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Effectiveness studies and analyses of naturalistic cohorts demonstrate that many patients with major depressive disorder do not experience symp-
tomatic remission with antidepressant treatments. In an effort to better match patients with effective treatments, numerous investigations of pre-
dictors or moderators of treatment response have been reported over the past five decades, including clinical features as well as biological
measures. However, none of these have entered routine clinical practice; instead, clinicians typically personalize treatment on the basis of patient
preferences as well as their own. Here, we review the reasons why it has been challenging to identify and deploy treatment-specific predictors of
response, and suggest strategies that may be required to achieve true precision in the pharmacotherapy of depression. We emphasize the need for
changes in how depression care is delivered, measured, and used to inform future practice.
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After decades of effort to identify pre-
dictors of antidepressant treatment re-
sponse, including more than 100 pub-
lications reporting genetic predictors,
the approach to treating major depres-
sive disorder remains one of trial and
error. Initial management strategies vary
widely across providers and health sys-
tems'. Next-step treatment is marked by
even greater variation®. A recent survey
of psychopharmacologists, for example,
revealed roughly equal split between
within- and across-antidepressant class
switch following non-response to initial
treatment®. This trial-and-error approach
clearly matters to patients: a survey of
Danish patients found that they would
pay up to $280 to avoid a single medica-
tion change®.

At the same time, pharmacogenomics
has already made some clinical inroads
in antidepressant prescribing. Among
the more than 100 medication labels
approved by the US Food and Drug
Administration (FDA) that include infor-
mation on genetic variation, at least
10 pertain to antidepressant pharma-
cotherapies or medications commonly
used to augment antidepressants®. Mul-
tiple marketed assays are intended to
guide antidepressant treatment; while
none have yet pursued FDA approval,
such diagnostic tests are available com-
mercially from the laboratories that de-
veloped them. And clinical guidelines
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for the use of pharmacogenomic testing
are available from US and international
agencies®. Still, very few patients receive
such testing, and its utility remains
unclear, in part because of a relative lack
of randomized controlled studies indi-
cating benefit.

In this paper, we focus on the scientif-
ic challenges that have contributed to
the persistence of artisanal prescribing
of antidepressants even in the face of
growing enthusiasm for the concept
originally described as personalization,
then stratification, and most recently
precision medicine’. We also review the
obstacles to translation of pharmacoge-
nomic tools to common clinical prac-
tice. Finally, we address strategies that
could be helpful in ensuring that the
next decade does bring significant pro-
gress towards achieving true precision in
the pharmacotherapy of depression.

WHAT ARE THE CHALLENGES IN
PERSONALIZING
ANTIDEPRESSANT TREATMENT?

Personalization is not precision

In oncology, the concept of matching
treatments to patients to achieve and
maintain remission is well established:
there are particular tumor profiles that

respond differentially to particular in-
terventions. For major depressive disor-
der, while remission certainly remains a
key goal, other considerations are also
important: in addition to safety, clini-
cians may consider key symptoms to
target and key adverse effects to avoid.

To this end, psychiatrists (and primary
care physicians) already personalize treat-
ment, albeit in a more artisanal and less
scientific fashion than oncologists. A
systematic approach to this process has
been described by Preskorn®. Essentially,
some medications are excluded on the
basis of safety: for example, medications
like bupropion that lower seizure thresh-
old might be avoided in individuals at
high risk for seizures. Others are avoided
on the basis of adverse effects: in an
obese patient, medications that com-
monly increase appetite, such as mirta-
zapine, would be excluded from initial
consideration. Among the remaining
options, some clinicians simply pick
their favorite; others follow guidelines
approved by their employer or payers,
perhaps based on which medications
are available at lowest cost; and others
provide an individual patient with a few
choices and discuss adverse effect pro-
files for each. The difficulty here is that,
while most clinicians likely follow some
variant of these approaches, there is no
agreed-upon or evidence-based frame-
work for such practices.
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The evidence base for next-step in-
terventions is even more modest. A par-
ticular challenge is the emphasis on
randomized controlled trials, that tends
to favor more recent industry-supported
studies. Consider the case of augmenta-
tion: the strongest evidence base sup-
ports certain second-generation anti-
psychotics, simply because older strat-
egies (for example, bupropion, buspirone
or pramipexole) involve off-label use of
medications long since generic. So, even
on the basis of evidence-based personal-
ization, the clinician cannot be strongly
informed by treatment guidelines that
tend to simply count large-scale positive
trials.

