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Abstract
Background: The benefits from the combination of 4 clinical information systems (CISs)—electronic health records (EHRs),
health information exchange (HIE), personal health records (PHRs), and telehealth—in primary care depend on the configuration
of their functional capabilities available to clinicians. However, our empirical knowledge of these configurations and their
associated performance implications is very limited because they have mostly been studied in isolation.
Objective: This study aims to pursue 3 objectives: (1) characterize general practitioners (GPs) by uncovering the typical profiles
of combinations of 4 major CIS capabilities, (2) identify physician and practice characteristics that predict cluster membership,
and (3) assess the variation in the levels of performance associated with each configuration.
Methods: We used data from a survey of GPs conducted throughout the European Union (N=5793). First, 4 factors, that is,
EHRs, HIE, PHRs, and Telehealth, were created. Second, a cluster analysis helps uncover clusters of GPs based on the 4 factors.
Third, we compared the clusters according to five performance outcomes using an analysis of variance (ANOVA) and a Tamhane
T2 post hoc test. Fourth, univariate and multivariate multinomial logistic regressions were used to identify predictors of the
clusters. Finally, with a multivariate multinomial logistic regression, among the clusters, we compared performance in terms of
the number of patients treated (3 levels) over the last 2 years.
Results: We unveiled 3 clusters of GPs with different levels of CIS capability profiles: strong (1956/5793, 37.36%), medium
(2764/5793, 47.71%), and weak (524/5793, 9.04%). The logistic regression analysis indicates that physicians (younger, female,
and less experienced) and practice (solo) characteristics are significantly associated with a weak profile. The ANOVAs revealed
a strong cluster associated with significantly high practice performance outcomes in terms of the quality of care, efficiency,
productivity, and improvement of working processes, and two noncomprehensive medium and weak profiles associated with
medium (equifinal) practice performance outcomes. The logistic regression analysis also revealed that physicians in the weak
profile are associated with a decrease in the number of patients treated over the last 2 years.
Conclusions: Different CIS capability profiles may lead to similar equifinal performance outcomes. This underlines the
importance of looking beyond the adoption of 1 CIS capability versus a cluster of capabilities when studying CISs. GPs in the
strong cluster exhibit a comprehensive CIS capability profile and outperform the other two clusters with noncomprehensive
profiles, leading to significantly high performance in terms of the quality of care provided to patients, efficiency of the practice,
productivity of the practice, and improvement of working processes. Our findings indicate that medical practices should develop
high capabilities in all 4 CISs if they have to maximize their performance outcomes because efforts to develop high capabilities
selectively may only be in vain.
(J Med Internet Res 2020;22(7):e16300) doi: 10.2196/16300
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Introduction
Background
Over the past several years, a consensus has emerged on the
recognition of the potential of clinical information systems
(CISs) to improve the health care delivered to patients and save
lives [1,2].
Electronic health records (EHRs) are at the heart of the reform
of health systems in many developed countries [3] as well as
middle-income countries such as Brazil [4] or India [5]. An
EHR can be defined as “an electronic record of health-related
information on an individual that conforms to nationally
recognized interoperability standards, and that can be created,
managed, and consulted by authorized clinicians and staff across
more than one healthcare organization” [6]. EHRs can “help
address the dual problems of high costs and poor quality in
health” [7]. For instance, EHRs can assist clinicians to improve
the care provided to patients by promoting adherence to
guidelines [8], improving medical practice management, saving
time, and facilitating condition-specific queries, to name a few
[9]. In the specific context of primary health care organizations
or general practices, EHRs offer “a unique opportunity to collect
a wide range of ecologically valid patient data to support
understanding of disease burden and health trajectories over the
life-course” [10].
Due to their potential benefits, previous decades have witnessed
rapid growth in the adoption of EHRs in health care settings.
However, despite considerable investments by governments,
the adoption of EHRs in some primary care organizations has
been slow, especially in small practices [11], and disparities
have been observed in terms of benefits associated with CISs
in primary care practices [12]. In addition, other researchers
have underscored that the potential benefits of EHRs are limited
when health information stored in the system is shared only
within the host institution, which means that greater benefits
will be realized if only health information is shared beyond the
host institution [13,14] and the technology used to support such
sharing is health information exchange (HIE). For this reason,
the Meaningful Use program in the United States includes
incentives for health care providers to participate in HIE [15].
Empirical evidence suggests that the exchange and sharing of
patient data can decrease mortality, systemic costs, and
utilization costs in the emergency department [13,16,17].
In addition to the abovementioned CISs (EHR and HIE), the
personal health record (PHR) has recently been gaining attention
because of its potential to support the transformation of health
systems to a more patient-centered model of care [18] as well
as its key role in patient engagement [19,20]. Indeed, patient
engagement is recognized as a critical factor for improving the
quality of care [19] and patient safety [19,21,22]. It is not
surprising, then, that patient engagement measures and the
sharing of health information between providers and patients
are also key parts of the Meaningful Use program in the United
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States [18,23]. Although the role of patients in the health care
process is being increasingly recognized, Krist and Woolf [24]
have pointed out that much of the energy of the health
information movement has been devoted to the use of health
information by clinicians, even though patients’ use of these
technologies carries equal promise. One of the most effective
ways to share electronic health data with patients is via PHRs.
Similarly, telehealth has been gaining attention because of its
potential to reduce barriers to access health care and to save
time and reduce costs for remote patients [25,26]. In addition,
telehealth can “be clinically supportive and educative by
facilitating contact with peers” and, in turn, education can
enhance the quality of care provided to patients [27,28].
In conclusion, EHR, HIE, PHR, and telehealth can be considered
the most important components of a modern and desirable CIS
for both hospital and primary care practices. However, in
previous research, these 4 CISs have been studied in isolation
with little or no attention to their combination and associated
implications for performance outcomes. A search in Medical
Literature Analysis and Retrieval System Online (MEDLINE);
March 2020) using the 4 terms, “electronic health records,”
“health information exchange,” “personal health record,” and
“tele-health,” in all fields yielded no hits. The same search
performed in Article title, Abstract, Keywords in Scopus (March
2020) yielded no hits. We conclude that there is some evidence
from which one can infer that the body of knowledge in the way
capabilities associated with the 4 CISs empirically coexist to
form configurations or profiles, and the associated implication
for performance outcomes is very limited. Of note is the fact
that most studies have investigated the 4 CISs in isolation,
including their implications for performance outcomes. For
instance, several current reviews have found ambivalent or no
significant relationship between EHRs and performance
outcomes in primary care settings [29,30]. For their part, Black
et al [29] concluded that “there is a large gap between the
postulated and empirically demonstrated benefits of eHealth
technologies [such as EHR, HIE, PHR, and telehealth].”
This paper takes a configurational perspective. In a broad sense,
configuration is defined as “any multidimensional constellation
of conceptually distinct characteristics that commonly occur
together” [31].
Following Miller [32]; Fiss, Marx, and Cambré [33]; and Delery
and Doty [34], we argued that studying the configurations of
CIS adoption by primary care practices will not only allow us
to take a holistic view of the adoption of CIS by these
organizations as it is these patterns or profiles of 4 CISs rather
than single isolated CISs that are related to performance, but it
will also help to reveal insights that would have been otherwise
difficult to obtain. In addition, configuration approaches help
to investigate equifinality—defined as a concept in which
different primary care practice profiles with different
configurations of CIS adoption arrive at the same level of the
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outcome measure in terms of practice performance outcomes
[35].

