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Abstract

This survey deals with the economic academic literature on diagnostic tests, with a
focus first on the determinants of the use of these tests by healthcare providers, and
then on the incentives to develop new diagnostic tests. It is structured in four parts.
The first part provides general results in this literature regarding how healthcare
providers (mostly, physicians) react to the (explicit or implicit) incentives embedded
in existing health institutions, and especially to payment schemes and
reimbursement rules. The second part deals more specifically with the incentives to
use diagnostic tests including, among them, biomarker tests. Both sections follow a
positive approach, describing individual reactions to various incentives. The third
section rather takes a normative approach and tries to ascertain which incentives
should be given to providers to better use existing diagnostic tests. Finally, the fourth
section studies the development of new diagnostic tests, both from the viewpoint of
the health authorities (when should they be developed?) and of the industry (how to
incentivize them to develop the right kind of test?).
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1. Introduction

We survey the economic academic literature studying the incentives to develop and
then to use diagnostic (and prognostic) tests. These tests encompass all the
procedures used to reveal what ails patients, and/or the best suited treatment(s). We
cover diagnostic tests in general, but with a specific focus on companion tests. Such
tests come together with treatment(s), with the objective of determining the
adequacy between the treatment(s) and the patient. Companion tests are especially
important in the case of cancer, where they are often called biomarkers tests as they
look for genes, proteins, and other substances (dubbed biomarkers or tumor
markers) that can provide information about the specific cancer developed by an
individual, and how to treat it. Biomarkers testing then falls within the realm of
precision (or personalized) medicine.

Diagnostic tests are important tools for healthcare providers to establish or to obtain
a more precise diagnostic. They are also important from a more macro-economic
perspective, by allowing to reduce the amount of unnecessary health expenditures.
In the US healthcare system, Shrank et al. (2019) estimate that these unnecessary
expenditures represent approximately 25% of total health care spending. Part of this
wasteful healthcare spending comes from overtreatments, that typically can be
reduced thanks to an appropriate use of diagnostic tests.

Medical treatments are rarely safe and effective for everyone. Thus, in case of
cancers for instance, biomarker testing brings several advantages. First, it improves
the treatment efficacy and minimizes adverse effects as it allows to screen patients
for responders and non-responders. Second, it allows for better-informed medical
decisions as it helps health practitioners choose the medicine best fitted given the
characteristics of the patient. Third, it allows to prevent/limit unnecessary
interventions and overtreatment by excluding patients deemed unlikely to respond.
According to D’Avo Luis and Seo (2021), the potential cost per life-year gained from
biomarker-guided drugs (therapies that require biomarker testing before
prescription) is below the threshold value used in the literature at which the
intervention is considered cost-effective.

These companion tests are then playing an increasingly important role, both in
enhancing the use of existing treatments and in the authorization of new ones. For
instance, a review by the European Medicines Agency shows that approximately half
of cancer drugs authorized over the 2015-2018 period required patients to be
screened by a genetic test before determining their treatment (Antofianzas et al.,
2019).

This survey focuses on the individual decisions by healthcare providers to use
diagnostic tests, and later on the incentives to develop them in the first place. As we
shall see, the use of diagnostic tests by healthcare providers depends on several
factors such as their degree of altruism, their time constraint, but also the payment
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schemes they face. For instance, as long as doctors’ time constraints are affected,
positively or negatively, the use of diagnostic tests also impacts doctors’ income and
consequently, according to the payment scheme at work, may modify their trade-off
between patients’ welfare and the level of income achieved. While updating their
knowledge to better use diagnostic tests results requires to invest time, generating
an opportunity cost, once this cost is sunk, doctors can be more efficient in
formulating their diagnostics, in terms of precision as well as in terms of rapidity. This
investment decision not only depends on the type of payment scheme offered by
payers, but also on doctors’ intrinsic motivations (i.e. altruism toward their patients).

Section 2 studies how receptive healthcare providers (mainly doctors)’s behaviors
are to incentives, and to the various forms of payment and reimbursement schemes
(such as fee for service, capitation, salary or pay for performance). This section
covers both theoretical and empirical contributions (including several based on
laboratory experiments) and concludes that healthcare providers can indeed be
incentivized to change their medical practice by these payment schemes.

Section 3 then moves to the specific case of diagnostic tests, mostly of the
companion type. Fisher et al. (2003) and Brody (2010) point out that a significant
proportion of medical testing decisions are deemed inappropriate, entailing either
over- or underprovision. While the public attention often focuses on overprovision,
cases of underprovision of diagnostic testing is prevalent in the medical literature
(see for instance Newman-Toker et al. (2013), Singh et al. (2013), Zhi et al. (2013),
O’Reilly (2014). Sollman (2015) estimates the economic impact of undertesting at as
high as 38% of total healthcare expenditure.

The empirical studies reviewed here show that healthcare providers seem to exhibit
a mixture of monetary and altruistic motivations (prescribing fewer tests when they
know their patients’ out-of-pockets costs, for instance). Diagnostic tests are more
often used when they are well-known and easy to interpret. Other, theoretical,
contributions have shown that healthcare providers could exhibit over-confidence,
and rely too much on their expertise and too little on tests.

Both sections 2 and 3 take a positive, or descriptive, approach trying to assess
physicians’ reactions to incentives, especially according to the payments’ schemes
they face. These sections help us understand the trade-offs faced by doctors, and
the role played by the payment schemes’ incentives. Section 4 then adopts a
normative approach, where the health authorities are looking for the optimal
reimbursement scheme to attain their objectives. The theoretical contributions
surveyed stress that any reimbursement rule involves trade-offs between objectives
(for instance, rewarding good health outcomes may result in higher health
expenditures). They also stress some counter-intuitive results, such as that even
costless diagnostic tests should not be made mandatory, or that social welfare is not
always increasing with the providers’ degree of altruism. The U.S. practice of
reimbursing separately biomarkers tests and the associated treatments is criticized



and rendered at least partially responsible for the dearth of biomarker tests used in
practice.

