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Purpose: As advances in genomics make genome sequencing more 
affordable, the availability of new genome-based diagnostic and 
therapeutic strategies (i.e., personalized medicine) will increase. This 
wave will hit front-line physicians who may be faced with a plethora 
of patients’ expectations of integrating genomic data into clinical care. 
The objective of this study was to elicit the preferences of physicians 
regarding applying personalized medicine in their clinical practice as 
these strategies become available.

Methods: Using a best–worst scaling (BWS) choice experiment, 
we estimated the relative importance of attributes that influence 
physicians’ decisions for using personalized medicine. Six attributes 
were included in the BWS: type of genetic tests, training for genetic 
testing, clinical guidelines, professional fee, privacy protection laws, 
and cost of genetic tests. A total of 197 physicians in British Colum-
bia completed the experiment. Using latent class analysis (LCA),  
we explored the physicians’ heterogeneities in preferences.

Results: “Type of genetic tests” had the largest importance, suggest-
ing that the physicians’ decision was highly influenced by the avail-
ability of genetic tests for patients’ predisposition to diseases and/or 
drug response. “Training” and “guidelines” were the attributes with 
the next highest importance. LCA identified two classes of physicians. 
Relative to class 2, class 1 had a larger weight for the “type of genetic 
tests,” but smaller weights for “professional fee” and “cost of tests.”

Conclusion: We measured relative importance of factors that affect 
the decision of physicians to incorporate personalized medicine in 
their practice. These results can be used to design the policies for sup-
porting physicians and facilitating the use of personalized medicine 
in the future.
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INTRODUCTION
With the availability of new technologies, the cost and time 
needed for complete sequencing of an individual’s genome is rap-
idly declining.1,2 In 2007, Knome Incorporated announced the 
sequencing of an individual’s entire genome for US$350,000. Only 
three years later, in June 2010, Illumina announced it was provid-
ing the same service for <US$9,500, almost 35 times lower, using 
its new HiSeq2000 technology.3 In addition to the rapidity with 
which the entire genome can be sequenced, it is expected that it 
will cost <$1,000, making it feasible for individuals to pay out-of-
pocket to have their own personal genome sequenced.1,3–5

Despite these advances, there remains the challenge of decod-
ing and interpretation of the data in the DNA sequences that are 
generated. The application of these data to the practice of clini-
cal medicine and integration into patient care, often referred 
to as “personalized medicine,”6 still requires a great amount 
of research in basic and applied sciences.7 For example, well-
designed clinical trials are still needed to establish the clinical 
validity of genetic tests due to the complexities of the interac-
tion between the genes and the environment, and the interac-
tion of multiple genes associated with different diseases.

Early signs of the therapeutic potential of personalized 
medicine are already visible in clinical practice and in devel-
opments led by the pharmaceutical industry. For example, 
panitumumab, a drug for the treatment of colon cancer, was 
shown to be effective only in cases without KRAS mutation in 
the tumor. Therefore, we could prevent inappropriate treatment 
of the other patients, who are not expected to experience a ben-
efit. As another example, abacavir, an anti-HIV drug, results in 
serious side effects among patients with the HLA-B5701 allele, 
making prospective pharmacogenetic testing a realistic strategy 
for avoiding these adverse events.8–10 These examples demon-
strate how genetic testing facilitates tailored treatments, leading 
to greater effectiveness and/or fewer adverse effects. Further, 
genetic testing may be useful for predicting genetic risk for dif-
ferent diseases—i.e., as a surveillance tool. 

As advances in genomics make genome sequencing more 
affordable, the demand for having these data, with the intent of 
using the information to inform clinical practice, will increase. 
This wave will hit front-line physicians who may be faced with a 
plethora of patients’ expectations for the integration of genomic 
data into clinical care. Discoveries based on human genome 
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sequencing will increase the degree of complexity in diagnosis 
of diseases and their corresponding interventions. For example, 
different therapeutic approaches will be available depending on 
a patient’s genotype, which will complicate the task of physi-
cians and other health-care providers who deliver diagnostic or 
treatment services.