Objectives
This study has 4 primary goals. The first is to identify predictors
of the adoption of clinical systems by general practitioners (GPs)
in Europe. The second is to identify and characterize GPs by
uncovering typical profiles or patterns of the combination of 4
major CIS capabilities: EHRs, HIEs, PHRs, and telehealth.
Consequently, this second objective is inductive in nature,
empirically based, and taxonomic, dedicated to classification
and subdivision [36,37]. The third objective is to identify
physician and practice characteristics that predict cluster or
profile membership. Finally, given that the ultimate objective
of investing in CISs is to improve the quality of care provided
to patients while decreasing cost, the fourth objective is to assess
the variation in levels of performance outcomes associated with
practice in each configuration or profile.

Methods
Data Source and Sample
We used a data set provided by the European Commission (EC)
from the 2018 survey of European GPs. The objective of this
study was to understand and measure the actual adoption and
use of information and communication technology (ICT) and
electronic health (eHealth) applications by general practitioners
(GPs) in the 27 countries of the European Union (EU27) as well
as changes in uptake over time. The 2018 survey of European
GPs was a follow-up study of the 2013 survey, which included
the EU27 plus 4 other countries (Croatia, Iceland, Norway, and
Turkey).
Given that this 2018 survey of European GPs was a follow-up
of the 2013 survey, eHealth is broadly defined, as in the previous
study, as “the use of Information and Communication
Technologies (ICT) across the whole range of health care
functions” [38]. The 2018 survey used the same methodological
approach and questionnaire as the previous study. Data
collection was based on a survey in the EU27 using mixed
methodology (web-based; web CATI, where CATI stands for
computer-assisted telephone interviews; and face-to-face) and
was conducted between January and June 2018 [38,39]. The
data collection process was endorsed by the European Union
of General Practitioners. A detailed description of the
methodological approach is provided only in the 2013 survey
report. The EC team took several measures to ensure the
representativeness of the sample. The details are provided in
the Technical Compendium of 121 pages published by the EC
and available to the public [38]. The identification of the
universe of the survey was based on the definition from the
World Organization of Family Doctors Europe that characterizes
GPs in European countries as “specialist physicians trained in
the specialty of primary care who ‘exercise their professional
role by promoting health, preventing disease and providing cure,
care, palliation and promoting patient empowerment and
self-management’.” The universe was composed of 425,622
GPs [39].
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The questionnaire was composed of 3 parts: (1) GPs’
sociodemographics, organizational settings, practice location,
description of tasks, and workload; (2) ICT availability and use
within a GP practice that is divided into 4 categories: EHRs,
HIE, telehealth, and PHRs; and (3) attitudinal questions as well
as questions related to motivations, perceived barriers, and
impacts of ICT.
Following the previous 2013 survey approach, a final sample
of 5793 GPs was randomly selected over the analyzed EU27,
with an overall sampling error of plus or minus 1.30% [39].
Given that the 4 objectives of this study are related to CIS
adoption and associated with the implications for performance
outcomes, out of the initial sample of 5793 GPs, only the 5244
who had an EHR system and stored patient data electronically
were considered for a subsequent analysis. Due to the presence
of missing values in 3 variables (HIE, PHR, and telehealth), we
applied a multiple imputation strategy. Among the 5244
subjects, 5022 (95.77%) subjects had complete data, 100
(1.91%) subjects had missing values on telehealth only, 72
(1.37%) subjects had missing values on PHR only, and the
remaining 50 (<1%) subjects had other missing patterns.
We imputed the missing values using a multiple imputation
procedure. On the one hand, multiple imputation methods
perform better than single imputation ones. We selected the
multiple imputation method of fully conditional specification
with the Proc MI procedure in SAS software version 9.4 (SAS
Institute) because of its flexibility in allowing us to define the
multivariate model by a series of conditional models, one for
each incomplete variable [40]. The 4 variables related to each
CIS were chosen for the imputation model: EHR, HIE,
telehealth, and PHR. For each of the 4 variables, we then chose
regression because the regression model allows the specification
of a minimum and a maximum value for imputed values on a
variable-by-variable basis [41].
On the other hand, it is impossible to use multiple imputed data
sets for cluster analysis as it produces different results of
clusters, and it seems that there are no methods to combine these
results. Therefore, we used the multiple imputation method as
discussed but only chose one as the number of imputations. The
final 4 variables used in the cluster analyses were the ones after
imputations
and
then
standardization:
xc_EHR_imp_std, xc_HIE_imp_std, xc_TeH_imp_std, xc_PHR_imp_std.
Although the final 4 variables used for the cluster analysis were
the ones with an imputation, we performed the same cluster
analysis with the same variables without the imputation of
missing values.
As stated earlier, the 549 GPs who did not store patients’ data
electronically and those who did not have an EHR were
excluded from the analysis. The final sample in our analysis
was 5793 – 549 = 5244 subjects. Table 1 compares the
characteristics of the 549 and 5244 subsamples. Concerning the
total sample (N=5244) composition in terms of countries, 8
countries represent a little less than 50% (49.77%) of the sample,
each country accounting for about 5.54% and 7.15% of the
sample, respectively. These countries include France, Italy,
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the Netherlands.

Table 1. Characteristics of the respondents and their practices.
Variables, characteristics (ie, levels for categorical variables)

Nonsampled (n=549)

Sampled (n=5244) Chi-square (df)

t test (df)

P value

Male

247 (45.0)

2652 (50.57)

62 (1)

N/Aa

.01

Female

302 (55.0)

2592 (49.43)

62 (1)

N/A

.01

Age (years), mean (SD)

53.23 (10.35)

51.86 (10.82)

N/A

2.8 (5791)

.005

Years spent in general practice, mean (SD)

21.07 (11.13)

20.83 (11.22)

N/A

0.5 (5791)

.64

159 (29.0)

1547 (30.02)

103.0 (3)

N/A

<.001

Self-employed GPs working alone

272 (49.5)

2013 (38.39)

103.0 (3)

N/A

<.001

Self-employed GPs working in a group practice

37 (7)

1226 (23.38)

103.0 (3)

N/A

<.001

Other

81 (15)

431 (8.2)

103.0 (3)

N/A

<.001

Solo (1)

320 (58.3)

2155 (41.09)

67.4 (3)

N/A

<.001

Small (2-4)

58 (11)

920 (17.5)

67.4 (3)

N/A

<.001

Medium (5-9)

60 (11)

995 (19.0)

67.4 (3)

N/A

<.001

Large (10 or more)

111 (20.2)

1174 (22.39)

67.4 (3)

N/A

<.001

Large city

204 (37.2)

1944 (37.07)

1.0 (2)

N/A

.62

Medium- to small-sized city

156 (28.4)

1402 (26.74)

1.0 (2)

N/A

.62

Rural town

189 (34.4)

1898 (36.19)

1.0 (2)

N/A

.62

Gender, n (%)

Professional status, n (%)
Working in a health center
b

Size of the practice (number of physicians), n (%)

Location of workplace, n (%)

a

N/A: not applicable.

b

GPs: general practitioners.

