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A B S T R A C T
Background: This study applies attribute nonattendance to medical
decision making. We aimed to demonstrate how this type of analysis
can be used in medical decision making to assess whether psychiatrists
were influenced in their treatment recommendations by information
on the genotype of a patient, despite knowing the patient’s response to
treatment as measured by the Positive and Negative Syndrome Scale.
A patient’s genetic information may be used to predict their response
to therapy; such information, however, becomes redundant, and
should not influence decisions, once a clinician knows the patient’s
actual response to treatment. Methods: Sixty-seven psychiatrists were
presented with patients’ pre- or post-treatment scores on the Positive
and Negative Syndrome Scale for two hypothetical treatments for
schizophrenia. Psychiatrists were also informed whether the patient
possessed a genotype linked to hyper-responsiveness to one of the
treatments, and were asked to recommend one of these two
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treatments. Attribute nonattendance assessed whether the informa-
tion on genotype influenced psychiatrists’ treatment recommenda-
tions. Results: Years of experience predicted whether psychiatrists
were influenced by the genetic information. Psychiatrists with 1 year
or less of experience had a 46% probability of considering genetic
information, whereas psychiatrists with at least 15 years of experience
had a lower probability (7%). Conclusions: Psychiatrists and other
clinicians should be cautious about allowing a patient’s genetic
information to carry unnecessary weight in their clinical decision
making.
Keywords: attribute nonattendance, discrete choice, medical decision
making.
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Introduction

Clinicians are becoming increasingly aware of how a patient’s
genotype can influence their response to treatment [1]. Tailoring
treatments according to this anticipated response is known as
stratified, or personalized, medicine [2]. In psychiatry, some
genetic profiles in the population are associated with an
increased risk of schizophrenia. Furthermore, some genetic
profiles signal higher potential benefits of particular antipsy-
chotic treatments [3,4], suggesting that for some patients psychi-
atric treatments could, in the future, be tailored to their genetic
profile. Nevertheless, whether or how information about a
patient’s genetic profile influences psychiatrists’ treatment rec-
ommendations is still unclear.

Genetic information may indicate the potential benefits that
a patient could receive from a treatment but is redundant when
the patient’s actual response to a treatment is known. Thus, in
certain circumstances, genetic information about a patient
could bias the psychiatrist’s clinical decision making. In partic-
ular, clinicians may view treatment outcomes differently when
they are aware that the patient possesses a genotype that is
indicative of hyper-responsiveness to a treatment. Conse-
quently, when aware of a patient’s genetic profile, a clinician
may be less or more likely to recommend or continue a treat-
ment even though the treatment may have been shown
to be effective in the patient’s pre- or post-treatment scores on
a given symptom report scale. The potential for genetic
information to bias clinical decision making in respect of a
patient’s treatment is known as pharmacogenetic exceptionalism
[5]; this may result in an inefficient allocation of resources
for public health. This article explores the topic by using a
choice-format conjoint analysis (referred to as a discrete-choice
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experiment [DCE]) administered to psychiatrists in Northern
Ireland.