In summary, clinicians already per-
sonalize, but in a haphazard and incon-
sistent way. Unfortunately, the very re-
sistance to more systematic treatment
approaches, like algorithms and guide-
lines, on the basis of the need to per-
sonalize actually hinders efforts at per-
sonalization: there is no agreed-upon
standard on which to improve. Faced
with an algorithm, many clinicians
insist on the need to tailor treatment
depending on particular clinical fea-
tures, even in the absence of strong evi-
dence that such features are truly pre-
dictive. The missing ingredient here
may be humility: most clinicians likely
rate themselves as above average in
terms of ability to identify efficacious
treatments, but clearly some are not.
Ironically, one of the advantages of
biologically-based treatment selection
would be the ability to introduce more
systematic approaches while prevent-
ing narcissistic injury to clinicians.

Treatment-specific effects
are modest

Beyond a general resistance to exter-
nal guidance on prescribing is the larger
problem that treatment-specific differ-
ences in efficacy appear likely to be
quite modest. While antidepressants are
more effective than placebo, the magni-
tude of this difference is generally small,
at least in the outpatient context®. This
does not mean that prediction cannot be
useful, just that some such prediction is
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actually pertaining to placebo response
and thus by definition not treatment-
specific. As discussed below, such non-
specific predictors may still be useful in
stratifying treatment intensity, if not spe-
cific treatment choice.

Data needed to compare active
treatments are lacking

The regulation of medications in the
US does not require active comparator
studies: there is no obligation (or even
expectation) that a new drug be superior
to an existing one. So, not surprisingly,
such studies are rarely done, and when
they are, they are likely to be engineered
to yield results which are misleading
at best, with an active comparator group
included only for “assay sensitivity”
which may not even be analyzed in com-
parison with the study medication.

In the rare cases where straightfor-
ward comparator studies are done, they
have tended to be a poor investment
for the sponsor: treatment differences
are likely very small on average, and
the substantial placebo response places
a floor effect on the performance of
comparator drugs (unless comparators
are actually worse than placebo, a phe-
nomenon rarely encountered in psy-
chopharmacology'?).

Moreover, where large comparator
studies are done, the data are typically
held by the industry sponsor. Until
recently, large pharmaceutical compa-
nies have been reluctant to share DNA
or genotypic data in conjunction with
treatment response, even where they
did agree to sharing for association
studies of disease. Presumably, the risk
of finding a predictor of non-response,
or perhaps the perceived need to in-
volve the FDA in reporting genomic
data pertaining to marketed drugs, has
outweighed the scientific interest in
such work.

Power is accordingly poor to find
real effects

Combining a small effect with a small
sample size represents a recipe for an
underpowered study — one where the

risk for both false positive and false neg-
ative findings is high''. Worse, because
of the problem of “winner’s curse”, even
when true effects are detected, they are
likely to be overestimated — thus the pat-
tern all too familiar in psychiatric phar-
macogenomics in which initial exciting
findings subsequently prove either to be
false positives or of less importance than
anticipated'®'3,

Standard statistical approaches to find-
ing predictors of differential response
between two or more interventions rely
on a test for a treatment-by-predictor in-
teraction, which is substantially less pow-
erful than tests for main effect. Notably,
such a test has greatest power when a pre-
dictor has opposite effects in two groups:
for example, biomarker A is associated
with greater-than-average response to flu-
oxetine, but worse-than-average response
to bupropion. Biologically, this scenario
seems implausible: more likely, biomarker
A is associated with greater-than-average
response to fluoxetine but no difference
with bupropion. In this scenario, a test for
interaction is even less powerful.

