Wang et al. BMC Medical Research
BMC Medlical Research Methodology (2023) 23:252

https://doi.org/10.1186/512874-023-02048-7 Methodology

. L ®
Can peer effects explain prescribing i

appropriateness? a social network analysis

Sophie Y. Wang'#*", Nicolas Larrain"* and Oliver Groene??

Abstract

Background Optimizing prescribing practices is important due to the substantial clinical and financial costs of poly-
pharmacy and an increasingly aging population. Prior research shows the importance of social relationships in driving
prescribing behaviour. Using social network analysis, we examine the relationship between a physician practices' con-
nectedness to peers and their prescribing performance in two German regions.

Methods We first mapped physician practice networks using links established between two practices that share

8 or more patients; we calculated network-level (density, average path length) and node-level measures (degree,
betweenness, eigenvector). We defined prescribing performance as the total number of inappropriate medications
prescribed or appropriate medications not prescribed (PIMs) to senior patients (over the age of 65) during the calen-
dar year 2016. We used FORTA (Fit fOR The Aged) algorithm to classify medication appropriateness. Negative binomial
regression models estimate the association between node-level measures and prescribing performance of physician
practices controlling for patient comorbidity, provider specialization, percentage of seniors in practice, and region. We
conducted two sensitivity analyses to test the robustness of our findings — i) limiting the network mapping to patients
younger than 65; ii) limiting the network ties to practices that share more than 25 patients.

Results We mapped two patient-sharing networks including 436 and 270 physician practices involving 28,508
and 20,935 patients and consisting of 217,126 and 154,274 claims in the two regions respectively. Regression analy-
ses showed a practice’s network connectedness as represented by degree, betweenness, and eigenvector central-
ity, is significantly negatively associated with prescribing performance (degree—bottom vs. top quartile aRR=0.04,
95%Cl: 0.035,0.045; betweenness—bottom vs. top quartile aRR=0.063 95%Cl: 0.052,0.077; eigenvector—bottom vs.
top quartile aRR=0.039, 95%Cl: 0.034,0.044).

Conclusions Our study provides evidence that physician practice prescribing performance is associated with their
peer connections and position within their network. We conclude that practices occupying strategic positions

at the edge of networks with advantageous access to novel information are associated with better prescribing
outcomes, whereas highly connected practices embedded in insulated information environments are associated
with poor prescribing performance.
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Introduction

Optimizing prescribing practices is a priority in health-
care due to the substantial clinical and financial costs of
drug-related complications. This is particularly a prob-
lem among seniors: in Germany, seniors over the age of
65 comprise 20% of the total population, and a regional
study estimated that 22% of seniors are prescribed at
least one potentially inappropriate medication [1, 2].
In 2009, the direct cost of prescribing potentially inap-
propriate medications was estimated at €387.8 million
in Germany, which does not include other downstream
expenditures such as hospitalizations and emergency
department visits [3].

Polypharmacy, generally defined as the concomi-
tant and long-term use of five or more medications, is
a direct consequence of inappropriate prescribing and
is associated with increased hospitalization, mortality,
and adverse drug events [4—6]. Seniors, typically living
with multiple chronic conditions, are at increased risk
of polypharmacy due to their multiple interactions with
different specialists who may prescribe medications for
different conditions without regular medication review
[7]. This is further exacerbated by the proliferation of sin-
gle disease-specific guidelines recommended for use to
prescribers, which has been shown to lead to a number
of adverse drug interactions [8]. Multiple groups have
argued for an interprofessional and team-based approach
to reduce polypharmacy, considering patient complex-
ity and multimorbidity [9, 10]. There is a paucity of data,
however, on how interprofessional teams collaborate to
manage polypharmacy.

The Fit fOR The Aged (FORTA) classification was first
developed in 2010 through consensus by German-based
experts to support physicians in improving appropri-
ate prescribing for seniors (aged over 65) in the German
context [11]. This was created in response to the paucity
of evidence-based guidelines for the senior patients com-
bined with the high level of polypharmacy and potentially
inappropriate medications (PIMs) observed [11]. FORTA
scores provide an assessment of prescribing quality for
a patient by cross-referencing prescribed medications
with a patient’s diagnosis to detect over- and under-
prescribing based on drug-drug interactions. Research
has shown that application of FORTA in clinical work-
flow improved appropriate prescribing among prescrib-
ers for seniors (over the age of 65) in Germany [11, 12]
and has a comparatively better performance in detecting
potentially inappropriate medications (PIMs) [13]; it has
subsequently been applied to different settings following
expert consensus meetings [14—16].

Recent decades have seen the rise of both evidence-
based prescribing—prescribing based on the best available,
critically appraised evidence—and rational prescribing,
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wherein judicious prescribing maximizes effectiveness
while minimizing harm and avoiding waste [17]. However,
social relationships remain an important driver of pre-
scribing decisions [18-21]: for example, research on dif-
fusion of new medications has shown that prescribers are
highly influenced by peer adoption [22] and pharmaceuti-
cal manufacturer exposure [23, 24]. Additionally, a grow-
ing body of literature in behavioural science demonstrates
the applicability of socially-influenced interventions such
as peer comparison to improve guideline-concordant
practices among prescribers [25]. Influences on prescrib-
ing practice are not limited to physicians within the same
practice [26, 27], but also among physicians that share
patients with one another [28]. This finding may be par-
ticularly relevant to seniors who typically have compara-
tively higher rates of comorbidities; and as a result, require
multiple prescribers to be aware of their medication his-
tory and coordinate treatment.