In the practice of DCEs, respondents are presented with a
sequence of choices for alternative options and are asked to
select the one they prefer, with each alternative being described
by different attributes and attribute levels [6–9]. A recent review
showed a substantial increase in the application of DCEs in
health economics and medical decision making and a desire to
incorporate patients’ and doctors’ preferences in the study of
effectiveness of treatments [10]. Indeed, the Food and Drug
Administration recently stated that new cancer treatments must
first assess patient preferences before becoming widely available
to all patients [11]. The conventional underlying assumption of
DCEs is that when choosing between alternatives, respondents
rationally consider all the attributes presented and select the
alternative that maximizes their utility. Nevertheless, research
has seen an increasing focus on decision-making heuristics [12–
14]. One particular type of heuristic widely explored by choice
modelers in transportation [15–17] and environmental economics
[18–20] is attribute nonattendance (ANA). In ANA, respondents
may ignore one or more attributes that they believe are not
relevant so as to simplify the process of choosing the best
alternative [21]. The importance of ANA in modeling respond-
ents’ choices and preferences has been highlighted by its influ-
ence on both coefficient estimations and welfare analysis [17,22].
Recently, ANA has also been extended to health economics
[14,23] in which researchers warn that not accounting for ANA
may lead to biased health policies [24]. Within the context of
medical decision-making research, however, ANA has not been
widely used to assess which attributes (if any) are nonattended
[23]. Researchers consider ANA a nonrational heuristic that
should be included in the analysis to avoid bias, but should not
be included if respondents acted rationally, as assumed by the
framework in which DCE operates. This study departs somewhat
from this perspective, because ANA is considered the correct
heuristic that a clinician should apply because the patient’s
response to treatment is already known, making the patient’s
genotype information redundant.

This article’s contribution to the literature is twofold. From a
methodological viewpoint, ANA is applied in a new, present, and
highly relevant context—stratified medicine—tackling the issues
of coherence of information assessment in the psychiatrist’s
treatment selection. The novel methodological aspect here is
the use of ANA to improve the understanding of the extent to
which medical decision making incorporates irrelevant informa-
tion. From a clinical perspective, the article aims to contribute to
the topical issue of whether genotype information influences the
treatment recommendations of psychiatrists when a patient’s
treatment response (in terms of symptom improvement) is
already known to the psychiatrist.
Analytic Framework

The analysis of a DCE is based on the random utility max-
imization theory [25,26] in which the underlying assumption is
that individuals select the alternative that offers them the high-
est utility. In this context, it is possible to denote with i the
treatment that psychiatrist n recommended when considering
the vignette t. The utility function that psychiatrists maximize
when recommending a treatment can be described by character-
izing each vignette using a vector of attributes (X) and a vector of
parameters (β) to be estimated as follows:

Unit¼β0Xnitþεnit, ð1Þ
where ε represents the part of the utility function that the
researcher cannot observe and is assumed to be an independent
and identically Gumbel-distributed error term. With these defi-
nitions and assumptions, it is possible to mathematically specify
the choice probability for each psychiatrist n selecting treatments
i over j alternatives in the vignette t as a multinomial logit (MNL)
selection probability [26,27]:

PrðnitÞ¼ exp β0Xnitð ÞPJ
j¼1 exp β0 Xnjt

� � : ð2Þ

This model is estimated as a benchmark and is the simplest
starting point for behavioral analysis. Notwithstanding the
importance and practicality of the MNL model results, the MNL
has several restrictive assumptions. For example, preferences are
homogeneous across respondents and choices are independent
from irrelevant alternatives. These assumptions are often con-
sidered unrealistic and are likely to bias the results [28]. The
mixed logit (MXL) model relaxes the restrictive assumptions
underlying the MNL model and accommodates for the possibility
that respondents may have different preferences [29]. Further-
more, the model fit to observed data is typically improved when
estimating MXL models [30]. The models derived within the
general framework of the MXL allow for taste parameters β to
vary across respondents and to account for the fact that in the
DCE, each respondent is observed across a series of T vignettes
and can therefore be represented as a balanced longitudinal
panel of responses on experimentally designed choice tasks
(vignettes). If the value of β was known for each of the nth
respondents, the probability of a sequence of choices would be
given by Equation 3:

Pr yTnjβ,Xnit
� �¼ ∏

T

t¼1

expðβ0XnitÞPJ
j¼1 expðβ0XnjtÞ

ð3Þ

Because it is impossible to know the value of β with certainty
for each respondent, heterogeneity of preferences is estimated by
allowing for random variation in β across respondents [7,31]. To
address the research question, it is essential to understand
whether psychiatrists are influenced by information about a
patient’s genotype in making their treatment recommendations.
Therefore, we were interested in modeling ANA in this context
while addressing preference heterogeneity. In this article, ANA
was analyzed by means of behavioral latent class (LC) models,
which are semiparametric variants of the MNL model. In LC
models, it is assumed that each individual respondent can be
implicitly sorted into a set of C behaviorally defined classes
associated with certain estimated probabilities, with each class
characterized by a unique class-specific pattern of ANA
embedded in the utility parameters, βc. With membership to
class c, the probability of respondent n’s sequences of choices yTn
over T choice occasions is as follows:

Pr yTnjβc,xnit
� �¼ ∏

Tn

t¼1

½exp ðβ0
c �XnitÞPJ

j¼1½exp ðβc'� XnjtÞ
: ð4Þ

Considering that the membership probabilities π for each
behavioral LC c are also defined according to an MNL process,
we have

πc¼
expðαcþγ

0
cznÞPC

c¼1 expðαcþγ0
cznÞ

, ð5Þ

where zn is a vector of covariates characterizing respondent n, γc
is a vector of associated parameters subject to estimation, and αc
is a class-specific constant. In the estimation of LC models, for
identification purposes, only C � 1 set of coefficients can be
independently identified (e.g., for one arbitrary class c, the vector
oαc : γc ¼ 0 4).
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The probability of a sequence of choices is:

Pr yTnjXnit
� �¼ XC

c¼1

πc ∏
T

t¼1

exp β0xnitð ÞPJ
j¼1 exp β0xnjt

� �
 !

: ð6Þ

The primary hypothesis of this article was that genotype
information might influence some doctors even though this
information is redundant. Therefore, this study first focused
on a relatively reduced model specification in which
ANA affects only one attribute (genotype information). This
resulted in a model with only two classes (we ignored ANA on
attributes other than genotype information). Given the
importance of heterogeneity, the final model accommodated
for random variation of preferences across respondents by
incorporating a random-parameters logit (RPL) model within
each class. The final model estimated was represented as
follows:

Pr yTnjXnit
� �¼ Z π ∏

T

t¼1

expðANAβ0xnitÞPJ
j¼1 expðANAβ0xnjtÞ

 

þð1�πÞ ∏
T

t¼1

expðβ0xnitÞPJ
j¼1 expðβ0xnjtÞ

!
f ðβÞdβ, ð7Þ

where ðANAβ0xÞ denotes the indirect utility of the vignette for
those doctors who ignored the information on genotype,
whereas those who attended to this information have an
indirect utility of β0x. The probability of nonattending to the
information on genotype is represented by π (see Equation 5).

Our second hypothesis was that doctors use other strategies
to simplify the decision-making process (because doctors often
have to make many decisions very quickly, they might use ANA
to simplify their task). Therefore, we extended our behavioral
investigation to explore the entire combination of ANA specifi-
cations. The combination of ANA behavior across the four
attributes, each of which can be attended to or ignored, generated
24 ¼ 16 behavioral classes (Equation 6). The models were
estimated using BIOGEME 2.2 (Michel Bierlaire, Switzerland) [32].
Fig. 1 – Example vignette. Each treatment showed the full range
pre- and post-treatment scores. Vignettes indicated for which tr
Respondents were asked to state which treatment they would b
available. PANSS, Positive and Negative Syndrome Scale.
Methods

Participants

The sample comprised 67 practicing psychiatrists recruited in
Northern Ireland. Respondents were tested during single-session
continuous professional development meetings in three hospital
trusts. Participants provided their demographic information,
whether they had completed their specialist training, and, if so,
the number of years of experience in clinical practice and their
subspecialty. More than half (59%) were male. Most (64%) had
completed their specialist training. The average years of clinical
experience in their specialty was 10 years (SD 7.19 years). Ethical
permission was granted from the Queens University Belfast
Ethics Committee. Each participant also provided informed con-
sent before completing the study.