Finally, section 5 follows a dynamic approach and surveys the (theoretical and
empirical) literature on the incentives for the industry to develop an innovative test in
the first place. The main dichotomy here is between tests developed at the same
time as treatments (companion tests) or after the treatments. Not surprisingly, the
prospects for the latter are quite bleak, especially when the decrease in market size
when the test is introduced is not sufficiently compensated by an increase in the
(often regulated) price. Instruments studied to promote the development of
innovative tests (beyond higher prices) are pay-for-performance schemes (where
the reimbursement depends on the success of the treatment) and procurement
design rules.

The academic literature that we cover adopts three types of methodologies:
theoretical (development and solving of analytical models), empirical (exploitation of
databases, mostly with the use of regressions) but also experimental (development
of laboratory experiments). We try and make clear, for each paper, which type of
methodology is used (some contributions developing, for instance, both an analytical
model and either an empirical or experimental analysis building on this model). We
summarize the key takeaways from our survey at the end of each section, and come
back to them in the conclusion.

We first summarize the main results of the literature dealing with the consequences
of financial incentives that healthcare providers may face. Next, we focus on the role
of such financial incentives on the providers’ decision to use diagnostic test and
personalized medicine tools.

2. Healthcare providers and incentive schemes

In this section, we survey the main general results presented in the economic
literature studying how healthcare providers’ incentives, in particular doctors, are
influenced by the payment schemes and reimbursement rules that they face.
According to McGuire (2000), doctors can modify their medical practice through two
types of behaviors, both related to their time constraint. On the one hand, doctors
may adjust the total time allotted to their medical practice in general, or to each
patient on average. On the other hand, they can modify the volume of services
provided to each patient or during each event.

Along the first dimension, Showalter and Thurston (1997) take advantage of a reform
of the tax system to study physicians’ labor supply in the USA. They find that self-
employed physicians are pretty sensitive to tax rates, suggesting that the physicians’
labor supply depends on their income, and, consequently, on the payment scheme
used. Batalgi et al. (2003) find similar results in the context of Norwegian hospitals.
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All in all, the total time worked by physicians seems to depend on the remuneration
obtained. In other words, and as it can be expected, physicians’ labor supply shows
a degree of elasticity.

As pointed out in Gosden et al. (1999), there seems to be a general agreement that
fee-for-service (FFS henceforth) schemes favor supply-induced demand behaviors
from healthcare providers. They show that these behaviors tend to generate inflation
of heath care costs.? For instance, Brekke et al. (2017) study empirically how general
practitioners (GP) respond to fee changes at the intensive margin. They use detailed
administrative data covering all GPs in Norway during the period 2006—2011. Their
results reveal that a higher consultation fee leads to more visits and lower treatment
intensity. Fortin et al. (2021) obtain similar findings in Canada. Based on linked
administrative and survey panel data, they study the labor supply behavior of
physicians who could adopt either a standard fee-for-service contract or a mixed
remuneration contract. Under the latter, physicians receive a per diem while the fee
for services provided is reduced. These authors estimate a structural discrete choice
model that incorporates service intensity (services provided per hour) and contract
choice into a labor supply framework in order to control for the selection bias. Their
results indicate that supply of services is reduced under a mixed payment contract.
In particular, the number of hours spent seeing patients is less sensitive to incentives
than the supply of services that include diagnostic tests.

On the contrary, capitation payment (CAP hereafter) and salary are two payment
schemes which seem to be relatively effective to control health expenses,
sometimes at the expense of the quality or quantity of services offered to patients
Bardey et al. (2012). This negative effect on health care quality is likely to be stronger
with a salary than with a capitation payment. Indeed, with a capitation payment, a
lower quality may generate more events per patient, and this increasing number of
events may affect the number of patients who need to visit their doctors, and then
decrease doctors’ income with this payment scheme. Moreover, if the demand is
sufficiently sensitive to quality, ceteris paribus, physicians have more incentives to
be cautious with the quality of services than when they receive a flat payment as a
salary.

However, it is important to acknowledge that measuring the quality supplied is a
complex issue since quality is not always observable, and consequently not always
contractible. Moreover, even though healthcare providers may respond to financial
incentives and their competitive environment, their decisions are also guided by
intrinsic motivations and altruistic concerns. In such a context, as pointed out by
Benabou and Tirole (2003), one must be cautious when introducing financial
incentives since they may generate crowding out with intrinsic motivation. Typically,

2 |t is the case in a labor supply set-up including a time constraint, when the substitution effect dominates the
income effect. In other words, when the FFS rate increases, doctors value more the time devoted to work and
less the time devoted to leisure. See for instance Devlin and Sarma (2008).



these countervailing effects mean that remuneration schemes conveying explicit
financial incentives may produce unintended quality outcomes.

Since it is usually complicated to consider in theoretical models as well as in
empirical estimations healthcare providers’ intrinsic motivation on the one hand, and
the real quality provision on the other hand, several articles tackle these issues by
running experiments aiming at replicating doctors’ trade-offs. Green (2014) designs
an experiment to compare the outcome generated by several prominent physicians’
payment schemes including fee-for-service, capitation, salary, and payment for
performance (P4P henceforth). This author shows that doctors’ intrinsic motivations
play a significant role in their decision-making. While retrospective payment
schemes tend to ‘crowd out’ intrinsic motivations, under FFS or a blended scheme
that combines FFS and P4P physicians provide a lower overall quality of services.
Finally, the results of her experiments reveal that when physicians receive either a
salary or a CAP they provide a higher overall quality of service.

