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Abstract

Background Resource limitations frequently impede efforts to enhance antibiotic
prescribing practices. Previous studies have suggested that physicians’ behaviors can be
influenced by their peers, potentially amplifying the effect of interventions through peer
effects. This study aimed to examine the peer effects on physicians’ appropriateness of
antibiotic prescribing and to identify key physicians within their networks.
Methods We extracted outpatient records from a regional electronic medical records
database in Yinzhou, China. Physicians who prescribed more than 100 outpatient
antibiotics prescription annually were included. We constructed physician networks by
connecting physicians who shared at least ten patients in the same year and calculated
networks’ descriptive indicators. We then estimated the magnitude of peer effects on
antibiotic prescribing by regressing the rate of appropriate antibiotic prescription for each
physician in the current year on the average rate of their peers in the previous year.
Results We included 2,586 physicians, generating 13,856 physician-year observations,
with an overall annual appropriate antibiotic prescribing rate of 60.7%. After adjustment, an
1% increase in theappropriate antibiotic prescribing rate amongpeers in theprevious year is
significantly associated with a 0.62% (95% CI 0.58, 0.66) increase in an individual
physician’s rate in the current year. Physicians with higher network centrality associate with
greater effects on their peers, comparedwith thosewith lower centrality (stratified bydegree
centrality: 0.57[95% CI = 0.53, 0.61] vs 0.05 [0.04, 0.06]).
Conclusions Peer effect provides a promising solution to improve intervention efficiency by
targeting influential opinion leaders and facilitate the diffusion of appropriate antibiotic
prescribing.

The inappropriate prescribing of antibiotics is one of the most prevalent
low-value clinical practices globally1, leading to greatly increased risk of
antimicrobial resistance (AMR) and unnecessary health expenditures2–4.
Antimicrobial stewardship (AMS) programs have thus been proposed
worldwide, which typically comprise a set of evidence-based, multi-
disciplinary interventions5. Educational interventions (such as physician
training, audit, and feedback) represent a key component6,7, however, their
implementation may be significantly hindered by human and economic

resource limitations, especially in low- and middle-income countries6.
Therefore, such interventions need to incorporate strategies to ensure the
effective use of limited resources and to achieve lasting impacts on antibiotic
prescribing.

Previous studies have observed that physicians’ attitudes and practice
patterns may be shaped by their peers8, arising from physician interactions
such as patient referrals, clinical advice, and information exchange9–11,
as well as from hierarchical authority12,13, and collectively reinforced
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Plain language summary

A growing body of literature has revealed that
an individual’sbehaviormaybeshapedby the
behaviors of their peers. This study aimed to
explored how physicians influence one
another when prescribing antibiotics. Using
electronic health records from a district in
China, we constructed a social network by
connecting physicians who shared patients
and examined whether their antibiotic
prescribing behaviors affected one another.
We found that physicians were more likely to
prescribe antibiotics appropriately when their
peers had done so in the previous year, with
the effect being particularly pronounced
among physicians occupying central
positions within the network. These findings
suggest that interventions targeting influential
physiciansmay represent anefficient strategy
to strengthen antimicrobial stewardship and
reduce inappropriate antibiotic use.
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prescribing etiquette14,15, To capture such dynamics, researchers have
introduced social network analysis to depict peer effects among physicians,
often using patient-sharing relationships extracted frommedical records as
a proxy9,16,17. Employing this approach, associations have been found
between the characteristics of physicians’ professional networks and their
practice patterns17,18. Furthermore, the extent towhichphysicians’behaviors
were influenced by peers, particularly in the adoption of updated medical
practices such as genomic test19, imaging technologies20,21, or novel
drugs22–25, has been extensively studied. While such research has increased
over the past decade11, there is limited evidence on how peers contribute to
the de-adoption of low-value clinical practices26,27.