GETTING TO PRECISION

Begin using what we know rather
than seeking a silver bullet

Efforts at personalization may have
suffered from their ambition, with an
unwillingness to employ more basic or
mundane socio-demographic predictors
in pursuit of a single powerful biomark-
er. In reality, multiple studies suggest that
readily available patient-level features
may at least help to set prior probability
of response.

Phenomenology

Among the earliest putative predic-
tors were the depressive subtypes, mel-
ancholic and atypical depression. An
extensive literature explored these sets
of symptoms in terms of phenomenology
and associated peripheral markers. This
literature illustrates some of the chal-
lenges in identifying response predictors.
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Melancholic depression in general is
highly correlated with depression severi-
ty, such that, while it is associated with
poorer outcomes in general, these out-
comes may better be explained by con-
sidering total severity. This underscores
the importance of ensuring that putative
predictors represent the easiest or most
straightforward means of measuring a
phenomenon. The value of total severity
in this regard is further discussed below.

Atypical depression has been diffi-
cult to establish as a strong predictor of
outcome because of problems in dis-
tinguishing individual symptoms from
a true subtype. Empirical evidence sug-
gested that, while reversed neurovege-
tative signs — hypersomnia rather than
insomnia, or hyperphagia rather than
loss of appetite — are common, they do
not necessarily represent a distinct sub-
group. That is, many patients may expe-
rience one or the other. Worse, as symp-
toms may fluctuate over time and across
episodes, the determination of whether a
patient meets criteria for this subtype
likely depends upon when in the episode
course the patient is assessed.

More recently, Fava et al'* suggested
additional depressive subtypes on the
basis of questionnaires included in the
baseline assessment for clinical trial par-
ticipants - in particular, emphasizing
the notion of hostile (irritable) and anx-
ious depression. Both of these strongly
predict poorer outcomes across multiple
studies'®. However, in addition to corre-
lation with each other, they are also cor-
related with total severity, and like the
other clinical subtypes may fluctuate
within an episode.

Anxious depression in particular re-
ceived some support from the Sequenced
Treatment Alternatives to Relieve De-
pression (STAR*D) study, where it pre-
dicted poorer treatment response'®. A
subsequent replication effort in the Ge-
nome-based Therapeutic Drugs for De-
pression (GENDEP) study, however, did
not provide further support'’. This non-
replication may suggest the importance
of considering reference populations when
attempting to derive predictors.

One of the most robust recent predic-
tors of outcome was described by Uher
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et al'” using results of factor analysis in
lieu of the traditional depressive subtypes.
They found that an interest-activity symp-
tom dimension at baseline — which cap-
tured poor interest, decreased activity,
indecisiveness, and anhedonia - was
strongly associated with poor outcome
both in GENDEP and in the larger STAR*D
study. This association persisted despite
control for overall severity and type of
antidepressant.

As one of the best-validated predic-
tors of outcome other than total severity,
it would seem that the interest-activity
factor could represent a good starting
point for stratification. That it has not
been so applied relates in part to the
unwillingness of most clinical practices
to employ systematic assessment of
symptoms, notwithstanding the imposi-
tion of the Patient Health Questionnaire
(PHQ-9) in primary care settings. This
obstacle is discussed further below.

Notably, efforts to identify predictors
of differential treatment response (often
described as moderators of response'®)
also date back to the dawn of structured
psychotherapies. These investigations of-
ten focus on specific scales quantify-
ing the target of a particular kind of in-
tervention. For example, the Coping
Self-Efficacy Scale was a predictor of
response to cognitive-behavioral thera-
py, delivered either by telephone or in
person'®.