This potential quality/quantity trade-off is analyzed by Lagarde and Blauuw (2021) in
a real-effort experiment that replicates situations of multitasking environments where
some of the outputs achieved are rewarded while others are not. More precisely,
they design a health economics’ laboratory experiment where they test the impact
of physicians’ financial incentives on quality and quantity outcomes according to the
remuneration scheme used. In practice, the two activities are: a routine activity
(medical data entry) and a cognitive activity that aims to capture the diagnosis
elaboration. Subjects are randomly allocated to a control, gain or loss contract.
Interestingly, the authors find that participants increase performance differently when
patients are submitted to potential losses or when physicians are rewarded for the
outcomes achieved. While patients’ losses contribute to increase participants’
performance through a greater attention that reduces the number of mistakes,
bonuses tend to increase the time spent on the rewarded activity. Contrary to the
prediction obtained from theoretical models of multitasking, the authors do no
observe externalities, either negative or positive, on the non-incentivized activity (i.e.,
the diagnosis task).

Green et al. (2022) find quite different results when studying other payment schemes
often used in the healthcare sector. They design an experiment to focus on the
difference between a flat rate and P4P on health outcomes. In line with Lagarde and
Blauuw (2021), they find that compared to a flat rate, a payment for performance
scheme increases the number of incentivized measures met, but this positive result
comes at the expense of the quality of care through unintended effects on adherence
to standards of care. In line with the general results of Benabou and Tirole (2003),
this calls for more prudence when implementing payment for performance to
remunerate physicians since this last negative result can be interpreted as a
crowding out effect.



Finally, Byambadalai et al. (2023) provide an interesting theoretical model in which
doctors choose health care quality according to their altruism level and their
competitive environment. In contrast to the rest of the literature, these authors
abstract from the payments schemes’ properties to rather focus on the
consequences of the competitive environment. In other words, these authors study
how altruistic preferences are modified by markets’ incentives. In addition to their
theoretical setting, they conduct a laboratory experiment using a within-subject
design. Subjects are asked to choose health care qualities for hypothetical patients
in different market structures, from monopoly to quadropoly. Prices, costs, and
patients’ benefits are experimental incentive parameters.

When healthcare services are provided by a physician in a monopoly position, the
subjects choose quality by trading off profits and altruistic patients benefits. In
contrast, when the experiment replicates the institutional setting of a competitive
environment, due to the uncertainty toward their competitors’ altruism, each subject
competes for patients by choosing qualities. The authors compute the Bayes-Nash
equilibrium that describes subjects’ quality decisions as functions of altruism. Using
a nonparametric method, they estimate the population altruism distributions from the
quality observed in this Bayes-Nash equilibrium in different markets and incentive
configurations. They conclude that competition tends to reduce altruism, although
duopoly and quadropoly equilibrium qualities are much higher than monopoly.
Although markets crowd out altruism, the disciplinary powers of market competition
are stronger. Counterfactuals corroborate the hypothesis that physicians’
preferences can change according to markets’ competition degree.

KEY TAKEAWAYS

Healthcare providers can react to changes in monetary incentives by modifying the
total amount of time they spend practicing medicine, and/or by changing the volume
of services per patient. As for the former, empirical studies have shown that
providers’ total labor supply varies with monetary incentives, for instance in the US
and in Norway. As for the latter, there is general agreement that fee-for-service (FFS)
reimbursement rules generate an inflation in health care costs, while capitation
payments (CAP) and salaries contain those costs, sometimes at the expanse of
quality.

Theoretical contributions show how intrinsic motivations (such as altruism) matter
and may interfere with monetary incentives, for instance in the form of crowding out,
with unintended effects on quality. The presence of such effects is confirmed by
laboratory experiments.




We now survey the literature dealing more specifically with the use of diagnostic
tests.

3. Physicians’ incentives to use diagnostic tests

A relevant distinction in this section is between ambulatory care and healthcare
delivered in hospitals. Regarding ambulatory care, in most healthcare systems,
diagnostic tests are reimbursed by health insurance. Patients may face some out-
of-pockets costs according to the generosity of their health insurance coverage, but
physicians’ decisions regarding diagnostic tests are not of a financial nature, as tests
prices do not affect their income, at least directly, i.e. through the payment scheme.
The physicians’ trade-offs related to tests’ use depend on i) their medical practice
and the expected patients’ outcomes, ii) non-medical incentives such as profit or
revenue incentives, medical liability fears, and patient demand (which are among the
reasons cited to explain deviation from the care guidance).® The first component of
this trade-off is obviously related to physicians’ altruism and how they value their
patients’ welfare, and crucially on the diagnostic precision’s gain compared to the
welfare cost generated by the test on patients. Physicians’ non-medical incentives
are more convoluted since they may include their own welfare, including their income
and their workload, but also their patients’ non-medical welfare.

For instance, Tierney et al. (1990) study how physicians’ decisions may vary
according to the information they have about their patients’ out-of-pockets diagnostic
tests costs. 121 physicians have been split in two groups. Those who belonged to
the intervention group knew the out-of-of-pocket amount paid by patients, while
those of the control group did not have access to this information. While during the
14 weeks preceding the experiment there were no differences between the
physicians of the two groups, during the 26-weeks intervention period, the authors
find that physicians of the treatment group ordered 14 percent fewer diagnostic tests.
The authors conclude that displaying the costs of the test that patients must bear
impacts the physicians’ incentive to prescribe it. From this result, one may infer that
adjusting the level of copayments, at least those related to diagnostic tests and
displaying this information to physicians, can be helpful to implement the optimal
number of tests.

Obviously, as we have seen with Byambadalai et al. (2023)’s result, the relative
importance of the various types of non-medical incentives depends on the doctors’
institutional environment. For ambulatory care, the density of doctors affects the
competition intensity which, in turn, alters doctors’ incentives to induce their patients’
demand (Léonard et al., 2009), diagnostic tests being one way to implement this
demand induction strategy. However, using tests beyond guidelines’

3 See for instance Lee and Levy (2012) and Smith-Bindman et al. (2008).



recommendations not only increases the burden of health expenditures, but can also
be detrimental to patients through the diagnostic therapeutic cascade (Deyo, 2002).4

At first sight, the trade-off faced by physicians when they determine if they prescribe
or not some diagnostic tests is similar to the trade-off they face when they use
personalized medicine tools. In both cases, the financial cost or incentives to
prescribe them are the same and mainly depend on the payment and reimbursement
schemes at work. Beyond that, a relevant difference is that while most popular
diagnostic tests are easy to read and interpret for physicians since they have been
included in the general medical practice and incorporated in standard medical
guidelines, few doctors feel at ease with the diagnostic information conveyed by
genetic or molecular tests. In other words, some differences may appear according
to the type of tests used by physicians, but also to their initial background impacting
the time they need to devote to interpret the tests’ results. Consequently, one main
difference between types of tests is that physicians have to devote time to
professional formations in order to manage the information conveyed by
personalized medicine tools, unlike for most of current diagnostic tests. This
investment can be considered as a sunk cost which gives doctors the skills to reduce
their variable cost when treating patients with personalized medicine tools (see
Bardey et al., 2021).