China is one of the largest antibiotic consumers, accounting for 10% of
total consumption by defined daily doses1,3. Meanwhile, over 50% of anti-
biotic prescriptions at Chinese tertiary and secondary hospitals were
inappropriate28, with the rate exceeding 70% at primary healthcare facilities,
as reported by our previous research29. Efforts to curb the prevalent inap-
propriate antibiotic prescribing have been complicated by the large and
diverse physician population, which exceeded four million in number in
202130. Thus, considering the limited healthcare resources, there needs to be
more cost-effective strategies for AMS. In this study, we aim to construct a
physician network, based on patient-sharing relationships, using data
extracted from regional electronic health records, and examine whether the
appropriateness of antibiotic prescriptions was associated with other phy-
sicians’practices andhow this effect varied across populationswithdifferent
characteristics. Additionally, utilizing social network analysis methods, we
tried to identify the more influential physicians with a stronger effect on
their peers within the professional network, who can serve as potential
targets for future interventions.

Methods
Data sources and data collection
We conducted a retrospective study using data from the Chinese Electronic
HealthRecordsResearch inYinzhou (CHERRY)31. This integrateddatabase
comprises administrative data containing demographic characteristics of
patients, inpatient and outpatient electronic medical records (EMRs) from
hospitals and primary healthcare facilities, patient health insurance data-
base, and other relevant databases. All data elements are linked through
unique identifiers assigned to each patient or healthcare provider. Since its
inception in 2009, the CHERRY database has achieved registration of over
98% of permanent residents (~1.0 million) and all healthcare providers (5.8
thousand) in Yinzhou. Detailed descriptions of the database’s components
and methodologies are available in a previously published protocol31.

We extracted outpatient EMRs between 2010 and 2023 from the
database. These data contained outpatient prescription information,
including patient codes, drug names, prescription dates, and physician
codes, as well as related patient diagnoses with disease names and ICD-10
codes (International Classification of Diseases, Tenth Revision)32. Patients’
sociodemographic characteristics were also included in the data extraction.
Ethical approval was obtained from the Peking University Institutional
Review Board (IRB00001052-24013). All data were de-identified, thereby
the requirement of informed consent was exempted by the Peking Uni-
versity Institutional Review Board.

Study samples
The unit of observation and analysis was physician-year. We included all
physicians who prescribed antibiotics, classified under the Anatomical
Therapeutic Chemical classification J0133, as documented in outpatient
EMRswithin the study period. Physicians at hospitals for Chinesemedicine
or special surgery were excluded. Physicians with fewer than 100 antibiotic
prescriptions in any given year were excluded from the analysis for that
specific year.

Patient-sharing physician networks construction
Aligning with previous research, we constructed physician networks by
connecting physicians who shared patients within the same year, identified

from outpatient EMRs9,16,17. The nodes in the network were defined as
physicians, and the edges were defined as connections between a pair of
physicians. Connections were established when physicians shared at least
ten patients in a year (accounting for ~20% of all patient-sharing relation-
ships; Supplementary Table 1), a threshold validated in a previous study to
likely represent referral or advice relationships9. To assess the robustness of
the threshold, we conducted additional sensitivity analyses by applying both
absolute and relative thresholds, as described in the sensitivity analysis
section. Network edges were weighted by the number of shared patients,
implying that more shared patients indicate a stronger connection between
two physicians26.

Measurements and covariates
Network integration was assessed using both network-level indicators and
physician-level centrality measures. Network-level indicators included
network diameter, average distance of nodes, network density, and cluster
coefficient (transitivity). Lower diameter or average distance, alongside
higher density or clustering coefficient, signified a greater level of network
integration. Physician-level network position was measured using three
widely applied centrality measures, including degree, closeness centrality,
and betweenness centrality, to depict physicians’ position within the net-
work, following prior literature21,27,34. Higher values of these centrality
measures indicate a physician’s more central position and potential for
greater influence within the network. A detailed explanation of indicators
was provided in the Supplementary Table 2.