Selection of Clustering Variables and Measurements
As recommended by Aldenderfer and Blashfield [42] and Hair
et al [37], the selection of clustering variables is theory driven.
The selection of variables was based on the fact that they have
a common theoretical foundation—they relate to the functional
characteristics or capabilities of 1 of the 4 CISs (EHR, HIE,
PHR, and telehealth). Indeed, according to the diffusion of
innovation theory (DOI) [43], the characteristics of innovation,
such as the functional capabilities of CISs are important factors
in explaining its adoption.
All clustering variables were dichotomous (1: available and 0:
not available). In total, 44 dichotomous variables were selected
based on their theoretical relationship; that is, they relate to the
functional characteristics of 1 of the 4 CISs (EHR, HIE, PHR,
or telehealth). We also used 5 measures of performance. Four
measures (quality of care provided to patients, efficiency of the
practice, productivity of the practice, and improvement of
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working processes) were based on a 4-point Likert-type scale
ranging from 0 (“strongly disagree”) to 3 (“strongly agree”),
and 1 measure (number of patients over the last 2 years) of a
categorical type with 3 categories (1: decrease, 2: remain the
same, 3: increase)
A standardized average frequency or scaled frequency was
computed for each group of variables, including CIS capabilities
and performance, resulting in 8 scales. As presented in Table
2, in 7 out of 8 scales, the measurement of reliability is greater
than 0.7 [44]. Although the reliability of telehealth was less
than 0.7, we decided to keep this factor because Cronbach’s
alpha is sensitive to the number of items in the scale and
generally tends to underestimate the internal consistency
reliability” [45] and “researchers can rely on less stringent
reliability measurements for scales consisting of a few items”
[46]. We then used standardized average frequencies as the
clustering variables.
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Table 2. Reliability of the scales.
Factors

Number of items

Cronbach alpha

Electronic health record

19

.87

Health information exchange

15

.87

Telehealth

4

.59

Personal health record

6

.80

Quality of care provided to patients

6

.92

Efficiency of the practice

5

.89

Productivity of the practice

5

.83

Improvement of personal working practice

4

.80

Clinical system capabilities

Performance measurement

The statistical analysis was performed in 3 parts: (1) cluster
analysis, (2) ANOVAs With Tamhane T2 Post Hoc Tests, and
(3) regression analysis.

Statistical Analysis 1: Cluster Analysis
As indicated earlier, we adopted a configurational approach that
is taxonomic, based on cluster analysis [31,47]. General
practices were classified to reveal patterns based on the available
CIS capabilities related to EHR, HIE, PHR, and telehealth.
Thereafter, we explored the influence of general practitioner
and practice characteristics on the availability of the 4
components of CISs included in this study (EHR, HIE, PHR,
and telehealth).
Broadly speaking, cluster analysis is a multivariate statistical
technique that classifies items or objects (individuals, firms, or
behaviors) from a given population into subgroups or clusters
so that items that are classified in the same cluster are more
similar to one another than they are to items in another cluster
[37,48]. In doing so, the homogeneity of objects within each
group is maximized, whereas the heterogeneity between the
groups is maximized. Cluster analysis is a completely empirical
method of classification that is inductive by nature [49].
Following previous research recommendations [48-50], our
procedure was based on 2 steps that allowed the determination
of the natural number of clusters in the data set, as it has been
found to be more effective than other approaches in the ability
to recover clusters. First, a hierarchical algorithm was employed
to identify and define natural clusters and associated centroids.
These centroids were then used as initial seeds in a
nonhierarchical algorithm. Later, a discriminant function
analysis was carried out [49] to validate the cluster solution.
Several studies have used this technique to validate the results
of cluster analysis [51,52].
It is important to remember that contrary to other statistical
techniques such as regression analysis, which necessitate the
satisfaction of the linearity assumption and have established
rules for sample size calculation [53], no such assumptions are
necessary for cluster analysis [54]. Given that this is a data
mining technique, cluster analysis does not have hard sample
size rules and does not need to satisfy parametric or even
nonparametric statistical test assumptions [55]. Nonetheless,
Hair et al [56] underscored that “the sample size must be large
http://www.jmir.org/2020/7/e16300/
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enough to provide sufficient representation of small groups
within the population and represent the underlying structure.”
For their part, Formann [57,58] as well as Dolnicar [59] contend
that there is a consensus that the minimal sample size for cluster
analysis is 2k observations (k=number of variables) to achieve
sufficient power and confidence in the statistical analysis. In
the same vein, Lowry et al [55], including Dolnicar [59], indicate
that from a conservative perspective, the minimal sample must
be no less than 5×2k. In this study, k=4, which requires a
minimum sample size of 80 to meet this criterion, which is
obviously less than the sample size of this study (N=5244).

Determination of the Number of Clusters
The optimum number of clusters was determined by inspecting
the dendrogram generated in the combination of the Ward
minimum variance clustering algorithm and the squared
Euclidean distance. This examination revealed that a 3-cluster
solution would be optimal. To ascertain the reliability of the
solution [48], the procedure was performed with different
subsamples that were randomly selected (30%, 40%, and 60%).
On the grounds of the preceding analysis, the 3-cluster solution
was retained. It was the most meaningful and the one that best
captured the patterns of the adoption of functional capabilities
of EHR, HIE, PHR, and Telehealth among European GPs. The
uncovered clusters formed significantly well-separated groups
that had strong EHR, HIE, PHR, and telehealth functional
capability adoption meanings. The 3 different patterns identified
reveal how CIS capability priorities set at macrolevels (countries
or EC), actually and empirically manifest at primary care levels.
It is worth recalling that cluster analysis was performed with
and without the imputation of missing values. Of note is the
fact that the results were similar with and without the imputation
of missing values. As cluster analyses necessitate all variables
to have nonmissing values, 740 observations were not classified
in the analysis without the imputation of missing values. The
two 3-cluster solutions were then compared to determine the
degree of agreement among members of each cluster using
Cohen kappa coefficient. The results reveal an almost perfect
agreement between the two 3-cluster solutions with a kappa of
0.99 (kappa in the range of 0.80-1.00) [60].
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Validation of the Cluster Solution and Multiple
Discriminant Analysis

they actually adopted. The resulting taxonomy highlights
different clear priorities and routes to the adoption of the 4 major
CIS capabilities.