Such peer relationships can be studied using network
analysis, which considers the interaction and dynamics
between individuals within a system. Network analysis
can reveal implicit relationships between different actors
within a system, who act as communication channels for
information exchange and social influence [29]. These
relationship structures and the positioning of individual
actors within a network has important implications on
the behaviour, perceptions, and attitudes for the indi-
vidual as well as those around them [29]. Network posi-
tioning of an individual is associated with performance
measures in various sectors including education [30],
engineering [31], and innovation [32]. Physician social
networks have increasingly been the subject of study as
increasing pressure is exerted on health systems to con-
tain costs and improve quality [33].

Time constraints among healthcare providers and low
survey response rates are significant barriers to network
analysis in healthcare [33]. To overcome these barriers,
Barnett and colleagues have used administrative claims
data to identify connections between physicians based on
shared patients, and showed that physicians who share
patients are more likely to personally know each other,
exchange information and informal advice [34-36].
Physician connectedness to others in their professional
network is associated with improvements in patient out-
comes including length of stay [37], mortality [38], and
patient satisfaction [39]. This method has since been
applied widely to characterize relationships among phy-
sicians in hospitals [40], and outpatient clinics [41], and
at the organizational level in long term care facilities [42]
and between hospitals [43].

Physician practices may share patients because of
unresolved clinical problems that require complemen-
tary expertise, when different specialists are providing
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team-based care to a patient with complex and chronic
disease, or when patients seek second opinions for
further clinical information [44]. Apart from the lat-
ter patient-driven mechanisms for patient-sharing, the
first two scenarios create a motivation for the physician
involved to review the patient’s current and past medical
history, and to either formally connect with a colleague
that is also caring for the patient or to informally consult
a colleague for management, ethical or therapeutic advice
[45-47] as a form of information exchange. Additionally,
physician relationships may be reinforced in professional
practice settings outside of clinical environments where
acquaintance is established through shared patients.

Here we identify a patient-sharing provider network
using German regional healthcare claims data and char-
acterize the association between a physician practice’s
level of connectedness to peers and its performance in
prescribing quality. We hypothesized that more con-
nected practices are better positioned to exercise their
social capital and draw on the knowledge of peers, which
may guide them to adopt quality prescribing practice and
exhibit better performance. By applying a method previ-
ously validated in large medical centers and community
hospitals in the United States [34], we demonstrate the
transferability to German data, and also to smaller geo-
graphic regions, where analytical implications are more
relevant for local decision-making.

Methods

Social networks can be used to reveal underlying rela-
tionships between different actors in a system. Studying
how different actors are connected can lead to insights
on the relative social capital individuals have to draw on
and how others in the proximity of their network might
influence them. Networks consist of nodes and ties that
represent how nodes are connected to one another. In
our study, each node represents a physician practice, and
a tie represents the relationship between two physician
practices, inferred using the number of shared patients
between the two corresponding practices.

Study design

This is a retrospective, observational study using admin-
istrative claims data to examine the relationship between
a physician practice’s positioning within a social network
and their prescribing performance for senior patients
in 2016. We follow the research framework for network
analysis using administrative claims data proposed by
Uddin following a systematic review of this field of work
[48]. We used claims data from two insurance companies
in the respective geographic regions in Billstedt-Horn
and Werra-Meissner Kreis, which covers roughly 45%
and 23% of the patient population in the two regions
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respectively. The majority of existing work on mapping
patient sharing networks using administrative data is
based in the United States [33]. While recent research set
in the United States estimated differences in network sta-
tistic when different sources of insurance claims data is
used to map the network [49], we assume that the insu-
ree demographic is similarly distributed between health
insurance companies in Germany. This is because in the
German healthcare system, individuals have free choice
of the health insurance company (i.e., sickness fund), and
risk adjustment schemes are in place to minimize incen-
tives for adverse selection by the insurance companies.
Thus, any differences between the two subsamples are
attributed to regional differences. Practice claims data
were obtained through established data-sharing agree-
ments with the regional sickness fund. We used pseu-
donymized physician practice and patient data in this
study and thus our study was exempt from institutional
ethics review at the University of Hamburg.

Research setting

This study is set in two areas in Germany: Billstedt-Horn,
and Werra-MeifSner-Kreis. Billstedt-Horn is a multi-
cultural and urban district with a population of roughly
110,000 in Northern Germany [50]. Werra-MeifSner-
Kreis is a region in rural central Germany consisting of
a little over 100,000 population and have a larger share
of elderly population. In our study, we limit the analysis
to ambulatory clinics, which include both primary care
practices and specialist clinics working as solo or group
practice.

Study samples

The population in this study included physician practices
who were involved in the treatment and care of patients
insured by the insurance companies in the year 2016
in Billstedt-Horn and Werra-Meissner-Kreis respec-
tively. To identify eligible claims for network mapping,
we started from the full claims record, and excluded
practices whose specialty is not typically responsible for
direct patient care and hence coordination (anesthesiol-
ogy, radiology, pathology, radiotherapy, and nuclear med-
icine); claims that were categorized as emergency visits;
and practices that had fewer than 30 patients in the 2016
calendar year. By filtering out practices with fewer than
30 unique patients that filed claims within the year, we
effectively exclude practices that may not have a strong
presence in the regional professional social network. As
the claims data is based on the patient postal code, prac-
tices excluded may be physicians that patients seek out
outside of the region of interest in this study; thus, while
a large percentage of practices are excluded based on
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this criterion (Fig. 1), we do not believe that the resulting
sample introduces selection bias.

