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Abstract

Background: Since 2016, the combination of sacubitril/valsartan, which combines an angiotensin receptor and
neprilysin inhibitor (ARNI), has been recommended in the guidelines for the treatment of heart failure. The
adoption of new drugs may be influenced by collaboration and exchange between physicians. We aimed to
determine whether characteristics of the professional networks of prescribing physicians were associated with the
prescribing of ARNI in Germany.

Methods: We conducted a longitudinal analysis based on claims data in 2016–2018 in Germany. The characteristics
of ambulatory care physicians’ networks were determined in the analysis of the patient-sharing networks of
physicians in 2017. Binary logistic regression analysis with the outcome ‘prescribes ARNI in 2018’ (present or absent)
was carried out, using network characteristics as predictors, adjusted for specialty and sociodemographic
characteristics of physicians.

Results: The network analysis included 8370 physicians, who had 144,636 connections. Prescribers had more
connections to other physicians compared to non-prescribers (median 31 vs. 23). Regression analysis showed that
the numbers of linkages to prescribers of ARNI were positively associated with prescribing ARNI. For 6–10
connections, the average marginal effect (AME) was 0.04 (confidence interval [CI] 95% 0.01–0.06) and for > 10 links
the AME 0.07 (CI 95% 0.05–0.10) compared to 0–5 connections to prescriber.

Conclusion: Physicians who shared patients with many other physicians were more likely to prescribe ARNI,
independent of physicians’ specialty. This suggested that collaboration and exchange on the basis of patient-
sharing with other physicians influenced their medication prescribing decisions.

Keywords: Medication prescribing, Chronic heart failure, Ambulatory care, Social network analysis, Implementation
science
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Contributions to the literature

� This study provides quantitative estimations of the effects of

patient-sharing networks on physicians’ uptake of a new

drug, using large-scale claims data on real-world ambulatory

care.

� The study showed that a higher number of connections

with other prescribers of the new drug was associated with

a higher probability of prescribing the drug.

� The network effects are small, but they exist at a large scale

and are probably sustained over time.

Background
In 2017, the prevalence of heart failure (HF) in Germany
was 3.4% [1]. Due to increases in life expectancy and im-
proved treatment, the prevalence of HF is expected to
rise. Cardiovascular diseases, including HF, are among
the most frequent causes of death worldwide [2]. Each
year in Europe, cardiovascular diseases cause more than
4 million deaths—45% of all deaths [3]. Drug therapy is
the most critical pillar in the treatment of HF. Since the
treatment guidelines were updated in 2016, the Euro-
pean Society of Cardiology and the national guidelines
in Germany have recommended the prescription of a
combination of sacubitril and valsartan, if symptoms
persist despite administration of basic therapy [4, 5].
Sacubitril/valsartan, which combines an angiotensin re-
ceptor and neprilysin inhibitor (ARNI), has been avail-
able in Germany since 2016 [6]. According to the data
from statutory health insurance in Germany, 3.7 million
defined daily dose (DDD) of ARNI were prescribed in
the first year of approval, while in 2019, 34.1 million
DDD were already documented [7, 8]. The PARADIGM-
HF study demonstrated that ARNI reduces mortality
due to HF more than the angiotensin-converting enzyme
inhibitors enalapril [9]. Adoption of new medications,
including ARNI, is often slow [10–12]. Wachter et al.
[13] showed in their longitudinal cohort study that most
patients did not receive the recommended dose for
ARNI. To achieve the best possible treatment for pa-
tients, it is important to optimize the adoption of effect-
ive medicines.
Many factors influence the uptake of clinical practices

among physicians, such as the prescribing of medication.
In addition to patient factors and the benefit–harm pro-
file of practices, individual physicians’ beliefs and rou-
tines play a role [14]. Their beliefs and routines may be
particularly relevant if the practice is new, controversial
(e.g. due to high cost), or associated with high uncer-
tainty regarding clinical effects. Individual characteristics
of physicians, such as sex, professional experience, and
medical specialty designation, may influence the

adoption of a new drug. For instance, cardiologists re-
spectively specialists tend to adopt new drugs earlier
than primary care physicians [14, 15]. Physicians’ beliefs
and routines are also shaped by contextual influences,
such as collaboration and exchange with peers [14, 15].
A systematic review by Lublóy [14] summarizes how so-
cial interactions among physicians were associated with
the adoption of new drugs. The studies included in
Lublóy’s review were predominantly from the USA and
did not consider drugs used in cardiology. Donohue
et al. [16] describes the influence of a peer network on
the adoption of new drugs: a 10% increase in peer adop-
tion in the patient-sharing network led to a 5.9% (stand-
ard error [SE] = 1.5%, p < 0.001) increase in physician
adoption of dabigatran, a 8.3% (SE = 1.51%, p < 0.001)
increase in adoption of sitagliptin, and a 7.84% (SE =
2.93%, p < 0.001) increase in adoption of aliskiren.
By treating common patients, it is likely that new rec-

ommendations will be adopted by physicians in line with
social contagion. Social contagion is understood as the
process in which one person adopts a new attitude or
behaviour from another person either because the actor
is directly influenced by them in the context of an inter-
action relationship (cohesion) or because the actor is in
a structurally similar position within social networks
(structural equivalence) [17].
In this study, we explored the role of collaboration

and exchange between ambulatory care physicians in
their prescription of sacubitril/valsartan, a new ingredi-
ent combination in Germany. In particular, we aimed to
provide a quantitative estimate of the impact of physi-
cians’ patient-sharing networks on the prescription of
medication.

