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Abstract
The benefits of Health Information Exchange platforms will not be realized unless patients allow
their medical records to be shared on these systems. We investigate the effects of patients’ medical
conditions on their decisions to disclose their medical histories on HIE platforms and the inherent
privacy concerns. We employ a multinomial logit model to analyze a longitudinal database
consisting of the consent choices and medical histories of 18208 patients in Western New York
over a period of 3 years. To address the heterogeneity among patients and the consequential impact
of their individual differences on their consent choices, we also develop a Bayesian approach
which results in much more precise estimates of individual preferences. Our results indicate that
the severity and type of the medical conditions together jointly affect the consent choices of
patients. The findings of this research have significant implications for targeted marketing
interventions by HIE firms in securing adequate levels of consent from patient populations that
would otherwise have not consented; such interventions are essential, leading to enhanced costeffectiveness of healthcare services using HIE systems.

1. Introduction
Healthcare expenditures constitute a major part of the structural deficit in the US federal budget
(Chernew et al. 2010). The US spent 17.9 percent of its GDP on healthcare in 2010, more than any
other country in the world (Baicker and Skinner 2011; Martin et al. 2012). Despite the $2.6 trillion
of expenditure, the quality and efficiency of the US healthcare ranked last when compared to
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Britain, Canada, Germany, Netherlands, Australia and New Zealand (Baicker et al. 2010). As a
result, a concerted national effort to reform healthcare using information technologies with a focus
on reducing costs and increasing quality of service is well under way (Menon et al. 2000; Casalino
et al. 2003; Aron et al. 2011; Buntin et al. 2011). The recently enacted Health Information
Technology for Economic and Clinical Health Act (HITECH) requires all medical records to be
in standardized digital forms by 2014 (Blumenthal and Tavenner 2010). One of the principal
objectives of this act is to set up Health Information Exchange (HIE) platforms through which
providers can access medical data in a timely and cost-effective manner (Sipkoff 2010). The
financial savings through full implementation of HIE platforms nationwide is estimated to be over
$77 billion per year (Walker et al. 2005; Frisse and Holmes 2007).
Federal and state laws mandate HIE platforms to obtain patients’ permission before sharing their
medical records (Terry 2012). Unless the patients’ consents are acquired, their records cannot be
accessed by HIE members and thus the potential benefits of HIE will not be realized. Increasing
the number of patients who fully or even adequately consent will directly affect the value of the
HIE platform to its members by increasing the number of accessible medical documents.
The traditional models of privacy calculus (Dinev and Hart 2006) and evaluation of costs and
benefits of disclosing personal information (Culnan and Armstrong 1999) may not be suitable to
explain the patients’ decisions in disclosing their medical information since (1) there may be a
high degree of emotional involvement in patients’ decision making processes and thus they may
not necessarily be considered as pure rational agents; and (2) in comparison with personal or
financial information, compromising sensitive medical information may have much more severe
consequences for patients (Hodge Jr et al. 1999; Anderson and Agarwal 2011).
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Although there are a few studies on patient privacy (see Anderson and Agarwal 2011; Appari and
Johnson 2010 for a systematic literature review of privacy in healthcare), all of them are based on
either survey data or focus groups rather than actual longitudinal observations of patient privacy
decisions and hence their conclusions are limited to outcomes that are perceptible to community
members. The observation of actual patients’ decisions on disclosing their personal information
becomes even more important in the context of healthcare. Prior research indicates that medical
conditions affect individuals preferences (Loewenstein 2005) and since individuals are not aware
of their future medical conditions and emotional status, the survey responses collected at a single
point of time may not necessarily reflect the actual decisions that individuals make when faced
with emotional pressure of sever medical hardships over time.
HIE is a fairly new phenomenon that has emerged recently and thus it is not surprising that theory
development in patient privacy in the context of HIE is still in its infancy. Given the unique factors
affecting patients’ decisions on disclosing medical information and their profound influence on
the proposed value of HIE platforms (Yaraghi et al. 2012, 2013), a more comprehensive
understanding of patient privacy concerns is warranted. In this research, we bridge these gaps by
designing a model of medical privacy which takes the patients’ medical conditions into account
and provides empirical insights by analyzing an extensive database of consent choices of 18208
patients. This database is provided by HEALTHeLINK – the Regional Health Information
Organization in Western New York – and in addition to consent choice, includes the patient
demographics and medical history of the patients over a period of three years.
Considering the unique characteristics of HIE platforms and the existing lacunae in the literature,
the objectives of this work are to build an interpretive theory of patient consent choices in the HIE
context and investigate the drivers of consents by analyzing the actual decisions made by patients
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with regards to their medical privacy in disclosures in a HIE. We also study the effects of patientphysician interactions and the socioeconomic status of patients on their consent choices. Our
results indicate that the type and severity of the medical conditions as well as the socioeconomic
status of the patients together impact their disclosure behaviors on HIE platforms.
This paper is organized as follows. Section 2 reviews the relevant literature and presents our
research model. Section 3 introduces the dataset and discusses the operationalization of the model
constructs. The analysis results are presented in section 4. We conclude the paper and present
directions for future research in section 5.