Vignette Design

Twenty-six vignettes were developed to assess the effect of each
attribute on psychiatrists’ treatment recommendations for
patients with schizophrenia (Fig. 1). Each vignette provided a
hypothetical patient’s pre- and post-treatment symptom scores
on the positive subscale of the Positive and Negative Syndrome
Scale (PANSS) for two treatments. The positive subscale of the
PANSS consists of seven symptom report items, each rated on a
7-point scale, ranging from “absent” (numerical value ¼ 1) to
“extreme” (numerical value ¼ 7). The scores are summed across
the seven items to generate a total positive subscale score,
ranging from 7 to 49, with higher scores indicative of more
extreme symptoms [33]. All vignettes presented a pretreatment
score of 42, indicating severe positive symptoms of schizophrenia
before treatment [33]. Across the vignettes, the pre- and post-
treatment change scores ranged from 3 to 26 points.

Each vignette also identified whether the patient had a genetic
biomarker for one of the treatments: participants were told that
the genetic biomarker was associated with a 30% increase in the
effectiveness of the corresponding treatment. The biomarker was
of scores on the PANSS with arrows showing the patient’s
eatment the patient had a hyper-responsiveness genotype.
e willing to recommend on the basis of the information
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present for only one of the two treatments in each vignette. The
vignettes also identified two side effects associated with each
treatment. One side effect referred to the number of acute
treatment days spent in hospital, ranging from 17 to 45 days.
The second side effect referred to the likelihood of a 10-kg weight
gain over the next 6 months, ranging from 30% to 70%, a common
side effect associated with antipsychotic treatment [34–36]. The
attributes and levels were based on discussions with two practic-
ing psychiatrists to ensure that the attributes and levels fell
within a realistic range that might be experienced in clinical
practice. On the basis of the information provided in the
vignettes, psychiatrists were asked which treatment they would
recommend.
Results

Because we were interested in understanding psychiatrists’
preferences for different characteristics of treatments when
making a recommendation, we started by modeling their choices
by adopting an MNL model and an RPL model to account for
heterogeneity in preferences. In both models (Table 1), psychia-
trists were significantly more likely to recommend treatments
associated with higher post-treatment benefits. As expected,
psychiatrists were also significantly less likely to recommend
treatments that were associated with more days spent in hospital
or a higher likelihood of a 10-kg weight gain. Interestingly,
psychiatrists were less likely to recommend treatments for which
the patient had a hyper-responsiveness genotype.
Genotype and Its Influence on Psychiatrists’
Treatment Recommendations

To test the primary hypothesis related to psychiatrists’ attending
to the irrelevant information about the patient’s genotype, a
constrained LC model to control for ANA on only the genotype
attribute (as described in Equations 5 and 7) was estimated. This
Table 1 – Model estimations for MNL, RPL, and RPL-ANA

Variable MNL m

Estim

Change score 0.30
σ change score

Genotype —0.1
σ genotype

Days —0.0
σ days

Weight gain —0.0
σ weight gain

% of psychiatrists who considered patient’s genotype

% of psychiatrists who did not consider patient’s genotype

Variation in ANA genotype info per year of experience

Log likelihood

Parameters

MNL, multinomial logit; RPL, random-parameters logit; RPL-ANA, random
* P o 0.01.
† P o 0.05.
provided an estimated probability that psychiatrists systemati-
cally ignore the information about the patient’s genotype. The
results of this analysis are reported in the last two columns of
Table 1 and suggest that the genotype information did not
significantly influence most of the psychiatrists’ treatment rec-
ommendations. Indeed, across the entire sample of psychiatrists,
there was an 84% probability that psychiatrists did not consider
the information on patient genotype. Nonetheless, there was a
small probability (�16%) that psychiatrists attended to the infor-
mation. Although this probability is small, it implies that, in
some instances, psychiatrists considered the genotype informa-
tion to be important even though the patient’s treatment
response on the PANSS was already known to them.

