
Received: 7 September 2017 Revised: 4 January 2018 Accepted: 10 February 2018

DOI: 10.1002/da.22742

R E S E A RCH ART I C L E

Pharmacogenetic testing among patients withmood
and anxiety disorders is associatedwith decreased utilization
and cost: A propensity-scorematched study

RoyH. PerlisMD,MSc1 RajeshMehta RPh,MS2 AlisonM. EdwardsMStat2

Arun TiwariMBA2 GuidoW. Imbens PhD3

1Center forQuantitativeHealth, Division of

Clinical Research,MassachusettsGeneral

Hospital andHarvardMedical School, Boston,

MA,USA

2Healthagen, NewYorkCity, NY, USA

3Graduate School of Business, StanfordUniver-

sity, Stanford, CA, USA

Correspondence

RoyH.Perlis, 185CambridgeStreet, 6th Floor,

Boston,MA02114,USA.

Email: rperlis@partners.org

Background:Naturalistic and small randomized trials have suggested that pharmacogenetic test-

ingmay improve treatment outcomes in depression, but its cost-effectiveness is not known. There

is growing enthusiasm for personalized medicine, relying on genetic variation as a contributor to

heterogeneity of treatment effects.We sought to examine the relationship between a commercial

pharmacogenetic test for psychotropic medications and 6-month cost of care and utilization in a

large commercial health plan.

Methods:We performed a propensity-score matched case-control analysis of longitudinal health

claimsdata froma largeUS insurer. Individualswith amoodor anxietydisorderdiagnosis (N=817)

who received genetic testing for pharmacokinetic and pharmacodynamic variationwerematched

to 2,745 individuals who did not receive such testing. Outcomes included number of outpatient

visits, inpatient hospitalizations, emergency room visits, and prescriptions, as well as associated

costs over 6months.

Results: On average, individuals who underwent testing experienced 40% fewer all-cause emer-

gency room visits (mean difference 0.13 visits; P < 0.0001) and 58% fewer inpatient all-cause

hospitalizations (mean difference 0.10 visits; P < 0.0001) than individuals in the control group.

The two groups did not differ significantly in number of psychotropic medications prescribed or

mood-disorder related hospitalizations. Overall 6-month costs were estimated to be $1,948 (SE

611) lower in the tested group.

Conclusions: Pharmacogenetic testing represents a promising strategy to reduce costs and uti-

lization among patients withmood and anxiety disorders.
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1 INTRODUCTION

Personalized medicine has become a major focus of modern medicine

in the United States of America and internationally, with a particular

emphasis on incorporating genetic variation to guide medication pre-

scribing (Institute ofMedicine of theNational Academies, 2010;Office

of the Press Secretary, 2015). The US FDA lists more than 100 drug

labels reflecting genetic variation, including multiple boxed warnings,

with most addressing variation in a set of genes coding for hepatic

cytochromeP450 (CYP450) enzymes known to influence drug levels in

vivo (Zhou, Liu, &Chowbay, 2009; Federal DrugAdministration, 2016).

This list includes27medications commonly used in psychiatric practice

to treat mood and anxiety disorders. Small cohort studies have sug-

gested that comprehensive assays integrating CYP450 variation with

pharmacodynamic variation may be associated with improved global

outcomes in depression or in psychiatric outpatients more generally

(Brennan et al., 2015).

On the other hand, the potential benefits of genetic testing in real-

world clinical practice have not been well characterized in psychia-

try. Consistent with analyses of claims data suggesting that CYP450

substrates are associated with greater overall health costs and hos-

pital readmissions (McCoy, Cagan, Roberson, Castro, & Perlis, 2017),
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a prior cost-effectiveness analysis using propensity-score matched

claims samples suggested that pharmacogenetic testing among psychi-

atric patients was associated with greater treatment adherence and

lower health costs over four months (Fagerness et al., 2014). In order

to better understand the impact of testing in psychiatric patients over

the longer term, we conducted a substantially larger propensity-score

matched case-control analysis drawn from a large commercial insurer,

incorporating additional matching variables tomimic as closely as pos-

sible a randomized controlled trial in a diverse national health network.