Another strategy attempts to integrate
socio-demographic and clinical features
to predict treatment resistance in major
depressive disorder. From among a larger
panel of variables, symptoms predictive
of treatment resistance included insom-
nia and decreased energy, along with
elements of history such as trauma ex-
posure, post-traumatic stress disorder,
and even mild psychotic-like symptoms.
In an independent validation cohort also
drawn from the STAR*D study, but from
different sites, specificity for treatment
resistant depression exceeded 0.91, al-
though sensitivity was lower at 0.26%°.
This study also produced a risk visual-
ization tool (http://trdrisk. mghcedd.org),
intended to promote development of
similar efforts integrating clinical and
genomic data.

Employing any of these simple pre-
dictors would in no way preempt the use
of biological predictors as they are iden-
tified. Indeed, even a simple baseline
model would be a valuable basis for
comparison with newer models — a start-
ing point to be improved on by adding
biological or other predictors. In this
context, frameworks such as net reclas-
sification improvement?! may be more
useful for understanding how the addi-
tion of a new marker improves predic-
tion, compared to standard metrics such
as area under receiver operating charac-
teristic curve®2.

Genetic and genomic predictors

Among the potential biological pre-
dictors of outcome, cytochrome P450
(CYP450) variation has been understood
to influence blood levels of multiple
drugs for two decades or more. Unlike
most genetic associations, the functional
implications of the key variations have
been described - that is, particular al-
leles are known to increase or decrease
enzyme activity in a predictable way*>.

The central challenge to the use of
CYP450 testing for antidepressant pre-
scribing stems from the lack of a clear
relationship between blood levels and
either efficacy or adverse effects. At the
extremes, some relationship is intuitive:
individuals with undetectable blood lev-
els will not respond to true drug effects
(although they may still respond to pla-
cebo); individuals with supra-therapeutic
blood levels should be more likely to
experience adverse effects. However, for
most antidepressants, even a simple
dose-response relationship has been dif-
ficult to establish.

Given the clearer relationship of effi-
cacy (and toxicity) of tricyclics to blood
levels, it is unsurprising that this is the
class of antidepressants with the strong-
est evidence that CYP450 testing is likely
to inform dosing. Unfortunately, despite
the substantial efforts expended to devel-
op and promote guidelines for CYP450-
informed dosing’, this class has largely
been superseded by other antidepres-
sants on the basis of equivalent efficacy
and wider therapeutic index (i.e., greater
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margin of safety). So, the intervention
where precision medicine in depression
treatment may be most feasible is now
also the one least clinically useful. The
term in decision analysis for this scenario
is a dominating choice: in most if not all
circumstances, the cost-effectiveness of
CYP450-guided tricyclic treatment will be
less than that of simply prescribing a
generic non-tricyclic.

For selective serotonin reuptake inhib-
itors (SSRIs) and serotonin-norepineph-
rine reuptake inhibitors (SNRIs), the
impact of CYP450 variation is not fully
understood. Most SSRIs and SNRIs are
substrates for one of the common CYP450
enzyme systems, so it is possible to make
predictions about changes in blood lev-
els. What those levels mean, though, is
not so clear: with the possible exception
of modest data regarding fluoxetine***>
and venlafaxine®, higher doses within
the therapeutic range have generally not
been shown to be more efficacious than
lower doses. The evidence of poor tolera-
bility at higher doses is rarely studied
directly, particularly as it relates to CYP450
status: one study suggested that non-
wild-type metabolizers of the CYP450
2C19 substrate citalopram experienced
poorer tolerability with this treatment®’.

Further, even in circumstances where
drug blood levels are important, CYP450
variation is only one contributor to such
levels. Numerous environmental factors,
including diet and other medications (as
well as other, unmeasured genetic varia-
tion), may be important. One illustration
of these effects was a study of venlafax-
ine-treated patients that examined the
plasma ratio of venlafaxine to its metab-
olite desvenlafaxine in order to define
individuals who were “functionally” poor
metabolizers. Overall, 27% of individuals
appeared to be poor metabolizers, even
though only 4% were CYP450 2D6 poor
metabolizers genotypically®®.

