of the biomarker, and the differential treatment effect between the prognostic and the predictive biomarker
group (predictive association) [10–17]. Understanding these relations is important to choose the proper clinical action: to treat or
not to treat in situations of good or very poor prognosis (prognostic
biomarker), or to apply a treatment that is effective only in a subgroup of patients (predictive biomarker). For a hypothetical biomarker, survival curves that demonstrate prognostic value,
treatment effects and predictive value are shown in Fig. 1. The
overall landscape of the use of biomarkers for a particular population of patients can be illustrated by the therapeutic response surface [18], as shown in Fig. 2. This figure describes the relationship
between treatment (drug and/or doses), sorted by prognostic characteristics, and clinical benefit of adding the treatment of a biologically homogeneous group of cancers. Through that figure one can
identify patients for whom treatment should be spared, due to
their exceptional prognosis or due to their increased risk of suffering from toxicities, and patients for whom additional treatment is
likely to be beneficial, due to their poor prognosis in combination
with on target treatment.
If we describe the figure from the easiest to the most complex
concepts, the easiest area to see is that of ineffective treatment
i.e., the treatment does not add any benefit, despite the fact that
some patients may seem to do well due to the good prognosis of
their tumor. Some early stage tumors may have such good outcome that treatment is not advised, prognostic markers or characteristics should be used to identify these and spare patients the
treatment. If one would use a predictive biomarker in this group,
it could select patients and the therapy could seem efficacious
given the good outcome. The extra benefit however would be
smaller or non-existent due to the good prognosis from the outset.

Predictive biomarkers can be identified as those markers that find
groups of patients that benefit especially from a specific treatment
(or dose). Suppose that the figure describes a homogenous group
that can be identified by one biomarker. There would be one treatment option that adds benefit to all patients except those with
good prognosis. This is illustrated by the ridge halfway the treatment axis in the figure. Additionally, some treatments may only
add benefit to patients with intermediate prognostic characteristics and not those with poor characteristics. This may describe
treatment burden-toxicity considerations. For example, in the case
of two patients; one being young and without comorbidities, and
one being older with many comorbidities, a treatment associated
with high toxicity may only benefit the first, as shown in the figure
by benefit decreasing in the area representing characteristics associated with poor prognosis.
Translating predictive biomarkers
To translate a biomarker from bench to bedside evidence should
demonstrate that the test is reliable (analytical validity), that it
separates a population in clinically relevant subgroups (clinical
validity), and that applying the test results in improvement of clinical outcomes compared to not applying the test (clinical utility)
[19–22,17]. To address these criteria, predictive biomarker investigations typically involve multiple, often overlapping stages [19,23–
25,1,12,26,27] (see Fig. 3). After discovery, investigations range
from laboratory experiments, to data mining exercises or clinical
studies that aim to understand biological and/or clinical outcomes.
Subsequently, the test may be improved. This can be done sequentially or in parallel with demonstrating its use in clinical studies
[1,12,28]. The amount of evidence needed to demonstrate clinical
utility will be weighed on a per-biomarker basis. The process
may consist of differing combinations of studies [1]. Multiple
rounds of testing may be performed until sufficient quality of the
test and validation has been reached for regulatory approval. This
differs between countries. For instance in the US, approval is
granted countrywide by the FDA, while in Europe this is the
responsibility of national certified bodies. Furthermore, as commercialized biomarker tests are considered high risk medical
devices [29,30], they need to demonstrated safety and performance in Europe (to get a CE-mark [31]) and safety and effectiveness in the US (to get premarket approval [30]). If biomarkers tests
are, on the other hand, developed as in-house tests and performed
in specific health care institutions, the situation differs. In the US
one will require a lab certification according to the Clinical Laboratory Improvement Amendments (CLIA)[32], while in Europe there
is no applicable regulation yet (although the medical device directive is currently being revised [33]). Subsequently after having
demonstrated clinical utility and being formally approval, one
would expect that the test is fastly adopted in clinical practice.
However this is not often the case. In most countries, the achievement of reimbursement is a key step for wide spread use of the
biomarker test, and without it, adoption is limited. Even with reimbursement, adoption is can be slowed down by the financial,
human and knowledge –barriers of implementing the biomarker
to the hospital.
Studies on predictive biomarkers do not reach a high level of
evidence
Case study: predictive biomarkers for NACT in breast cancer
We performed a systematic search to identify tumor biomarkers that predict NACT response in breast cancer (n = 134, specific
methods are described in the annex). Based on the type and quality
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Fig. 1. Prognostic, treatment and predictive effect. In this figure, hypothetical Kaplan–Meier curves resulting from biomarker-negative and -positive cases are shown. Patients
have been treated with a specific treatment (A) or nothing. Two treatment effects can be observed (1 and 2), the prognostic effect is the difference between the non-treated
biomarker-positive and negative patients. A differential treatment effect gives the predictive value.
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Fig. 2. Therapeutic response surface plotting clinical prognostic characteristics on the x-axis, treatment regimen and dose on the y-axis and clinical benefit on the z-axis.
Several important regions are signaled: prognostic marker area, predictive biomarker area, the overlap between prognostically poor and predictive biomarker area (in which a
predictive biomarker adds benefit), the areas in which treatments are not working, and the area in which treatments may work but do not give benefit due to for example
high toxicity.