Methods
Study design
We conducted a longitudinal observational analysis
based on health insurance claims data to test the
influence of having professional relationships with
physicians on prescriptions of ARNI in 2017. We
used claims data from the health insurance com-
pany AOK (German: Allgemeine Ortskrankenkasse)
Baden-Wurttemberg. This insurer covers approxi-
mately four million individuals, which is about 45%
of the people living in the state Baden-
Wurttemberg [18]. The pseudonymized data storage
and extraction were performed with the software
dbForge Studio for MySQL. Data analysis was con-
ducted with the statistics software R version 3.6.1
using RStudio. The study received a positive ethics
vote from the Ethics Committee of the Medical
Faculty of Heidelberg (ID: S-726/2018). This study
conforms to the standards for reporting observa-
tional studies (see Additional file 1).
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Study samples
The study population included those insured by the
AOK and the principal physicians involved in their treat-
ment who practise in Baden-Wurttemberg in the years
2017 and 2018. The physician population included the
specialist groups that are primarily involved in the treat-
ment of patients with HF (general practitioners, family
doctors, internal medicine practitioners, cardiologists,
pneumologists, angiologists, and nephrologists). In
Germany, ambulatory specialist care is largely provided
in office-based ambulatory practices. As the AOK covers
the most people in Baden-Wurttemberg nearly all physi-
cians in the region are included in this study.

Network construction
Linkages between physicians were determined on the
basis of shared patients within 12 months in 2017. From
health insurance claims data, we extracted all physicians
who worked in Baden-Wurttemberg and, based on the
outpatient accounting number (German: Einheitlicher
Bewertungsmaßstab), determined whether the same pa-
tient was treated by two physicians. This link is also
called shared patient [19, 20]. The data was imported
from MySQL into R and an overall undirected (i.e. links
are by definition mutual) whole (all actors in a region
are included) network was created using the package
‘igraph’. The nodes represent the physicians, who are in-
volved in the treatment of HF, and the edges were link-
ages between the physicians based on at least five shared
patients.

Measures
Outcome
Prescription of ARNI in 2018 no (0) or yes (1) was ex-
tracted from health insurance claims data. A value of 1
was assigned if the physician prescribed ARNI for at
least one of his/her patients

Predictor
Being linked to a prescriber of ARNI in 2017. This was
extracted from the social network. Three categories were
due to the distribution and the median created: few (0–5
links), medium (6–10 links), and many (> 10 links) con-
nections to a prescriber.
Covariates were derived from the health insurance

data or created through social network analysis. From
the health insurance data, we obtained the age of the
physicians in years, the sex (female and male), the loca-
tion of the physician (rural ≤ 20,000 inhabitants and
urban > 20,000 inhabitants), the specialty (family doc-
tors, general practitioners, internal medicine, cardiolo-
gists, pneumologists, angiologists and nephrologists),
and the participation in family doctor-centred care (Ger-
man: Hausarztzentrierte Versorgung) as well as

participation in provision of the disease management
programme of chronic coronary heart disease. For ad-
justment in the regression analysis, we used the variable
prescription of ARNI 2017 dichotomously (0 = no and 1
= yes). We aggregated the number of treated heart fail-
ures (NYHA II–IV) patients per physician and summa-
rized them into the metric variable ‘number of patients
HF’.
The following variables were created through social

network analysis.

Betweenness centrality
Betweenness centrality measures the proportion of path-
ways in the whole network for which the physician of
interest is on the shortest path. There is a value range
from 0 to 1. One means an actor is in all shortest paths
of the network. The actor gets information faster com-
pared to actors who are less often in the shortest path.
Since the total network is very large and the variable
therefore has very small values, we have multiplied the
value by 1000.

Degree centrality
Degree measures the number of connections an actor
has in the network. A high number of connections
means a high degree centrality, which indicates that the
physician has a central position in the network of shared
patients.

Constraint
Constraint measures the extent to which time and en-
ergy is concentrated within a single cluster of connec-
tions [21]. A physician with low constraint is involved in
many incomplete triads, so there are (many) structural
holes in the network offering the physician options for
brokering. A low constraint means that a physician can
freely choose within the network where to get informa-
tion and who to cooperate with. Values from 0 to 1 can
be assumed. At 0, there is no limitation while at 1 full
inclusion in the network is achieved by the maximum
number of connections. For a better interpretation in
the regression analysis, we multiplied the value by 10.