The fee-for-service payment scheme is usually associated with (excessive) supply-
induced demand (see for instance Bardey and Lesur [2006]). This may also apply to
traditional diagnostic tests. For instance, Yip and Hsiao (2009) in a preliminary
evaluation of the health system in China explain that inappropriate incentives as part
of China’s fee-for-service payment scheme have resulted in rapid cost increases,
despite the provision of low-quality medical services. One symptom of such
inefficiencies has been the inflation of diagnostic tests in China, which these authors
consider as generated by this payment scheme. They review international
experiences to suggest desirable changes for the Chinese health system. Even
though they recognize that the change of payment scheme would not eliminate by
itself all the inefficiencies, the authors claim that the current FFS scheme is
responsible for most of unnecessary diagnostic tests.

Anaya et al. (2016) contend that the situation may be different for certain innovative
diagnostic tests. More precisely, these authors claim that most of the time, diagnostic
tests may allow physicians to save time establishing their diagnostic, implying in
some circumstances fewer patients’ visits, and consequently, under a FFS scheme,
a lower income. They mention that other providers’ payment schemes should be
used to promote a better use of personalized medicine tools but without specifying
which one.

4 This expression is mostly used for cardiovascular troubles. It corresponds to the tight linkage between the
diagnostic tests and the therapeutic intervention. See for instance Lucas et al. (2008).



Following this premise, Bardey et al. (2021) combine a theoretical model and an
experiment to analyze how the different payment schemes affect providers’
incentives to use personalized medicine tests. They show that payment for
performance provides better incentives than fee-for-service or capitation payment
schemes to promote the use of personalized medicine. Interestingly, after controlling
for a potential selection bias, their experimental results show that physicians who
have decided to bear the cost of personalized medicine tools acquisition are
characterized by an important commitment device behavior. In other words, when
physicians decide to invest their time to update their skills with the personalized
medicine tools, they seem to be more devoted to their patients. In the light of these
results, these authors claim that P4P or capitation payments would favor more the
use of personalized medicine tools than FFS. Moreover, they recommend
subsidizing partially the physicians’ personalized medicine investments costs.

Obviously, the physicians’ willingness to use diagnostic tests does not only depend
on their ability to exploit the information they convey but also on their ability to identify
the right diagnostic without this information. To shed light on this issue, Dai and
Singh (2020) study the situation where a physician who is partially altruistic must
establish his patient’s diagnosis. Physicians can use their own medical ability or be
supplemented by a perfect diagnostic test (i.e. that reveals the true condition of their
patient). They are aware of their (high or low) diagnostic ability which constitutes
their private information (i.e. there is adverse selection). In addition to their degree
of altruism towards their patient, physicians also care about their own reputational
payoff that depends on the peer perception of their ability to identify the right
diagnostic. Physicians decide whether to use a test whose cost is borne by their
patients. The authors show that a unique separating equilibrium exists in which the
high-ability physicians only use their own ability to establish their diagnostic, while
the low-ability physicians perform the test. A first inefficiency pointed out by the
authors is that due to this sorting condition, it is possible that high-ability physicians
skip the diagnostic test when it would be optimal to do it. Surprisingly, everything
else equals, the high-ability physicians’ tendency to underuse the diagnostic test
increases in their altruism. The authors also point out that financial incentives (from
malpractice lawsuit concerns for instance) may help fuel undertesting in the
equilibrium.

Healthcare providers’ decisions may be different for hospitals’ care since the
payment schemes’ properties may exhibit different properties. As for ambulatory
medicine, the use of retrospective reimbursement on the one hand, and fee-for-
service scheme on the other, favor the therapeutic cascade that may contribute to
increase health expenditure. However, as mentioned by Allen (2015), other payment
schemes that aim to align incentives between payers and providers can also be
implemented to contain healthcare costs. We will develop these payment schemes
in the next section.
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KEY TAKEAWAYS

The general results detailed in section 2 also apply to the case of diagnostic tests.
For instance, the FFS reimbursement rule in China has been shown empirically to
generate an inflation of diagnostic tests. Other empirical studies have shown that
healthcare providers seem to exhibit a mixture of monetary and altruistic motivations
(prescribing fewer tests when they know their patients’ out-of-pockets costs, for
instance). Diagnostic tests are more often used when they are well-known and easy
to interpret. Lab experiments have revealed that the (sunk) investment in time and
effort necessary to use certain tests (for instance PM tests) plays the role of a
commitment device, increasing the subsequent use of those tests. Finally,
theoretical contributions have shown that healthcare providers could exhibit over-
confidence and rely too much on their expertise and too little on tests.

4. Reimbursement rule and payment schemes: diagnostic test and normative
approach

This section builds on the previous one by taking a normative approach, surveying
the papers looking at what would be the optimal way to reimburse healthcare
providers in order to decentralize the optimal testing behavior.