To reach the final analytic sample, we further excluded
practices that do not have claims records of patients over
the age of 65 due to the outcome variable of interest in
this study. The physician practice sample used to map the
patient-sharing network and the analytic sample is shown
in Fig. 1.

Mapping patient-sharing network and analysis
We map patient-sharing networks between practices in
the same geographic region using administrative claims
data. This method of mapping affiliation networks [51]
was previously validated [34] and has been performed
on outpatient clinic data [41]. Affiliation networks show
connections between actors based on common events or
co-membership, assuming that this indicates an under-
lying (or potential) social tie [51]. Using this method of
network mapping, connections between physician prac-
tices are based on linkages established through common
patients shared between the two [26, 34, 51]. In this view,
shared patients act as a conduit for diffusion of clinical
practices between those that provide care.
Patient-sharing networks were mapped separately for
the two regions included in this study using a previously

Total from billing claims

Practice, n = 8,366
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validated method developed by Barnett and colleagues
[34]. Accounting for practical considerations highlighted
by Dugoff and colleagues in network identification [33],
we applied the following criteria for inclusion of prac-
tices in our study: i) medical specialities whose scope of
practice includes patient coordination with others; ii)
non-emergency visits; iii) claims within the calendar year
2016; iv) more than 30 patients seen in 2016; v) include
patients over the age of 65 years old. Specific details
on steps taken to map the network can be found in the
additional file (Supplement—S1). Each node within our
network represents a physician practice, and an edge
implies an information-sharing relationship between two
practices based on more than 8 shared patients. Using
this method of network mapping and in line with prior
research, we infer an information-sharing relationship
between two physicians that share a significant number
of patients and that the extent to which they are con-
nected is reflected by the number of patients shared.

Network-level and node-level measures

We characterize the degree of network integration
using network-level indicators and the structural posi-
tion of a practice within the network using node-level
centrality measures (Table 1). Network-level indicators

Exclusion Criteria:

Non patient coordination specialties
Emergency visits

Less than 30 patients seen

Less than 8 shared patients

Billstedt-Horn
Practice, n = 3,907

I

Excluded practices
1) N=141
2) N=371
3) N=2931
J 4) N=28

Billstedt-Horn
Practice, n =436

Network
sample

Excluded practices
5) N=36

%_ Billstedt-Horn

£ Practice, n = 400
©
]

Analytic

Fig. 1 Sample size for network mapping and selection criteria

MRS R DRI

Younger than 65 years of age

}

Gesundes Werra MeiBner Kreis
Practice, n = 4,459

Excluded practices
1) N=188

2) NA

3) N=3,951

4) N=50

Gesundes Werra MeiBner Kreis
Practice, n =270

Excluded practices
5) N=15

Gesundes Werra MeiRner Kreis
Practice, n =255
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Table 1 Definition of node-level and network-level measures
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Measure Represents

What does this mean?

Node-level measures

Degree Number of other practices connected to the practice
of interest through patients shared
Betweenness The total number of shortest paths between any two

given practices within the network

Eigenvector centrality

Network-level measures

Network density
among nodes in network

Average path length

A high eigenvector score represents that a given practice
is connected to other well-connected practices

The proportion of existing ties over all possible ties

The average shortest paths for all pairs of nodes in network

A measure of the quantity of potential contacts representing
available resources to draw on. A high degree also represents
a prominent role in information channel in the practice’s
immediate network [52]

Practices with high betweenness scores are well-positioned
to receive information early [52], and can be interpreted

as a measure of potential control given others’dependence
on the practice [53]

A measure of influence over the longer-term (“a practice’s
long-term equilibrium risk of receiving traffic is a function
of the risk level of its contacts”[52]

Lower density =less connected network

A measure of local connectivity; shorter average path lengths
indicate higher connectivity

include density and average path length. Density rep-
resents how densely connected the nodes are to all
other nodes in each network; average path length cap-
tures the average of the shortest paths between any
two nodes in the network.

Node-level indicators we used to characterize central-
ity include degree, betweenness, and eigenvector central-
ity [35]. These centrality measures were chosen based on
our assumptions of how information flows in our shared-
patient network [52] and informed by theory [54, 55].
Degree measures the number of other practices the prac-
tice of interest is directly connected to through shared
patients with each practice weighted equally. This meas-
ure implicates the level of available intangible resources
a practice may draw upon and represents a communica-
tion focal point for those to whom this node is connected.
Betweenness measures the number of times a practice is
located on the intermediary step of all shortest paths link-
ing two other practices in the network. Graphically, prac-
tices with a high betweenness centrality will be positioned
in the middle of a network rather than on the periphery.
Practices with a high betweenness score can be inter-
preted as having great influence on their network peers
and having greater access to the information flow among
practices within the network. Eigenvector centrality is a
measure of the practice’s influence on the overall practice
network over the long term, whereby a high eigenvector
value indicates that the practice of interest is linked to
other practices that are themselves highly connected.

Study variables

Outcome prescribing quality measure

To assess practice prescribing quality for senior patients,
we used the FORTA tool that classifies prescriptions

as a PIM using an evidence-based algorithm [11]. The
FORTA tool provides a numeric score of PIMs received
for each patient (over the age of 65) by cross-referencing
the patient’s diagnosis, history, and medication profile;
this score may reflect repeating PIMs receives over mul-
tiple clinical encounters if left unresolved. A high FORTA
score for a patient indicates a high number of PIMs
prescribed, including both over- and under- prescrib-
ing, which may be attributed to all physicians who were
responsible for the patient.