Statistical analysis
First, we conducted descriptive analyses. This included
frequencies and percentages of prescribing the new drug
in the years 2016–2018. Depending on the scale level
and distribution of the variables, frequencies in percent-
age, mean with SDs, and median with interquartile
ranges were extracted. Chi-squared test or Wilcoxon’s
rank-sum test was performed to detect differences in the
groups of prescribers and non-prescribers in 2018.
Second, we carried out a social network analysis to

identify social structures and characteristics that might
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explain the behaviour of doctors when prescribing a new
drug. After the formation of the whole network with the
statistic package ‘igraph’, the individual network proper-
ties of the physicians in the network were calculated.
This included degree measures, which count the links of
all physicians, betweenness centrality, and constraint.
We have checked if there is a network constraint of 1
and at the same time only one connection to another
physician. We assumed that these physicians were lo-
cated on the outskirts of Baden-Wurttemberg and there-
fore a full network cannot be considered here and
therefore their network properties cannot be measured
reliably. These physicians (n = 96) were excluded from
the further analysis.
Third, we carried out a binary multivariable logistic re-

gression analysis with the dependent variable the pre-
scription of ARNI in 2018. The main predictors were
the categorial variable ‘links to prescriber of ARNI in
2017’ and the other network characteristics. The multi-
variable regression model was adjusted for other vari-
ables, such as sociodemographic data, specialist
designation, or enrolment in a disease management
programme for chronic coronary heart disease or family
doctor-centred care centre, number of HF patients, and
prescribing of ARNI in 2017. For easier interpretation,
we present the results of logistic regression as average
marginal effects. Due to the small number of missing
values, we did not perform imputation. The independent
variables were tested for multicollinearity and excluded
if the correlation coefficient was greater than 0.6. We
did not adjust the models for patient characteristics be-
cause we defined only the single prescription of ARNI as
an outcome at the physician level and assumed that phy-
sicians have the option to prescribe the drug to at least
one patient, regardless of patient characteristics. As a
sensitivity analysis, we calculated a zero-inflated model
with negative binomial distribution so that we could
eliminate excess zeros due to a physician’s inability to
prescribe the drug in the absence of heart failure pa-
tients. We also performed logistic regression with the
subgroup of physicians who did not prescribe ARNI in
2017.
In this explorative study, we set a significance level of

α = 0.05. We examined the impact of 10 predictors on
the outcome.

Results
The prescription of ARNI has continuously increased
since its approval of access to the market in 2016. In the
first year of approval (2016), 1127 (13.5%) physicians
prescribed ARNI. Prescription of the new drug increased
in the following years: in 2017, it was prescribed by 2110
(25.2%) physicians, and in 2018, it was prescribed by
3075 (36.5%) (see Table 1).

For the shared patients’ network in 2017, we initially
identified 3,123,514 insured users of health services and
8370 ambulatory care physicians. These physicians had
144,636 connections between one another (that is,
shared patients), 443 of whom were not active in Baden-
Wurttemberg in 2018, leaving 7927 physicians with the
main outcome prescription ARNI in 2018 and who
shared at least five patients with other physicians. The
largest group of physicians were family physicians with
general practitioners, which together were 7071 (89.2%)
physicians. Table 2 shows comparisons between pre-
scribers and non-prescribers. While only 4.5% of cardiol-
ogists in 2017 were represented in the overall group of
physicians, the number rose to 7.1% within the pre-
scriber group.
After the exclusion of physicians with a constraint of

1, the network properties for 7831 physicians were cal-
culated and included in the subsequent regression ana-
lysis. As previously described, we suspect that these
physicians are located on the outskirts of Baden-
Wurttemberg and no reliable network can be created, as
no data outside of Baden-Wurttemberg was available.
Table 3 shows the network characteristics subdivided ac-
cording to prescription of ARNI in 2018. Prescribers in
2018 had more contacts with physicians who had already
prescribed the new drug in 2017 as well as non-
prescriber in the network. Non-prescribers in 2018 had
a higher network constraint: median 0.08 (IQR 0.06)
compared to prescriber median 0.06 (IQR 0.03). The
prescribers exhibited a higher betweenness centrality
median 0.03 (IQR 0.14) compared to the non-prescriber
median 0.01 (IQR 0.08) in the network.
Univariable and multivariable regression analyses

showed no significant associations between prescribing
and physician age. For this reason, we excluded age from
the final model because it acted only as a covariate and

Table 1 Frequencies of insured users, heart failure diagnoses,
and physicians

2016 2017 2018

n (%) n (%) n (%)

Insured users of health services 3,071,608 3,123,514 3,182,490

Heart failure diagnosis (NYHA II–IV)

ICD-10 I50.12 50,257 55,637 59,178

ICD-10 I50.13 29,468 30,841 33,049

ICD-10 I50.14 5558 5888 6633

Number of physicians 8371 8370 8430

Physicians prescribing ARNI

Yes 1127 (13.5) 2110 (25.2) 3075 (36.5)

No 7244 (86.5) 6230 (74.8) 5355 (63.5)

NYHA New York Heart Association, ICD-10 10th revision of the International
Statistical Classification of Diseases and Related Health Problems, ARNI
angiotensin receptor and neprilysin inhibitor
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no change in the explained variation was registered. The
test for multicollinearity showed a very high correlation
between the variables ‘link to ARNI prescriber’ and ‘de-
gree centrality’ eta2 = 0.69. For this reason, we excluded
degree centrality from the full model. Furthermore, con-
straint correlates negatively (eta2 = 0.56) with ‘link to
ARNI prescriber’. The full final model shows an average

marginal effect [AME] of 0.04 (confidence interval [CI]
95% 0.01–0.06), p < 0.01 for a medium physician’s con-
nection and an AME of 0.07 (CI 95% 0.05–0.10), p <
0.001 for many links to an ARNI prescriber in compari-
son to few connections. In addition, constraint had an
AME of − 0.05 (CI 95% − 0.07 to − 0.03), p < 0.001,
which affects ARNI prescribing in 2018. The effects of

Table 2 Characteristic in 2017 according to prescriber versus non-prescriber in 2018