We calculated the annual appropriate antibiotic prescribing rate for
each physician, defined as the physician’s number of appropriate antibiotic
prescriptions dividedby his/her total number of antibiotic prescriptions in a
given year. The appropriateness of antibiotic prescriptions was determined
following the methodology developed and validated in the previous
studies28,29. We classified disease conditions into three categories: tier-1,
where antibiotics are almost always justified (e.g., pneumonia); tier-2, where
antibiotics are only sometimes justified (e.g., sinusitis); and tier-3, where
antibiotics are almost never justified (e.g., hypertension). The detailed ICD-
10 codes of each tier were reported in the Supplementary Table 3. All
diagnoses in each antibiotic prescription were categorized based on this
framework, with antibiotic prescriptions containing only tier-3 diagnoses
deemed inappropriate. Prescriptions associated with Tier-1 or Tier-2
diagnoses were considered appropriate.

To estimate the peer effect on appropriate antibiotic prescribing, we
incorporated several physician-level covariates potentially associated with
antibiotic prescribing behavior. These included physician-level centrality
measures, the level of affiliated hospitals (primary care, secondary, and
tertiary hospitals), and the year. Additional covariates were the annual
patient volume (the number of patientsmanagedby aphysicianper year), as
well as the annual proportion of male patients, older patients (≥65 years
old)35, and patients with Charlson comorbidity index (CCI) of ≥2 (indicator
of moderate comorbidity burden; related ICD-10 codes were reported in
Supplementary Table 4)36. To facilitate interpretation, we categorized con-
tinuous covariates, including physician centralities and characteristics, into
three groups (low, medium, and high) based on tertile cut-off points.

Statistical analyses
We first characterized sampled physicians and reported their appropriate
antibiotic prescribing rate. Then we described the annual physician net-
works by network-level measurements and visualized by the Fruchterman-
Rheingold algorithm37. Subsequently, we estimated the peer effect by
regressing the appropriate rate of individual physicians in the current (t)
year on the average appropriate rate of their peer physicians in the previous
year (t-1). Consistent with previous studies, the average rate among peers
was calculated by averaging the rate of all other peer physicians, weighted by
the normalized number of patients shared with the individual physician22,26.
We applied the mixed-effect model for regression, incorporating the pre-
viously mentioned covariates as fixed effects and random intercepts at both
physician- and hospital-levels. Variance inflation factors were calculated to
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test potential multicollinearity of variates (Supplementary Table 8). Since
the appropriate rate approximated a normal distribution ranging from 0
and 100% (Supplementary Fig. 1), a linear model was used without trans-
formation of the rate. The peer effect, reflected by the regression coefficient
of the peers’ rate, was interpreted as the expected change in the individual
physician’s prescribing rate resulting from a change in the peers’ rate. We
further conducted a series of stratified analyses to determine whether the
peer effect varied among different types of physicians. Specifically, we
examined the variations in peer effect generated by peer physicians with
different relative levels of centrality, hospital affiliations, and hospital tiers.
All analyses were performed using R Statistical Software (version 4.12). A
two-sided p < 0.05 was considered statistically significant.

Sensitivity analysis
We conducted a series of sensitivity analyses to validate the robustness of the
results. First, we generated random physician networks using parameters
(number of nodes, number of edges, network density) from the real physi-
cian network to randomize physician connections. We then simulated peers’
appropriate prescribing rate within these random networks and re-estimated
the main models. Second, we varied the threshold for establishing physician
connections to test whether different thresholds affected the results. We used
absolute thresholds of five or 20 patients and relative thresholds retaining the
top 10%, 20%, or 30% of the closest physician connections. Third, we cal-
culated the peers’ appropriate rate using unweighted networks to examine
whether edge weights influenced the estimates.

Results
Study sample
We included 2586 individual physicians from 5 hospitals and 29 primary
care facilities in Yinzhou, resulting in 13,856 physician-year observations.
The characteristics of these observations are presented in Table 1. On
average, each physicianmanaged 7721.9 [SD = 7433.3] patients annually, of
whom 47.4% [14.5%] were male, 24.4% [17.9%] were aged 65 or older, and
2.2% [6.9%] had aCCI of 2 or higher.Most observationswere fromprimary
healthcare physicians (62.6%), followed by physicians from tertiary hospi-
tals (21.9%) and secondary hospitals (15.4%).