As our unit of analysis was at the practice level, the
prescribing quality measure is aggregated at the prac-
tice level. Specifically, the practice prescribing quality is
calculated by summing the cumulative annual FORTA
score of each patient in the practice. An increase in one
summed FORTA score represents an increase in one
PIM prescribed to a patient under the care of the practice
during the calendar year. A high summed FORTA score
represents poor prescribing quality among the physician
practice; and a low summed FORTA score represents
good prescribing quality.

Predictors - physician related

Apart from centrality measures as described above, we con-
sidered supply-side factors identified in literature that affect
prescribing quality. These include practice patient load [56],
physician age [56], rural/urban location [57], payment and
incentive schemes [58, 59], physician specialization, and
physician education [60, 61]. The claims data to which we
had access allowed us to control for the percentage of sen-
iors in each practice, the practice specialty, and the practice
region. We controlled for the percentage of seniors in each
practice as senior patients tend to have more co-morbidi-
ties, and thus to have more concurrent medications and
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opportunities for prescription error. Though it is conceiv-
able that the total number of patients under the care of one
practice may affect the prescribing quality, due to its high
correlation with the percentage of seniors variable, it was
not included in model as a control. Practice specialty was
deduced based on service practices predominantly filed for
claims within the calendar year of 2016. Primary care pro-
viders indicate practices that are categorized as “Hausarzt”
or general practice medicine and gynecologists who serve
as the first point of contact for most patients and are
expected to have more of a role in medication coordination.
Additionally, due to the broad scope of practice of general
practitioners, specialists’ knowledge of appropriate medica-
tions are generally deferred to [62]. We also controlled for
the region, where Billstedt Horn represented an urban and
moderately deprived region while Werra Meissner Kreis
represents a rural and monoethnic community.
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measuring the variance inflation factors (VIF) and bal-
anced with omitted variable bias when constructing the
regression model.

We defined quartiles within each region for all network
centrality measures (degree, betweenness, and eigenvec-
tor) and treated the quartiles as categorical variables.
Data from both regions were pooled in the regression
analyses to increase the power to determine the effect.
Each region was identified using a dummy variable to
account for underlying differences. We used a negative
binomial regression to estimate the adjusted incidence
rate ratio of prescribing a potentially inappropriate pre-
scription due to the overdispersed count outcome vari-
able. It is important to note that the unit of analysis is at
the practice level, and thus patient-associated scores were
aggregated.

Our model specification is as follows:

y = a+; centrality+po percentage of seniors+f3 mean Charlson score+f4 Primary Care Provider+fs region+¢

Predictors - patient related

We used the Charlson comorbidity index to control for
patient comorbidity, as patients with more comorbidi-
ties are likely to be prescribed more medications, which
may inadvertently drive-up medication errors. Because it
would be impractical to include all comorbidity variables
in a regression model due to issues of multicollinearity
and inadequate degrees of freedom, we chose to use a
composite measure. The Charlson comorbidity index con-
siders the severity of specific diseases and the patient’s age
in the weighted score; it is widely used as a mechanism to
control for patient comorbidity when analyzing adminis-
trative data [63]. We transform the patient-level Charlson
comorbidity score to a physician practice-level variable by
averaging the Charlson comorbidity score of all patients
in the practice.

Statistical analysis

Following the mapping of physician practice network, we
conducted descriptive analysis in both regions of inter-
est including patient demographics, provider coverage,
and network parameters; we also explored the distribu-
tion of outcome variable in both the healthcare regions.
We then conducted bivariate analyses using Spearman’s
rank correlation to describe the strength of association
and direction between the centrality measures (degree,
betweenness, and eigenvector) and potentially inap-
propriate prescriptions (summed FORTA score). Spear-
man’s rank correlation was used as it does not make
assumptions regarding the underlying distribution of
the data, which did not follow a normal distribution.
Variables were assessed for potential multicollinearity by

where: centrality measure represents degree, closeness,
or eigenvector centrality (Table 1); percentage of seniors
refer to the percentage of elderly patients (over the age
of 65) over the total practice patient panel size; mean
Charlson score represents the mean Charlson comorbid-
ity score of all included patients (seniors) belonging to
the practice; primary care provider is a dummy variable,
where practices specialize in either general internal medi-
cine, family practice, or gynecology were assigned a value
of 1, and 0 otherwise; finally, region is also a dummy vari-
able that identifies if the practice is in Billstedt-Horn or
Werra-Meissner-Kreis and is used as a proxy for rural or
urban context.

Sensitivity analysis

We conducted two separate sensitivity analyses to check
for robustness of effects in different subsamples. First,
we address the challenge of endogeneity between the
network measures and the outcome measure by remap-
ping the social network with only physician practices
that shared younger patients (defined as under the age of
65) and deriving practice-level centrality measures. We
then retained our original analytical sample (from main
analysis) and updated the associated centrality measures
derived from physician practices sharing only younger
patients. By doing so, we isolate the effects of practice
centrality on prescribing quality from the contribution
of senior patients who are more likely to have multi-
ple comorbidities and thus simultaneously increasing
the number of physician visits (contributing to a higher
centrality measure) and increasing the FORTA scores.
Second, we tested the stability of effects by remapping
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the network using an increased threshold of 25 shared
patients. By increasing the threshold of shared patients
in which ties between practices are drawn, we effec-
tively increase the specificity of linkages (i.e., decreased
likelihood of drawling linkages between spurious con-
nections) [34]. In other words, we increase the certainty
that linkages between practices detected represent true
connections.

All statistical analyses were performed using the R sta-
tistical software (version 4.0.3).