Total Non-prescriber Prescriber p-value

N = 7927 n = 4965 (62.6) n = 2962 (37.4)

n (%) n (%) n (%)

Specialists < 0.001a

Family doctors 2266 (28.6) 1395 (28.1) 871 (29.4)

General practitioners 4802 (60.6) 2970 (59.8) 1832 (61.9)

Internal medicine 144 (1.8) 118 (2.4) 26 (0.9)

Cardiologists 357 (4.5) 147 (3.0) 210 (7.1)

Pneumologists 144 (1.8) 142 (2.9) 2 (0.1)

Angiologists 34 (0.4) 31 (0.6) 3 (0.1)

Nephrologists 180 (2.3) 162 (3.3) 18 (0.6)

Sex < 0.001a

Male 4884 (61.6) 2856 (57.5) 2028 (68.5)

Female 3043 (38.4) 2109 (42.5) 934 (31.5)

Age, years (mean, SD) 55.41 (9.0) 55.55 (8.9) 55.39 (9.1) 0.34b

Location (n = 7917) < 0.001a

Rural 3501 (44.2) 2052 (41.4) 1449 (48.9)

Urban 4416 (55.8) 2904 (58.6) 11512 (51.1)

Family doctor-centred care < 0.001a

No 4338 (54.7) 3057 (61.6) 1281 (43.2)

Yes 3589 (45.3) 1908 (38.4) 1681 (56.8)

Disease management programme < 0.001a

No 1675 (21.1) 1393 (28.1) 282 (9.5)

Yes 6252 (78.9) 3572 (71.9) 2680 (90.5)
aChi-squared test; bWilcoxon’s rank-sum test

Table 3 Network characteristics in 2017 from prescriber versus non-prescriber in 2018

Total Non-prescriber Prescriber p-value

N = 7831 (100%) (median, IQR) n = 4873 (62.2%) (median, IQR) n = 2958 (37.8%) (median, IQR)

Link to ARNI, n (%) < 0.001a

Few (0–5 links) 3212 (41.0) 2342 (48.1) 870 (29.4)

Medium (6–10 links) 2521 (32.2) 1431 (29.4) 1090 (36.9)

Many (> 10 links) 2098 (26.8) 1100 (22.6) 998 (33.7)

Degree centrality 27 (25) 23 (24) 31 (25) < 0.001b

Constraint 0.07 (0.05) 0.08 (0.06) 0.06 (0.03) < 0.001b

Betweenness centrality 0.02 (0.10) 0.01 (0.08) 0.03 (0.14) < 0.001b

aChi-squared test,bWilcoxon’s test
ARNI angiotensin receptor and neprilysin inhibitor
Degree measures the number of connections an actor has in the network (values 0 to 7.830)
Constraint measures the extent to which time and energy is concentrated within a single cluster of connections (values 0 to 1)
Betweenness centrality measures the proportion of pathways in the whole network for which the physician of interest is on the shortest path (values 0 to 1)
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betweenness centrality were not significant in the final
model (see Table 4).
As a sensitivity analysis, we calculated a model without

the network property constraint, since a correlation of
eta2 = 0.56 of the variable’s constraint and ‘link to ARNI
prescriber’ was shown. In this model, similar to the pre-
viously described model, medium links to ARNI pre-
scriber show an AME 0.07 (CI 95% 0.05–0.09), p <
0.001, and many links to ARNI prescriber an AME 0.12
(CI 95% 0.09–0.14), p < 0.001, of being adjusted for the
variables already described. In addition, we performed a
subgroup analysis with only the 2017 non-prescribers,
which confirmed our previous regression model results
(see Additional file 2). A further sensitivity analysis with
a zero-inflated model shows that the number of heart
failure patients had a greater impact on the presence of
excessive zeros than on prescribing behaviour.

Discussion
Controlled for other factors, such as physicians’ spe-
cialty, this study found associations between professional
networks of physicians and the adoption of a new drug.
Physicians who have many connections to other physi-
cians who already prescribed ARNI, who are well inte-
grated into the patient-sharing network (high-degree
centrality), and who have many connections to others
who are not connected with each other (low constraint)
were more likely to prescribe ARNI. Overall, the study

suggests that exchange on the basis of shared patients
influences physicians’ beliefs and routines regarding the
prescription of medication.
Our study showed that prescriptions of the new drug

combination (ARNI) are gradually increasing. This in-
crease was also found in other studies [10–12, 22]. Previ-
ous studies [14] showed that specialists adopted new
practices earlier than general practitioners. This is con-
firmed by our results for the new drug ARNI. In their
qualitative study of prescribing behaviour after myocar-
dial infarction, Freier et al. [23] describe how general
practitioners feel uncertain about prescribing medica-
tions due to side effects, intolerances, comorbidities, and
the number of guideline recommendations. This study
also reported that general practitioners often ask cardiol-
ogists for advice and adopt the prescribing behaviour of
cardiologists whom they consult. In addition, general
practitioners may purposefully reduce the number of dif-
ferent drugs that they prescribe in order to learn more
effectively about the benefits and risks of these drugs.
Cardiologists tend to share patients with many other
physicians and they tend to prescribe new cardiological
medication earlier than primary care physicians, so the
identified effects may not reflect network mechanisms
only. However, the effects of high degree centrality were
also found for general practitioners and family doctors,
as they existed independently of physicians’ specialty.
This supports the hypothesized network effects on