A multiple discriminant function analysis was performed
following a cross-validation approach [37] to validate the
3-cluster solution and determine how the clusters differed on
the 4 clustering variables portraying GPs based on EHR, HIE,
PHR, and Telehealth functional capabilities [49]. Our
discriminant analysis produced 2 functions with significant
Wilks lambdas (P<.001). In addition, the hit ratios for the
analysis and holdout samples were 95.90% and 94.70%,
respectively. Two standard criteria were used to evaluate the
accuracy of the hit ratios: the maximum chance criterion (Cmax)
and the proportional chance criterion (Cpro) [45]. The last authors
[45] underscored Cmax as the most conservative standard in that
it will produce the highest standard of comparison. In this case,
because the 3 clusters have different sizes, the Cmax is equal to
52.70%. Hair et al [45] suggested that the classification accuracy
should be at least one-fourth greater than the accuracy of the
classification achieved by chance (1.25×Cpro): Cpro=43% and
1.25×Cpro=53.75%. Overall, in a conservative view, both hit
ratios are greater than maximum 1.25 (Cpro and Cmax). In
conclusion, the null hypothesis (that the percentage correctly
classified was not significantly different from what would be
classified by chance alone) was rejected. Finally, from the
distribution of the GPs along with the clusters’ centroids in the
plane of the 2 computed discriminant functions (ie, the scatter
plot of GPs in the space of the 2 discriminant functions with
the clusters’ centroids), we were able to observe a complete
separation of each one of the centroids from another along the
2 discriminant axes [61]. The evidence suggests that the
discriminant functions performed very well in separating the 3
groups.
Although our empirically derived taxonomy appears to be
meaningful, its quality is discussed in light of Rich [62]
framework on requirements for a valid taxonomy: breadth,
meaning, depth, theory, quantitative measurement,
completeness, logic, and recognizability. Following the call by
Dayer et al [63] to adapt the framework when applied to
taxonomies created through cluster analysis, the assessment is
based on 5 of the 7 initial criteria.
Breadth
The selection of clustering variables from which GPs were
grouped was theory driven [37,42]. As stated earlier, the 18
clustering variables were selected based on their having a
common theoretical foundation, that is to say, they pertain to
the functional characteristics of 1 of the 4 CISs (EHR, HIE,
PHR, or Telehealth), and previous studies have confirmed the
influence of these clustering variables on the adoption of
technologies [43,64,65].
Meaning
The resulting taxonomy is built on the broad foundations of the
DOI theory [43], which acknowledges the complexity of the
adoption of innovation and suggests that GPs should not be
considered a homogeneous group when investigating the
adoption of CIS capabilities. This theory supports the need for
classification of the GPs adopting CIS based on the capabilities
http://www.jmir.org/2020/7/e16300/
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Theory
The anchoring of the development of our taxonomy in the theory
of DOI [43] provides a robust theoretical foundation that serves
as a qualitative basis for GP grouping justification as well as
variable selection and helps to describe and understand the
adoption of the 4 major CISs (EHR, HIE, PHR, and Telehealth)
at the medical practice level.
Quantitative Measurement
GPs were assigned to specific clusters or groups resulting from
an inductive process based on empirical, multivariate data
analysis as well as the application of ANOVA and post hoc
analysis to enhance the validity of the results.
Recognizability
By deriving the taxonomy from the actual capabilities of the
CIS circumscribed by each artifact (EHR, HIE, PHR, and
telehealth technologies), we can claim that our taxonomy reflects
the real world for both practitioners as well as theorists and
depicts the actual landscape of EHR, HIE, PHR, and Telehealth
adoption by GPs within the EU.
In a subsequent step, the 3 profiles (clusters) were compared
according to 4 performance outcomes (quality of care provided
to patients, efficiency of the practice, productivity of the
practice, improvement of working processes) using an ANOVA
and a Tamhane T2 post hoc test.

Statistical Analysis 2: ANOVAs With Tamhane T2
Post Hoc Tests
We used ANOVAs with Tamhane T2 post hoc tests to compare
the 4 performance outcomes that were rated with a Likert scale:
quality of care provided to patients, efficiency of the practice,
productivity of the practice, and improvement of personal
working practice.

Statistical Analysis 3: Regression Analysis
This analysis was performed in 4 steps. First, we used a
regression model to identify the predictors of CIS adoption.
Second, for each of the following 6 characteristic variables, that
is, 4 physician characteristics (gender, age, professional status,
and years spent in general practice) and 2 practice characteristics
(workplace location and practice size), a univariate multinomial
logistic regression was conducted to analyze the effect of the
characteristic variable on cluster membership.
Third, the multivariate multinomial logistic regression model
was conducted with the 6 characteristic variables as independent
variables and the 3-cluster solution as the outcome variable.
This was used to analyze the effect of each characteristic
variable on cluster membership, as shown in the first step, but
controlling for the other 5 characteristic variables.
Fourth, the multiple multinomial logistic regression was
performed to see if the cluster membership predicted the level
of performance in terms of “the number of patients over the
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past two (2) years” when controlling for the 6 characteristic
variables.

the fact that the odds ratios (ORs) for age and years spent in
general practice are close to 1.

Results

Empirical CIS Profiles of GPs

Characteristics of Adopters Versus Nonadopters of
Electronic Storage of Patient Data
The logistic regression model indicates that compared with GPs
who store patient data electronically, those who do not tend to
be older in age, self-employed, working alone, with fewer years
spent in general practice (Multimedia Appendix 1). Of note is

As shown in Table 3, the ANOVA F test is highly statistically
significant for all 4 factors or groups of functional capabilities.
In addition, the Tamhane T2 post hoc multiple pairwise
comparison test revealed significant differences between the
means of all 4 factors or groups of functional capabilities across
the 3 clusters [66]. It is important to recall that, contrary to other
tests such as the Tukey Honestly Significant Difference Test,
the Tamhane T2 post hoc test does not assume equal variances.

Table 3. Capabilities profile and analysis of variance of clinical information systems.
Variables

ANOVAa

Cluster
1

Number of participants (n=5244), n 1956 (37.30)
(%)

2

3

F test (df)
b

P value

2764 (52.71)

524 (10.0)

N/A

N/A

Clinical system capabilitiesc

a

Electronic health record

H: 0.39d

M: 0.19e

L: −2.47f

5675.8 (2)

<.001

Health information exchange

H: 0.88d

M: −0.42e

L: −1.05f

2517.1 (2)

<.001

Telehealth

H: 0.62d

M: −0.37e

M: −0.33f

764.7 (2)

<.001

Personal health record

H: 0.93d

M: −0.55e

M: −0.56f

2727.4 (2)

<.001

ANOVA: analysis of variance.

b

N/A: not applicable.

c,d,e,f

Within rows, different superscripts indicate significant (P<.05) pairwise differences between means on Tamhane T2 post hoc test. H=high;
M=medium; L=low.

Cluster I
The strong profile (n=1956) is the second largest of the 3 clusters
and accounts for approximately 37% of the sample. Statistically,
this cluster scored high in the pairwise difference between the
means of all 3 groups for all 4 CIS capabilities. GPs within this
cluster have a strong CIS capability profile and pay a great deal
of attention to all 4 CISs, namely EHR, HIE, PHR, and
telehealth. Thus, cluster I is named the strong CIS capabilities
profile.

Cluster II
The moderate profile (n=2764) is the largest of the 3 clusters
and accounts for approximately 53% of the sample. This cluster
scored medium in the pairwise difference between the means
of all 4 CIS capabilities. GPs within this cluster have an equally
moderate emphasis on all 4 CIS capabilities. Thus, cluster II is
named the moderate CIS capabilities profile.

Cluster III
The weak profile (n=524) is the smallest of the 3 profiles and
accounts for approximately 10% of the sample. This cluster
scored low in the pairwise difference between the means for 2
of the 4 CIS capabilities (EHR and HIE), whereas scoring
medium for Telehealth and PHR capabilities. GPs within this
cluster exhibit a focus on Telehealth and PHR capabilities, albeit
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with moderate strength. Thus, cluster III is named the weak CIS
capabilities profile.

Predictors of CIS Profile Membership
Univariate and multivariate logistic regression analyses were
performed (Multimedia Appendix 2) with CIS profiles as the
outcome and 6 independent variables of physician and practice
characteristics: gender, age, physician professional status,
workplace location, years spent in general practice, and practice
size). Of note is the fact that the outcome variable has 3 CIS
profiles, and the odds in the Multimedia Appendix are to the
strong profile as the reference.

Physician Gender
The multivariate model indicated that female GPs were more
likely than their male counterparts to be in the weak (OR 1.52,
95% CI 1.24-1.87) or moderate profiles (OR 1.18, 95%
CI 1.04-1.33) when controlling for other GPs’ individual (age,
physician status, and years spent in general practice) and practice
(workplace location and practice size) characteristics.

Physician Professional Status
The multivariate logistic model indicated that the GPs working
in a health center were less likely than the self-employed GPs
working alone to be in the weak profile (OR 0.46, 95%
CI 0.24-0.87) or moderate profile (OR 0.65, 95% CI 0.42-0.99)
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Similarly, self-employed GPs working in a group practice were
found to be less likely than the self-employed GPs working
alone to be in the weak profile (OR 0.44, 95% CI 0.22-0.87).
However, there was no association between the 2 professional
status and membership in the moderate profile. The same result
is obtained when comparing GPs working neither with a health
center nor as self-employed GPs in a group practice with the
self-employed GPs working alone in relation to membership
with any of the nonstrong profiles.