of the identified studies, we concluded that biomarkers of NACT for
breast cancer are in early stage evaluation. The characteristics of
the identified studies are summarized in Fig. 4. We found that
drugs involved were generally standard NACT (regimens), that
few genes have been investigated more than once (either in different studies or with different tests) and that all studies had a control
for biomarker negative patients. On the other hand, only 8%
(11/134) of the studies used control groups without the treatment
of interest, and even those that had options for controlling did not.
Based on the reported analysis interpretation, many studies found
that the marker under investigation could be predictive. In those
without control groups the amount of ‘positive’ studies was about
69% (85/123) versus 60% (6/10) in those with control groups. These
conclusions can be misleading in the absence of control groups.

Challenges in translating predictive biomarkers
Our review showed that biomarkers of NACT for breast cancer
are in early stage evaluation. The underlying success in the translation of a predictive biomarker is the final demonstration of clinical utility. This requires the right choice of biomarker, treatment
and outcome and application, as well as subsequent validation.
With regards to the biomarker, in principle, any biomarker/
mechanism or biological entity can be investigated. Similarly any
single drug or drug regimen can be investigated in relation to the
biomarker. It is likely that resistance and sensitivity mechanisms
are drug specific. Hence for the dissection of such mechanisms, ideally, only one treatment variable should be tested in the study
design. The design could be drug A versus nothing, drug A versus
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Fig. 3. Moment and type of decisions that (very) early and mainstream HTA can inform along the predictive biomarker research continuum. ⁄POP = proof of principle study,
refers to the first in-human study. From an HTA perspective it is important to discern this because it provides the first. Abbreviations: CE = cost-effectiveness analysis (CEA);
CA = Conjoint analysis; MCDA = Multi criteria decision analysis; AHP = hierarchical analytical process; VOI = value of information analysis; ROA = real options analysis;
RCT = randomized clinical trial; TOT = turnaround time ; ROI = return on investment; LOE = level of evidence; PPV = positive predictive value;, SA = sensitivity analysis; Bk-TxOx = Biomarker-treatment-outcome; HTA = Health Technology Assessment.
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Fig. 4. Summary of the study characteristics of literature review. Top left: percentage of studies with a particular class of drugs. Top middle: genes investigated more than 1
time. Note signatures is a summary, individual signatures have been investigated very little. Top right: percentage of outcomes, cmb = combined long term and pCR, pc = pCR,
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AB, or combo AB versus ABC, etc. Instead, if drug A is compared to
drug B, or combo ABC with combo CDE, it won’t be possible to dissect single drug resistance or drug sensitivity mechanisms anymore. However, treatment in the NACT setting is in principle
curative, therefore, it is ethically impossible to withhold proven
or administer only unproven treatments, thus many studies have
mixed effects. That is why trying to identify biomarkers in these
studies could be heavily confounded. Knowing this, it is important
to include control groups for the biomarker (negative and positive)
and for the treatment (treatment of interest and a comparator) and
derive the treatment effect, prognostic effect and predictive effect
of the biomarker [10–17]. If the theoretically best control is not
available, resorting to a control group with the current clinical best
practice is essential as it sets the minimal expected performance.
Regarding the clinical outcome, it remains important to carefully choose the endpoint that fits with the intended application
and aim. The NACT setting provides rapid assessment of biomarker
effectiveness by means of pathologic complete response (pCR), a
surrogate endpoint of long-term survival [34,35]. Although pCR
has gained acceptance in research and in the clinics, its association
with long-term survival is not straightforward [36–38]. While pCR
is a measure of local treatment effect, which measures tumor
shrinkage, long-term survival is a measure of systemic treatment
effect, which measures the presence or absence of events as consequence of the presence or absence of micro-metastasis. The outcome measure should give insight into the sensitivity of the
cancer cell population (e.g. (a clone of the) primary lesion, metastatic lesion, a stem-cell population, etc.) that determines the overall prognosis. Differences between the measured population and