2. A Conceptual Model of Consent Drivers
Mancilla and Biedermann (2009) discuss trust as an important factor for increasing the patients’
support in using digitized medical documents. Rohm and Milne (2004) conclude that the patients
will indicate greater concern and perceived risk in instances where they do not trust the
organization to use their personal information fairly. The study of Willison et al. (2007) on patient
concerns about sharing their medical records with researchers also shows that the level of patients’
trust to different organizations varies significantly. The patient-physician interaction and provision
of sufficient information to patients is shown to help their decision making process and improve
the level of adherence to medical recommendations (DiMatteo 1997; Mazur and Hickam 1997).
Physicians, as an important source of seeking advice about joining HIE, can have a significant role
in building patients trust in HIE platforms. Since physicians have considerably different attitudes
toward HIE and its inherent privacy risks (Wright et al. 2010), they offer different advices and
their patients will provide consent to sharing their medical records on HIE platforms accordingly.
H1: The physicians with whom the patients interact the most, will affect the decision of
the patients on disclosing their medical records on HIE platforms.
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Kam and Chismar (2006) synthesis the previous studies on patient privacy and conclude that selfdisclosure is affected by patient perceptions of privacy, context sensitivity, and the information
value of content and feedback. Building on their findings, we argue that the type of the diseases
determine the sensitivity of the associated medical records and the severity of the diseases, is
associated with the value of the information content and feedback for the patients. It is more likely
for the patients with severe medical conditions to seek enhancement in the quality of their
healthcare by providing consent to sharing their medical history. In other words, the value of
medical information and the feedback the patients receive by sharing that will be much higher
when the patients are in a sever medical condition.
H2: The patients’ type of disease will affect the decision of the patients on disclosing their
medical records on HIE platforms.
H3: The patients’ severity of disease positively affects their decision to disclose their
medical records on HIE platforms.

3. Analysis of Consent Behaviors
In the following discussion, we first describe the datasets used and then develop the multinomial
logit model.
3.1. Data Sets
We employed two databases provided by HEALTHeLINK, the RHIO in western New York. The
first database consists of the consent choices that patients have made when asked about their
preferences of sharing their medical records on the HIE system. This dataset also includes the age
and gender of each patient. The second dataset is the HIE access log files and shows the access
trend of all the HIE members to the medical records of the patients over the last three years. This
dataset indicates the date, number and type of the tests that different medical specialists have either
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accessed or ordered for each of the 18208 patients. Even if patient do not provide consent to sharing
his/her medical records on HIE, although his/her records will not be accessible through HIE, we
still can identify the date, number and type of the tests that were ordered for him/her.
After merging the consent type data set with the HIE data set, we will have a new data set which
includes the age, gender, consent type and the medical history of 18208 patients. The patients’
consent is categorized into 3 groups denoted as Y (Full Access granted to the entire medical
record), E (Limited Access granted to the entire medical record in case of emergency) and N (No
Access granted to the medical record). Using these HIE datasets, we clustered each of the patients
based on three different clustering schemes. Each of these schemes is described below.
3.1.1. Clustering Based on Medical History
We logically expect the type of the diseases of the patients to affect their privacy concerns. The
type of the medical specialties of the doctors whom a patient visits can shed considerable light on
the type of the disease and illness that he/she has. There are 71 different medical specialties in our
data set. The number of interactions between every patient and each of these different specialties
is documented in a matrix of 18208 rows and 71 columns. Each cell of this matrix represents the
number of times that the corresponding patient and specialty group of the cell have interacted. We
used this matrix to apply Ward clustering method and group the patients into 5 different clusters.
Although it is very hard to come up with a specific definition of these clusters (due to the large
number of members in each cluster, we cannot ask experts to name the clusters), we know that the
medical history of the patients in each cluster is significantly different from those in other clusters.
Table 1 shows the number of patients in each medical cluster.
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Cluster
# Observations