Physician Age
The multivariate model indicates no association between
physician age and membership in the weak profile. However,
the multivariate model indicates that older GPs are less likely
to be in the moderate profile, with the OR decreasing to 0.97
(95% CI 0.96-0.98) when controlling for other characteristics.

Years Physicians Spent in General Practice
The multivariate model indicates that senior GPs are less likely
to be in the weak profile, with the OR decreasing to 0.97 (95%
CI 0.96-0.99) when controlling for other characteristics.
The multivariate model also indicates that GPs with more years
of practice are more likely to be in the moderate profile, with
the OR increasing to 1.02 (95% CI 1.00-1.03) for each additional
year spent in practice when controlling for other characteristics.

Workplace Location
The multivariate model indicates that GPs within a practice
located in a medium- to small-sized city or in a rural town are
less likely than those located in a large city to be in the weak
profile, with OR 0.741 (95% CI 0.58-0.95) and OR 0.60 (95%
CI 0.48-0.77), respectively. No significant relationship was
found between GPs more or less likely to be in the moderate
profile when comparing workplaces either between medium-

to small-sized cities and large cities or between rural towns and
large cities.

Practice Size
First, no association was found for membership to the moderate
profile when comparing small practice groups with those
working in a solo practice.
Second, between medium and solo, GPs working in
medium-sized practice groups are less likely to be in the weak
profile and the moderate profile than those in a solo practice,
with OR 0.34 (95% CI 0.18-0.66) and OR 0.46 (95%
CI 0.30-0.71), respectively.
Finally, between large and solo, GPs working in large practice
groups are also less likely to be in the weak profile and the
moderate profile than those in solo practice, with OR 0.37 (95%
CI 0.19-0.69) and OR 0.37 (95% CI 0.24-0.56), respectively.

Comparison of CIS Profiles According to Practice
Performance
As stated earlier, we used 5 measures of performance, including
4 based on a 4-point Likert-type scale (quality of care provided
to patients, efficiency of the practice, productivity of the
practice, improvement of working processes) and 1 variable of
categorical type that is composed of 3 levels (1: decrease, 2:
remain the same, 3: increase) related to the number of patients
treated over the last 2 years.
The results in Table 4 indicates that the strong profile
outperforms the other 2 in terms of the quality of care provided
to patients, efficiency of the practice, productivity of the
practice, and improvement of working processes. Surprisingly,
however, the moderate and weak profiles do not differ from one
another in terms of the quality of care provided to patients,
efficiency of the practice, and productivity of practice, whereas
the moderate profile outperforms the weak profile concerning
improvement of working processes.

Table 4. Clinical information systems profiles and practice performance.
Variables

ANOVAa

Cluster
1

2

3

F test (df)

P value

1956 (37.30)

2764 (52.71)

524 (10.0)

N/Ab

N/A

Quality of care provided to patients

H: 0.18d

M: −0.09e

M: −0.20e

53.7 (2)

<.001

Efficiency of the practice

H: 0.14d

M: −0.07e

M: −0.15e

33.3 (2)

<.001

Productivity of the practice

H: 0.16d

M: −0.09e

M: −0.13e

41.0 (2)

<.001

Working processes improvement

H: 0.18d

M: −0.06e

L: −0.37f

73.1 (2)

<.001

Number of participants (n=5244), n (%)
Performancec

a

ANOVA: analysis of variance.

b

N/A: not applicable.

c,d,e,f

Within rows, different subscripts indicate significant (P<.05) pairwise differences between means on the Tamhane T2 post hoc test. H=high;
M=medium; L=low.

A multinomial logistic regression model was used to test the
association between the 3 profiles and the evolution of the
number of patients treated over the past 2 years (a
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categorical-type variable with 3 categories, ie, 1: decrease, 2:
remain the same, 3: increase) by controlling 6 characteristic
variables with stable level as the reference for the 3-category
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outcome variable (Multimedia Appendix 3). This model
indicates that physicians in the weak profile are more likely to
have experienced a decrease in the number of patients treated
than those in both the strong and moderate profiles, with
OR 1.67 (95% CI 1.20-2.33) and OR 1.82 (95% CI 1.33-2.48),
respectively.

Discussion
Over the past several years, scholars and policy makers have
agreed on the unsustainable nature of the increasing trends of
health care spending and investing in health information
technologies is seen as a viable option in dealing with this threat.
As a result, most countries of the Organisation for Economic
Co-operation and Development have begun promoting and
investing in CISs and making them one of their top priorities.
In this context, 4 CISs have emerged as the most important:
EHR, HIE, PHR, and telehealth. Although our knowledge of
the 4 CISs has been advanced by several studies that have
investigated their adoption and associated performance
outcomes, the majority did so by considering the 4 CISs in
isolation, which implies that our understanding of this complex
phenomenon is still limited.
Using data collected by the EC through a survey of 5793 GPs
conducted throughout the EU, this study sought to improve our
understanding of the adoption of 4 CISs and the implications
for performance outcomes. To the best of our knowledge, this
study is one of the first to investigate the empirical
configurations of the capabilities of the 4 most important CISs
(EHR, HIE, PHR, and telehealth) in general practice settings.
At the same time, we believe that the findings of this study
provide several interesting insights for medical informatics
research by confirming, extending, or challenging previous
results, in addition to having important normative implications.
First, consistent with previous studies on the adoption of EHR
[67,68] or HIE [69] in practice settings or ambulatory care, our
results confirm that CISs are less prevalent among older GPs,
working alone in solo practices. However, we found no
association with gender, and our study revealed 2 surprising
results that call for further investigations: (1) GPs with more
years of experience are more likely to adopt electronic data
storage. Of note is the fact that the prediction of electronic
storage of patients’ data by age and years spent in general
practice was both weak, with ORs close to 1.0 of 0.97 and 1.02,
respectively, and (2) GPs within a practice located in a mediumto small-sized city or a rural town are less likely than those in
a large city to be in the weak profile.
Second, after measuring the capabilities associated with each
of the 4 CISs, we empirically uncovered 3 theoretically
meaningful and significantly well-separated configurations of
profiles of CIS adoption by GPs. This result empirically
confirms that CIS capabilities as organizational elements
correlate in an understandable and stable way [31,70], and only
a fraction of the theoretically conceivable configurations is
viable and apt to be observed empirically [31].
Third, among the 3 profiles, one, the strong profile, outperforms
the other two and leads to significantly high performance in
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terms of the quality of care provided to patients, efficiency of
the practice, productivity of the practice, and improvement of
working processes. Given that the strong profile scored high
(H) and higher than the other 2 profiles on all 4 CIS capabilities,
the contrary would have been very worrying. Similarly, when
compared in terms of improvement of working processes as a
practice performance outcome, the moderate cluster that scored
medium on all 4 CIS capabilities outperforms the weak profile.
Although it seems obvious to expect the moderate profile to
outperform the weak profile in certain ways, given the
statistically significant differences in 2 CIS capabilities (of 4),
the question remains as to why the expected performance gap
manifests itself in exactly one performance indicator and why
this indicator is improvement of working process and not the
quality of care provided to patients or the productivity of the
practice or the efficiency of the practice. Again, as expected,
both the strong and moderate profiles outperform the weak
profile in the number of patients treated over the past 2 years,
but surprisingly, our results revealed no significant difference
between the strong and moderate profiles (Multimedia Appendix
3).
Fourth, 2 counterintuitive pictures emerged from our results.
First, when scrutinizing the weak profile, it can be noticed that
this group displays a profile that seems to be reversed in terms
of CIS capabilities. In fact, it exhibits a low score for EHR and
HIE capabilities while exhibiting a medium score for telehealth
and PHR. One would expect GPs to first build strong capabilities
for EHR and HIE before considering the adoption of telehealth
and PHR. Second, GPs in the weak profile deploy an overall
set of CIS capabilities that seems to be inferior to the moderate
profile, yet achieve equifinal performance outcomes [31,35].
More specifically, both profiles exhibit a medium score on 3
performance outcomes: productivity of the practice, efficiency
of the practice, and quality of care. Following Gruber et al [71],
who obtained similar results when linking small firms’
capabilities to performance, we contend that these findings also
suggest that configurations that lead to relatively higher
performance outcomes for general practices in terms of the
quality of care, efficiency of the practice, and productivity are
not necessarily the inverse of those that lead to lower
performance outcomes. It is important to remember that a
general practice can be understood as a small firm.
This research contributes to the configuration literature by
responding to a call for further empirical research on equifinality
[35].
From a practical viewpoint, we contend that the resulting
profiles of European GPs will assist policy makers to make
sense of the general practice adoption of the 4 major CISs. As
indicated in our study, GPs have been separated into “discrete
and relatively homogeneous groups” [31] with different
emphasis on EHR, HIE, PHR, and Telehealth capabilities, and
unveiled associated practice performance consequences
regarding five indicators. In particular, our results indicate that
for a practice to maximize performance outcomes, it should
develop high capabilities in all 4 CISs, because efforts to
develop high capabilities on a selective subset may only be in
vain, without any significant performance outcome to the point
of being equivalent to developing inferior capabilities, at least
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concerning quality of care provided to patients, efficiency of
the practice and productivity of the practice. Thus, policy
makers should continue their efforts to stimulate the adoption
of the 4 CISs among general practices while raising awareness
of the importance of achieving a comprehensive profile. In
addition, given the laggardness of solo practices, it could be
advised to define specific initiatives targeting this category of
general practice.
By investigating the configuration of the 4 most important CISs
and the associated implications for performance outcomes, this
study explores a topic that has received limited attention until
now. Hence, in interpreting our results, one should keep in mind
some limitations. First, generalizability may be limited because
our sample is composed of only European GPs. Second, there
are intrinsic limitations due to the use of secondary data. In fact,