Ghamat et al. (2018) study an issue similar to Dai and Singh (2020) (see end of
previous section) in a slightly different set-up and with a more normative approach.
In particular, the authors examine performance-based payment contracts to promote
the optimal use of an optional diagnostic test for newly diagnosed cancer patients.
As in Dai and Singh (2020), they model the interaction between two parties—a
healthcare payer and a physician who also benefits from a private information. While
the adverse selection is on the physician’s ability in Dai and Singh (2020), this private
information concerns the patients’ characteristics in Ghamat et al. (2018). In addition
to this adverse selection issue, Dai and Singh (2020) consider that the physician’s
effort to establish his diagnostic is not contractible, opening the door to moral hazard
behaviors. Because of this information asymmetry, the authors show that it is not
optimal to incentivize the physician to use a diagnostic test for all patients, even if
the test is costless. The intuition behind this result is that when doctors test
everybody, the payer has to increase the payment to them to ensure their
participation constraint. This result implies that because of the contract cost, it would
be inefficient to implement a policy that would make diagnostic testing compulsory.
Interestingly, the authors show that the physician is not always able to take
advantage of his private information. As in Dai and Singh (2020), social welfare is
not always increasing in the physician’s degree of altruism.

Carroni et al. (2023) revisit the physician-patient agency problem in the game
theoretic class of persuasion models. They consider the situation where a patient
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visits a physician after having experimented symptoms but without knowing whether
she is really ill. These authors do not study the optimal payment scheme since they
consider the situation in which the physician is paid by a fee-for-service. In such a
context, the demand induced by FFS corresponds to the situation in which the
physician convinces his healthy patient that she is ill. The patient suffers a health
loss in two situations, when being treated despite being healthy, and when untreated
despite being ill.

The authors assume that sick patients are heterogeneous with respect to a
parameter that captures their wilingness to receive a treatment. Patients
characterized by low values of this parameter are reluctant to receive a treatment,
while patients with high values, ceteris paribus, are more prone to receiving a
treatment. The physician observes the value of this parameter and chooses
accordingly and strategically the type of diagnostic test he will order to his patient,
i.e. its precision defining the proportions of errors of type | and Il. A key feature of
the model is that the physician has discretion in deciding whether to recommend a
test and, if so, in choosing its accuracy. Since patients decide whether to follow the
treatment recommended by the physician, the diagnostic test here is a mean to
convey information to the patient to convince him to follow her physician’s
recommendation. In other words, the patients with intermediate values of the
willingness to receive a treatment typically need the information of a diagnostic test
to accept the treatment.

Equipped with this set-up, the authors study the consequences of different policies.
First, they consider a regulation that imposes minimum standards on the sensitivity
and specificity of the test (i.e., respectively the rate of false positives and false
negatives). Their results show that a regulation that would limit the rate of false
negatives does not have any impact since without regulation physicians already
have incentives to recommend diagnostic tests with low false negatives. On the
contrary, a regulation that would limit the rate of false positives is welfare enhancing
because it reduces the induced demand by physicians, and, consequently,
unnecessary treatments.

The authors also investigate if a regulation that would impose the use of diagnostic
tests increases welfare. Their results are mixed and depend on the test cost. Finally,
they explore a regulation that modifies the physicians’ financial incentives. They
show that countervailing effects are at play. On one hand, increasing the
reimbursement per patient allows to reduce the number of untreated patients who
would need a treatment. On the other hand, it contributes to increasing the number
of unnecessary treatments which are costly and harmful to patients. Interestingly,
due to the fact that diagnostic tests convey information to patients, the authors find
that that the first effect dominates and that varying the physicians’ financial
incentives is a way to increase the social welfare.
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Brandt and Cassou (2023) develop a set-up where a social planner contracts with a
profit-maximizing hospital to decentralize the provision of diagnostic tests and
treatments. Patients are characterized by primary symptoms of various severity.
Healthcare providers receive this costless signal and then decide whether their
patients have to do an imperfect diagnostic test. When a diagnostic test is done, the
healthcare provider updates his belief in a Bayesian way. Once a diagnostic test has
been done, it is assumed that the test results and the treatment chosen are verifiable
and contractible. Since the social planner cannot verify the patients’ primary
symptoms when no diagnostic test has been done, the healthcare provider benefits
from a private information that can be used to increase rents.

Brand and Cassou (2023) focus on prospective payment schemes which are
typically used in hospitals. They derive optimal contracts within the class of
prospective payments that can be interpreted as care Pathway-Related-Group (PRG
hereafter) payments, namely a set of transfers for each possible situation (i.e. a
combination of the patients’ primary symptoms and diagnostic test result, if any).
They show that prospective payments set to the average cost are not incentive
compatible and may induce too many tests or overtreatment. Their results also
reveal that to be incentive compatible, a PRG system must involve cross-subsidies.
Another way to ensure that the payment scheme is incentive compatible is to reward
good health outcomes but at the cost of higher health expenditures. Finally, the
authors argue that due to the complexity of this system of incentive compatible
prospective payments with cross-subsidies, a system of cost reimbursement (i.e., a
retrospective payment) may be preferred in practice.

Mougeot and Naegelen (2022) also tackle this issue focusing on the allocative and
efficiency trade-off in the presence of shadow cost of public funds. They consider a
costly test and two actors: a laboratory producing one or two drugs, one of them with
a companion test, and the Health Authority in charge of the regulation. There is a
population of patients diagnosed by a doctor who behaves as their perfect agent.
While a standard treatment provides effective benefits to a part of the population,
the other fraction only partially responds to it. Without the companion test, the doctor
cannot know which patient is responsive to the drug.

The authors study the pricing policy implementing the second-best allocation that is
determined by the trade-off between the allocative efficiency and the distributional
effects in the presence of a shadow cost of public funds,® first when there exists only
one drug, and then in the presence of two drugs and of a companion test. They point
out that the optimal prices are higher when the personalized medicine treatment is
prescribed (which occurs when the effectiveness of the new treatment is higher than
the average effectiveness of the standard treatment). However, the use of

> The concept of shadow cost of public funds is used in public economics/regulation theories to capture,
usually in partial equilibrium environments, the idea that taxes introduce distortions and inefficiencies
(Laffont and Tirole, 1993). Roughly speaking, the collection of 1S generates a social cost of X, dubbed the
shadow cost of public funds.
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personalized medicine is welfare enhancing only if the cost of the companion test is
low enough.