this population will lead to unexpected results, i.e., bad outcome
where expected a good one, or vice versa. The interpretations that
may derive from the use of pCR to predict survival are summarized
in Table 1. In some cases the early response measured by pCR
translates well into improved patient survival, this is the case of
patients in the case mix in the grey row. However in most of the
cases it does not, as shown in the white rows. The majority of
breast cancer subtypes in the case mix where pCR does not translate into improved breast cancer specific survival i.e., luminal B/
HER2-positive or luminal A tumors probably fall in these last categories. Hard endpoints like relapse free survival (RFS), distant
metastasis free interval (DMFI) or overall survival (OS) are measures of systemic treatment effect. Their downside is the confounding due to additional adjuvant and/or metastatic treatment and
due to competing risks, next to the lengthy time required for its
measurement.
The combination of a specific biomarker, treatment and outcome sets the stage for the envisioned application and investigations needed. This combination needs to show analytical validity,
clinical validity and clinical utility. While many problems that
can arise during the analytical validity and clinical validity phases
i.e., using correct study designs or analytical robustness, can be
tackled by strictly following known methodological recommendations or guidelines [1,10,21,39], demonstrating clinical utility is
rather difficult. This is the consequence of the majority of clinical
datasets not providing high levels of evidence (LOE), for example
due to missing control groups. Furthermore, for some applications,
no suitable clinical dataset may be available. For example,
biomarker-drug combinations that were identified in modeling
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Table 1
Interpretations that derive from the use of pCR to predict survival.

systems may not have a clinical dataset in the neoadjuvant setting.
Additionally, many neoadjuvant biomarker studies do not use a
control treatment since it is thought that pCR is a direct proof of
specific treatment efficacy. When data-mining is performed in such
cohorts it is easy to identify confounded associations as interesting.
These are examples that show that identifying and establishing the
predictive value of a biomarker may be jeopardized by design limitations [17].
Concluding, for any biomarker-treatment-outcome analysis
intended for implementation, the application is a specific case for
which high LOE needs to be gathered. This is important because
from this application a particular clinical decision will follow i.e.,
withholding or giving a specific treatment. Any non-high-level, circumstantial evidence or evidence that fits another application
should thus be considered too early. Randomized trials provide
the most optimal setting in which this interaction can be investigated properly.
The role of early Health Technology Assessment
While medicine and biology form the basis for predictive biomarker research, economical, ethical, regulatory, organizational
and patient/doctor-related aspects influence biomarkers’ translation and adoption as well. These aspects are often assessed nearing
decisions on coverage or reimbursement. However, if HTA analyses
were performed earlier ((very) early HTA), during biomarker
research and development, it could prevent the further development of those biomarkers unlikely to ever provide sufficient added
value to society and rather facilitate translation of the promising
ones. Furthermore, it could help appraising other relevant aspects
timely, as the trade-offs with alternate approaches or the performance requirements for a specific technology to reach costeffectiveness [7].
In Fig. 3, we present the moment and the type of decisions that
(very) early and mainstream HTA can inform along the predictive
biomarker research continuum. The difference between very early
and early HTA mainly lies on the availability of evidence from the
assessed technology (very limited at the time of using very early
HTA), and the methodology used (more use of modeling methods