Poba-Nzaou et al
we used a data set that was not collected to meet the specific
objectives of this study. Third, even though the results of the
testing instrument reported in this study indicate high reliability
for most scales, one out of the 4 scales measuring CIS capability
(telehealth) has a reliability less than 0.6. In addition, even
though the instrument has substantial face validity, it has not
been subjected to formal psychometric assessment.
Given the paucity of studies that investigate the empirical
configurations of the 4 CISs (EHR, HIE, PHR, and Telehealth)
at either primary care practice or hospital settings, we encourage
other researchers to build upon our results and investigate the
configuration of these 4 CISs and the associated implications
for performance outcomes in other regions, including hospital
settings.

Authors' Contributions
The first author contributed to the conception and design of the study and drafted the first version of the manuscript. The third
author performed the statistical calculations using SAS software. All authors reviewed and approved this study.

Conflicts of Interest
None declared.

Multimedia Appendix 1
General practitioners' characteristics associated with the Adoption of electronic storage of patient data.
[DOCX File , 19 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Results of the logistic regression of general practioners and practice characteristics by cluster.
[DOCX File , 24 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Multinomial logistic regression model to test association between profiles and evolution of the number of patients over the past
2 years, by controlling 6 characteristic variables.
[DOCX File , 18 KB-Multimedia Appendix 3]

References
1.

2.
3.
4.

5.
6.

7.
8.

Buntin MB, Burke MF, Hoaglin MC, Blumenthal D. The benefits of health information technology: a review of the recent
literature shows predominantly positive results. Health Aff (Millwood) 2011 Mar;30(3):464-471. [doi:
10.1377/hlthaff.2011.0178] [Medline: 21383365]
Institute of Medicine, Board on Health Care Services, Committee onPatient Safety and Health Information Technology.
Health IT and Patient Safety: Building Safer Systems for Better Care. Washington, DC: National Academies Press; 2012.
Jha AK, Doolan D, Grandt D, Scott T, Bates DW. The use of health information technology in seven nations. Int J Med
Inform 2008 Dec;77(12):848-854. [doi: 10.1016/j.ijmedinf.2008.06.007] [Medline: 18657471]
Puttini R, Toffanello A, Chaim R, Alves G, Rotzsch J, Carvalho EO, et al. Semantic Framework for Electronic Health
Records. In: Proceedings of the 11th International Conference on Semantic Computing. 2017 Presented at: ICSC'17; January
30-February 1, 2017; San Diego, CA, USA. [doi: 10.1109/icsc.2017.98]
Powell AC, Ludhar JK, Ostrovsky Y. Electronic health record use in an affluent region in India: findings from a survey of
Chandigarh hospitals. Int J Med Inform 2017 Jul;103:78-82. [doi: 10.1016/j.ijmedinf.2017.04.011] [Medline: 28551005]
The National Alliance for Health Information Technology Report to the Office of the National Coordinator for Health
Information Technology on Defining Key Health Information Technology Terms. Health IT Answers. 2008. URL: https:/
/www.hitechanswers.net/ [accessed 2019-04-14] [WebCite Cache ID 77cxc0fpv]
Mehta N, Vakharia N, Wright A. EHRs in a web 2.0 world: time to embrace a problem-list wiki. J Gen Intern Med 2014
Mar;29(3):434-436 [FREE Full text] [doi: 10.1007/s11606-013-2652-5] [Medline: 24129858]
Wolfe L, Chisolm MS, Bohsali F. Clinically excellent use of the electronic health record: review. JMIR Hum Factors 2018
Oct 5;5(4):e10426 [FREE Full text] [doi: 10.2196/10426] [Medline: 30291099]

http://www.jmir.org/2020/7/e16300/

XSL• FO
RenderX

J Med Internet Res 2020 | vol. 22 | iss. 7 | e16300 | p. 10
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
9.
10.

11.
12.
13.
14.

15.
16.

17.
18.
19.
20.

21.

22.
23.
24.
25.

26.

27.
28.
29.

30.

31.
32.
33.