In a short qualitative article, Allen (2015) explains that the majority of American
payers reimburse separately biomarker tests and the associated treatments.
According to this author, this institutional arrangement does not seem to be optimal
in the sense that few biomarker tests are prescribed. Allen (2015) comments that the
emergence of more bundled payments is likely to be a change in the right direction
since it involves some risk transfer between payers and providers where the latter
become residual claimants of the expenditure reduction made possible by diagnostic
tests.

Finally, Allen (2015) stresses the two main reasons preventing the generalization of
biomarker tests currently: first, the fact that many tests identify biomarkers involved
in the patients’ disease for which there does not exist a specific drug yet, and second,
even when personalized treatments exist, biomarkers may struggle determining
which one is the most adapted to any specific case.

KEY TAKEAWAYS

The theoretical contributions surveyed here mostly model a situation of adverse
selection, where healthcare providers have some private information (on their own
ability, or on the patients’ health situation) not accessible to the other actors. Some
also add a moral hazard element, with a hidden action taken by the provider (such
as her diagnostic effort). They stress that any reimbursement rule involves trade-offs
between objectives (for instance, rewarding good health outcomes may result in
higher health expenditures). They also stress some counter-intuitive results, such as
that even costless diagnostic tests should not be made mandatory, or that social
welfare is not always increasing with the providers’ degree of altruism.

Beyond the optimal reimbursement rules, contributions to this literature also study
the regulation of tests’ characteristics (such as minimum level of specificity and/or
sensitivity) when they are chosen by the healthcare provider, or the optimal contracts
between hospitals and the health authority. Finally, the U.S. practice of reimbursing
separately biomarker tests and the associated treatments is criticized and rendered
at least partially responsible for the dearth of biomarker tests used in practice.

Up to now, we have assumed that a diagnostic test exists, and we have looked at
both the positive and normative properties of various payment schemes. In the next
section, we take a more dynamic approach and analyze the desirability and the
incentives to develop new tests.
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5. Dynamic incentives and diagnostic tests

The decision to associate a diagnostic test to a drug can occur at two moments of
the drug’s clinical development: either before/during clinical development (pre-
approval case), or after marketing authorization (post-approval case). In the post-
approval case, when the drug is already in the market, the incentives for additional
R&D are limited. However, in the pre-approval case biomarker tests may increase
the likelihood of drug approval. The mostly commonly cited example is the case of
metastatic melanoma, for which the treatment vemurafenib (Zelboraf) was
developed together with the COBAS BRAF V600E test and received simultaneous
FDA marketing approval. It turned out to be the fastest FDA approval in history.

From the perspective of a pharmaceutical firm, the introduction of a companion
diagnostic test post-approval causes the decline in the number of potential patients
and hence lowers revenue per drug. As a result, if drug prices do not increase as a
consequence of testing, the gross drug sales will drop. Given the above
considerations, there has been increasing interest in the combination of drugs and
companion diagnostic biomarker-based tests, to increase the probability of approval
of the bundle drug-companion test on the one hand, and to increase the price of this
bundle on the other.

Many cancer drugs were initially launched without a biomarker test. Regulatory
authorities such as the US Food and Drug Administration (FDA) and the European
Medicines Agency (EMA) have been actively encouraging the use of biomarker tests
in the development and use of prescription drugs.® In such a context, Antofianzas et
al. (2019) report that in the three preceding years, approximately half of the cancer
drugs authorized by the EMA required patients to be screened by a genetic test
before determining their treatment. Gromova et al. (2020) estimate that around 65%
of drugs approved by EMA and FDA between 2015 and 2019 have been associated
with at least one biomarker in their development program.” However,
pharmacogenomic tests are not yet widely available (e.g., Alcenat et al., 2021). In
addition to their costs, one potential reason for their scarcity is the complexity and
imprecision of biomarker predictions, feeding in to the lack of doctors’ update to
incorporate new medical knowledges.

6 See Gromova et al. (2020). Note that the different regulatory requirements can also create
challenges when it comes to the development of therapeutics and companion diagnostic tests. For
instance, in the US, marketing approval for drugs and diagnostics is performed by a single agency,
the FDA. However, this is not the case in the EU. The European Medicine Agency regulates the
marketing approval for drugs, while each EU member state Notified Body monitors the performance
standards of diagnostic tests.

7 Gromova et al. (2020) point out that immunosuppressants, immunostimulants, drugs used in
diabetes, antithrombotic drugs, antineoplastic agents and antivirals are the medical specialities which
have developed most drugs that include one or several biomarkers.
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There are also situations where, in the absence of diagnostic tests to identify
responders to the treatment, the drug has insufficient value to payers. For example,
Nebacumab, a treatment for sepsis, has been shown not to be cost-effective without
the test and, therefore has been withdrawn from the market (Danzon and Towse,
2002). Similarly, one may anticipate that some drugs that are already off-patents and
that have been substituted by a new generation of drugs may benefit from a second
life thanks to biomarker tests as long as such tests identify patients for whom the
older drugs may be more efficient than more recent ones. In other words, biomarkers
tests not only facilitate the development of new and more efficient treatments, but
they may also increase the matching quality with all available treatments, including
older generations of treatments that may be found efficient for some specific
biomarkers.® In such a case, it is worth pointing out that the use of biomarker tests
is not always associated with costly medical treatments.

Health Authorities are usually concerned by the following aspects. In the absence of
diagnostic tests, there is little or no stratification and therefore, there are more
potential side effects (for non-responders). In the opposite case, the responders
benefit from incremental health outcomes but there are possibly increasing costs
due to higher prices (and fewer consumers). A noteworthy feature of biomarker tests
is a tendency to treat small niches of patients, defining new rare conditions
(prevalence lower than 40/100,000) for which new orphan drugs are marketed at
nearly unaffordable prices (Graf von der Schulenburg and Frank, 2015). It is likely
that this tendency will continue in the future, in parallel with the use of personalized
medicine and the development of diagnostic tests (Antofianzas et al., 2019).