and assumptions in very early HTA). Furthermore, in Fig. 3 we provide a sample of common HTA methods used to inform these decisions. This does not provide all existing HTA methods (most of
them can be found in references [5,9,40]), but highlights those that
seem specifically useful for predictive biomarker research. Descriptions of the technical methods are provided in Supplementary
Table 2.
(Very) early HTA is not yet used to assess predictive biomarkers
Case study: predictive biomarkers for NACT in breast cancer
We performed a systematic search to identify the current use of
early HTA methods during the research and translation process of
predictive biomarkers for NACT treatment in breast cancer (n = 31,
specific methods are described in the Supplementary material).
These studies were classified on being on very early, early or mainstream HTA according to Fig. 3, and on whether they described
clinical, economic, ethical, organizational and patient/doctor
related aspects. The identified studies were classified either as
early or mainstream HTA, but none as very early HTA. Almost all
early HTA articles reported on the comparative effectiveness of
testing techniques [41–45]. Only one article presented an early
stage cost-effectiveness analysis [46]. Another article presented
an organizational and/or implementation aspect; the increase in
uptake of a biomarker test as a consequence of new potential clinical applications [47]. Opinion leaders attitudes were used to
gather potential issues arising from ‘treatment-focused’ genetic
testing in one article [48].
The findings of our exploratory review on early HTA were similar to those of a 2014 review on early HTA for medical devices [9],
where no studies for predictive biomarkers for breast cancer were
found.
Improving the translation of predictive biomarkers from an
HTA perspective
Our systematic review found that (very) early HTA is not
applied along the research process of predictive biomarkers for
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NACT treatment in breast cancer. Different HTA aspects are relevant to address different type of decisions during the research process and can facilitate translation (Fig. 3 contains all references to
methods).
Biomarker identification (a, Fig. 3)
At this stage, the presence of limited budgets and/or time can
force researchers into decisions on which biomarker to involve in
further investigations i.e., biomarker A (90% positive predictive
value (PPV), medium LOE, €3000 expected testing costs and 2 M
expected validation costs), biomarker B (80%, high LOE, €300 and
500 K) or biomarker C (70%, high LOE, €2000 and 300 K)? As illustrated, aspects likely to play a role on this decision are the biomarker’s PPV, the LOE of this evidence, the expected costs of testing
and the expected costs for its validation. The conjoint analysis
(CA), the multi criteria decision analysis (MCDA) and the analytical
hierarchical process (AHP) are methods that can be used to prioritize these biomarkers, in a step-wise approach by using the aforementioned relevant aspects to compare and judge them. These
judgments are made by a selected group of doctors, patients, developers, payers and/or policymakers. They are all decision-makers
along the development process and can provide useful knowledge
to the decision. In some situations, the evidence to characterize the
aspects of the biomarkers will not yet be there i.e., the PPV of the
test is not clear. In such cases, prior to starting the CA, MDCA or
AHP process, estimates for these aspects can be derived by means
of expert elicitation methods (via CA, MCDA, AHP or other elicitation methods) or by extrapolation from similar biomarker-drug
cases (see methods of Supplementary Table 2 with references to
case studies). In other situations, a quantitative-driven decision
may not seem applicable yet. In this case, biomarker selection
can be made via (semi) qualitative methods such as interviews,
discussions, survey or focus groups (Delphi method). These methods allow a more flexible decision-making process and they are
already common practice.
Biomarker translation (b, Fig. 3)
After biomarker selection has been made and the first proof of
principle (POP) study has been conducted (refers to the first inhuman study), the researcher questions whether more research
towards biomarker validation should be continued. Assuming the
endpoint of research is maximizing health outcomes with the
resources available to society, this question can be answered by
using the value of information analysis (VOI) method. VOI execution requires a prior construction of a CE model (with the POP data)
and a first stage CEA. VOI analysis will translate the magnitude of
uncertainty around this first cost-effectiveness estimate into a
monetary value that could lead to full certainty on the biomarkers’
CE. This value (the expected value of perfect information (EVPI)) is
subsequently compared to the expected costs of conducting further research, and if these are lower, it suggests that conducting