Benefits of EHRs. Office of the National Coordinator for Health Information. 2018. URL: https://www.healthit.gov/topic/
health-it-basics/benefits-ehrs [accessed 2020-06-12]
O'Donnell A, Kaner E, Shaw C, Haighton C. Primary care physicians' attitudes to the adoption of electronic medical records:
a systematic review and evidence synthesis using the clinical adoption framework. BMC Med Inform Decis Mak 2018 Nov
13;18(1):101 [FREE Full text] [doi: 10.1186/s12911-018-0703-x] [Medline: 30424758]
Ramaiah M, Subrahmanian E, Sriram RD, Lide BB. Workflow and electronic health records in small medical practices.
Perspect Health Inf Manag 2012;9:1d [FREE Full text] [Medline: 22737096]
Mack D, Zhang S, Douglas M, Sow C, Strothers H, Rust G. Disparities in primary care EHR adoption rates. J Health Care
Poor Underserved 2016 Feb;27(1):327-338 [FREE Full text] [doi: 10.1353/hpu.2016.0016] [Medline: 27587942]
Miller AR, Tucker C. Health information exchange, system size and information silos. J Health Econ 2014 Jan;33:28-42.
[doi: 10.1016/j.jhealeco.2013.10.004] [Medline: 24246484]
Adler-Milstein J, Lin SC, Jha AK. The number of health information exchange efforts is declining, leaving the viability of
broad clinical data exchange uncertain. Health Aff (Millwood) 2016 Jul 1;35(7):1278-1285. [doi: 10.1377/hlthaff.2015.1439]
[Medline: 27385245]
Health Information Exchange. Office of the National Coordinator for Health Information. 2017. URL: https://www.
healthit.gov/topic/health-it-basics/health-information-exchange [accessed 2019-04-14] [WebCite Cache ID 77cx2ovlB]
McCullough J, Parente S, Town R. Health Information Technology and Patient Outcomes: The Role of Organizational and
Informational Complementarities. National Bureau of Economic Research. 2011. URL: https://www.nber.org/papers/w18684
[accessed 2020-06-24]
Rudin RS, Motala A, Goldzweig CL, Shekelle PG. Usage and effect of health information exchange: a systematic review.
Ann Intern Med 2014 Dec 2;161(11):803-811. [doi: 10.7326/M14-0877] [Medline: 25437408]
Key Considerations for HIE-Based Personal Health Records. Office of the National Coordinator for Health Information.
2015. URL: https://www.healthit.gov/sites/default/files/phrkeyconsiderations.pdf [accessed 2020-06-12]
Barello S, Triberti S, Graffigna G, Libreri C, Serino S, Hibbard J, et al. eHealth for patient engagement: a systematic review.
Front Psychol 2015;6:2013 [FREE Full text] [doi: 10.3389/fpsyg.2015.02013] [Medline: 26779108]
Laranjo L, Rodolfo I, Pereira AM, de Sá AB. Characteristics of innovators adopting a national personal health record in
Portugal: cross-sectional study. JMIR Med Inform 2017 Oct 11;5(4):e37 [FREE Full text] [doi: 10.2196/medinform.7887]
[Medline: 29021125]
Kim JM, Suarez-Cuervo C, Berger Z, Lee J, Gayleard J, Rosenberg C, et al. Evaluation of patient and family engagement
strategies to improve medication safety. Patient 2018 Apr;11(2):193-206. [doi: 10.1007/s40271-017-0270-8] [Medline:
28795338]
Schwappach DL. Review: engaging patients as vigilant partners in safety: a systematic review. Med Care Res Rev 2010
Apr;67(2):119-148. [doi: 10.1177/1077558709342254] [Medline: 19671916]
Blumenthal D, Tavenner M. The 'meaningful use' regulation for electronic health records. N Engl J Med 2010 Aug
5;363(6):501-504. [doi: 10.1056/NEJMp1006114] [Medline: 20647183]
Krist AH, Woolf SH. A vision for patient-centered health information systems. J Am Med Assoc 2011 Jan 19;305(3):300-301
[FREE Full text] [doi: 10.1001/jama.2010.2011] [Medline: 21245186]
Hepburn SL, Blakeley-Smith A, Wolff B, Reaven JA. Telehealth delivery of cognitive-behavioral intervention to youth
with autism spectrum disorder and anxiety: a pilot study. Autism 2016 Feb;20(2):207-218 [FREE Full text] [doi:
10.1177/1362361315575164] [Medline: 25896267]
Speyer R, Denman D, Wilkes-Gillan S, Chen Y, Bogaardt H, Kim J, et al. Effects of telehealth by allied health professionals
and nurses in rural and remote areas: a systematic review and meta-analysis. J Rehabil Med 2018 Feb 28;50(3):225-235
[FREE Full text] [doi: 10.2340/16501977-2297] [Medline: 29257195]
Lucas JAM, Day K, Honey M. Clinician's perceptions of telehealth for emergency care on the West Coast of New Zealand:
findings of a descriptive study. Emerg Nurs 2016:6-10 [FREE Full text]
Mahadevan S, Muralidhar K, Shetty D. Tele-education service using telemedicine network in healthcare industry. Telemed
J E Health 2012 Nov;18(9):699-702. [doi: 10.1089/tmj.2011.0278] [Medline: 23046243]
Black AD, Car J, Pagliari C, Anandan C, Cresswell K, Bokun T, et al. The impact of ehealth on the quality and safety of
health care: a systematic overview. PLoS Med 2011 Jan 18;8(1):e1000387 [FREE Full text] [doi:
10.1371/journal.pmed.1000387] [Medline: 21267058]
Lau F, Price M, Boyd J, Partridge C, Bell H, Raworth R. Impact of electronic medical record on physician practice in office
settings: a systematic review. BMC Med Inform Decis Mak 2012 Feb 24;12:10 [FREE Full text] [doi:
10.1186/1472-6947-12-10] [Medline: 22364529]
Meyer AD, Tsui AS, Hinings CR. Configurational approaches to organizational analysis. Acad Manage J 1993 Dec
1;36(6):1175-1195. [doi: 10.2307/256809]
Miller D. Toward a new contingency approach: the search for organizational gestalts. J Manag Stud 1981;18(1):1-26. [doi:
10.1111/j.1467-6486.1981.tb00088.x]
Fiss P. Configurational theory and methods in organizational research: introduction. In: Marx C, Cambre B, editors.
Configurational Theory and Methods in Organizational Research. Bingley, UK: Emerald; 2013.

http://www.jmir.org/2020/7/e16300/

XSL• FO
RenderX

Poba-Nzaou et al

J Med Internet Res 2020 | vol. 22 | iss. 7 | e16300 | p. 11
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
34.
35.
36.
37.
38.

39.

40.
41.
42.
43.
44.
45.
46.
47.
48.

49.
50.
51.
52.
53.
54.
55.

56.
57.
58.

59.
60.
61.
62.
63.