Once the developments in genomics are advanced enough for 
application in a clinical setting, we need to assess physician’s read-
iness and willingness to use these new genetic tests. There are few 
studies that have investigated the role of primary-care physicians 
in the development and application of personalized medicine to 
routine clinical care. Most of these studies, with the exception of 
a few surveys, are qualitative in nature (interviews, focus groups, 
etc.) and have not been supplemented by quantitative data.11–21

The iGene study was intended to measure the relative impor-
tance of the barriers to integrating personalized medicine into 
practice from physicians’ perspective. The novelty of this study 
is its quantitative approach using a best–worst scaling (BWS) 
choice experiment to answer this question and extend previous 
findings from the qualitative studies. As such, we combined the 
strengths of qualitative and quantitative methods for hypoth-
eses generation and hypothesis testing, respectively.

MATERIALS AND METHODS
Study design
This study used a cross-sectional experimental design in which 
a sample of physicians in British Columbia provided their opin-
ions using a computer-administered questionnaire. We used a 
BWS choice experiment for estimating relative importance 
of attributes that might affect a physician’s decision to utilize  
personalized medicine in his/her practice.

The attributes included in this experiment were identified 
through a qualitative study using several focus groups that 
included 28 physicians in British Columbia, Canada. We con-
ducted three semi-structured focus groups in two urban (Fraser, 
Vancouver Coastal Health) and one rural (Interior) setting in 
British Columbia with 28 physicians to facilitate the selection 
of attributes for the choice experiment. We used the constant 
comparative method and we did a line-by-line analysis to iden-
tify words, phrases, and concepts with higher importance. We 
identified several themes that were discussed in subsequent 
focus groups. Finally, we hand-coded the data and selected 
the dominant themes and important attributes that emerged 
from the focus group. Table 1 shows the list of attributes that 
emerged as important items during the discussions in the focus 

   Table 1  Attributes and levels included in the best–worst questionnaire

Type of genetic tests

 � Both types: Most of the available genetic tests would be intended to specify both patients’ predispositions to diseases and patients’ drug responses 
based on their genotypes.

  Tests for disease predisposition: Most of the available genetic tests would be intended to specify patients’ predispositions to various diseases.

 � Tests for drug response: Most of the available genetic tests would be intended to specify more effective drugs and/or drugs with less adverse effects  
for specific diseases based on patients’ genotypes.

Training for the use of genetic testing

  Extensive training opportunities: 3 hour hands-on workshop for each new genetic test.

  Some training opportunities: 1 hour in-service for each new genetic test.

  No training opportunity: No particular training opportunity would be provided for physicians about the use of new genetic tests.

Guidelines for the use of genetic testing

  Clear guidelines: There would be clear and comprehensive clinical guidelines for the use of genetic tests.

  No guidelines: There would not be any clinical guidelines for the use of genetic tests.

Professional fee

 � $100: A $100 professional fee would be defined in payment schedules (similar to the fee for performing a cardiovascular risk assessment) for using  
a genetic test.

 � $16: A $16 professional fee would be defined in payment schedules (similar to electrocardiogram tracing and interpretation fee) for using a  
genetic test.

  $0: No professional fee would be added to payment schedules.

Privacy protection laws

 � Comprehensive protection laws: There would be comprehensive and effective laws and regulations to protect the privacy of the patients’ genetic 
information. 

  No protection laws: There would be no particular laws or regulations to protect the privacy of the patients’ genetic information.

Cost of genetic tests

  $0: Medical insurance plans would cover 100% of the expense of the genetic tests that are shown to be cost effective.

  $250: A typical genetic test would cost about $250 and it usually would not be covered by health insurance.

  $500: A typical genetic test would cost about $500 and it usually would not be covered by health insurance.
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groups. Each attribute can assume a possible level (referred to 
as attribute levels from here on).

Choice experiments are particularly useful in measuring 
preferences about the options that are on the horizon of clinical 
innovation.22–25 Genetic tests that have not been implemented 
yet are a good example of this application.26,27 BWS is a cutting-
edge method for conducting choice experiments and has several 
advantages over older methods.28,29 One of the key advantages 
of BWS is the ability to estimate the relative importance of all 
attributes on a common scale, which is crucial for the purposes 
of our study.

Questionnaire design
BWS is a method of eliciting the individuals’ stated prefer-
ences for a specific set of attributes or characteristics associated 
with a decision or choice.29 In BWS experiments, each respon-
dent chooses the most preferred and the least preferred items 
among a list of three or more items presented in a given task. 
This process is then repeated, with each subsequent choice task 
containing a different set of items. This method ensures obtain-
ing a valid estimation of the respondents’ underlying relative 
preferences for the items presented.28,30 Considering this gen-
eral framework, we designed a BWS experiment to measure 
preferences of physicians for the attributes of personalized 
medicine that may affect their decision to use it in their clinical 
practice. The questionnaire contained 16 tasks that had to be 
completed by each responder. Table 2 shows a sample task of 
the questionnaire.