2 MATERIALS AND METHODS

2.1 Study design

The studyused apropensity-scorematched retrospective case-control

design in which cases were drawn from a registry of individuals who

had received a commercial pharmacogenetic test, the Genecept assay

(Genomind Inc.; King of Prussia, PA) between January 1st, 2012 and

December 31st, 2015. The control or treatment-as-usual (TAU) cohort

was drawn from insurance claims data of a commercial insurer, Aetna,

between January 1st, 2012 and December 31st, 2015. Eligible indi-

viduals were those aged 18 and older during this period drawn from

Aetna's commercially insured or Medicare population including phar-

macy benefits, and who were continuously enrolled for 12 months

with no break in coverage. In addition, controls were required to be

diagnosed with a mood or anxiety disorder (defined as per Supporting

Information Table 1) at least twice between July 1st, 2012 and June

30th, 2015, and to have received two or more medication treatment

trials as a further means of ensuring comparator patients were not

newly diagnosed with a mood disorder. In other words, requiring 2+
failed treatment trials in the control arm was intended to align them

more closely to tested cases with respect to disease progression and

treatment options, prior to further matching as described below.

Individuals forwhomdifferent utilization patternswere anticipated

based on prior analyses and reports outside of psychiatry, or for whom

pharmacy data were unavailable, were excluded a priori per proto-

col. This included individuals in a skilled nursing facility, assisted living,

or hospice facility; those enrolled in the Aetna Compassionate Care

Program for hospice; and those diagnosed with metastatic cancer or

dementia during or prior to the study period.

The case, or assay-guided treatment (AGT), group had received a

buccal-swab assay integrating variants in ten genes, of which three

code for pharmacokinetic variants (including CYP450 2D6, 2C19, and

3A4) and seven code for published pharmacodynamic variants (i.e.,

receptors, transporters, enzymes, and ion channels) related to com-

mon neurotransmitter systems. The net effects of these variants are

integrated using an algorithm based on published evidence to indi-

cate groups of treatment options (by class or drug) that may be

more or less appropriate. In addition to a written report describing

the joint effects of all tested variants, clinicians are encouraged, but

not required, to consult by telephone with a pharmacist or physi-

cian for additional interpretation. (While other commercial tests were

available during the study period, the data available only allowed us

F IGURE 1 CONSORT-like diagram of subject selection

to identify tests from one source.) Figure 1 illustrates the process

of cohort selection for the experimental (AGT) group, and the con-

trol (matching) group. Among 2,735 tested individuals matched to the

Aetna Data Warehouse, 2,219 met study inclusion and exclusion cri-

teria; of these, 1,639 had the necessary 6-month period of lead-in and

posttest data available.

As a retrospective analysis, the study was approved by the Aetna

Data Governance (internal) and the Sterling Institutional Review

Board (external). Informedconsentwasnot requiredasnocontactwith

human subjectswas involved, and subject identifierswere not released

byAetna. As thiswas not a clinical trial, it was not registered at clinical-

trials.gov, but the analytic portion of the approved protocol confirming

outcomemeasures is available upon request from the authors.

2.2 Derivation of baseline and outcome variables

Subject sociodemographic characteristics were extracted from Aetna

data, including age, sex, imputed household income based on zip code

(applying 2013 US Census bureau data available from the American

Community Survey (United States Census Bureau)), insurance type,

and funding source for insurance (self-insured versus employer-

insured). Baseline clinical characteristics were defined based upon the

6-month lead-in period, including major depression diagnosis, anxiety

disorder, or bipolar disorder (Table 1 and Supporting Information Table

2), with diagnoses categorized via ICD-9 codes. Presence of a validated

diagnosis of nonpsychiatric comorbiditywas identified using theAetna

Informatics Health Profile Database, used to identify Aetna members

with chronic diseases or medical conditions. The identification algo-

rithms are comprised of medical, pharmacy, and clinical laboratory

data from physician claims and encounters, specialist claims, phar-

macy, health care facilities, laboratories, and others (Hanchak, Hirsch,

Murray, Schlackman, & McDermott, 1996). Specific comorbidities

included gastritis or dyspepsia, hyperlipidemia, low back pain, chronic
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TABLE 1 Summary comparison of key baseline sociodemographic and clinical features of tested individuals with full patient cohort, and with
propensity-scorematched cohort

Matched groups

Baseline subject
characteristics

Matched
control group Tested group P-value† Norm. diff.