In a theoretical model, Brekke et al. (2023) study the incentives for pharmaceutical
companies to develop biomarker tests that perfectly reveal the adequacy of the
corresponding drug for a patient, and the impact of such tests on the equilibrium
market allocations in the presence of two pharmaceutical firms and a single health
plan. In their model, the two drug producers first choose whether to develop a test
and then, the price of the drug they produce. Observing these decisions, the
insurance plan decides which (if any) of the two drugs to include in its health plan
and let physicians decide which drug (if any) to prescribe to each patient. The two
drugs differ both vertically and horizontally, with each patient being defined by her
location in a two-dimensional Hotelling space. This information is not known to
anyone, unless a biomarker test is developed.

Solving this model, the authors obtain a rich set of insights. In case of a monopoly,
the drug maker has an incentive to develop a test only if the market is not served in
the absence of the test--i.e., if the quality of the treatment is low. In that case, too
few people are treated because of the pricing decision of the firm. It is worth stressing
that the monopoly has no incentive to develop a test when its drug is anyway

8 See Bardey et al. (2016) for a drugs’ entry model where the drugs’ price regulation has to take into
account that more drugs available allow to reduce their adverse effect thanks to a better match.
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prescribed in the absence of the test, because the decrease in the market size due
to the test is not sufficiently compensated by the higher price (even though a test
allows to increase the value of the drug to those it is prescribed to).

Competition drastically changes incentives and outcomes, as competitors have
more incentives to develop a test than under monopoly. A low-quality drug producer
has an incentive to develop a test, since it would otherwise be excluded from the
market. This in turn induces the other firm to develop its own test. While the
development of a biomarker test for the low-quality drug is welfare improving, this is
not always the case for the high-quality drug due to the dampening of competition
effect of the tests in the price-setting stage. An extension studies the case where the
market is not fully covered when two tests are developed, and shows how results
are affected as a function of the drug qualities.

In the same vein, Antofianzas et al. (2018) study how to incentivize pharmaceutical
companies to develop a biomarker test for a drug already marketed without such a
test. This corresponds to the monopoly case studied by Brekke et al. (2023). They
assume that the price of the drug is exogenous and cannot be changed after the
biomarker test has been developed.® In that case, the health authorities need
another instrument to incentivize the development of the test, since it will result in a
decrease in the market size of the prescribed drug. They show how health authorities
may use pay-for-performance instruments in that case. In the absence of a test, the
authorities should fully penalize the drug maker when the treatment fails (by having
the firm reimburse the totality of the price paid for the drug by the authority).
Decreasing the size of this penalty when a test is used will then incentivize the
development of such a test, even if this test is imperfect (decreasing but not driving
to zero the fraction of patients who do not respond perfectly to the drug). They study
how this optimal penalty rate is affected by exogenous elements such as the health
value of the drug, the extent of its side-effects or the cost of monitoring the fraction
of well-treated patients.

Dealing with this same issue, in a companion article, Antofianzas et al. (2019)
analyze the decision-making process of health authorities and pharmaceutical firms
when dealing with treatment personalization. While in their companion article they
assume that the drug price is fixed, they consider here that the health authority
determines the drugs prices to maximize health net benefits.’® Laboratories take as
given drugs prices when deciding to invest in a test identifying the patients
responsive to the drugs. The authors develop comparative static exercises to
characterize the equilibrium features according to the price level and the drug’s
response rate. They show that the decision to develop a test depends more on the

° They claim that this the most common real-world situation, and provide the example of the drug
panitumumab for patients with metastatic colorectal cancer.

10 The authors consider a kind of payment for performance in the sense that the price is paid only when
patients are well-treated.
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drugs’ response rate than on the price level. For relatively high values of the
proportion of responders, health authorities do not incentivize the firms to search for
biomarkers because on average the drug works. For low response rate levels,
obviously, the drug is not adopted. Personalized medicine may occur for
intermediate values of the proportion of responders.

These authors also compare the two prices set by the Health Authority according to
the R&D decision. They point out that when the firm invests in R&D to stratify the
patients’ population, the price set by the Health Authority is not necessarily higher
than the price when such stratification does not take place. More precisely, this
comparison depends on the test price, the scale of adverse effects, the cost of
producing the drug and the test precision. They show that when the cost of the test
is rather low, the price the health authority sets when the firm carries R&D investment
is higher than the price when the treatment is administered to all patients.
Conversely, when the test is more expensive, the price set by the Health authority is
higher without R&D expenses. Finally, for intermediate values of the test cost, the
relationship between the drug price and the test price mainly depends on the
treatment effectiveness.

Many researchers highlight the need for flexible and value-based pricing in order to
reflect higher benefits of targeted treatment and to encourage pharmaceutical firms
to develop drugs with biomarker testing (e.g., Danzon and Towse [2002] and
Garrison and Austin [2007]). Another possibility is to sponsor the research through
an R&D subsidy (Hsu and Schwartz, 2008). Using a theoretical model that they
calibrate for several diseases, Danzon and Towse (2002) conclude that testing will
often be socially optimal, particularly if the proportion of non-responders is high, if
serious adverse reactions can arise, or if the test is inexpensive.

Alcenat et al. (2020) study laboratories’ incentives to increase their drugs’
effectiveness in a moral hazard framework (i.e., where the effort undertaken by the
laboratory to increase its effectiveness is not observable by a health authority). They
analyze the drug reimbursement contract of a laboratory that produces a new
treatment that is associated to a genetic/biomarker test. In their model, the health
authority can recommend either a standard treatment, or the use of a
genetic/biomarker test to prescribe the most suitable treatment to each patient
according to the test result. Their model reveals that the moral hazard informational
structure impacts the optimal contract designed by the health authority when one of
the two treatments dominates without genetic tests if the price of the new treatment
is below a threshold. In these cases, moral hazard means that personalized
medicine treatments will be less often implemented when effort is not observable
than when it is observable. This is due to the fact that, ceteris paribus, the laboratory
cannot fully internalize the benefits of its effort. In contrast, when the new treatment
is preferred without genetic information and when the price of the new treatment
exceeds the threshold, moral hazard does not impact the implementation of
personalized medicine. However, these authors make two restrictive assumptions.
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On the one hand, they assume that the companion test cost is equal to zero, and,
on the other hand, their effort variable only impacts the probability that the
personalized treatment is preferred over the standard treatment instead of
considering that the personalized medicine treatment benefit increases in this effort
variable.