1
2813

2
2610

3
1002

4
3662

5
8121

Table 1: Number of patients in each medical cluster
3.1.2. Clustering Based on Practices (geographical location of the patients)

The geographical location of the patients can be correlated with other latent variables such as
socioeconomic status of the patients and their awareness about the benefits of HIE which in turn
will affect their privacy concerns. Since we do not have access to the location data of the patients,
we may assume that the location of the practices in which they have been treated is highly
correlated with the patients’ location and thus clustering patients based on the practice that they
have visited provides some insights about the location of the patients.
Based on HIE usage data set, we have created a 18208 by 311 matrix in which the rows represent
patients and the columns represent the number of interactions of every patients with each of the
311 practices in the HIE system. Ward clustering method is used to cluster these patients into 5
different groups. Table 2 represents the number of patients within each cluster
Cluster
# Observations

1
1839

2
1831

3
1873

4
907

5
11758

Table 2: Number of patients in each location cluster
3.1.3. Clustering Based on Physicians (Personal interaction of physicians and patients)

Different physicians may have different tendencies toward HIE and will convey their beliefs about
HIE to their patients. The recommendation of physicians can be a strong factor for patients in their
decision about giving consent. Based on HIE usage data set, we created a 18208 by 1275 matrix
in which the rows represent patients and the columns represent the number of interactions of every
patients with each of the 1275 members of the HIE system. This matrix is then used to apply Ward
clustering method and group patients into 2 clusters based on the physicians with whom they have
interacted the most. The appropriate number of clusters are identified based on criteria such as
7

Pseudo F Statistic and Cubic Clustering Criterion. The number of patients within each of the two
clusters is presented in table 3.
Cluster
# Observations

1
3121

2
15087

Table 3: Number of patients in each physician cluster
3.1.4. Other Variables

We have also identified the number of lab and radiology reports and hospital transcriptions of each
patient as well as the number of days between his/her first and last visit. The severity of the health
status is calculated as the total number of the tests divided by the period between the first and the
last visit. The descriptive statistics of these variables are shown in table 4. Figure 1 presents the
research model constructs and the relationships between them.
Variable
Radiology test
Lab tests
Hospital transcriptions
All tests
Age
Days on HIE system
Severity
Gender (=1 if female)

Mean
1.3631570
3.2958203
0.0344373
4.6934146
53.6021310
60.7183501
1.1087358
0.7065964

Std. deviation
1.9589998
6.9999949
0.3129811
7.1430228
19.1332421
121.8536899
1.3451496
0.4553343

Table 4: Descriptive statistics of other variables
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Min
0
0
0
1
0
1
0
0