Fixed
match

N 2745 817

Baseline
characteristics

Age, mean (SD) 39.1(7.6) 40.7(13.3) 0.002 0.115

Gender (Female) 65.10% 65.10% 1.000 0.007 Y

Median Household Income,
median (Q1-Q3)

$84,029
($64,704–$106,724)

$82,265
($63,354
–$4104,544)

0.310 0.163

Geography: Region (Rural
versus Urban)

20.30% 22.50% 0.273 0.054

Insurance type (Group,
versus Individual)

23.50% 23.50% 1.000 0 Y

Clinical
Characteristics

Primary diagnosis (ICD9) 1 Y

Major Depressive Disorder 60.22% 60.22%

Anxiety Disorder* 24.97% 24.97%

Bipolar Disorder 14.81% 14.81%

Any anxiety diagnosis 53.49% 53.49% 1 0 Y

Any substance use
diagnosis

0.98% 0.98% 1 0 Y

Treatment Trials, median
(Q1-Q3)

2.0(1.0–4.0) 3.0(2.0–4.0) <0.0001 0.208

Augment Therapy Trials,
median (Q1-Q3)

0.0(0.0–1.0) 0.0(0.0–1.0) <0.0001 0.286

All-causeOutpatient visits,
mean (SD) [min-max]

2.64(2.99)[0.0–162.0] 2.54(4.9)[0.0–82.0] 0.380 0.013

All-cause ER visits, mean
(SD) [min-max]

0.64(0.84)[0.0–32.0] 0.42(1.51)[0.0–28.0] <0.0001 0.171

All-cause Inpatient visits,
mean (SD) [min-max]

0.31(0.52)[0.0–14.0] 0.18(0.71)[0.0–6.0] 0.0001 0.186

Medical comorbidity

Hyperlipidemia 19.37% 21.18% 0.360 0.042

LowBack Pain 19.74% 20.20% 0.820 0.012

Hypertension 13.94% 15.79% 0.294 0.046

Migraine andOther
Headaches

13.32% 13.46% 0.930 0.004

DiabetesMellitus 5.92% 6.00% 0.940 0.003

Anymental health visit 53.49% 53.49% 1.000 0 Y

Baseline cost 6months baseline paid
claims

0.084 0.052

thyroid disease, allergy, hypertension, migraine or other headache, or

diabetes mellitus (Hanchak et al., 1996). In addition, baseline utiliza-

tion was measured in terms of inpatient hospitalizations, outpatient

visits, emergency room visits, and medication prescriptions. Psychi-

atric utilization was measured in terms of psychotropic medication

prescriptions (Supporting Information Table 2) as well as emergency

department visits and inpatient hospitalizationswith a primary psychi-

atric diagnostic code. The 6-month lead-in and outcome periods were

selected a priori to maximize follow-up while maintaining adequate

sample size to allow application of propensity scorematching.

2.3 Propensity-scorematching

One of the most common methods to adjust for baseline characteris-

tics in observational studies is to match on the probability of receiv-

ing the treatment conditional on the characteristics. In settings with

many baseline characteristics, propensity score matching is feasible

when matching on all baseline characteristics directly is not feasible;

comparing treated and control individuals with the same values for the

propensity score removes the biases associated with all baseline char-

acteristics. Here, we match exactly on a subset of the baseline char-

acteristics (summarized below), and include others in the propensity
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score. We then assess the balance by calculating normalized differ-

ences in baseline characteristics in the matched sample, calculated as

the difference in means scaled by their standard deviation (Imbens &

Rubin, 2015).

As advised by standard statistical texts, propensity score develop-

ment proceeded iteratively considering different combinations of vari-

ables and matching conditions, while remaining blinded to outcome

data (Imbens & Rubin, 2015). The aim was to estimate the proba-

bility of being in the study group (i.e., receiving assay-guided treat-

ment) based upon baseline sociodemographic and clinical features,

using logistic regression. Models included age, household income, cov-

erage type, geography (urban vs. rural setting), baseline utilization, and

individual baseline comorbidity. Models also included specific features

of psychiatric treatment, including presence or absence of augmenta-

tion (i.e., addition of a non-antidepressant), number of pharmacologic

trials, and days since last fill during the baseline period. For each can-

didate propensity score, normalized difference between experimental

and control group (i.e., inmeans for continuousmeasures, or frequency

for categorical ones) were compared for each variable. Per protocol,

optimal propensity scores were also examined in terms of real prior-6-

month all-in health care cost, although such costs were not released by

the insurer for publication.