further research is worthwhile. Further calculations of the VOI
analysis can help determining for which data type is most beneficial to conduct research i.e., PPV of the test or quality of life of the
administered treatment (the expected value of partial perfect
information (EVPPI)), and which type and magnitude of study
designs should be conducted (Expected value of sampling information (EVSI)). A next relevant question is the timing to start these
studies. The real option analysis (ROA) method helps deciding
when it is most worthwhile to undertake this research. Whether
it is best to invest on further research immediately or whether it
is best to wait for current ongoing studies to be finished before
investing. Maybe these studies already provide some evidence that
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can increase the CE uncertainty without needing investment. This
option takes into account the costs of withholding the use of the
biomarker and thus the possibility of giving suboptimal treatment
to patients in the meantime. ROA is especially useful at these
stages of development, when large investments are still expected.
Upon the decision of starting further biomarker validations, a
biomarker test needs to be chosen. Available tests to measure
one biomarker may have very different characteristics i.e. test 1
(PPV 90%, €3000 expected testing costs, new 30 K machine, 1 week
turnaround time (TOT), patient comfort (blood)) or test 2 (80%,
€300, old infrastructure, 2 weeks TOT)? As illustrated, aspects
likely to play a role on this decision are the tests’ analytical validity,
the expected costs of testing, its implementation and regulatory
demands, the patients’ comfort, and ethical concerns. This choice
can be made by using the same methods described in the biomarker identification stage. Yet in the case evidence to define the
biomarkers’ aspects is lacking, other methods than the previously
described are useful. For instance, usability testing to determine
patients’ comfort during the usage of a specific test, or the multipath mapping tool to forecast the implementation demands of
the test (see Supplementary Table 1).
Biomarker tests performance has traditionally been guided by
effectiveness. By accounting for the costs associated to false cases,
a more realistic minimum performance that can warrant the tests’
clinical application can be determined. This can be achieved by
using the (likely) already built CE model together with the oneway sensitivity analysis (SA) method. This means varying model
parameter values that represent performance in the model to
determine the minimum performance values where costeffectiveness remains and to see which parameters drive the
cost-effectiveness. The SA method can be used any time during
biomarker development to explore how new features of the test
affect CE. It is essential that this goes along with updates on clinical
and economic evidence in the CE model.
Another consideration that may be relevant at this point is to
anticipate the expected yield of future investigations and its associated investments. Its evaluation can be done by using the concept
of returns on investment (ROI). By drawing a likely research plan
for the specific biomarker and considering the amount of money
invested and the expected health outcomes gained in return.
Hypothetical scenarios on possible ‘research plans’ for predictive
biomarker development and its economic and health consequences
are explained in Table 2. The scenarios show that opting for the
speedy solutions with wrong study designs (scenario 1) or basing
research on unreliable preliminary evidence (scenario 2) can lead
to futile expenditures. On the other hand, investing in basic
research endeavors or prospective validation studies, that seem
more costly at the onset, is likely to lead to improved health outcomes (scenario 3). Using this line of reasoning one can build other
scenarios in which to assess the economic and health consequences of a desired research plan.
While ROI type of analysis can provide an overview of the consequences of a specific research plan, the use of CA, MCDA or AHP
methods can help optimally designing each validation study. The
basis is to consider the high costs of setting up new studies with
the optimal features these can offer versus the of use already available data which is less costly but comes with limitations (retrospective, presence/absence control group, availability of hard
endpoints or drug administered alone) i.e., choice between study
1 (retrospective, RCT, drug A vs drug B, 50 K), study 2 (prospective,
RCT, drug A vs B, 2 M) or study 3 (retrospective, case-control, drug
A vs drug B, 5 K)? This choice will be driven by the timing of the
study (prospective vs retrospective), the understanding of the
underlying biological mechanism, the study design, the presence
of a drug regimen or single drug, the costs of the study and the