As venlafaxine is the pro-drug for des-
venlafaxine, individuals who are poor
metabolizers at CYP450 2D6 might be
hypothesized to be less likely to respond
to treatment (as they will have very low
effective levels of the active drug).
Indeed, in the four venlafaxine studies,
poor metabolizers were less likely to
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achieve remission than wild-type meta-
bolizers®°.

Other biomarkers

Efforts to identify predictors of differ-
ential antidepressant treatment response
based on blood or other peripheral meas-
ures date back to the dawn of psy-
chopharmacology. The dexamethasone
suppression test (initially considered to
diagnose depression, and later employed
to guide treatment) presents a useful
cautionary tale of a diagnostic tool de-
ployed in psychiatry without sufficient
consideration of its utility, or even what
exactly it predicted®®>",

An example of a prototypical predic-
tor might be C-reactive protein (CRP), a
marker of inflammation associated with
cardiovascular disease. In the GENDEP
study, a notable treatment-by-predictor
interaction — exactly the sort that could
potentially be informative for treatment
selection — was identified with CRP. Spe-
cifically, symptomatic improvement was
greater with escitalopram treatment a-
mong individuals with CRP levels lower
than 1 mg/L, while it was greater with
nortriptyline treatment among individu-
als with CRP levels higher than 1 mg/L.
Still, given the poorer safety profile of
tricyclic antidepressants, the modest dif-
ference in efficacy (three points on the
Montgomery-Asberg Depression Rating
Scale) may not be sufficient to justify
preferential use of nortriptyline even in
the latter patient subset. While some
frameworks for defining clinical signifi-
cance exist — see, for example, the calcu-
lator at depressiontools.org®® - the
necessary effect size for utility of a given
predictor depends critically on its con-
text.

Numerous other minimally invasive
markers are under active investigation
for response prediction. Functional neu-
roimaging has been perhaps the most
studied, with intriguing but not defini-
tive results — not surprising given the rel-
atively small cohorts studied. Similarly,
quantitative electroencephalography has
been applied to predict either overall
treatment outcome or differential re-
sponse. In a representative small study,

a measure of frontal recordings at base-
line and week 1 was associated with
speed and probability of response to es-
citalopram over 13 weeks®, consistent
with a prior pilot study using fluoxe-
tine®*. The pilot study, importantly, in-
cluded a placebo arm where no such
an association was identified. Still, as
noted earlier, the absence of any com-
parison drug makes the specificity of
this effect unclear. One other notable
aspect of these studies is the inclusion
of a post-baseline (week 1) time point in
the biomarker: prediction of outcome
based on short-term treatment expo-
sure, while not a standard strategy in
psychopharmacology, may be easier
than relying solely on baseline mea-
sures.

Educate clinicians and patients

In addition to patient education, pre-
liminary experience with genomic test-
ing suggests the necessity and value of
clinician education®, in terms of how
results are presented to patients and
families. These tests typically yield prob-
abilistic results, very different from the
dichotomous outcome yielded by many
other tests in medicine, though common
in other areas such as cancer, where esti-
mates of survival are the coin of the
realm. In one pilot pharmacogenomic
study of antidepressant response, only
1/4 of consented patients were able to
indicate an understanding of such test-
ing®.

A particular concern in psychophar-
macology is the misinterpretation of
CYP450 results as contraindicating a
medication or class of medications. In
light of the relative paucity of good ther-
apeutic options, particularly for patients
who do not remit with first-line treat-
ments, ruling out a medication unneces-
sarily can be highly consequential. In
reality, non-wild-type metabolizers sim-
ply require more cautious and informed
titration: those who are poor metaboliz-
ers require lower doses of substrate
drugs, while those who are ultrarapid
metabolizers may require doses exceed-
ing the FDA labeling, though still with
careful titration. While simply avoiding
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substrate drugs is a basic heuristic that
may be reasonable when selecting initial
treatments, such a heuristic can actually
be detrimental as the range of reason-
able options narrows. To this end, the
tendency to present CYP450 results with
color-coding - listing substrates in red,
or with a stop sign, for example — may
be unhelpful.