Results

The two patient-sharing networks we mapped—Bill-
stedt-Horn and Werra Meissner Kreis—included 436
and 270 practices; 28,508 and 20,935 patients; and con-
sisted of 217,126 and 154,274 claims in the 2016 calen-
dar year, respectively. We further excluded patients under
the age of 65 and practices that did not care for patients
over the age of 65 to reach the analytical sample consist-
ing in total of 659 practices (Billstedt-Horn: 401; Werra
Meissner Kreis: 269) (Fig. 1). Within the analytical sam-
ple, the patient population in both regions have similar
sex distribution; though in Billstedt-Horn, patients are
slightly older (median of 75 years of age, compared to
71 in Werra Meissner Kreis) and have a higher comor-
bidity score (Charlson index of 4.25, compared to 4 in
Werra Meissner Kreis) (Table 2). Physician practices
have larger patients under their care in Werra Meissner
Kreis (median of 128 patients, IQR=382), as compared
to Billstedt-Horn (median of 95 patients, IQR =203); and
Billstedt-Horn have a larger percentage of primary care
providers among all practices (Billstedt-Horn 38%; Werra

Table 2 Characteristics of patients
geographical area in analytical sample

and physicians by

Billstedt-Horn Werra Meissner Kreis

Patient characteristics

Number of unique patients 5287 2870

Female, n (%) 2872 (54) 1501 (52)

Age, median (IQR) 75(112) 71(11)

Charlson score, median (IQR)  4.25 (3) 4.0 (2.25)
Practice characteristics

Number of unique practices 401 258

Number of patients, median 95 (203) 128 (382)
(IQR)

Primary Care Provider®, n (%) 153 (38) 77 (30)
Node centrality

Degree, median (IQR) 14 (43) 27 (64)

Betweenness, median (IQR) 104 (278) 79 (181)

Eigenvector, median (IQR) 0.012 (0.05) 0.039(0.15)

2 Primary care provider defined as general practitioner or gynecologist
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Meissner Kreis 30%). In the two networks included,
Werra Meissner Kreis appears to be a more connected
network with a higher density (0.16, compared to 0.08 in
Billstedt-Horn) and shorter mean distance (1.99, com-
pared to 2.10 in Billstedt-Horn). Both networks have a
longer mean distance compared to the average gener-
ated over 1000 random graphs with the same number of
nodes, which indicates a less connected network com-
pared to what would be expected of an average network
with the same number of nodes. While the Billstedt-
Horn network had a slightly higher percentage of same-
specialty tie (BH: 6.76%; WMK: 4.40%), the proportion
that are primary care provider is similarly high across
both regions (BH: 82%; WMK: 84%) (Table 3).

Results from the negative binomial regression are pre-
sented in Table 4, where degree, betweenness, and eigen-
vector centrality are shown separately. For each centrality
measure, we present three different models: model 1 con-
tains only the centrality measure; model 2 is a control-
only model; and model 3 is the full model with control
variables included. For ease of interpretation, we also
present results as adjusted incidence rate ratio (IRR) for
centrality measures and number of potentially inappro-
priate prescriptions (Table 5). Our results showed that
network centrality measures were significantly associated
with PIMs. We found a significant negative relationship
between the centrality measures degree, betweenness,
and eigenvector and prescribing a PIM (Table 5). Those
in the bottom quartile of degree centrality had an inci-
dence rate 0.4 times that of practices in the top quartile
(IRR=0.040, 95%CI (0.035, 0.045)); those in the bot-
tom quartile of betweenness centrality had an inci-
dence rate 0.06 times that of practices in the top quartile
(IRR=0.063, 95%CI (0.052, 0.077)); and those in the
bottom quartile of eigenvector centrality had an inci-
dence rate 0.04 times that of practices in the top quartile
(IRR=0.039, 95%CI (0.034, 0.044)).

Across the specified models, adjusted results show that
many practice-level variables were consistently associ-
ated with PIMs (Table 4). We found that increases in
mean Charlson score to be significantly associated with
increased PIMs across all centrality measures. We found

Table 3 Network level measures by geographical region

Billstedt-Horn Werra
Meissner
Kreis
Density 0.08 0.16
Mean distance 2.10 1.99
Percentage of same-specialty ties 6.76% 4.40%
Percentage of same-specialty ties 82% 84%

that are primary care
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Table 4 Negative binomial regressions estimating practice level prescribing quality with practice-level centrality measures defined as
quartiles: (a) degree centrality; (b) betweenness centrality; (c) eigenvector centrality

(a) Decree centrality in quartiles

Model 1 Model 2 Model 3
(Intercept) 85 *x* 4.83%** 6.68***
(0.064) (0.25) (0.13)
Degree (Ref: Q1)
Q2 -15.21 *** -1.56%**
(-16.9) (0.066)
Q3 =27 52%** -2.62%%*
(0.090) (0.067)
Q4 -35.01%% -3.23%%*
(0.090) (0.067)
Mean Charlson 0.11% 0.10%%
(0.049) (0.024)
Percentage senior (>65) 8.21%*% 5.09%**
(0.40) (0.20)
Primary care provider (Ref: Specialist) 0.15(0.11) 0.082 (0.052)
Region (Ref: Billstedt-Horn) 0.36 *** 0.24%**
(0.10) (0.051)
N 638 626 640
AIC 9875 10,553 9410
(b) Betweenness centrality in quartiles
Model 1 Model 2 Model 3
(Intercept) 8.34%** 4.83%*% 6.41%%%
(0.084) (0.25) (0.19)
Betweenness: (Ref: Q1)
Q2 -1.09%%* -1.19%%x
(0.12) (0.096)
Q3 -1.68%%* -1.88%**
(0.12) (0.097)
Q4 -3.04%** -2.76%**
(0.12)) (0.097)
Mean Charlson 0.11* 0.021
(0.049) (0.035)
Percentage senior (>65) 8.271%*x 6.98%**
(0.40) (0.29)
Primary care provider (Ref: Specialist) 0.15(0.11) 0.29*** (0.076)
Region (Ref: Billstedt-Horn) 0.36 *** 0.38%**
(0.10) (0.074)
N 638 626 640
AIC 10,333 10,553 9988
(c) Eigenvector Centrality in quartiles
Model 1 Model 2 Model 3
(Intercept) 85 *** 4.83%%* 6.90%**
(0.064) (0.25) (0.13)
Eigenvector (Ref: Q1)
Q2 -16.24 *** -1.65%**
(0.087) (0.065)
Q3 -27.54%%% -2.61%**