Max
32
84
15
88
103
913
24
1

Figure 1: The conceptual research model

3.2. Multinomial Logit Model

Multinomial logit models are often used to analyze the data sets in which the response variable is
a categorical variable and the choices cannot be sorted in any specific order. In our context, the
response variable is the consent type which can have any of the three choices, Y, E and N. We
analyze these choices as nominal variables which no preference can be given to any of them and
thus are not ordinal. Consider a patient who chooses consent type 𝑗 ∈ {𝑌, 𝐸, 𝑁} among 𝑚 = 3
alternatives. Let 𝜋𝑖𝑗 be the probability that the patient 𝑖 choose alternative 𝑗 and 𝑿𝑖 represent the
characteristics of patient𝑖. Patient 𝑖 will choose consent type 𝐶𝑖𝑗 among a set of possible choices
𝑗 = {𝑌, 𝐸, 𝑁} according to a multinomial distribution with parameters 𝜋𝑖𝑗 = {𝜋𝑖𝑌 , 𝜋𝑖𝐸 , 𝜋𝑖𝑁 } in
which the probabilities are a function of patient specific covariates𝑋𝑖
The relationship between 𝑋𝑖 and 𝜋𝑖𝑗 can be defined through a logit function
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𝜋𝑖𝑗
log (
) = 𝑿𝑖 ′ 𝛽𝑗
𝜋𝑖𝑗 ∗
In which 𝑗 ∗ is the baseline choice and 𝑗 ∗ ≠ 𝑗
𝜋𝑖𝑗
= exp(𝑿𝑖 ′ 𝛽𝑗 )
𝜋𝑖𝑗 ∗
Since ∑ 𝜋𝑖𝑗 + 𝜋𝑖𝑗 ∗ = 1 then
𝜋𝑖𝑗 ∗ + ∑

𝜋𝑖𝑗 ∗ =

𝑗≠𝑗 ∗

𝜋𝑖𝑗 ∗ exp(𝑿𝑖 ′ 𝛽𝑗 ) = 1

1
1 + ∑𝑗≠𝑗∗ exp(𝑿𝑖 ′ 𝛽𝑗 )

=

exp(𝑿𝑖 ′ 𝛽𝑗 )
1 + ∑𝑗≠𝑗∗ exp(𝑿𝑖 ′ 𝛽𝑗 )

Considering the consent type Y as the default choice (𝑗 ∗ = 𝑌),we estimate two sets of regression
coefficients, one for preferring consent type E over Y, and one for preferring consent type N over
Y. In other words, 𝛽1 , … 𝛽𝑚 are 𝑚 vectors of unknown regression coefficients and by setting𝛽𝑚 =
0, the other remaining coefficient (𝛽𝑘 ) represent the effects of the 𝑿 variables on probability of
choosing alternative 𝑘 over the alternative 𝑚. In our context, we consider the consent type Y as
the default choice (𝛽𝑌 ) and investigate the effects of variables such as age, gender and medical
history on the probability of choosing other two types of consent (E, N) over the default consent
type (Y).

4. Results
Table 5 presents the overall effect of the model variables on the choice of consent. The null
hypothesis is that there is no relationship between the predictor variable and the consent choice.
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According to the results in table 6, all of the variables are affecting the patients’ consent choice
except the doctor cluster.
Source

Chi-Square Pr > ChiSq

Age

2465.75

<.0001

female

191.43

<.0001

medicalcluster

43.17

<.0001

practicecluster

53.65

<.0001

doctorcluster

3.60

0.1653

severity

46.63

<.0001

Table 5: Maximum likelihood analysis of variance

In table 6, the maximum likelihood estimates of all the above variables in the two regression
equations (for consent type E and N) are presented. Two models were defined in this multinomial
regression: one relating consent type E to the referent category, consent type Y, and another model
relating consent type N to Y. The model number indicates to which model an estimate, standard
error, chi-square, and p-value refer. Our consent type category 1 is E, so model 1 corresponds to
the E relative to Y model and model 2 corresponds to the N relative to Y model. The standard
interpretation of the multinomial logit is that for a unit change in the predictor variable, the logit
of outcome m relative to the referent group is expected to change by its respective parameter
estimate (which is in log-odds units) given the other variables in the model are held constant. We
discuss and interpret the results for each model separately below.
4.1. Preference of Consent Type E Relative to Y
Age: If a patients’ age were to increase by one year, the multinomial log-odds for preferring
consent type E to Y would be expected to decrease by 0.0428 unit while holding all other variables
in the model constant.
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Preferring consent choice E to Y
Parameter