endpoint. In this case, the execution of CA, MCDA or AHP methods
should include other specialized experts, such as statisticians,
molecular biologists and/or epidemiologists. The final choice can
be further investigated by using clinical trial simulations (CTS) that
can explore the effects of specific design assumptions to the
expected outcomes.
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Proper
study
designs

Basic
research/
retrospective
trials

POP/
First in
Human

Prospective
Trials

Evidence
sufficient for
approval and use

Sufficiently costeffective for
reimbursement

Total investment
compared to best
case scenario

Economic
outcome
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Reliable
preliminary
evidence

Table 2
Hypothetical scenarios on possible ‘research plans’ for predictive biomarker development and its economic and health consequences. These scenarios are composed of four characteristics: (1) whether a consistent path of investigations
for the aim is followed, (2) whether the studies are designed properly; (3) whether the preliminary evidence is strong and reliable; and (4) whether the biomarker under investigation actually exists. Based on those, we hypothesized
discovery paths that a biomarker may follow and whether approval and reimbursement of the biomarker test can be obtained.
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Prior to each validation study, one will reflect upon the need for
a further study, the nature of the study and the timing of such
study. By updating the CE model with the newly generated evidence and using the CEA, VOI and ROA methods, as explained in
the biomarker translation phase, these questions can be answered
taking the broader health economic perspective. Furthermore,
decisions on study design characteristics can be assessed at any
time as explained in the biomarker translation phase.
Finally, once biomarker clinical utility is almost demonstrated,
questions on future adoption and implementation demands
become relevant. For instance, does the test require personnel
training, the generation of new working pathways or the purchase
of machinery? It is likely that during prior stages of the biomarker
development process these questions have already been addressed
(via previously mentioned methods like interviews, discussions or
MCDA type of methods). Additional issues to address at this stage
are the availability of resources for immediate implementation of
the biomarker. A quantitative method specially formulated to
anticipate and quantify demands is resource-modeling analysis.
Also important is to determine the optimal implementation scenario for the test. This can be determined by using the SA method
together with the final updated version CE model. For instance, it
can determine the optimal turn-around time for the test by varying
the parameter values that represent material and personnel
requirements. Last, the final cost-effectiveness of the test can be
determined. Recently, Coverage with Evidence Development
(CED) programs were initiated throughout Europe and the US.
These programs contain a (randomized) controlled trial including
a broad Health Technology Assessment, where the new technology/drug is already being reimbursed. This program seems to be
highly applicable for this setting. A first example has recently
started in the Netherlands (‘BRCA1-like biomarker for stage III
breast cancer).
Important to highlight is that integration of HTA into the biomarker development process requires communication between
researchers, clinicians, health-economists and decision-makers.
This cooperation is necessary to ensure that all the relevant questions to move forward the biomarker translation process are
answered and that appropriate data and methods are used. Partnerships like the Canter for Translational Molecular Medicine
(CTMM) in the Netherlands [49] or the INterdisciplinary HEalth
Research International Team on BReast CAncer susceptibility
(INHERIT BRCAs) in Canada [50] have demonstrated that collaborations result in solid scientific impact and accelerated translational
research.
As explained before, whether a biomarker will be useful
depends on a lot of factors. The available information may differ
per biomarker and therefore HTA methods can be used to assess
the expected performance and whether it’s worthwhile to continue
validation of a particular biomarker. Examples of a biomarker that
could likely be useful in the short-term and one that is doubtful are
BRCA1-like status and Xist expression [46,51]. Summarizing the
extensive analysis described in the respective manuscripts, the
BRCA1-like status could be useful because its current performance
is nearly at the minimum level required for the test to achieve costeffectiveness (as shown in an early CEA). On the contrary, the
amount of data required to validate whether the Xist expression
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biomarker is cost-effective is so high that it becomes doubtful
whether it is worthwhile to continue with its research (as shown
in an early CEA and VOI analysis).
Box 1 provides a summary of the review in 7 key points.
Box 1
 Our investigations concluded that predictive biomarkers
for neo-adjuvant treatment of breast cancer are in early
stage evaluation and that (very) early HTA is hardly being
used.
 There is no best investigational nor HTA framework for
predictive biomarkers, and it is likely best to keep analyses
case-specific.
 Predictive biomarker research requires specific study
design choices to characterize the treatment effect, prognostic effect and predictive effect in a biomarkertreatment-outcome combination.
 Predictive biomarker research could be planned based on
current evidence but taking into account future required
investigations and associated investments that go with it.
 Use the HTA and study design methodology appropriate
for the current investigational stage critically, to make
explicit why or how a certain study contributes to reaching
a specific target.
 Consider early on research and during development the
regulatory, organizational, patient-related and economic
requirements of biomarker development and involve
expert help.
 Different HTA methods can inform different decisions during biomarker research. While multiple choice decisions
can be informed by using CA, AHP and MCDA methods,
decisions on the continuity and design of further research
can be informed by using the CE model together with CEA
VOI, ROA methods.