Thenumberofpatients sharedamongphysicianpairs prior to applying
thresholds to construct the physician network is reported in Supplementary
Table 1. Overall, 68.5%, 14.0%, 8.0%, and 9.5% of physician-physician pairs
shared 1–4, 5–9, 10-19, and >20 patients.

Antibiotic prescribing
The average appropriate antibiotic prescribing rate of all physicians was
60.7% [SD = 24.1%]. Density distribution of these rates is represented in
Supplementary Fig. 1. Before adjustment for covariates, physicians with a
low proportion of male patients had a higher appropriate antibiotic pre-
scribing rate (63.6%, reference), compared with those withmedium (60.3%,
p < 0.001) and high proportions (58.1%, p = 0.001). Similarly, physicians
with a low proportion of elderly patients exhibited a higher rate (62.2%,
reference), compared with those with medium (58.7%, p < 0.001) and high
proportions (61.3%, p = 0.013). Notably, physicians at tertiary (65.7%,
p < 0.001) or secondary (63.7%, p < 0.001) hospitals had significantly higher
appropriate prescribing rates, compared with their counterparts in primary
care facilities (58.2%, reference).

Characteristics of patients who were prescribed antibiotics by sample
physicians are reported in Supplementary Tables 5 and 6. Overall, 13.1%,
42.8%, and 44.2% of patients who received antibiotics were diagnosed with
tier-1,−2, and−3diseases. Themost commondiseases leading to antibiotic
prescriptions were viral upper respiratory infection (tier-3), acute phar-
yngitis (tier-2), acute bronchitis (tier-3), oral infectious diseases (tier-2), and
urinary tract infections (tier-1).

Network description
Characteristics of the physician networks between 2010 and 2023 are
depicted in Table 2. Among the networks, themedian number of physicians

(network nodes)was 1225 [range = 1115–1514], and themedian number of
connections between physicians (network edges) was 43,978
[29,345–50,672]. Of all connections, 46.6% [38.4%–50.6%] were formed
between physicians across different hospitals, and 33.8% [27.3%–41.4%]
were between physicians across hospitals of different tiers. Each physician
was connected to an average of 35.4 [25.4–40.4] physicians. Themedian and
ranges of network diameter, average distance of nodes, network density, and
cluster coefficient were 289.5 [79.0–455.0], 32.3 [29.4–35.4], 0.06
[0.04–0.07], and 0.43 [0.42–0.45], respectively. Graphical depictions of
networks are presented in Supplementary Figs. 2 and 3, with primary care
physicians centering their patient-sharing around physicians from sec-
ondary or tertiary hospitals.

The relationship between physician characteristics and network cen-
trality metrics (degree, closeness centrality, or betweenness centrality) is
reported in the Supplementary Table 7. Generally, physicians with higher
centrality tended tohave higherpatient volumes, a lower proportion of elder
patients, a higher proportion of patients with CCI ≥ 2, and weremore likely
to be affiliated with a tertiary hospital.

Peer effect analysis
Overall, for each 1% increase in the appropriate antibiotic prescribing rate
among peer physicians in the previous year, the rate for an individual
physician in the current year increased by 0.62% (Table 3). After adjusting
for other covariates, physicianswithhigher proportion ofmale patients (low
proportion: reference; medium proportion: coefficient =−1.40 [95% CI =
−2.15,−0.65]; highproportion:−1.71 [−2.70,−0.71]) andphysicianswith
higher proportions of elder patients (low proportion: reference; medium
proportion: −2.50 [3.46, −1.54]; high proportion: −2.89 [−4.16, −1.62])
were significantly associated with lower appropriate prescribing rates.
Compared with physicians at primary care facilities, the coefficient for
physicians at secondary or tertiary hospitals was positive but statistically
insignificant (primary care facilities: reference; secondary hospitals: 2.26
[−3.81, 8.32]; tertiary hospitals: 3.62 [−3.42, 10.66]). To avoid potential
multicollinearity on three types of centralities, regressionmodels, including
only one type of centrality at a time, were conducted. The estimations for
peer effect were stable in thesemodels (in all threemodels: 0.62 [0.58, 0.66],
Supplementary Table 9). Additionally, no significant interactions were
found between peer effects and centrality measures (Supplementary
Table 10).