Preferring consent choice N to Y

Estimate

Standard
Error

ChiSquare

Pr > ChiSq

Estimate

Standard
Error

ChiSquare

Pr > ChiSq

Age

-0.0428

0.00104

1707.76

<.0001

-0.0571

0.00187

928.34

<.0001

Female

-0.4972

0.0554

80.67

<.0001

-1.1484

0.1009

129.64

<.0001

Severity
Medical
cluster 1
Medical
cluster 2
Medical
cluster 3
Medical
cluster 4
Location
cluster 1
Location
cluster 2
Location
cluster 3
Location
cluster 4
Physician
cluster 1

-0.1048

0.0252

17.33

<.0001

-0.3793

0.0667

32.36

<.0001

-0.2538

0.0783

10.50

0.0012

-0.6375

0.1522

17.55

<.0001

0.0111

0.0740

0.02

0.8813

0.1109

0.1298

0.73

0.3927

0.2089

0.1057

3.90

0.0482

0.6131

0.1701

12.99

0.0003

0.1004

0.0716

1.97

0.1610

0.0935

0.1317

0.50

0.4778

-0.0904

0.0986

0.84

0.3593

-0.0103

0.1666

0.00

0.9508

-0.1543

0.0927

2.77

0.0959

-0.2579

0.1615

2.55

0.1103

-0.1604

0.0837

3.68

0.0552

-0.7118

0.1640

18.84

<.0001

0.4137

0.1113

13.81

0.0002

1.0310

0.1838

31.46

<.0001

0.00748

0.0544

0.02

0.8908

0.1921

0.1013

3.60

0.0579

Table 6: Analysis of Maximum Likelihood Estimates

Gender: This is the multinomial logit estimate comparing females to males for preferring consent
type E relative to Y, given the other variables in the model are held constant. The multinomial
logit for females relative to males is 0.4972 unit lower for preferring consent type E to Y, given
all other predictor variables in the model are held constant. In other words, females are less likely
than males to prefer giving consent type E to Y.
Medical history (disease type): The multinomial logit for patients who are grouped in medical
cluster 1 relative to those who are grouped in medical cluster 5 is 0.2538 unit lower for preferring
consent type E to Y, given all other predictor variables in the model are held constant. In other
words, the patients in medical cluster 1 are more likely to choose consent type Y rather than E.
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The multinomial logit for patients who are grouped in medical cluster 3 relative to those who are
grouped in medical cluster 5 is 0.2089 unit higher for preferring consent type E to Y, given all
other predictor variables in the model are held constant. In other words, the patients in medical
cluster 3 are more likely to choose consent type E rather than Y.
Medical clusters 2 and 4 have no significant effect on patients’ choice of consent type.
Practice cluster (geographical location): The multinomial logit for patients who are grouped in
practice cluster 3 relative to those who are grouped in practice cluster 5 is 0.1604 unit lower for
preferring consent type E to Y, given all other predictor variables in the model are held constant.
In other words, the patients in practice cluster 3 are more likely to choose consent type E rather
than Y. The multinomial logit for patients who are grouped in practice cluster 4 relative to those
who are grouped in medical cluster 5 is 0.4137unit higher for preferring consent type E to Y, given
all other predictor variables in the model are held constant. In other words, the patients in practice
cluster 4 are more likely to choose consent type E rather than Y. Practice clusters 1 and 2 have no
significant effect on patients’ choice of consent type.
Doctor cluster (personal interaction of patient and physician):Doctor clusters have no significant
effect on patients’ choice of consent type.
Severity: If a patients’ severity of illness were to increase by one unit, the multinomial log-odds
for preferring consent type E to Y would be expected to decrease by 0.1048 unit while holding all
other variables in the model constant. In other words, when the health status of the patients is
deteriorating, they are more likely to prefer consent type Y to E.
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4.2. Preference of Consent Type N relative to Y
The factors that affect the preference of choice E to Y are having the same effect on preference of
choosing consent type N to Y. In summary, the older patients are more open in sharing their
documents and the sicker a patient is the more likely it is to give full consent rather than limited
or No consent at all. The patients in medical cluster 1 are less likely to give consent type N while
the ones in medical cluster 3 are more likely to give no consent. Similarly, the patients in practice
cluster 3 are less likely to give consent N while the ones in practice cluster 4 are more likely to
give no consent.