To better characterize psychiatrists who were associated with
a positive probability of considering a patient’s genotype infor-
mation when selecting their preferred treatment, we tested the
significance of various covariates likely to act as determinants of
class membership probability (Equation 6) and found that the
number of years of clinical experience was the only significant
covariate. Specifically, we found that more experienced psychia-
trists were less likely to consider the information on genotype
when selecting the treatment to recommend to the patients in
the vignette. To be able to expand our discussion on the practical
implication of this finding, we simulated posterior probabilities
(on the basis of the sequence of choices made by each physician)
of being associated with one class or another conditionally to the
number of years of experience. The result, as presented in
Figure 2, suggests that psychiatrists with less than 1 year of
experience had a probability close to 50% of attending to and
incorporating the genotype information in their treatment rec-
ommendations. Conversely, psychiatrists with more than 15
years of experience were not likely (with a membership proba-
bility close to 0) to consider the genotype information in their
recommendations. To conclude the exploration of ANA
in our data set, it is possible to use the same model with
additional classes. More precisely, the full model requires
creation of 16 separate classes to account for all possible patterns
of ANA. Estimates from this model (not included in the article but
models.

odel RPL model RPL-ANA model

ate SE Estimate SE Estimate SE

* 0.02 0.44* 0.04 0.44* 0.04
0.19* 0.03 0.20* 0.03

7† 0.09 �0.25 0.17 �2.02* 0.36
1.02* 017 0.16 0.91

8* 0.01 �0.11* 0.01 �0.11* 0.01
0.04* 0.02 0.04* 0.02

8* 0.01 �0.11* 0.01 �0.10* 0.01
0.04* 0.01 0.05* 0.01

15.6%

84.4%

0.17* 0.06

�594.69 �533.07 �532.63

4 8 9

-parameters logit attribute nonattendance; SE, standard error.



Fig. 2 – Psychiatrists’ years of experience plotted against the
probability of attending to the patient’s genotype
information. More experienced psychiatrists were less likely
to attend to the genetic information of the patient.
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available on request) suggest that only three classes have a
membership probability significantly different from 0: full
attendance (with a membership probability of 21.6%), nonattend-
ance to genotype (60.5%), and nonattendance to both genotype
and weight gain (with the lowest probability o10% and statisti-
cally insignificant). The membership probability of the last
class, however, is reduced to almost 0 when the specification
accounts for preference heterogeneity as in our model
(RPL-ANA model) in Table 1. This makes the ANA specification
proposed in Table 1 the most suitable to model the data from
this study.
Discussion

This study investigated whether psychiatrists’ treatment deci-
sions are influenced by information about a patient’s genotype
even when they already know the patient’s actual response to
treatment. We provided psychiatrists with pre- and post-
treatment patient outcomes, which identify a treatment’s effec-
tiveness, and information about the patients’ genotype. Our
premise was that the presence of a hyper-responsive genotype
should not have influenced the treatments recommended by
psychiatrists. Results suggested that most psychiatrists, but not
all, were not influenced by the irrelevant genetic information
about the patient. Years of clinical experience strongly deter-
mined whether psychiatrists incorporated the genetic informa-
tion into their recommendations. Psychiatrists with 1 year or less
of clinical experience had a 46% probability of responding to the
genetic information. Psychiatrists with at least 15 years of
experience had a 7% probability of incorporating the same
genetic information.