Following estimation of the optimal propensity score, each tested

individual (case) was matched to up to four unique individuals from

the control cohort. In particular, controls were required to match

exactly on the following fixedmatching criteria: gender; insurance type

(employer or self-pay); presence or absence of an anxiety disorder;

presence or absence of a substance use disorder; primary diagnosis of

depression, bipolar disorder, or anxiety (Table 1 and Supporting Infor-

mation Table 1); receipt of at least one visit in the prior 6 months for

a mental health-related service, month of index visit, and log odds of

propensity score ±1. More precisely, first we ordered the control indi-

viduals in terms of a decreasing propensity score. Then for the first

tested individual,we selected the control individuals closest in termsof

the propensity score, who were matched exactly in terms of the fixed

features already noted.

2.4 Outcomes and analysis

Primary protocol-specified utilization outcomes during the 6-month

follow-up period included count of emergency room visits, count of

inpatient visits (overall, mood-disorder-related, and excluding mood-

disorder-related), outpatient visits, and change in count of psy-

chotropic drug prescriptions.

For each of these, we examined simple difference in average out-

come (i.e., comparison in means) between matched case and control

groups. To examine the robustness of these effects, we also applied

negative binomial or zero-inflated negative binomial regression, as

appropriate, adjusting for baseline sociodemographic and clinical

features. For change in number of psychotropic medications, multiple

linear regression was used. For ease of interpretability, all results

are presented first in terms of simple two-group comparisons, then

model-based (adjusted) results.

For each element of utilization, cost was estimated using the

median 2012 cost from the Agency for Healthcare Research and

Quality Healthcare Cost and Utilization Project in order to account

for variation by region, and maximize generalizability. (For outpatient

visits, median cost was drawn from a 2008 Agency for Healthcare

Research and Quality brief, with values adjusted for annual average

inflation of 3.4% for 2008–12; Agency for Healthcare Research And

Quality, 2008). All costs were summed to yield overall health care cost

during the 6-month follow-up period. Test costs were excluded as the

goal was to understand under what circumstances (i.e., testing cost)

such testing will be cost effective.

In addition to simple two-group comparisons, cost analyses utilized

generalized linear models with gamma distribution (log link) or two-

part models with logistic regression followed by log-linear model with

gamma distribution, as appropriate for the observed distribution. For

two-group comparisons, P-values used nonparametric (Wilcoxon rank-

based) test; in all cases, P-values were also significant for parametric

(t-test) analysis.

All analyses utilized SAS version 9.4 and SAS Enterprise Guide ver-

sion 6.1 (SAS Institute; Cary, NC).

3 RESULTS

A total of 817 individuals out of 1,639 receiving AGT could be

propensity-score matched to control individuals, based on the exact

matching requirements already noted, yielding a control cohort of

2,745 individuals (Figure 1 and Table 1). Characteristics of the two

matched groups at baseline, along with normalized mean differences,

are described in Table 1. For comparison, Supporting Information

Table 2 also contrasts tested individuals with the full control cohort

(n = 904,927). As expected, the case and control groups were

substantially more similar after matching, with modest remaining

differences.

Matched individuals were first compared on measures of 6-month

utilization (Table 2). In bivariate comparisons as well as model-based

analyses, the AGT group had significantly fewer emergency room vis-

its and inpatient hospitalizations than the controls. Among thesehospi-

talizations, a moremarked differencewas observed for nonpsychiatric

hospitalizations. (In a post hoc analysis, psychiatric emergency room

visits were∼2.5×more common among untested individuals inmodel-

based analysis; P = 0.0002). Outpatient visits were significantly less

in the AGT group in model-based comparisons, but not in unadjusted

bivariate tests. The two groups did not differ significantly in length of

hospital stay or change in total number of psychotropic prescriptions.