Before completing the choice questionnaire, respondents 
were provided with two pieces of background information: 
(i) a brief introduction regarding the concept of personalized 
medicine; and (ii) a description of how personalized medi-
cine is expected to enhance a physician’s ability to prevent the 
occurrence of disease, and to diagnose and treat disease once it 
occurs. Consequently, participants completed the tasks under 
the assumption that genetic tests for which there was evidence 
of clinical benefits were available to be used in their clinical 
practice. Responders chose the attribute levels with the most 
positive effect and the most negative effect on their decision to 
use personalized medicine given the attribute levels presented 
in a given choice task. Physicians in Canada are generally 
being compensated according to provincial payment sched-
ules for specific services or procedures. As such, the attribute 

“professional fee” reflects the influence of monetary incentive 
on their decision to use genetic testing.

A balanced incomplete block design was used for the design 
of the consecutive tasks.31,32 Balanced incomplete block design 
ensures that all attributes and all pairs of attribute levels are 
presented with a balanced frequency to the responders. This 
property affirms an unbiased estimation of attribute scales. 
Each questionnaire was administered using a Web-based sur-
vey, and data were electronically collected on a secure server. 
Sawtooth software (Sawtooth Software, Sequim, WA) was 
used to generate the questionnaire and web page design, and 
to facilitate the collection and recording of responses into a 
secure database.

Study sample
The choice experiment involved the administration of a question-
naire to a sample of physicians registered with the BC College of 
Physicians and Surgeons. Physicians were contacted via e-mail 
and provided with a unique URL with password-protected iden-
tification embedded. A $50 incentive was offered to participants 
upon completion of the questionnaire to compensate for the 
opportunity costs of participation in this survey, which took ~30 
min to complete. A public market research firm screened phy-
sicians who met the inclusion criteria and was responsible for 
recruitment. The physicians in their database provided consent 
to be contacted for research studies. The sample of physicians 
who were contacted is a representative sample of family physi-
cians and clinical geneticists in British Columbia.

Physicians’ participation was optional, and they could choose 
to not answer any of the questions and/or withdraw at any time. 
The protocol for this study was reviewed and approved by the 
University of British Columbia Human Ethics Board, division 
of human behavioral studies.

Statistical analysis
BWS data were coded for latent class analysis (LCA) using Latent 
Gold Choice, version 4.5.0. Use of a conditional logit model can 
result in biased preference estimations if unknown correla-
tion structures are present in the choice data. More sophisti-
cated estimation methods such as LCA or, alternatively, mixed 
logit, are appropriate for modeling of choice data.33 LCA can 
also identify subgroups of individuals with a larger likelihood 
of fitting to a model, and in our case was an effective method to 
reveal heterogeneity of responders and their underlying prefer-
ences.33 We also included the characteristics of physicians in the 
LCA and tested for possible interaction of those characteristics 
with preference estimates.

The conventional methods for carrying out choice experi-
ments, such as choice-based conjoint studies, facilitate the esti-
mation of how moving between levels of an attribute affects 
overall utility. As the estimated model is essentially a difference 
model, estimated utilities measure only the utility of deviation 
from a reference level within each attribute. Therefore, it is not 
possible to compare the utility of levels between attributes. By 
contrast, BWS has a technical advantage that allows for the 

Table 2  A sample best–worst choice task

Best Worst

Tests for disease predisposition

No training opportunity     √

    √ Clear guidelines

A $100 professional fee

Comprehensive protection laws

Cost $250

Each questionnaire consisted of 16 choice tasks.
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comparison of utilities across all levels of all attributes. Unlike 
choice-based conjoint, the utility of all attribute levels can be 
estimated relative to one reference attribute level, which is the 
only missing utility. As all utility estimates are then relative 
values in a common scale, it should be noted that shifting the 
horizontal axis in Figure 1, either upward or downward, will 
not affect the interpretation of the results. This study exempli-
fies a research question (i.e., relative importance of attributes) 
that cannot be properly answered using traditional methods of 
discrete choice experiments.