Outlook
It is likely that the use of predictive biomarkers will become
more prevalent. We will describe the advances in this field by
using the previously mentioned components of a successful predictive biomarker: the biomarker, the treatments, the outcome and
the relation between these three parameters. Regarding the biomarker, our understanding of tumor biology has greatly expanded
due to the use of high throughput methods, allowing for simultaneous assessment of tumors at DNA, RNA and protein level [52].
In combination with experimental data, discovering mechanisms
of action should improve the chances of finding predictive
biomarkers. However, it has also become clear that tumors are
more heterogeneous than often described before [53]. Evolutionary
pressure exists both intrinsically as well as extrinsically, by applying selection through therapies. Under these pressures, multiple
resistance mechanisms may be present or develop [53]. This
heterogeneity should be taken into account for predictive biomarkers. For example, it could be that differential sensitivity between
the primary tumor and occult systemic disease exists, especially
when NACT is used in presence of occult systemic disease. Measuring biomarkers in the tumor is an invasive procedure and the
development of bloodstream biomarkers is promising. Yet it has
to be proven, first, whether the ease of assaying outweighs the
uncertainty on which lesion is being investigated, and second,
whether the bloodstream (‘‘liquid biopsies”) can be used sufficiently reliable to forego tumor sampling [54,55]. Focusing outside
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of the tumor, host factors can affect the sensitivity of these, as they
contribute significantly to varying drug responses. For instance,
drug metabolism (pharmacodynamics) has been recognized to
result in different levels of drugs exposure. The dose of drug (regimens) administered is widely optimized to be as high as possible
while having acceptable toxicity for a large population. This results
in the under-treatment of some patients, whereas other patients
develop unacceptable toxicity [56–59]. Another host factor currently being investigated is the immune/tumor microenvironment
system, which also seems to contribute or shape drug response
[60]. First, the immune system may be sensitized to attack tumor
cells or already work to keep the tumor from expanding in a balance between tumor growth and immune cell killing. Contrary to
this tumor-suppressing role, the immune system’s tumor promoting role may be important. Both the immune system and microenvironment may act as protective factors against therapy. The
compromised or tumor-recruited microenvironment could therefore be predictive for response [61].
Regarding the drugs a range of new drugs targeted at specific
proteins are being developed aiming for a more specific killing of
tumor cells [62,63]. With this increased target specificity, developing companion diagnostic may become more straightforward or
even already available from outset. These targeted therapies are
increasingly added to drug regimens used in the NACT setting
[64]. Although currently used chemotherapy drugs were identified
in screening efforts the identification of its mechanism of action to
improve efficacy, reduce toxicity, and predict their resistance/sensitivity is an ongoing effort [65–70]. This knowledge and new
biomarkers could make ‘untargeted’ drugs similar to newly mechanistically developed targeted drugs. Both old and new drugs may
have unexpected efficacy in certain subsets of tumors that was previously overlooked due to the then current standard of developing
drugs for the whole tumor populations rather than a more targeted
approach. Linking the improved tumor characterizations to better
characterized cohorts likely will improve understanding of reliable
endpoints [71,37,72–74]. It will also facilitate the translation to
clinical practice of biomarker-drug combinations that meaningfully improve treatment outcomes.
Although the overall recommendations for the statistical analysis and study design remain in place [1], the introduction of genomic
measurements in clinical trials has yielded new study designs.
Umbrella and basket, in which respectively one experimental platform is used to find actionable alterations for a variety of drugs and a
heterogeneous group of tumor types or alterations to be investigated for a response to a single drug (regimen) in one trial [75,76].
Furthermore, clinical trials can be of adaptive design, which allows
statistically valid modification of the clinical trial course based on
the results that are being accumulated in the same trial [77,78].
Although, new types of trials also contain their particular characteristics [75], they’ll likely lead to some improvement of efficiency in
the identification and validation of biomarker-drug combinations.
The use of early HTA is still not incorporated into routine practice, yet it is expected to become more common [79]. Especially in
the predictive biomarker field, as expensive medicines like nivolumab are increasingly used for the total population and the urge for
biomarkers is huge. Early HTA can help making the biomarker
research process more efficient, so as to prevent futile investments
and delays in patient access. With the raise of multiple testing, the
use of panels and whole genome testing, the construction of CEA
models will become more complex, the amount of effectiveness
data originating from studies that are not RCTs (e.g., practice based
studies) will increase and we will be facing so far unaddressed ethical and organizational concerns. This will require the development
of innovative evaluation frameworks outside the traditional
model-based CEA, where the remaining HTA aspects have more
weight in decision-making. Furthermore, these assessments will
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be required to be more iterative, rapidly incorporating new evidence and re-calculating outcomes.
Concluding, we found that research on biomarkers (in NACT) is
methodologically weak and provided suggestions for improvement
that are of a rather basic methodological nature. Early stage HTA
can be more fully exploited in assisting in- and preparing for bringing the findings to the next translational development stage (or falsifying developments in a timely way). Closer interaction between
clinical researchers and HTA experts may smoothen these processes. With the lessons from the past, the current possibilities of
techniques, exciting times are ahead that may improve therapy
choices for patients by optimizing existing applications and discovery of new options.
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