Delery JE, Doty DH. Modes of theorizing in strategic human resource management: tests of universalistic, contingency,
and configurational performance predictions. Acad Manage J 1996 Aug;39(4):802-835. [doi: 10.5465/256713]
Fiss PC. A set-theoretic approach to organizational configurations. Acad Manage Rev 2007 Oct;32(4):1180-1198. [doi:
10.5465/amr.2007.26586092]
Fiss PC. Case studies and the configurational analysis of organizational phenomena. In: Ragin C, Bryne D, editors. The
SAGE Handbook of Case-Based Methods. Thousand Oaks, CA: Sage Publications; 2009.
Hair J, Black W, Babin B, Anderson R. Multivariate Data Analysis: With Readings. Englewood Cliffs, NJ: Prentice Hall;
2010.
Benchmarking Deployment of eHealth among General Practitioners (2013). Digital Health News. 2013. URL: https://www.
ehealthnews.eu/download/publications/3880-benchmarking-deployment-of-ehealth-among-general-practitioners-2013
[accessed 2019-04-14]
Benchmarking Deployment of eHealth Among General Practitioners. Publications Office of the European Union. 2018.
URL: https://op.europa.eu/en/publication-detail/-/publication/d1286ce7-5c05-11e9-9c52-01aa75ed71a1/language-en#
[accessed 2019-12-20]
van Buuren S. Multiple imputation of discrete and continuous data by fully conditional specification. Stat Methods Med
Res 2007 Jun;16(3):219-242. [doi: 10.1177/0962280206074463] [Medline: 17621469]
Horton NJ, Lipsitz SR. Multiple imputation in practice. Am Stat 2001 Aug;55(3):244-254. [doi:
10.1198/000313001317098266]
Aldenderfer M, Blashfield R. Cluster Analysis. Beverly Hills: Sage Publications; 1984.
Rogers E. Diffusion of Innovations. Fifth Edition. New York, USA: Free Press; 2003.
Nunnally J. Psychometric Theory. Second Edition. New York, USA: McGraw-Hill; 1978.
Hair J, Black W, Babin B, Anderson R. Multivariate Data Analysis: With Readings. London, UK: Pearson Education
Limited; 2014.
Al-Omiri M, Drury C. A survey of factors influencing the choice of product costing systems in UK organizations. Manag
Account Res 2007 Dec;18(4):399-424. [doi: 10.1016/j.mar.2007.02.002]
Fiss PC. Building better causal theories: a fuzzy set approach to typologies in organization research. Acad Manag J 2011
Apr;54(2):393-420. [doi: 10.5465/amj.2011.60263120]
Ketchen DJ, Shook CL. The application of cluster analysis in strategic management research: an analysis and critique.
Strateg Manag J 1996 Jun;17(6):441-458. [doi:
https://doi.org/10.1002/(SICI)1097-0266(199606)17:6%3C441::AID-SMJ819%3E3.0.CO;2-G]
Punj G, Stewart DW. Cluster analysis in marketing research: review and suggestions for application. J Mark Res 2018 Dec
13;20(2):134-148. [doi: 10.1177/002224378302000204]
Milligan GW, Sokol LM. A two-stage clustering algorithm with robust recovery characteristics. Educ Psychol Meas 2016
Jul 2;40(3):755-759. [doi: 10.1177/001316448004000320]
Kwon J, Johnson ME. Security practices and regulatory compliance in the healthcare industry. J Am Med Inform Assoc
2013 Jan 1;20(1):44-51 [FREE Full text] [doi: 10.1136/amiajnl-2012-000906] [Medline: 22955497]
Repschlaeger J, Erek K, Zarnekow R. Cloud computing adoption: an empirical study of customer preferences among start-up
companies. Electron Mark 2013 Feb 10;23(2):115-148. [doi: 10.1007/s12525-012-0119-x]
Bartlett JE, Kotrlik JW, Higgins CC. Organizational research: determining appropriate sample size in survey research. Inf
Technol J 2001;19(1):43-50.
Everitt B. Cluster Analysis. Second Edition. London, UK: Heineman Educational Books; 1980.
Lowry PB, Moody GD, Gaskin J, Galletta DF, Humpherys SL, Barlow JB, et al. Evaluating journal quality and the association
for information systems senior scholars' journal basket via bibliometric measures: do expert journal assessments add value?
MIS Q 2013 Apr 4;37(4):993-1012. [doi: 10.25300/misq/2013/37.4.01]
Hair J, Black W, Babin B, Anderson R, Tatham R. Multivariate Data Analysis. London, UK: Pearson Education Limited;
2013.
Formann A. Die Latent-Class-Analyse: Einfuhrung in die Theorie und Anwendung. Weinheim: Belz; 1984.
McCrimmon AW, Schwean VL, Saklofske DH, Montgomery JM, Brady DI. Executive functions in Asperger's syndrome:
an empirical investigation of verbal and nonverbal skills. Res Autism Spectr Disord 2012 Jan;6(1):224-233. [doi:
10.1016/j.rasd.2011.05.003]
Dolnicar S. Using cluster analysis for market segmentation - typical misconceptions, established methodological weaknesses
and some recommendations for improvement. Australas J Mark Res 2003;11(2):5-12. [doi: 10.1016/S1441-3582]
Landis JR, Koch GG. The measurement of observer agreement for categorical data. Biometrics 1977 Mar;33(1):159-174.
[Medline: 843571]
Tabachnick B, Fidell L. Using Multivariate Statistics. Fifth Edition. Boston, MA: Allyn & Bacon/Pearson Education; 2007.
Rich P. The organizational taxonomy: definition and design. Acad Manage Rev 1992 Oct;17(4):758-781. [doi:
10.5465/amr.1992.4279068]
Dayer AA, Allred SB, Stedman RC. Comparative analysis and assessment of forest landowner typologies. Soc Nat Resour
2014 Sep 15;27(11):1200-1212. [doi: 10.1080/08941920.2014.933931]

http://www.jmir.org/2020/7/e16300/

XSL• FO
RenderX

Poba-Nzaou et al

J Med Internet Res 2020 | vol. 22 | iss. 7 | e16300 | p. 12
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
64.

65.
66.
67.

68.
69.

70.
71.

Poba-Nzaou et al

Greenhalgh T, Robert G, Macfarlane F, Bate P, Kyriakidou O. Diffusion of innovations in service organizations: systematic
review and recommendations. Milbank Q 2004;82(4):581-629 [FREE Full text] [doi: 10.1111/j.0887-378X.2004.00325.x]
[Medline: 15595944]
Greenhalgh T, Robert G, Bate P, Macfarlane F, Kyriakidou O. Diffusion of Innovations in Health Service Organisations:
A Systematic Literature Review. New Jersey, US: John Wiley & Sons; 2008.
Hochberg Y, Tamhane A. Multiple Comparisons Procedures. New York, USA: Wiley; 1987.
Xierali IM, Phillips RL, Green LA, Bazemore AW, Puffer JC. Factors influencing family physician adoption of electronic
health records (EHRs). J Am Board Fam Med 2013;26(4):388-393 [FREE Full text] [doi: 10.3122/jabfm.2013.04.120351]
[Medline: 23833153]
des Roches CM, Campbell EG, Rao SR, Donelan K, Ferris TG, Jha A, et al. Electronic health records in ambulatory care--a
national survey of physicians. N Engl J Med 2008 Jul 3;359(1):50-60. [doi: 10.1056/NEJMsa0802005] [Medline: 18565855]
Furukawa MF, King J, Patel V, Hsiao C, Adler-Milstein J, Jha AK. Despite substantial progress in EHR adoption, health
information exchange and patient engagement remain low in office settings. Health Aff (Millwood) 2014
Sep;33(9):1672-1679. [doi: 10.1377/hlthaff.2014.0445] [Medline: 25104827]
Donaldson L. In Defence of Organisation Theory. Cambridge, UK: Cambridge University Press; 1986.
Gruber M, Heinemann F, Brettel M, Hungeling S. Configurations of resources and capabilities and their performance
implications: an exploratory study on technology ventures. Strateg Manag J 2010 May 18;31(12):1337-1356. [doi:
10.1002/smj.865]

Abbreviations
ANOVA: analysis of variance
CIS: clinical information system
DOI: diffusion of innovation
EC: European commission
eHealth: electronic health
EHR: electronic health record
EU: European Union
GP: general practitioner
HIE: health information exchange
ICT: information and communication technology
OR: odds ratio
PHR: personal health record

Edited by G Eysenbach; submitted 17.09.19; peer-reviewed by M Jones, I Mircheva; comments to author 11.11.19; revised version
received 12.04.20; accepted 14.05.20; published 23.07.20
Please cite as:
Poba-Nzaou P, Uwizeyemungu S, Liu X
Adoption and Performance of Complementary Clinical Information Technologies: Analysis of a Survey of General Practitioners
J Med Internet Res 2020;22(7):e16300
URL: http://www.jmir.org/2020/7/e16300/
doi: 10.2196/16300
PMID: 32706715

©Placide Poba-Nzaou, Sylvestre Uwizeyemungu, Xuecheng Liu. Originally published in the Journal of Medical Internet Research
(http://www.jmir.org), 23.07.2020. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this copyright and license information
must be included.

http://www.jmir.org/2020/7/e16300/

XSL• FO
RenderX

J Med Internet Res 2020 | vol. 22 | iss. 7 | e16300 | p. 13
(page number not for citation purposes)