(0.087) (0.066)
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Table 4 (continued)
Q4 -35.57%%% -3.25%%
(0.088) (0.067)
Mean Charlson 0.11% 0.084***
(0.049) (0.024)
Percentage senior (>65) 8.21%** 4.70%%*
(0.40) (0.20)
Primary care provider (Ref: Specialist) 0.15(0.11) -0.0079 (0.051)
Region (Ref: Billstedt-Horn) 0.36 *** 0.19%**
(0.10) (0.050)
N 638 626 640
AIC 9829 10,553 9391
Standard errors are heteroskedasticity robust
™ p<0.001
"p<0.01
“p<0.05

Table 5 Association between potentially inappropriate prescriptions (summed FORTA scores) and network centrality measures in

quartile in 2016. Results from negative binomial regression

Degree Betweenness Eigenvector

IRR 95% Cl IRR 95% ClI IRR 95% Cl
Centrality
Q1 (ref) 1.00 1.00 1.00
Q2 0.21 (0.19,0.24) 0.31 (0.25,0.37) 0.19 (0.17,0.22)
Q3 0.073 (0.064, 0.083) 0.15 (0.13,0.18) 0.074 (0.065, 0.084)
Q4 0.040 (0.035,0.045) 0.063 (0.052,0.077) 0.039 (0.034,0.044)
Mean Charlson score of practice 1.11 (1.04,1.17) 1.02 0.94,1.11) 1.09 (1.03,1.15)
Percentage of senior patients 163 (100, 267) 1078 (508, 231 7) 110 (68, 179)
Primary Care Provider (Ref: Specialist) 1.09 (0.98, 1.20) 1.34 (1.16,1.56) 0.99 (090, 1.10)
Region (Ref: Billstedt-Horn) 127 (1.15, 1.40) 1.47 (1.26,1.70) 1.20 (1.09, 1.33)

Each negative binomial regression model also includes mean Charlson core of practice, percentage of senior patients, primary care provider dummy variable, and
region dummy variable as controls and uses the summed FORTA score as the response variable

QI Quartile 1 (most well-connected), Q2 Quartile 2, Q3 Quartile 3, Q4 Quartile 4, IRR Incidence rate ratio, C/ Confidence Interval

percentage of senior patients to have a significant posi-
tive association with PIMs across all centrality meas-
ures. We did not find a consistent association between
primary care provider and PIM, however among mod-
els encompassing betweenness centrality, we observed
a significant positive relationship. Lastly, we observed a
consistent relationship between region and PIMs with
Werra-Meissner-Kreis to have a significantly higher PIM
as compared to Billstedt Horn.

We examined the consistency of the association between
centrality measures and PIM by remapping the network
with two alternative methods: i) including only clinical
encounters involving younger patients (less than 65 years
old); ii) increasing the threshold of shared patients that
defines a tie between two practices from 8 to 25 patients. In
both sensitivity analyses conducted, the results were in line
with main analysis with slight changes in effect size, same

directionality of association and significance (Table 6).
From the first sensitivity analysis, we found that as degree
of connectedness decreases, the incidence of a PIM also
decreases (network including clinical encounter with young
patients: adjusted IRR for practices in the bottom quar-
tile had an incidence rate of 0.044 times that of practices
in the top quartile (95%CI: 0.039, 0.050); network includ-
ing only ties established by more than 25 shared patients:
adjusted IRR for practices in the bottom quartile had an
incidence rate of 0.059 times that of practices in the top
quartile (95%CIL: 0.050, 0.069)) (Table 6). We also found a
similar negative association between PIM and betweenness
centrality as well as eigenvector centrality (Table 6).Similar
results were found for the second sensitivity analysis, where
a positive association was observed between centrality
measures degree, betweenness, and eigenvector centrality
of practices and PIMs (Table 6). We found that results from
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Table 6 Association between potentially inappropriate prescriptions (summed FORTA scores) and network centrality measures
in quartile in 2016: (a) Regression models with centrality measures derived from networks mapped including only patients younger
than 65 years of age (Billstedt-Horn: N=413; Werra-Meissner-Kreis: N=262); (b) Regression models with centrality measures derived
from networks mapped including only ties consisting of more than 25 shared patients (Billstedt-Horn: N=258; Werra-Meissner-Kreis:

N=194)
(@)
Centrality Measure Degree Betweenness Eigenvector

IRR 95% ClI IRR 95% Cl IRR 95% Cl
Q1 (ref) 1.00 1.00 1.00
Q2 0.21 (0.18,0.23) 035 (0.29,043) 0.20 (0.18,0.23)
Q3 0.078 (0.068, 0.089) 0.16 (0.13,0.19) 0.077 (0.067,0.088)
Q4 0.044 (0.039,0.050) 0.059 (0.049,0.072) 0.047 (0.041,0.053)
(b)
Centrality Measure Degree Betweenness Eigenvector