RESULTS
Sample characteristics
A total of 244 physicians were initially contacted, and 197 phy-
sicians completed the experiment and fully responded to the 
questionnaire (response rate 81%). The mean age of the par-
ticipants was 50.4 years (range 32–77 years), and on average 
they had 22 years of experience in clinical practice (Table 3). 
Approximately one-third of physicians who participated in this 
experiment were female (32%) and the majority of them were 
practicing in urban areas in British Columbia (85%).

Model estimation
The BWS method allows the estimation of coefficients for 15 
attribute levels relative to the one specific level of one attribute. 
Thus, we estimated the preference for each level of attributes 
relative to the out-of-pocket “cost of a genetic test = $500.” As 
such, each coefficient can be considered to be the “utility” of 
that attribute-level on a common underlying preference scale.31 
In addition, we calculated the impact of each attribute on the 
choices by averaging the coefficients of attribute levels for that 
attribute. The calculated attribute impacts can be interpreted as 
the relative importance of attributes.28,30,31

The estimated utilities of each attribute level and the relative 
importance of each attribute are reported in Table 4. The avail-
ability of “Both types” of genetic tests (genetic tests intended to 

specify both patients’ predispositions to diseases and patients’ 
drug responses) and “Clear guidelines” were the most valued 
attribute levels, with mean utility estimates of 3.96 (P value 
<0.001) and 3.79 (P value <0.001), respectively. In compari-
son, utility estimates of “Extensive training opportunities” and 
a “$100” professional fee were slightly lower, −3.03 (P value 
<0.001) and 2.74 (P value <0.001) respectively. Conversely, “No 
guidelines,” “No privacy protection laws,” and a cost of “$500” 
for a typical genetic test had the lowest utility estimates, −2.01  
(P value <0.001), −1.91 (P value <0.001), and −1.74 (P value 
= 1), respectively. Utility estimates for “No training opportu-
nity” and “No professional fee” were −1.52 (P value <0.001) and 
−0.91(P value <0.001), respectively, suggesting their less detri-
mental effect on physicians’ decision to apply genetic testing.

LCA
The second and third columns in Table 4 compare the utility 
estimates of two latent classes. The availability of “Both types” 
of genetic tests had the largest positive impact on the utility of 
respondents in class 1, whereas a “$100” professional fee had 

   Table 3  Characteristics of participants (N = 197)

Age (years)

  Mean (s.d.) 50.4 (9.2)

  Range (min–max) 32–77

Practice experience (years)

  Mean (s.d.) 22.0 (9.8)

  Range (min–max) 0–40

Gender (N)

  Female 63 (32%)

  Male 134 (68%)

Practice field (N)

  Family physician 182 (92.4%)a

  Specialist 11 (5.6%)

Practice location (N)

  Rural 29 (14.7%)

  Urban 165 (83.8%)

Practice type (N)

  Family physician group practice 113 (57.4%)

  Multidisciplinary group practice 11 (5.6%)

  Solo practice 48 (24.4%)

  Specialized clinic 10 (5.1%)

  Other 13 (6.6%)

Practice setting (N)

  Private office/clinic 139 (70.6%)

  Hospital 24 (12.2%)

  Community clinic/health center 16 (8.1%)

  Academic center 7 (3.6%)

  Nursing home 6 (3.0%)

  Other 3 (1.5%)
aSum of percentages does not equal 100% due to missing responses.
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the largest positive impact in class 2. Furthermore, the lowest 
utility estimates in class 1 were “No guidelines” and “No pri-
vacy protection laws,” in contrast to “$500” cost of genetic test-
ing and “No professional fee” in class 2. In class 1, the positive 
impact of “Comprehensive privacy protection laws” was clearly 
larger as compared with class 2. The preference estimates in 
class 1 evidently cover a wider range, suggesting stronger pref-
erences in class 1 as compared with class 2. Supplementary 
Figure S1 online provides a visual illustration of the estimated 
coefficients in Table 4. 

Considering the relative importance of the attributes 
shown in Figure 1, “Type of genetic tests” was the most 
important attribute affecting physicians’ decision to use 

genetic testing in their practice in both classes, with a higher 
magnitude in class 1 as compared with class 2 (3.32 and 2.29, 
respectively). The importance of other attributes was similar 
in both classes with the exception of “Professional fee” and 
“Cost of genetic tests,” which had slightly greater importance 
in class 2.