For both medications and diagnostic
tools, clinician education can be mandat-
ed by the FDA within the approval process
as part of the risk evaluation and mitiga-
tion strategy”’. Similar education may be
required for some interventions aimed at
personalization of antidepressant pre-
scribing, if only to limit the consequences
of misinterpretation of test results.

Aim for stratification, not
treatment-matching

Even where we cannot identify med-
ication-specific predictors, distinguish-
ing high- or low-risk groups may still be
extremely useful. Three examples include
greater depression severity, the interest-
energy factor identified by Uher et al'’,
and the treatment resistance risk score
described earlier: to date, each of these
appears to be a predictor of poorer out-
come in general, rather than a feature
that identifies an optimal treatment. So,
while presence of greater risk may not
help with selection of an individual treat-
ment — venlafaxine versus fluoxetine, for
example - it may instead indicate that a
particular patient requires more intensive
treatment in general. Individuals at high
risk for treatment resistance could be tri-
aged to more aggressive interventions —
combination treatment, or incorpora-
tion of cognitive-behavioral therapy - or
even more aggressive assessments, like
specialist consultation or application of
more intensive diagnostic tools.

Our approach to initial non-response
needs to change

Protocols and randomization

Ironically, moving towards more truly
personalized medicine may require mov-

232

ing away from traditional means of
personalization by enrolling patients in
protocol-driven treatment, much as is
the case with cancer chemotherapies at
academic medical centers. While clini-
cians maintain the importance of artisan-
al personalization, we are aware of no
empirical data to indicate that such strat-
egies improve upon uniform or standard-
ized treatment selection (much less
random selection among a small number
of similar options). As much as it pains
the expert psychopharmacologist to rec-
ognize this point, in general the clinician
is at equipoise among multiple next-step
strategies. Recent survey results reinforce
this point®. But if this inconvenient reali-
ty were acknowledged and disclosed
(“There are several reasonable next steps,
we're going to let the computer select the
first one to try”), it is possible that differ-
ent strategies could be investigated.

Systematic measurement
of outcomes

A related problem remains clinicians’
reluctance to incorporate systematic
measurement of outcomes —any out-
comes — into their practices. The rea-
sons for this resistance are manifold: the
measures can be time consuming, they
are rarely well integrated into clinical
workflow, and they fail to capture the
breadth of depressive symptomatology
clinicians feel they need. While less
often acknowledged, such measurement
is likely to also create a bias to action:
that is, identifying symptoms creates
more requirement to act on these symp-
toms, or potentially liability for not act-
ing on them.

Many health systems have elected to
invest in the PHQ-9, a depression
screening tool with limited utility for
outcome measurement (a role it was
never designed to fill). More recently, led
in part by movements aiming for more
patient-centered care followed by
financial support from the Patient Cen-
tered Outcomes Research Institute,
enthusiasm has grown for patient-
reported outcomes — particularly mea-
sures of functional status and quality of
life.

It seems reasonable to measure the
improvement vyielded by psychiatric
interventions in a systematic way. To the
clinicians who argue that the PHQ-9
captures only a limited amount of the
benefit they provide, a reasonable re-
sponse is to agree, and ask what better
measures can be employed. Whatever
psychosocial or pharmacological inter-
ventions do for depression, it should be
possible to measure it. Either less intru-
sive and better integrated measures
need to be found, or more resources
need to be provided for clinicians to
incorporate such measures. Notwith-
standing the massive hyperbole current-
ly attached to ambulatory monitoring
devices, cell-phone-based survey tools
may help to fill this void®® — provided
better platforms can be developed to
safely and efficiently integrate these
data for use by clinicians.