IRR 95% Cl IRR 95% Cl IRR 95% Cl
Q1 (ref) 1.00 1.00 1.00
Q2 0.26 (0.23,0.31) 048 (0.39,0.59) 0.25 (0.22,0.29)
Q3 0.1 (0.096,0.13) 0.20 (0.16,0.25) 0.12 (0.100, 0.134)
Q4 0.059 (0.050, 0.069) 0.076 (0.062, 0.095) 0.057 (0.049, 0.067)

both sensitivity analyses confirm the robustness of our find-
ings. The models for all three centrality measures resulted
in slight changes in effect size, but the same directionality
and level of significance. Results from both sensitivity anal-
yses confirm the robustness of our findings.

Discussion

Our research examines the structure and composition
of shared-patient networks mapped between practices
in two German healthcare areas using insurance claims
data. We find that practice centrality is associated with
prescribing quality for elderly patients when controlling
for confounding factors; contrary to our hypothesis, the
association is in the negative direction (i.e., more well-
connected practices are associated with poorer prescrib-
ing quality). Research mapping social networks using
administrative data has increased steadily in recent dec-
ades; while most studies are set in the US and Australia
[33], studies in France [64] and Germany [65, 66] has
been published in the last couple years. To our knowl-
edge, this research is the first to apply this novel method
to study prescribing performance for elderly patients in
the German health system context. Prior research mainly
focused on organizational, physician, and patient deter-
minants of prescribing quality [67]. This study elucidates
the influence of information-sharing relationships and
the structural position within one’s network on prescrib-
ing quality outcome. By applying a replicable method
leveraging administrative data, our research provides
an additional tool for regional change management in
designing quality improvement strategies.

In this study, we find practices that are well-connected
to others (high degree centrality), well-positioned to
broker information between network practices (high
betweenness centrality) and connected to well-connected
others (high eigenvector centrality), were more likely
to be associated with an overall increased over- and
under- prescribing scores (i.e., to have worse prescribing
quality). We interpret this finding by expanding on the
following: i) occupying positions on the network fringes
may confer advantage in accessing novel information; ii)
highly connected practices may be subject to an insu-
lated information environment; iii) negative resource
exchanges in professional networks.

This work draws upon social network theory, which
posits that the embeddedness of each individual’s posi-
tioning within a network, and their connectedness to
others, confer both advantages and drawbacks [68]. In
turn, social capital theory can provide a foundation for
describing and characterizing the observed results. Social
capital, as first defined by Boudieu [69] and expanded
upon by Burt [70], Coleman [71], and others, is the ability
of actors to secure benefits such as information through
membership in social networks or other structures [72].
Within the context of network structures, social capital
theory can be conceived as two mutually exclusive yet
reinforcing mechanisms—structural holes and social
cohesion [73].

Access and exchange of knowledge and information
is particularly salient in our study of prescribing quality.
While clinical knowledge is typically imparted through
textbooks, clinical guidelines and journal articles [19],
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research shows that physicians also learn directly through
peer interactions [45—47] and may be influenced by their
social milieu, particularly under high levels of uncertainty
[19-21]. Following Burt’s structural hole theory, practices
that are less connected in their local networks may act as
a bridge to distinct communities, and may have a strate-
gic advantage in accessing diverse information [73, 74].
Conversely, well-connected practices embedded in dense
networks may be exposed to redundant information from
peers that possess similar knowledge and information.
This low information diversity among more central prac-
tices may be a barrier to integration of prescribing guide-
lines or novel clinical information and thereby reflect the
higher over- and under-prescribing associated with prac-
tices that were highly connected. Others have shown that
physicians reporting higher adoption of evidence-based
medicine adoption were negatively associated with indi-
cators of network prominence and centrality [75].

The social cohesion perspective proposes that indi-
viduals in highly connected networks are likely to dem-
onstrate homogeneous behavior due to the spread of
norms, ideas, and practices through social relationships
[76, 77]. This phenomenon is further evidenced by the
strong and restrictive social control that exists in knowl-
edge-intensive networks [31]. Physicians conforming to
local norms, etiquette, and hierarchical structure, even
in instances where prescribing decisions should be chal-
lenged, is well documented in literature [18, 21]. One
manifestation of strong social cohesion is the process of
“groupthink” where a premature consensus is achieved
based on group judgement, which may reduce the ration-
ality of the decision or behaviour of a group [78]. Closely
linked is the concept of “echo” whereby individuals access
information through their peers and hence rely on the
peers’ filtering and interpretation of information accord-
ing to their prior knowledge and opinions [79]. Through
socialization processes such as echo and groupthink,
highly connected physician practices may develop pre-
scribing patterns that depart from best evidence yet are
locally endorsed and reinforced.

While a variety of benefits may be derived from social
capital, negative exchange relations also exist and have
been associated with individual performance [80] and
described in healthcare teams as “hindrance networks”
[81]. Hindrance networks can be characterized as the
exchange of negative resources that may inhibit or hin-
der the individual or team’s performance, particularly
when performance of individuals depends on access to
information from others [81]. In a recent study of poly-
pharmacy in Germany, general practitioners expressed
concern regarding the infrequent and poor communica-
tion of medication changes during care transitions and
following specialist appointments [82]. In the context
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of this study, prescribing quality among well-connected
practices may be compromised due to differences in
communication channels between prescribers in differ-
ent settings, and the lack of structures to share patient
medication history.