5. Discussion
To the best of our knowledge, this work is the first attempt to investigate the patients’ privacy and
their decision to disclose medical information on HIE platforms by analyzing a large dataset of
actual consent choices and detailed medical history of the patients. Our results indicate that age
and gender as well as medical conditions of patients is affecting their choice of consent. These
findings can be of interest to HIE platforms in designing targeted marketing strategies to attract
the patients whom otherwise would have not given consent and thus increase the value of their
platform for their current and future members.
We are currently developing hierarchical Bayesian market choice models of consent choice. The
Bayesian approach enables us to emphasis on the individual differences among patients. Classical
models do not allow the estimation of individual-level parameters. For example unless
implemented through a conditional likelihood approach, the random coefficient models can only
estimate the hyper-parameters. Even models of heterogeneity often restrict heterogeneity to a
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limited subset of parameters such as intercept. The drivers of patients’ consent decision can be
better understood if we allow differences in not only intercepts, but also slope coefficients.
Since there is a very small percentage of patients with limited consent types, responding to
individual level differences becomes even more important.

To efficiently design targeted

interventions for increasing the level of full consents, we should use a method which describes the
uncertainty in patient-level estimates. By estimating the responses at individual level, we can
estimate the population response by aggregating the individual level responses. This method will
lead to much more precise estimates of the population response.
To address heterogeneity, fixed effects methods in which some of the model parameters are
considered fixed across all or at least a subset of individuals are proposed (Currim 1981; Guadagni
and Little 1983; Kamakura and Russell 1989). Although we have a data set of over 18000 patients,
the individual level information about each of these patients is very scarce. This scarcity renders
the use of fixed-effects approach to heterogeneity. Even if there was an ample amount of data
about individual characteristics, it is implausible to assume that heterogeneity is fully captured by
intercepts (Rossi and Allenby 1993).
An alternative approach is to use a random effects model in which individual patient level
parameters are viewed as draws from a super population. This method estimates the parameters’
distribution over the population but still is not able to provide individual level parameter estimates
(Chintagunta et al. 1991) and thus is not suited for inferences about individual level effects.
In the Bayesian approach, we will first assign a general prior distribution to model parameters
based on the assumption that the population is homogenous and there is no difference in model
parameters among individual patients. Through the Bayesian process, the prior distribution will be
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updated by observing the behavior of each of the patients at individual level. In other words, if
patient 𝑖 can choose among 𝑗 ∈ {𝑌, 𝐸, 𝑁} alternatives according to a multinomial distribution with
probabilities {𝑝𝑖𝑌 , 𝑝𝑖𝐸 , 𝑝𝑖𝑁 } in which the probabilities are linked to patient characteristics through
a standard logit model as𝑝𝑖𝑗 = ∑

exp(𝑋𝑖 ′ 𝛽𝑗 )

𝑗≠𝑗∗ exp(𝑋𝑖

′

𝛽𝑗 )

, then the likelihood of model parameters vector 𝜷,

given the observed choices for patient 𝑖 over a period of 𝑇,can be defined as ℓ𝑖 (Data𝑖 |𝜷) =
𝐼(𝐶=𝑗)
∏𝑇𝑡=1 ∏𝐽𝑗=1 𝑝𝑖𝑗𝑡
where 𝐼(𝐶 = 𝑗) = 1 if the patient chooses consent type 𝑗 and 𝐼(𝐶 = 𝑗) = 0