Even though these two last articles provide useful insights regarding the policy that
allows to implement the optimal use of personalized medicine in the presence of a
companion test, in both cases and in contrast to Brekke et al. (2023) there is no
competition between laboratories. In particular, the same laboratory provides both
types of treatments (standard and personalized medicine one) and decides to
develop or not a companion test. In practice, Allen (2015) points out that a lot of
biomarker tests are developed by independent structures. In an interesting note,
Scott-Morton and Seabright (2013) analyze the lack of incentives of the
pharmaceutical industry to develop companion tests simultaneously to innovative
drugs. As it is often the case in R&D issues, their main point to explain this lack of
incentives is related to the gap between the social and private values generated by
biomarkers. More precisely, these authors argue that biomarkers generate social
value thanks to the demand reduction effect and the fact that they may avoid
expensive health expenditure caused by ineffective medical treatments. Scott-
Morton and Seabright show that this demand reduction effect dominates and causes
a gap between the private and social value of biomarkers. They also explain that
laboratories may benefit from some private information regarding the drugs’ efficacy
among subgroups. Thus, laboratories may fail to disclose such tests’ information
even when doing so would create large benefits for patients and healthcare
providers. Finally, they discuss how procurement design and price regulation may
succeed to align the private and social values generated by biomarkers.

KEY TAKEAWAYS

The incentives to develop a (companion) diagnostic test are weaker when the
associated treatment has already been approved, because the subsequent
decrease in the market share needs to be compensated by a sufficient increase in
the treatment price. In contrast, the development of a diagnostic test may increase
the likelihood that the companion drug is approved by the health authorities, and in
some cases its price. Competition among laboratories increases the incentives to
develop a companion test, compared to the monopoly setting. Incentives are also
higher when the average efficiency of the treatment is low. At the same time, the
development of companion diagnostic tests may dampen the price competition
between laboratories. If the treatment price remains fixed after the development of
a companion diagnostic test, pay-for-performance schemes (where the
reimbursement depends on the success of the treatment) have to be used to
incentivize the development of such tests. Alternatively, one can also use
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procurement design or price regulation to align the private and social values
generated by biomarkers, taking into account the private information laboratories
have over the specific groups which can benefit from their new test.

6. Conclusion

This survey has focused on both the (financial) incentives to develop innovative
tests, and the decision by healthcare providers to use available tests. As for the
latter, we have started by reviewing the literature dealing with how receptive
healthcare providers’ behaviors, in general, are to incentives. The (theoretical,
empirical, and experimental) literature concludes that healthcare providers are
indeed sensitive to monetary incentives (in their labor supply decisions), but also
that other considerations, such as altruism, do matter. Non-monetary motivations
have to be taken into consideration, and especially the potential crowding-out of
altruism by monetary incentives.

This being said, there is a general agreement that fee-for-service (FFS) payment
scheme generate an inflation in health care costs, while capitation payments (CAP)
and salaries contain those costs, sometimes at the expanse of quality. This need not
always be the case for diagnostic tests. Some empirical studies do indeed find that
FFS rules generate too many diagnostic tests, as in China for instance. But the
empirical literature reviewed in the Introduction makes a strong case that under-
utilization of diagnostic tests is a first-order problem. For instance, these tests may
allow to save time, generating fewer doctors’ visits and therapeutic acts, and are
then discouraged by FFS schemes.

The mixed motivations of health providers play an important role here as well, with
experimental studies showing that altruistic considerations induce them to prescribe
fewer tests when they are made aware of their patients’ out-of-pockets costs, for
instance. This in turn means that the care setting (ambulatory vs hospitals) does
matter, as different rules for out-of-pocket costs usually apply.

Diagnostic tests are more often used when they are well-known and easy to
interpret. Laboratory experiments have revealed that the (sunk) investment in time
and effort necessary to use certain tests (for instance personalized medicine tests)
plays the role of a commitment device, increasing the subsequent use of those tests.
Finally, theoretical contributions have shown that healthcare providers could exhibit
over-confidence and rely too much on their expertise and too little on tests.

Finding the optimal incentive schemes then requires a very good understanding of
the objectives and constraints faced by the healthcare providers. The theoretical
models surveyed here usually assume some adverse selection (with an
informational advantage for the healthcare providers), sometimes topped up with
moral hazard (a hidden action taken by these agents). These models show that it is
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general not advisable to make the use of diagnostic tests mandatory (even when
they are costless). They also criticize the U.S. choice of reimbursing separately
biomarker tests and the associated treatments, a practice contributing to the
insufficient use of biomarker tests. We have also mentioned contributions directly
addressing the regulation of the diagnostic tests’ characteristics, such as their
minimum level of specificity and/or sensitivity.

As for the development of tests, incentives are very different (and stronger) before
the approval of the linked treatment, than after. In the former case, the companion
test increases the likelihood that the drug is approved by restricting its use to those
with the highest probability of responding. In the latter case, the development of the
companion test decreases the market size and thus requires a sizeable increase in
the drug’'s price to prevent overall profit from decreasing. The literature has
established that the latter obstacle to post-approval test development is especially
effective for monopolies, and less so when there is competition between innovators.
Incentives to develop the test are also higher when the average efficiency of the
treatment is low. At the same time, the adoption of tests may dampen the price
competition between innovators, resulting in higher equilibrium prices. The
development of companion tests may benefit older drugs which are off-patent, so
that these tests are not always associated with costly treatments. Finally, one can
use either pay-for-performances schemes, and/or procurement design and price
regulation to incentivize the development of companion tests.
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