Table 4 Multivariable logistic regression dependent variable: ARNI prescription in 2018 (N = 7821)

Variable AME 95% CI p-value

Link to ARNI prescriber (ref. few 0–5 links)

Medium (6–10 links) 0.04 0.01–0.06 < 0.01

Many (> 10 links) 0.07 0.05–0.10 < 0.001

Prescription ARNI 2017 (ref. no) 0.39 0.37–0.40 < 0.001

Constraint (multiplied by 10) − 0.05 − 0.07 to − 0.03 < 0.001

Betweenness centrality (multiplied by 1000) − 0.001 − 0.004 to 0.002 0.46

Specialists (ref. family doctors)

General practitioners − 0.005 − 0.02 to 0.02 0.63

Internal medicine − 0.14 − 0.23 to − 0.05 0.001

Cardiologists 0.04 − 0.007 to 0.09 0.09

Pneumologists − 0.46 − 0.68 to − 0.23 < 0.001

Angiologists − 0.33 − 0.55 to − 0.10 < 0.01

Nephrologists − 0.17 − 0.26 to − 0.08 < 0.001

Sex (ref. female) 0.03 0.01–0.05 < 0.01

Urban-rural (ref. rural) − 0.04 − 0.06 to − 0.02 < 0.001

Family-doctors centred care (ref. no) 0.04 0.02–0.06 < 0.001

Disease management programme (ref. no) 0.08 0.05–0.11 < 0.001

Number of patients with heart failure 0.001 0.00–0.001 < 0.001

Total variance explained by the model (R2) 0.41 Cohen’s effect 0.84

AME average marginal effect, CI confidence interval
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medication prescribing decisions. Physicians’ mutual
connections through shared patients may influence their
opinions on prescribing ARNI, which may be explained
by mechanisms such as social influence (e.g. imitation),
opinion leadership, and dependency with respect to pa-
tient referrals. The strength of the effect of the network
on prescribing in the observed 2 years may be described
as small to moderate, but the accumulation over several
years implies that it ultimately has a substantial impact.
Our results are in line with those of Donohue et al.

[16] and Sundmacher et al. [24], who showed that physi-
cians whose peers prescribed the new drug are more
likely to adopt the new medication. In the classic study
‘Medical Innovation: A Diffusion Study’, Coleman et al.
[25] describe that social interactions accelerate the adop-
tion of tetracycline, a broad-spectrum antibiotic, in the
first few months after market approval. Roger’s ‘diffusion
of innovation’ theory [26] also points to the effect of so-
cial influence. Central actors play a major role in the
adoption process. Through their many connections, they
receive information more quickly and thus adopt new
innovations earlier than less central actors. As measured
by degree centrality, we showed that prescribers had
more linkages in the network than non-prescribers. This
is consistent with the findings of Iyengar et al. [27]. They
showed the adoption of a new drug for treatment of viral
infection. Prescribers had more incoming connections
(high in-degree) with other physicians versus non-
prescribers. The analysis took place in a network in
which referrals form the links.
Some network mechanisms explain the increasing

homogeneity of beliefs and behaviours in a network, but
homogeneity itself does not necessarily imply a specific
direction of change (e.g. increasing prescribing of a new
drug). The latter requires a driving force, such as trusted
clinical guidance or a trusted opinion leader. Having
many connections is one feature of clinical opinion lead-
ership [28, 29]. Valente and Yon [30] set in their simula-
tion study the starting point for the spread of an
innovation among physicians with high in-degree, who
are referred to as opinion leaders. This led to a faster
and farther spreading adoption of the innovation com-
pared to a randomly selected starting point.
In our study, physicians who have many connections

to other physicians who are not mutually connected, as
measured by constraint, were more likely to be con-
nected to physicians who prescribed the new drug than
physicians who were strongly involved in the network.
These low-constrained networks are more open to new
information. According to Granovetter’s theory of weak
ties [31], individuals on bridges of networks can bring
new information into a network and thus promote for
example the adoption of a new drug. In a closed network
with a high constraint, there are no such persons and

new information might not reach the network members.
Such information can reach physicians at so-called qual-
ity circles [32], for example. Quality circles are meetings
between physicians where freely selected topics are dis-
cussed in small groups and experiences are exchanged
[33]. In a qualitative study of antibiotic prescribing be-
haviour, Poss-Doering et al. [34] showed that primary
care networks can lead to more guideline-compliant pre-
scribing behaviour through social influence and social
support.
In contrast to degree centrality or constraint, between-

ness centrality did not explain the uptake of ARNI. This
could be explained by individuals with high betweenness
centrality have power over others because they can con-
trol the flow of information between two people. Since
this is not accompanied by social contagion, our theoret-
ical considerations are confirmed.
Structured care models such as the disease manage-

ment programme for coronary heart disease were in-
cluded as a covariate in the analysis, because
participation in this programme is more likely to lead to
the prescription of the new drug than non-participation.
Roehl et al. [35] show that physicians in such pro-
grammes are more likely to implement the recommen-
dations of the guidelines than those who are not in the
programme.