otherwise. If we assume 𝜋(𝜷), a prior distribution for the vector of model parameters𝜷 based on
the aggregate level estimations, we can form a posterior distribution for patient level parameters
through the simple Bayesian process such that𝑝𝑖 (𝜷|Data𝑖 ) ∝ 𝜋(𝜷)ℓ𝑖 (Data𝑖 |𝜷).
The critique to Bayesian approach is its ambiguity in defining the prior distributions. We will
̅ and
address this by defining the prior distribution as a multivariate normal distribution with mean 𝜷
covariance proportionate to 𝚺 based on the pooled maximum likelihood estimation of model
parameters (McCulloch and Rossi 1991). The use of normal approximation for multivariate logit
models is justified by Zellner and Rossi (1984). Prior to the invention of Markov chain Monte
Carlo methods, the posterior distribution had to be analytically arrived at by multiplying the prior
distribution by likelihood function. The emergence of Monte Carlo Markov Chain (MCMC)
simulation methods has eliminated the need to tedious analytical derivation by substituting it with
a set of repetitive calculations that, in effect, simulate draws from this distribution (Allenby et al.
2005). We are currently pursuing the research in this venue.

16

References
Allenby, G., Rossi, P., and McCulloch, R. 2005. “Hierarchical Bayes models: a practitioners
guide,” Available at SSRN 655541 .
Anderson, C. L., and Agarwal, R. 2011. “The digitization of healthcare: boundary risks, emotion,
and consumer willingness to disclose personal health information,” Information Systems
Research (22:3), pp. 469–490.
Appari, A., and Johnson, M. E. 2010. “Information security and privacy in healthcare: current
state of research,” International journal of Internet and enterprise management (6:4), pp.
279–314.
Aron, R., Dutta, S., Janakiraman, R., and Pathak, P. A. 2011. “The Impact of Automation of
Systems on Medical Errors: Evidence from Field Research,” Information Systems
Research (22:3), pp. 429–446.
Baicker, K., Schoen, C., and Stremikis, K. 2010, June. “Mirror, Mirror on the Wall: How the
Performance of the U.S. Health Care System Compares Internationally, 2010 Update The Commonwealth Fund,” .
Baicker, K., and Skinner, J. S. 2011. “Health care spending growth and the future of US tax
rates,” National Bureau of Economic Research.
Blumenthal, D., and Tavenner, M. 2010. “The ‘Meaningful Use’ Regulation for Electronic
Health Records,” New England Journal of Medicine (363:6), pp. 501–504.
Buntin, M. B., Burke, M. F., Hoaglin, M. C., and Blumenthal, D. 2011. “The benefits of health
information technology: a review of the recent literature shows predominantly positive
results,” Health Affairs (30:3), pp. 464–471.
Casalino, L., Gillies, R. R., Shortell, S. M., Schmittdiel, J. A., Bodenheimer, T., Robinson, J. C.,
Rundall, T., Oswald, N., Schauffler, H., and Wang, M. C. 2003. “External incentives,
information technology, and organized processes to improve health care quality for
patients with chronic diseases,” JAMA: the journal of the American Medical Association
(289:4), pp. 434–441.
Chernew, M. E., Baicker, K., and Hsu, J. 2010. “The Specter of Financial Armageddon Health
Care and Federal Debt in the United States,” New England Journal of Medicine (362:13),
pp. 1166–1168.
Chintagunta, P. K., Jain, D. C., and Vilcassim, N. J. 1991. “Investigating heterogeneity in brand
preferences in logit models for panel data,” Journal of Marketing Research , pp. 417–
428.