As individuals’ characteristics (i.e., age, experience, practice 
type, location, setting, and field) were not statistically signifi-
cantly different between the two latent classes, class member-
ship could not be explained based on their known characteris-
tics. However, most female physicians belonged to class 1, and 
the proportion of females in the two classes was statistically 
significantly different.

   Table 4  Estimation results from latent class analysis–conditional logit model

Class size

Overall, 197 (100%) Class 1, 135 (68%) Class 2, 62 (32%)

P valuebCoefficienta T-ratio Coefficient T-ratio Coefficient T-ratio

Type of genetic tests 2.99 — 3.32 — 2.29 — —

  Both types 3.96 25.74 4.40 21.76 3.06 10.89 0.001

  Tests for disease predisposition 2.69 14.07 2.94 12.59 2.17 6.84 0.001

  Tests for drug response 2.31 10.97 2.63 11.03 1.65 4.18 0.001

Training for the use of genetic testing 1.23 — 1.21 — 1.25 — —

  Extensive training opportunities 3.03 17.43 3.24 14.86 2.60 9.33 0.48

  Some training opportunities 2.16   8.75 2.27   7.90 1.95 5.27 0.51

  No training opportunity −1.52 −28.51 −1.87 −24.93 −0.79 −10.94 0.017

Guidelines for the use of genetic testing 0.89 — 0.77 — 1.13 — —

  Clear guidelines 3.79 24.28 4.16 20.07 3.03 10.26 0.35

  No guidelines −2.01 −35.48 −2.61 −30.65 −0.77 −10.10 0.001

Professional fee 0.78 — 0.56 — 1.24 — —

  $100 2.75 17.34 2.07   6.22 4.16 18.05 0.005

  $16 0.50 −5.05 0.46   −2.52 0.60 −1.37 0.001

  $0 −0.91 −21.09 −0.85 −12.93 −1.04 −11.33 0.001

Genetic information privacy protection laws 0.35 — 0.31 — 0.42 — —

  Comprehensive protection laws 2.60 13.37 3.23 14.53 1.30 2.07 0.001

  No protection laws −1.91 −34.88 −2.60 −32.27 −0.46 −8.61 0.001

Cost of genetic tests 0.00 — −0.17 — 0.36 — —

  $0 1.95 7.52 1.91   6.04 2.02 5.75 0.65

  $250 −0.21 −11.78 −0.43 −10.57 0.26 −3.91 0.001

  $500 −1.74 0.00 −1.99   0.00 −1.21 0.00 1

Intercept — — 0.26   2.71 −0.26 −2.71 —

Female — — 0.38   2.04 −0.38 2.04 —

R2 0.10 — 0.02 — 0.02 — —

R2 (0) 0.37 — 0.40 — 0.30 — —

Number of respondents 197 — 135 — 62 — —

Number of observations 6,304 — 4,320 — 1,984 — —

Log-likelihood −6,430.4 — — — — — —

Bayesian information criterion 10,165.03 — — — — — —

Prediction error 0.40 — — — — — —
aEstimated utilities (relative preference weights). bP value is based on Wald statistics under the null hypothesis that coefficients in two classes are equal. 
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DISCUSSION
This study measured the relative importance of factors 
that affect the decision of physicians to incorporate new 
approaches of personalized medicine into their practice as 
they become available. The type of genetic tests was the most 
important attribute (2.99), suggesting that overall, availabil-
ity of genetic tests has the largest influence on physicians’ 
decision to use personalized medicine. In comparison, pri-
vacy protection regulations and out-of-pocket cost of genetic 
tests were the attributes with the least importance. Providing 
a professional fee for using genetic tests had only a moderate 
impact on physicians’ decisions. 

Participants also indicated a very large importance for the 
presence of clear clinical guidelines for the use of genetic test-
ing (3.79). At the same time, lack of clinical guidelines had the 
lowest utility estimate (−2.01), suggesting that lack of guide-
lines was probably considered to be the largest barrier to using 
genetic testing. In the feedback that physicians provided at the 
end of their choice experiment, they occasionally commented 
that providing online resources can be a practical alternative to 
formal training sessions about genetic testing. Our results sug-
gest that the lack of training opportunities had a smaller nega-
tive effect as compared with lack of guidelines, which essentially 
reflects their preference in this regard. 