Strength and limitations
A major strength of the study is the longitudinal obser-
vational design, in which predictors preceded outcomes
in time. This design facilitates a causal interpretation of
the correlations, although we cannot fully rule out con-
founding. We were able to quantify network effects in a
large real-world study. A further strength of the study is
the inclusion of the whole network of physicians in a
large region through claims data from a health insurer.
Moreover, and typical for claims data, the data is nearly
complete with only a few missing values for location.
Nevertheless, a limitation of claims data is that it is

not possible to verify the indication for prescribing the
new medication, because there are only International
Statistical Classification of Diseases and Related Health
Problems (ICD-10) presented and no clinical data. For
example, the ejection rate of the heart is not shown in
the health insurance data. Also, our study did not in-
clude patient outcomes, such as the number of patients
who benefit from a prescription of ARNI. There is a pos-
sibility that some physicians do not have the opportunity
to prescribe the new drug or that they do not have pa-
tients who need the drug. Another possible confounder
may be links to pharmaceutical companies. The data do
not allow any statement on a possible influence by ‘ad-
vertising campaigns’. Finally, we used data from one
health insurer only, which is known to underrepresent
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specific population groups such as citizens with high in-
come and specific employees in public services who
might be the first to be treated with this new drug. How-
ever, we expect that this only mildly affected our results,
as nearly all physicians were included in our analysis,
and on the physician level, no structural bias is to be ex-
pected. An analysis with the data from 2019 would also
have been desirable, but the data were not available at
the time of analysis.

Conclusions
Our study provides evidence that physicians’ prescribing
behaviour and uptake of a new drug are influenced by
connections to other physicians via shared patients. Phy-
sicians with more connections to physicians who already
prescribed ARNI were more likely to prescribe the com-
bination of sacubitril/valsartan, independent of physi-
cians’ specialty.

Abbreviations
AME: Average marginal effect; AOK: German: Allgemeine Ortskrankenkasse;
ARNI: Angiotensin receptor and neprilysin inhibitor; CI: Confidence interval;
DDD: Defined daily dose; DMP: Disease management programme chronic
coronary heart disease; HF: Heart failure; HzV: German: Hausarztzentrierte
Versorgung (family doctor-centred care); ICD-10: 10th revision of the
International Statistical Classification of Diseases and Related Health
Problems; IQR: Interquartile range; NYHA: New York Heart Association;
Ref.: Reference group; SD: Standard derivation; SE: Standard error

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s13012-021-01150-y.

Additional file 1. Reporting Guideline.

Additional file 2. Multivariable logistic regression: subgroup non-
prescriber 2017.

Acknowledgements
We would like to thank AOK Baden-Wurttemberg for providing the data.

Authors’ contributions
CA and JK conceived and designed the study. CA analysed and interpreted
the data and drafted the manuscript. JK supervised the data analysis. JK, JF,
FPK, and MW contributed to the interpretation of data and provided input
on the manuscript. All authors read and approved the final manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Availability of data and materials
The data that support the findings of this study are available from AOK
Baden-Wurttemberg but restrictions apply to the availability of these data,
which were used under licence for the current study, and so are not publicly
available. Data are however available from the authors upon reasonable re-
quest and with permission of AOK Baden-Wurttemberg.

Declarations

Ethics approval and consent to participate
The study received a positive ethics vote from the Ethics Committee of the
Medical Faculty of Heidelberg (ID: S-726/2018).

Consent for publication
Not applicable.

Competing interests
MW is editor in Chief of Implementation Science. However, he is not
included in the review process. CA, JK, JF, and FPK declare that they have no
competing interests.

Received: 16 April 2021 Accepted: 5 August 2021

References
1. Holstiege J, Akmatov MK, Steffen A, Bätzing J. Prävalenz der

Herzinsuffizienz–bundesweite Trends, regionale Variationen und häufige
Komorbiditäten. Zentralinstitut für die kassenärztliche Versorgung in
Deutschland (Zi) Versorgungsatlas-Bericht. 2018.

2. Lund LH, Savarese G. Global public health burden of heart failure. Cardiac
Failure Rev. 2017;3(1).

3. Townsend N, Wilson L, Bhatnagar P, Wickramasinghe K, Rayner M, Nichols
M. Cardiovascular disease in Europe: epidemiological update 2016. Eur Heart
J. 2016;37(42):3232–45. https://doi.org/10.1093/eurheartj/ehw334.

4. Ponikowski P, Voors AA, Anker SD, Bueno H, Cleland JGF, Coats AJS, et al.
2016 ESC Guidelines for the diagnosis and treatment of acute and chronic
heart failure: The Task Force for the diagnosis and treatment of acute and
chronic heart failure of the European Society of Cardiology (ESC)Developed
with the special contribution of the Heart Failure Association (HFA) of the
ESC. Eur Heart J. 2016;37(27):2129–200. https://doi.org/10.1093/eurheartj/
ehw128.

5. Bundesärztekammer, Kassenärztliche Bundesvereinigung,
Arbeitsgemeinschaft der Wissenschaftlichen Medizinischen
Fachgesellschaften. Nationale Versorgungsleitlinie Chronische
Herzinsuffizienz Langfassung 3. Auflage 2019 [10.03.2020]. Available from:
https://www.leitlinien.de/mdb/downloads/nvl/herzinsuffizienz/
herzinsuffizienz-3aufl-vers1-lang.pdf.

6. Institut für Qualität und Wirtschaftlichkeit im Gesundheitswesen. Sacubitril/
Valsartan – Nutzenbewertung gemäß § 35a SGB V Berlin 2016 [10.03.2020].