17

Culnan, M. J., and Armstrong, P. K. 1999. “Information privacy concerns, procedural fairness,
and impersonal trust: An empirical investigation,” Organization Science (10:1), pp. 104–
115.
Currim, I. S. 1981. “Using segmentation approaches for better prediction and understanding from
consumer mode choice models,” Journal of Marketing Research , pp. 301–309.
DiMatteo, R. 1997. “Health behaviors and care decisions: an overview of professional-patient
communication,” in Handbook of health behavior research II: provider determinants,
New York: Plenum Press, pp. 5–22.
Dinev, T., and Hart, P. 2006. “An Extended Privacy Calculus Model for E-Commerce
Transactions,” Information Systems Research (17:1), pp. 61–80.
Frisse, M. E., and Holmes, R. L. 2007. “Estimated financial savings associated with health
information exchange and ambulatory care referral,” Journal of biomedical informatics
(40:6), pp. S27–S32.
Guadagni, P. M., and Little, J. D. 1983. “A logit model of brand choice calibrated on scanner
data,” Marketing science (2:3), pp. 203–238.
Hodge Jr, J. G., Gostin, L. O., and Jacobson, P. D. 1999. “Legal issues concerning electronic
health information,” JAMA: the journal of the American Medical Association (282:15),
pp. 1466–1471.
Kam, L. E., and Chismar, W. G. 2006. “Online self-disclosure: model for the use of internetbased technologies in collecting sensitive health information,” International journal of
healthcare technology and management (7:3), pp. 218–232.
Kamakura, W. A., and Russell, G. J. 1989. “A probabilistic choice model for market
segmentation and elasticity structure,” Journal of Marketing Research , pp. 379–390.
Loewenstein, G. 2005. “Hot-cold empathy gaps and medical decision making,” HEALTH
PSYCHOLOGY-HILLSDALE THEN WASHINGTON DC- (24:4), p. S49.
Mancilla, D., and Biedermann, S. 2009. “Health information privacy: why trust matters,” The
Health Care Manager (28:1), pp. 71–74.
Martin, A. B., Lassman, D., Washington, B., and Catlin, A. 2012. “Growth In US Health
Spending Remained Slow In 2010; Health Share Of Gross Domestic Product Was
Unchanged From 2009,” Health Affairs (31:1), pp. 208–219.
Mazur, D. J., and Hickam, D. H. 1997. “Patients’ preferences for risk disclosure and role in
decision making for invasive medical procedures,” Journal of general internal medicine
(12:2), pp. 114–117.
McCulloch, R., and Rossi, P. E. 1991. “A Bayesian approach to testing the arbitrage pricing
theory,” Journal of Econometrics (49:1), pp. 141–168.
18

Menon, N. M., Lee, B., and Eldenburg, L. 2000. “Productivity of Information Systems in the
Healthcare Industry,” Information Systems Research (11:1), pp. 83–92.
Rohm, A. J., and Milne, G. R. 2004. “Just what the doctor ordered: The role of information
sensitivity and trust in reducing medical information privacy concern,” Journal of
Business Research (57:9), pp. 1000–1011.
Rossi, P. E., and Allenby, G. M. 1993. “A Bayesian approach to estimating household
parameters,” Journal of Marketing Research , pp. 171–182.
Sipkoff, M. 2010. “HIEs Are Slow Going But Critical Part of HIT,” MANAGED CARE .
Terry, K. 2012, November. “Patient Consent for Information Exchange Comes Into Focus,”
ihealthbeat.org, .
Walker, J., Pan, E., Johnston, D., Adler-Milstein, J., Bates, D. W., and Middleton, B. 2005. “The
value of health care information exchange and interoperability,” HEALTH AFFAIRSMILLWOOD VA THEN BETHESDA MA- (24), p. 5.
Willison, D. J., Schwartz, L., Abelson, J., Charles, C., Swinton, M., Northrup, D., and Thabane,
L. 2007. “Alternatives to project-specific consent for access to personal information for
health research: What is the opinion of the Canadian public?,” Journal of the American
Medical Informatics Association (14:6), pp. 706–712.
Wright, A., Soran, C., Jenter, C. A., Volk, L. A., Bates, D. W., and Simon, S. R. 2010.
“Physician attitudes toward health information exchange: results of a statewide survey,”
Journal of the American Medical Informatics Association (17:1), pp. 66–70.
Yaraghi, N., Du, A. Y., Sharman, R., Gopal, R. D., and Ramesh, R. 2013. “Network Effects in
Health Information Exchange Growth,” ACM Transactions on Management Information
Systems (TMIS) (4:1), p. 1.
Yaraghi, N., Du, A. Y., Sharman, R., Gopal, R., and Ramesh, R. 2012. “Professional and
geographical proximity effects on HIE adoption,” Journal of the American Medical
Informatics Association (forthcoming).
Zellner, A., and Rossi, P. E. 1984. “Bayesian analysis of dichotomous quantal response models,”
Journal of Econometrics (25:3), pp. 365–393.

19