Use of electronic medical records
and other large data sets

Yet another opportunity to improve
precision in antidepressant treatment
comes from the increasing availability of
large clinical data sets, i.e., electronic
medical records, with or without link-
ages to biobanks. These data sets pro-
vide a rich trove of clinical detail, typ-
ically far exceeding what is available
from the health claims data sets em-
ployed for pharmacogivilance studies
and health services research®. Com-
pared to standard clinical trials, the
patients and outcomes are likely to be
more generalizable, as the biases inher-
ent in patient recruitment are avoided.
When biological materials — DNA or
plasma, for example —are available,
these resources also allow highly effi-
cient in silico biomarker studies.

We have previously demonstrated the
utility of electronic medical records for
defining antidepressant treatment out-
comes?’, and applying these metrics to
characterize clinical*' and genetic** pre-
dictors of non-response. A less well
appreciated benefit of such large cohorts
is the ability to study relatively rare but
serious adverse effects, such as lithium-
associated renal failure*®. These designs
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also facilitate investigation of quantita-
tive drug effects, such as antidepressant-
associated weight gain** or QT-interval
prolongation®’.

Still, some important caveats apply to
approaches using electronic medical rec-
ords or national health registries. First,
treatment assignment is not randomized,
so the risk for confounding — particularly
confounding by indication, in which the
indication for a particular treatment con-
founds the result — is substantial (for an
illustration of the impact of such con-
founding, see the study by Gallagher
et al*', in which treatment with non-
steroidal anti-inflammatory drugs was
associated with poorer antidepressant
treatment outcome until the indica-
tion — e.g., pain— was controlled for).
Statistical methods can help to control
bias, but the risk for confounding cannot
be entirely eliminated. Second, clinical
care typically includes less precise mea-
sures of outcome as well as other rele-
vant clinical covariates. In some cases
proxy measures may suffice (hospitaliza-
tion; treatment changes), but traditional
clinical trial outcomes such as remission
and response are more challenging to
characterize. Indeed, one observation
from studies based on electronic medical
records’® (and consistent with some
mood disorder cohort studies®) is the
extent to which episodic definitions of
depression likely underestimate chronic-
ity and persistence of residual symptoms
relative to clinical cohorts.

Randomized trials of precision
medicine will be needed. . .
or will they?

Despite the utility of alternative ap-
proaches, randomized controlled trials
remain the gold standard for investigat-
ing new interventions, pharmacological
or otherwise. Even for pharmacotherapy,
there has been continued innovation in
the design and conduct of such studies.
But for diagnostic tests, the optimal
design of randomized trials remains sub-
ject to debate. For example, if subjects
are to be randomized to assay-guided
treatment compared to treatment as

World Psychiatry |5:3 - October 2016

usual, how constrained or algorithmic
should the treatment as usual be? Should
clinicians stay unblinded, or should they
receive a “dummy” or uninformative
report? If the latter, is it ethical to delay
reporting results (or even to report mis-
leading results), and will clinicians be
able to distinguish an uninformative from
a placebo report? Design of a treatment-
as-usual arm is particularly challenging
as the inclination is to reduce heteroge-
neity by making this intervention more
structured and algorithmic. However, as
we have noted, standard of care is far
from algorithmic at present, so this sort
of comparator is artificial and itself likely
to improve outcomes*’.

A further, practical problem is decid-
ing who should pay for these studies. If
the tools are developed by a for-profit
entity, it is reasonable to require that the
entity fund such studies. However, this
barrier may be prohibitive for smaller
companies or less costly tests. The shift-
ing regulatory structure in the US, in
which the FDA has allowed marketing of
laboratory-developed tests without pre-
market review, but has indicated that it
intends to increase oversight of this
pathway*?, is likely to increase the pres-
sure to conduct such randomized trials,
if not the available resources.