Next, costs were imputed for individual categories of utilization as

well as for overall 6-month utilization. These results are presented

in Table 3, including model-based analyses (Table 3, right) and unad-

justed bivariate comparisons (Table 3, left, and Figure 2). Overall costs

were $1,229 (SE 227) less in the AGT group in unadjusted compar-

isons, and $1,948 (SE 611) less in fully adjusted models. (These costs

do not include cost of the test, estimated to be $750 for contracted

health plans.) Post hoc diagnostics examining the fully adjusted model
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TABLE 2 Measures of health care utilization among tested individuals and propensity-scorematched controls in 6months of follow-up

Tested group
Matched
control group

Mean SE Mean SE
Unadjusted
difference SE t-value P-value

Model
estimate SE

%
difference

Emergency RoomVisits 0.19 0.02 0.33 0.02 0.13 0.03 4.10 <0.0001 0.14 0.02 40.4%

Inpatient hospitalization 0.07 0.01 0.17 0.01 0.10 0.02 4.78 <0.0001 0.17 0.04 57.9%

Inpatient
hospitalization–non-mood
disorder

0.05 0.01 0.14 0.01 0.09 0.01 5.40 <0.0001 0.14 0.02 65.5%

Inpatient
hospitalization–mood
disorder

0.03 0.01 0.03 0.00 0.01 0.01 2.04 0.04 0.01 0.00 22.8%

Outpatient Visits 1.29 0.09 1.47 0.06 0.19 0.10 3.64 0.0003 0.23 0.03 12.9%

Length of stay 8.11 1.14 9.14 0.67 1.04 1.21 0.20 0.84 1.16 0.78 11.4%

Change in number of
psychotropic drug
prescriptions

0.05 0.08 0.05 0.04 0.00 0.07 -1.09 0.28 0.00 0.03 8.0%

TABLE 3 Estimated health care costs among tested individuals and propensity-scorematched controls in 6months of follow-up

Tested group
Matched control
group

Mean SE Mean SE
Mean
difference SE t-value

P-value
(t-test)

P-value
(Wilcoxon)

Model
estimate SE

Emergency RoomVisit
Cost

$871 96 $1,521 94 $650 134 4.85 <0.0001 <0.0001 $599 $66

Inpatient Visit Cost $443 86 $947 68 $505 103 4.6 <0.0001 <0.0001 $556 $23

Outpatient Visit Cost $447 32 $474 18 $27 31 0.72 0.4724 0.2179 $36 $5

Pharmacy Cost $378 78 $417 90 $39 123 0.32 0.7456 0.0135 $97 $54

Total Cost $1,895 169 $3,123 158 $1,229 227 5.32 <0.0001 <0.0001 $1,948 $611

SE, standard error

F IGURE 2 Illustration of mean cost among tested individuals and
propensity-scorematched controls in 6months of follow-up

suggested outlier effects (see Supporting Information Figure 1); fol-

lowing Winsorization at the 99th percentile for cost, to minimize the

impact of outliers, cost difference in the unadjusted model was $1047

(SE $161) and in the fully adjusted models $1498 (SE 82) less for the

AGT group. The observed differences were largely the result of lesser

6-month emergency room costs ($650, SE 134) and inpatient costs

($505, SE 102) for the AGT group.

4 DISCUSSION

In this case-control analysis of commercial insurance claims for 817

individuals with a mood or anxiety disorder who received assay-

guided treatment, and 2,745 propensity-score matched individuals

with the same diagnoses receiving standard-of-care treatment, testing

was associated with significantly less utilization of emergency rooms

and inpatient visits over the subsequent 6-month period. These dif-

ferences translated to a significant difference in overall health care

costs. Results were consistent in unadjusted bivariate comparisons of

propensity-score matched individuals, and in fully adjusted regression

models.

To our knowledge, these results represent one of the first demon-

strations in a large patient cohort of clinically meaningful savings

associated with a pharmacogenetic test; prior cost-effectiveness

simulations had suggested potential benefit for single-locus phar-

macodynamic assays in some circumstances (Perlis, Patrick, Smoller,

& Wang, 2009; Olgiati, Bajo, Bigelli, De Ronchi, & Serretti, 2012).

They are also consistent with a prior propensity-score matched

cost-effectiveness analysis in 333 patients using the same assay

investigated here, which found that outpatient costs in the 4 months

following testing were 9.5% less than those among patients with TAU

(Fagerness et al., 2014). The present study extends these results to
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a large and generalizable national health care network, using more

specific matching that accounts for baseline health care cost, and

yieldingmore precise estimates of utilization and cost.