Poor prescribing performance associated with well-
connected practices found in our study reflects a frag-
mented healthcare system where physicians who are
positioned to provide coordinated care lack formal struc-
tures and incentives to support this practice. In Germany,
the lack of electronic patient health records that service
providers from different settings can access undermines
their ability to provide coordination of care and medi-
cation reconciliation [6, 83]. Integrated care initiatives
have been introduced in both regions under study in
recent years. The focus on optimizing appropriate pre-
scribing practices through integration of the FORTA
algorithm in providers’ clinical workflow provides feed-
back on prescribing quality. Future research may well
utilize this analysis to evaluate whether introduction of
feedback mechanisms and care management programs
improve care coordination within established profes-
sional networks.

Implications for practice and policy

Our research generates several implications for practice
and policy. As health systems restructure to improve
care coordination for the patient, it is critical for sys-
tem administrators and policy makers to recognize the
importance of relationships and positioning within exist-
ing networks in shaping behaviour and performance.

Adherence to local prescribing norms creates a closed
network where novel information, such as revised pre-
scribing guidelines, fail to reach prescribers. Our findings
that well-connected practices are associated with worse
prescribing practices may be a result of practices con-
forming to local prescribing norms that depart from best
practice guidelines. Implementing quality circles [84],
where physician colleagues gather to discuss locally rele-
vant quality improvement initiatives and exchange ideas,
may present an opportunity to introduce information in
an insular environment. Poss-Doering and colleagues
found regular peer exchanges through quality circles was
highly valued by physicians in primary care networks and
contributed to improved guideline-concordant antibiotic
prescribing [85].

Physicians tap into their peers’ knowledge within
their social and professional networks and rely on their
community of practice as important sources of infor-
mation for prescribing practices, even more so than
national guidelines [86, 87]. Using social networks analy-
ses, administrators can better identify well-connected
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practices (i.e., key opinion leaders) and target dissemi-
nation of best practices through key opinion leaders. In
practice, when administrators are introducing new prac-
tice guidelines or implementing decision-support, gain-
ing the confidence and support from well-connected
physician practices within a local network may increase
their use and spread.

Lastly, social capital has long been recognized as
integral in individual and team performance. Previ-
ous research shows the association between social capi-
tal and the maturity of a hospital’s quality management
system [88] and validated measurement tools for social
capital within hospital management has subsequently
been created [89]. Our research demonstrates the feasi-
bility of using network metrics to monitor dimensions
of individual social capital in relation to their embedded
networks, and its association with quality outcomes such
as prescribing. This provides a low-cost, highly replicable
option that can be applied and scaled in a variety of set-
tings due to the widely available administrative data in
healthcare.

Limitations

Our study is subject to limitations. First, we derived
provider relationships based on the presence of patients
shared within a year using claims data from one insur-
ance company in each region, which may have over-
looked certain links based on shared patients insured by
other companies. We minimized the impact of this risk
by using data from health insurance companies that have
substantial market share in both regions within our study.
Additionally, methods have advanced in recent years
to restrict linkages among provider dyads to only those
that share patients with one another over one episode of
care [90]. While we do not have the data to consider this
approach, this clinically intuitive method of identifying
information-sharing relationships should be considered
in future research.

Second, networks are subject to boundary specification
problems. In this study, the boundaries are artificially
drawn based on providers sought by residents within
the two geographical areas. We assume that healthcare
utilization in these two areas is relatively self-contained,
which is conceivable as one area is a rural community
with a natural boundary and the other is a relatively
deprived neighborhood in a larger city. Further consider-
ing that patients tend to seek care in their communities
that are culturally appropriate, we assume in our study
that those living in Billstedt-Horn district typically seek
care within the district. Third, while there is no standard
gate-keeping system in Germany, general practitioners
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remain well-positioned to coordinate care for patients.
Where more comprehensive data with wider geographic
coverage is available, future research should consider a
general practitioner-only network to better investigate
the relationship between prescribing quality and peer
relationships. Fourth, pharmaceutical influence on pre-
scribing is widely substantiated with a study showing 84%
of physicians indicating weekly pharmaceutical sales rep-
resentatives visits in Germany [91]. It is conceivable that
physician practices with a higher percentage of senior
patients may be targetted more frequently by pharmaceu-
tical sales representatives which inadvertently contrib-
utes towards to prescribing quality as higher prescribing
volume has previously been associated with poor pre-
scribing quality [92]. Fifth, where multi-year data is avail-
able, future research may account for provider-level fixed
effects such as practice style, preference, and experience,
thus increasing the precision of the estimate. Lastly, like
most network research, this study was cross-sectional
and thus hinders our ability to determine causality. While
our objective was to characterize the association between
centrality measures and prescribing performance among
practices, it is likely that poorly performing practices
have been operating for longer, and hence are further
away from updated best practices and prescribe based
on experience. Established practices are likely to have
an established network of peers and accumulate more
patients within the community, which drives up the
measured centrality indicators. Future studies with richer
data sources may consider longitudinal designs to deter-
mine the directionality of this association.

Conclusions

Our study builds on the momentum of research in
patient-sharing network analysis in the last decade and
finds well-connected practices to be associated with
increased over- and under-prescribing for senior patients
in two regions in Germany. From this, we conclude that
practices occupying strategic positions at the edge of net-
works with advantageous access to novel information are
associated with better prescribing outcomes, whereas
highly connected practices embedded in insulated infor-
mation environments are associated with poor prescrib-
ing performance.
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