Why were inexperienced psychiatrists more likely to be
influenced by irrelevant genetic information about a patient?
One possibility is that the prescribing behaviors of psychiatrists
have undergone a gradual change over time, creating genera-
tional differences in their recommendations [37]. Another possi-
bility is that, unlike more experienced practitioners, novice
practitioners have been exposed to new discoveries in genetics
and the potential value of patient genotype information as part of
their medical training. Modern medical training has incorporated
recent advances in genetics that were not known during the
training of more experienced practitioners [38]. Nevertheless,
present medical training may not provide adequate guidance
on when genetic information about a patient should be used and
how it should be incorporated into clinical recommendations and
prescriptions. For instance, in 2010, only 56% of a sample of 217
chief psychiatrists in psychiatric residency programs in the
United States reported receiving training on genetics during their
residency, and those who did received no more than 3 hours of
training [39]. Thus, although novice psychiatrists may receive
training on psychiatric genomics, directing their attention to its
relevance in clinical practice, they may not receive sufficient
training on the appropriate use of such patient information. We
tentatively recommend that researchers and policymakers inves-
tigate more closely present education practices in terms of
psychiatric genomics.

Our findings resonate with recent discoveries that clinicians’
treatment recommendations can be influenced by subjective
factors about a patient. For example, researchers have found that
clinicians are less likely to recommend amniocentesis—an inva-
sive prenatal test for genetic and chromosomal abnormalities—
when pregnancies were conceived by assisted reproductive tech-
nologies than when they were conceived spontaneously, even
though the method of conception is irrelevant to the possibility of
genetic or chromosomal abnormalities [40]. Our present findings
reveal that genetic information about a patient may also influ-
ence psychiatrists’ treatment recommendations even when a
patient’s actual response to treatment is known, although this
is less likely among experienced psychiatrists.

Our study has some limitations. We focused on the treatment
recommendations of practicing psychiatrists. Further research is
essential to assess how clinicians in other medical domains may
be inappropriately influenced by genetic information in their
medical decision making. In addition, we presented psychiatrists
with hypothetical patient outcomes for hypothetical treatments
rather than use actual patient outcomes for real treatments. We
did so to control for potential redundancies between attributes
and to allow a broad range of attribute levels. Studies have
validated the use of vignettes to study individual preferences
[41,42]. Nevertheless, the decisions in vignette-based studies
usually do not have the same financial, psychosocial, or emo-
tional consequences of treatment decisions made in clinical
practice.
Conclusions

Building on encouraging results from past research on ANA in
environmental economics [21,43,44] and health [14,45], our study
confirms that ANA is a valuable tool for analyzing clinical
decision making. To the authors’ knowledge, this study is the
first to suggest that less experienced psychiatrists may be
inappropriately influenced by a patient’s genetic information in
their clinical decision making. Several authors have warned
clinicians about being unduly influenced by a patient’s genetic
information, and it is plausible that more experienced clinicians
may be more immune to the influence of a patient’s genetic
profile [5,46]. The findings of this study show that less experi-
enced psychiatrists may be more susceptible to a form of
pharmacogenetic exceptionalism, giving undue weight to a
patient’s genotype when they already know the patient’s actual
response to treatment. As a result, it is possible that less
experienced psychiatrists will be less likely to recommend effec-
tive treatments or continue with ineffective treatment plans
when they are aware of a patient’s genetic profile.

We believe that the results of our present study may have
important implications for medical practice. With the increased
knowledge and awareness of the role that genes play in a
patient’s potential response to treatment, it is essential that



V A L U E I N H E A L T H ] ( 2 0 1 6 ) ] ] ] – ] ] ]6
psychiatrists and other clinicians weigh this information appro-
priately in their clinical decision making. Understanding the role
that genetics plays in treatment response could help clinicians
maximize treatment response and minimize treatment side effects
[2]. There is, however, a risk that too much weight could be given to
a patient’s genotype (pharmacogenetic exceptionalism) [5]. Psy-
chiatrists and other health care professionals should be aware of
the potential influence of a patient’s genetic information on their
clinical decision making, and this should be considered and high-
lighted during their education and further training.

Source of financial support: Financial support for this study
was provided by a grant from the Department of Education and
Learning. The funding agreement ensured the authors’ independ-
ence in designing the study, interpreting the data, and writing
and publishing the report.
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