A recent analysis of health care costs associated with CYP450 sub-

strate prescription in the state of Massachusetts suggested a poten-

tial mechanism that may contribute at least in part to this benefit

(McCoy et al., 2017). That study found that CYP450 substrate medi-

cations are associated with $397/month increase in health care costs

and (in two cohorts) a 10–13% increase in odds of 90-day hospi-

tal readmission (McCoy et al., 2017). Similarly, a small study among

antidepressant-treated patients undergoing pharmacogenomic test-

ing specifically indicated greater utilization (in terms of number of vis-

its) among individuals with possible gene–drug interactions (Winner,

Allen, Altar, & Spahic-Mihajlovic, 2013).

A key feature of the present study is generalizability: by utilizing

broad inclusion criteria and robust propensity score based matching,

these estimates should be widely applicable to US populations, i.e.,

should have great external validity relative to standard randomized tri-

als (Steckler & McLeroy, 2008). In addition, the availability of compre-

hensive utilization data allows confidence that all costs are reflected

in these analyses, minimizing the bias associated with other forms of

data such as electronic health records where data may not be missing

at random.

Still, we note multiple limitations that bear on interpretation of our

results. First, only a double-blind, randomized trial allows truly unbi-

ased estimates of efficacy. Here, the use of propensity score match-

ing does diminish, but cannot guarantee elimination of, bias. In general,

we would anticipate that noise introduced by baseline differences not

captured in the propensity score would bias these results toward the

null hypothesis. For example, if physicians who order the test are sim-

ply more aggressive or conscientious, we might expect a greater num-

ber of outpatient visits and pharmacy utilization in the tested group.

Likewise, if testing reflects greater underlying illness severity, typi-

cally not well captured in health claims data, we would expect greater

rather than lesser utilization among tested patients (Perlis et al., 2012).

In particular, if selecting control individuals at any point in treatment

(rather than at time of treatment change) biased us towards a more

severely ill case population,wewould expect to see greater cost among

tested rather than untested patients. On the other hand, it is possible

that clinicians order the test for less ill patients, while there is no evi-

dence that this is the case based on cost prior to testing, if it were not

addressed by propensity score matching this could falsely inflate the

observed benefit.

Second, the present study does not allow direct measurement of

clinical efficacy and quality of life using standardized instruments or

scales, another potential source of confounding. Still, the nature of

the intervention (a pharmacogenetic test, rather than a medication

or device) and the improvement in measures that reflect adverse

outcomes, such as emergency room visits, make it unlikely that the

observed savings are obtained through diminished quality such as sim-

ply withholding treatment. If anything, decreasing intensity of care in

a manner that reduces quality would be expected to increase utiliza-

tion of emergency rooms and hospitalization. Although we controlled

for geography, plan type, and clinical setting, provider-level data were

not available and these variables might explain additional variance in

outcomes. However, testing was not restricted to any particular con-

tract type or group of clinicians. If ordering clinicians are more skilled

or ‘better’ in some way, it is hard to envision why this would be the

case only after ordering a test. Finally, the nature of clinical data neces-

sitates numerous assumptions about variable distribution for statisti-

cal analysis. Here, the consistency of results between simple bivariate

tests and regression models in sensitivity analysis suggests that these

findings are robust to common assumptions.

Finally, we cannot distinguish test-specific effects from expectancy

or placebo-like effects: tested individuals would be likely to anticipate

benefit of test-guided treatment. Prior work suggested that pharma-

cogenetic testing with this assay increased adherence, but the present

data did not allow us to examine the extent to which benefits may be

mediated by improved adherence (McCoy et al., 2017). On the other

hand, the reduction of ‘hard’ utilization outcomes, rather than, for

example, clinician-assessed severity, suggests that placebo effects or

improvement in adherencewould need tobe substantial. Todate, there

are no true double-blind trials of pharmacogenetic tests that blind clin-

ician, patient, and evaluator; such trials pose substantial logistic and

ethical constraints that merit further consideration and methodologic

innovation.

5 CONCLUSION

Taken together, these results add to a growing body of evidence that

pharmacogenetic testing as a guide to psychiatric prescribing is associ-

ated with a longer-term reduction in health care utilization and costs.

Additional study will be useful in further defining the optimal appli-

cation of such testing in clinical practice, and the impact of testing on

quality as well as quantity of care.
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