In general, physicians in class 1 tended to be more willing 
to become pioneers in using new genetic tests—if they were 
accessible—and they perceived the cost of genetic tests, pri-
vacy protection laws, and professional fee as the less important 
obstacles to using personalized medicine. In contrast, physi-
cians in class 2, which consists of a smaller group of mostly 
male physicians (32%), put less emphasis on the availability of 
genetic tests and more emphasis on the professional fee and 
cost of genetic tests.

A few studies have explored physicians’ viewpoints about 
integration of genomic medicine into clinical care using 
cross-sectional surveys. Wideroff et al.19 used the results of a 
national survey in United States to determine prevalence of 
using cancer susceptibility tests by physicians and to assess 
demographic variables associated with their use. They sug-
gested that validity of the test, confidentiality, and affordabil-
ity are among concerns about genetic testing. Freedman and 
colleagues17 have surveyed 1,251 physicians in the United 
States and studied the factors that affect physicians’ opinions 
on using cancer susceptibility genetic tests. Among other 
factors, they emphasized having clinical guidelines and 
training of physicians about genetic testing. Suther et al.20 
have shown how physicians’ perceptions about the charac-
teristics of genetic tests influence the likelihood of adopting 
genomic medicine in their practice. Finally, Levy et al.21 have 
conducted a mail survey of 562 physicians and measured the 
importance of eight factors influencing physicians’ decisions 
to use a genetic test to tailor smoking cessation treatment. 
They concluded that although physicians are eager to use 
genetic testing, lack of antidiscrimination measures may 
have negative influences on their decisions to use genetic 

testing. Our study has used the results of those articles to 
measure relative importance of those factors.

For the first time, our study uses a quantitative approach that 
seeks to elicit the preferences of physicians about personalized 
medicine. We used a BWS choice experiment, which is the 
state-of-the-art method for measuring the relative importance 
of attributes. In a choice experiment, responders are asked to 
indicate their trade-offs between different attributes and as  
such, estimated preferences reflect their underlying stated  
preferences.29 This study exemplified how quantitative meth-
ods such as choice experiments are particularly useful for 
policy making and priority setting through measuring aggre-
gated preferences. Although the major factors that influence 
physicians’ decisions to use genetic testing in their practices 
have been explored in several previous studies using qualita-
tive methods, the relative importance of those factors was 
unknown. For example, the larger importance of clinical 
guidelines relative to incentives based on the results from our 
study suggests that policy makers should plan to incorporate 
genomic testing components into the current clinical guide-
lines to support integration of genomics into clinical care. 
Therefore, knowledge about the relative importance of those 
factors can be used to prioritize the work that needs to be done 
to accelerate this process. 

Choosing the appropriate levels of attributes to ensure full 
coverage of all possible attributes that might affect a physician’s 
decision to use genetic test was a challenge in the questionnaire 
designing stage. Although we tried to benefit from the discus-
sion in focus groups and previous literature to address this issue, 
achieving a simple questionnaire and reducing the number of 
attribute levels to the possible minimum forced us to make dif-
ficult trade-offs. This limitation is not unique to our study; most 
choice experiments are confined in terms of maximum number 
of attributes and levels that are included in the design, mostly to 
avoid detrimental complexity of choice tasks. Nonetheless, we 
have utilized focus groups to identify attributes with the largest 
influence on physicians’ decisions, and ,we therefore expect that 
inclusion of other attributes would not have significant effects 
on the estimated utility weights. 

Our entire sample is taken from British Columbia; therefore, 
generalizability of these finding into other jurisdictions is ques-
tionable. In addition, using a Web-based sampling approach 
might introduce some biases, especially if the physicians who 
did not participate in the experiment were essentially a differ-
ent class of physicians in terms of their underlying preferences. 
However, parallel findings of the focus groups and a relatively 
large sample size with a wide range of characteristics suggest 
that this bias should be negligible.

The results of this study can inform decision makers who 
design guidelines for physicians and facilitate the use of per-
sonalized medicine in the coming years. Further, understand-
ing of physicians’ preferences about personalized medicine will 
help prepare our health-care system to respond in a way that 
maximizes the potential benefits of relevant applications of 
genomics.
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SUPPLEMENTARY MATERIAL
Supplementary material is linked to the online version of the paper 
at http://www.nature.com/gim
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