To date, there is one small randomized
trial investigating a pharmacogenetic as-
say for antidepressant prescribing, rely-
ing on a panel of CYP450 variants (2D6,
2C19 and 1A2) as well as some pharma-
codynamic common variants. Among 51
outpatients with major depressive disor-
der, followed for eight weeks, the magni-
tude of improvement was numerically
but not statistically significantly different
between the treatment-as-usual (19%)
and the assay-guided treatment (31%)
groups (p=0.3). One of two unblinded
cohort studies using the same assay did
identify significantly greater improvement
in the assay-guided treatment group®’. In
the absence of blinding or consideration
of the impact of individual predictors,
estimates of the benefit associated with
specific variants await randomized trials.

In the meantime, electronic medical
records or claims data may help to un-

derstand the potential impact of putative
predictors of response. One approach
uses cost-effectiveness analysis to exam-
ine the effect of a predictor, based on oth-
er assumptions about treatment costs and
outcomes. In an illustration of this ap-
proach, we previously developed a model
based on STAR*D data® considering a
predictor of differential SSRI response.
Under some assumptions, even a moder-
ate difference between treatments was
not cost-effective simply because using an
alternate antidepressant was a dominat-
ing (better) choice. On the other hand, for
a low-cost test, when the likelihood of an
informative test is high, even relatively
modest effect sizes could be cost-effec-
tive.

A major limitation in all such models
is the need to make numerous assump-
tions about costs, probabilities and utili-
ties. Their value is primarily in clarifying
the circumstances where precision med-
icine may be most likely to be beneficial
in antidepressant prescribing, as a means
of designing future interventions.

Another perspective on cost-effec-
tiveness comes from investigation of
insurance claims databases in which
some patients have already received
pharmacogenomic testing. For the assay
with the negative randomized trial de-
scribed earlier, this investigation found
that individuals receiving medications
indicated to be “less desirable”, based
on an algorithm incorporating multiple
variants, incurred greater past-year
health care costs®. Whether such high-
cost individuals represent an optimal
population for deploying precision med-
icine is an intriguing, but as yet untest-
ed, hypothesis.

A direct but unrandomized assessment
of cost-effectiveness comes from another
study of health claims data that compared
a cohort of 111 individuals who had re-
ceived a commercial test combining
CYP450 and pharmacodynamic variants
with a propensity-score matched cohort
who did not receive testing®>. While not a
substitute for randomization, this method
allows some control of confounding by
matching an unexposed (untested) group
as closely as possible to the tested group.
That study found, after matching and
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adjustment, that outpatient treatment
costs were 9.5% lower among tested
patients. It also identified improvement in
medication adherence among the tested
group. Still, like other reports of pharma-
cogenomic testing outcomes, the absence
of analysis by individual variant precludes
an understanding of the elements of the
assay most important for prediction.

CONCLUSIONS

Personalized medicine is already a
reality in the treatment of depression,
but precision medicine is not — that is,
while clinicians routinely attempt to
match treatments to patients, these strat-
egies are neither systematic nor empiri-
cally supported. Making the transition to
precision medicine will, first, require a
commitment to the systematic practice
of medicine: following algorithms or
guidelines, and measuring patient out-
comes to guide decision making. If phy-
sicians trained to rely on the art of
medicine cannot make this transition, it
is likely that nurse-clinicians and phar-
macists will make it for them. Second, it
will require a willingness to begin to
study and deploy risk stratification tools
that may not be perfect, but rather better
than the current standard of care. A fur-
ther benefit of these two steps will be an
acceleration of the ability to develop and
investigate new personalization strate-
gies, because it will become more straight-
forward to identify biomarkers and study
them in large clinical cohorts.

Evidence from effectiveness studies
and clinical cohorts indicate that many
patients remain poorly served by exist-
ing antidepressant treatments. Aiming
for more precise treatment matching
may help to ensure optimal outcomes
even while the field strives for better
treatment options.
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