7. Schwabe U, Paffrath D, Ludwig W-D, Klauber J. Arzneiverordnungs-report
2017: Springer; 2018.

8. Herztherapeutika ET. Arzneiverordnungs-Report 2020: Springer; 2020. p.
555–70.

9. McMurray JJ, Packer M, Desai AS, Gong J, Lefkowitz MP, Rizkala AR, et al.
Angiotensin-neprilysin inhibition versus enalapril in heart failure. N Engl J
Med. 2014;371(11):993–1004. https://doi.org/10.1056/NEJMoa1409077.

10. Sangaralingham LR, Sangaralingham SJ, Shah ND, Yao X, Dunlay SM.
Adoption of sacubitril/valsartan for the management of patients with heart
failure. Circ Heart Fail. 2018;11(2):e004302. https://doi.org/10.1161/CIRCHEA
RTFAILURE.117.004302.

11. Fu M, Vedin O, Svennblad B, Lampa E, Johansson D, Dahlström U, et al.
Implementation of sacubitril/valsartan in Sweden: clinical characteristics,
titration patterns, and determinants. ESC Heart Failure. 2020;7(6):3633–43.
https://doi.org/10.1002/ehf2.12883.

12. DeVore AD, Hill CL, Thomas L, Sharma PP, Albert NM, Butler J, et al. Patient,
provider, and practice characteristics associated with sacubitril/valsartan use
in the United States. Circ Heart Fail. 2018;11(9):e005400. https://doi.org/10.11
61/CIRCHEARTFAILURE.118.005400.

13. Wachter R, Fonseca AF, Balas B, Kap E, Engelhard J, Schlienger R, et al. Real-
world treatment patterns of sacubitril/valsartan: a longitudinal cohort study
in Germany. Eur J Heart Fail. 2019;21(5):588–97. https://doi.org/10.1002/
ejhf.1465.

14. Lublóy Á. Factors affecting the uptake of new medicines: a systematic
literature review. BMC Health Serv Res. 2014;14(1):1–25.

15. Anderson TS, Lo-Ciganic WH, Gellad WF, Zhang R, Huskamp HA, Choudhry
NK, et al. Patterns and predictors of physician adoption of new
cardiovascular drugs. Healthc (Amst). 2018;6(1):33–40. https://doi.org/10.101
6/j.hjdsi.2017.09.004.

16. Donohue JM, Guclu H, Gellad WF, Chang CH, Huskamp HA, Choudhry NK,
et al. Influence of peer networks on physician adoption of new drugs. PLoS
One. 2018;13(10):e0204826. https://doi.org/10.1371/journal.pone.0204826.

17. Burt RS. Social contagion and innovation: Cohesion versus structural
equivalence. Am J Sociol. 1987;92(6):1287–335. https://doi.org/10.1086/22
8667.

Arnold et al. Implementation Science           (2021) 16:84 Page 8 of 9

https://doi.org/10.1186/s13012-021-01150-y
https://doi.org/10.1186/s13012-021-01150-y
https://doi.org/10.1093/eurheartj/ehw334
https://doi.org/10.1093/eurheartj/ehw128
https://doi.org/10.1093/eurheartj/ehw128
https://www.leitlinien.de/mdb/downloads/nvl/herzinsuffizienz/herzinsuffizienz-3aufl-vers1-lang.pdf
https://www.leitlinien.de/mdb/downloads/nvl/herzinsuffizienz/herzinsuffizienz-3aufl-vers1-lang.pdf
https://doi.org/10.1056/NEJMoa1409077
https://doi.org/10.1161/CIRCHEARTFAILURE.117.004302
https://doi.org/10.1161/CIRCHEARTFAILURE.117.004302
https://doi.org/10.1002/ehf2.12883
https://doi.org/10.1161/CIRCHEARTFAILURE.118.005400
https://doi.org/10.1161/CIRCHEARTFAILURE.118.005400
https://doi.org/10.1002/ejhf.1465
https://doi.org/10.1002/ejhf.1465
https://doi.org/10.1016/j.hjdsi.2017.09.004
https://doi.org/10.1016/j.hjdsi.2017.09.004
https://doi.org/10.1371/journal.pone.0204826
https://doi.org/10.1086/228667
https://doi.org/10.1086/228667


18. Allgemeineortskrankenkasse (AOK) Baden-Wurttemberg. AOK
Unternehmensbericht Finanzteil 2019 [10.03.2020]. Available from: https://
www.aok.de/kp/fileadmin/upload/AOK-BW/2019_unternehmensbericht/A
OK_Unternehmensbericht_Finanzteil.pdf.

19. Barnett ML, Landon BE, O'malley AJ, Keating NL, Christakis NA. Mapping
physician networks with self-reported and administrative data. Health Serv
Res. 2011;46(5):1592–609. https://doi.org/10.1111/j.1475-6773.2011.01262.x.

20. DuGoff EH, Fernandes-Taylor S, Weissman GE, Huntley JH, Pollack CE. A
scoping review of patient-sharing network studies using administrative data.
Transl Behav Med. 2018;8(4):598–625. https://doi.org/10.1093/tbm/ibx015.

21. Burt RS. Structural holes and good ideas. Am J Sociol. 2004;110(2):349–99.
https://doi.org/10.1086/421787.

22. Luo N, Fonarow GC, Lippmann SJ, Mi X, Heidenreich PA, Yancy CW, et al.
Early adoption of sacubitril/valsartan for patients with heart failure with
reduced ejection fraction: insights from Get With the Guidelines–Heart
Failure (GWTG-HF). JACC Heart Failure. 2017;5(4):305–9. https://doi.org/10.1
016/j.jchf.2016.12.018.

23. Freier C, Heintze C, Herrmann WJ. Prescribing and medical non-adherence
after myocardial infarction: qualitative interviews with general practitioners
in Germany. BMC Fam Pract. 2020;21:1–11.

24. Sundmacher L, Flemming R. Diffusion of a new drug among ambulatory
physicians in Germany. 19 Deutscher Kongress für Versorgungsforschung
(DKVF); sine loco [digital]. Düsseldorf: German Medical Science GMS
Publishing House; 2020.

25. Coleman J, Katz E, Menzel H. The diffusion of an innovation among
physicians. Sociometry. 1957;20(4):253–70. https://doi.org/10.2307/2785979.

26. Rogers EM. Diffusion of Innovation. 3rd ed. New York: The Free Press; 1983.
27. Iyengar R, Van den Bulte C, Valente TW. Opinion leadership and social

contagion in new product diffusion. Mark Sci. 2011;30(2):195–212. https://
doi.org/10.1287/mksc.1100.0566.

28. Valente TW, Davis RL. Accelerating the diffusion of innovations using
opinion leaders. Ann Am Acad Pol Soc Sci. 1999;566(1):55–67. https://doi.
org/10.1177/000271629956600105.

29. Flodgren G, O'Brien MA, Parmelli E, Grimshaw JM. Local opinion leaders:
effects on professional practice and healthcare outcomes. Cochrane
Database Syst Rev. 2019;6.

30. Valente TW, Vega Yon GG. Diffusion/contagion processes on social
networks. Health Educ Behav. 2020;47(2):235–48. https://doi.org/10.1177/1
090198120901497.

31. Granovetter M. The strength of weak ties: a network theory revisited. Sociol
Theory. 1983;1:201–33. https://doi.org/10.2307/202051.

32. Wensing M, Broge B, Riens B, Kaufmann-Kolle P, Akkermans R, Grol R, et al.
Quality circles to improve prescribing of primary care physicians. Three
comparative studies. Pharmacoepidemiol Drug Saf. 2009;18(9):763–9. https://
doi.org/10.1002/pds.1778.

33. Kassenärztliche Bundesvereinigung. Richtlinien der KBV für Verfahren zur
Qualitätssicherung Qualitätssicherungs-Richtlinien der KBV gemäß § 75 Abs.
7 SGB V vom 01. Januar 2020 2020 [Available from: https://www.kbv.de/
media/sp/KBV_QS-Richtlinien.pdf.

34. Poss-Doering R, Kamradt M, Glassen K, Andres E, Kaufmann-Kolle P, Wensing
M. Promoting rational antibiotic prescribing for non-complicated infections:
understanding social influence in primary care networks in Germany. BMC
Fam Pract. 2020;21(1):1–12.

35. Roehl I, Beyer M, Gondan M, Rochon J, Bauer E, Kaufmann-Kolle P, et al.
Leitliniengerechte Behandlung bei chronischer Herzinsuffizienz im Rahmen
der Hausarztzentrierten Versorgung. Ergebnisse einer Evaluationsstudie.
Zeitschrift für Evidenz, Fortbildung und Qualität im Gesundheitswesen.
2013;107(6):394–402. https://doi.org/10.1016/j.zefq.2013.08.010.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Arnold et al. Implementation Science           (2021) 16:84 Page 9 of 9

https://www.aok.de/kp/fileadmin/upload/AOK-BW/2019_unternehmensbericht/AOK_Unternehmensbericht_Finanzteil.pdf
https://www.aok.de/kp/fileadmin/upload/AOK-BW/2019_unternehmensbericht/AOK_Unternehmensbericht_Finanzteil.pdf
https://www.aok.de/kp/fileadmin/upload/AOK-BW/2019_unternehmensbericht/AOK_Unternehmensbericht_Finanzteil.pdf
https://doi.org/10.1111/j.1475-6773.2011.01262.x
https://doi.org/10.1093/tbm/ibx015
https://doi.org/10.1086/421787
https://doi.org/10.1016/j.jchf.2016.12.018
https://doi.org/10.1016/j.jchf.2016.12.018
https://doi.org/10.2307/2785979
https://doi.org/10.1287/mksc.1100.0566
https://doi.org/10.1287/mksc.1100.0566
https://doi.org/10.1177/000271629956600105
https://doi.org/10.1177/000271629956600105
https://doi.org/10.1177/1090198120901497
https://doi.org/10.1177/1090198120901497
https://doi.org/10.2307/202051
https://doi.org/10.1002/pds.1778
https://doi.org/10.1002/pds.1778
https://www.kbv.de/media/sp/KBV_QS-Richtlinien.pdf
https://www.kbv.de/media/sp/KBV_QS-Richtlinien.pdf
https://doi.org/10.1016/j.zefq.2013.08.010

	Abstract
	Background
	Methods
	Results
	Conclusion

	Background
	Methods
	Study design
	Study samples
	Network construction
	Measures
	Outcome
	Predictor
	Betweenness centrality
	Degree centrality
	Constraint

	Statistical analysis

	Results
	Discussion
	Strength and limitations
	Conclusions
	Abbreviations
	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	References
	Publisher’s Note