Stratified analyses
Stratified analyses were performed to evaluate the influence of peer physi-
cians’ centrality, relative to any individual physician, on the magnitude of
peer effect (Table 4). Peer effects weremore pronounced for physicianswith
higher centrality, compared with those with lower centrality (stratified by
degree: 0.57 [95%CI = 0.53, 0.61] vs 0.05 [0.04, 0.06]; stratified by closeness
centrality: 0.57 [0.57, 0.60] vs 0.01 [0.06, 0.07]; stratified by betweenness
centrality: 0.58 [0.55, 0.62]vs 0.06 [0.05, 0.07]).Additional stratified analyses
comparing peer physicians within the same hospital with those at different
hospitals revealed stronger peer effects among physicians within the same
hospital (0.52 [0.49, 0.56] vs 0.29 [0.25, 0.32], Supplementary Table 11).
Results were consistent across further stratifications by both relative cen-
trality and whether within the same hospital, as well as by hospital level of
peer physicians (Supplementary Tables 12 and 13).

Sensitivity analysis
The regression coefficients from repeating the main analysis using ran-
domly generated networks are presented in Supplementary Table 14. We
conducted a total of 1000 simulations to calculate the confidence interval.
The estimated peer effect from the random networks was markedly smaller
than the results from the real network (random networks: 0.00 [95% CI =
−0.05, 0.04] vs real network: 0.62 [0.58, 0.66]). Results of the sensitivity
analysis with threshold adjustments are reported in Supplementary
Tables 15 and 16. Applying stricter thresholds yielded peer-effect estimates
comparable to the main analysis (absolute thresholds: ten shared patients
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[main analysis]: 0.62 [0.58, 0.66], 20 sharedpatients: 0.55[0.52, 0.59]; relative
thresholds: top 20% connections: 0.70[0.65, 0.74], top 10% connections:
0.62[0.58, 0.66]). By contrast, when more relaxed thresholds were applied,
the effects observed were smaller but remained statistically significant
(absolute thresholds: five shared patients: 0.25[0.20, 0.30]; relative thresh-
olds: top 30% connections: 0.27[0.22, 0.32]). Additionally, analysis using an
unweighted network yielded a significant but smaller peer effect estimate
(unweighted networks: 0.32 [0.26, 0.37] vs weighted network: 0.62 [0.58,
0.66], Supplementary Table 17).

Discussion
Our analysis revealed that the appropriateness of individual physicians’
antibiotic prescriptions was significantly associated with their peers’ prac-
tice, with each 1% increase in the peers’ appropriateness rate in the previous

year corresponding to a 0.6% increase in the individual’s rate in the current
year, after controlling for potential confounding factors. For context,
nationwide evaluations in China have reported appropriateness rates of
approximately 43% in secondary and tertiary hospitals28, and only 25% in
primary care facilities29, highlighting that the 0.6multiplier improvement by
peer effects holds considerable potential at the population level. We also
observed an asymmetry in the peer effect that physicians are predominantly
influenced by peers with higher centrality in their facilities, while influence
from those with lower centrality was less pronounced. However, there was
no clear association between a physician’s own network centrality and the
appropriateness of their prescribing practices.

Our research contributes new evidence from China to the existing
research on peer effects on physician behaviors. Previous studies have
explored how patient-sharing connections shaped physicians’ behavioral

Table 1 | Characteristics and appropriate antibiotic prescribing rate of sample physicians

Characteristics Groups Characteristics values Observationsa Appropriate antibiotic prescribing
rate (%)

p valueb

Mean (SD) N (%) Mean (SD)

Overall - - 13856 (100.0) 60.7 (24.1) -

Patient volume Overall 7721.9 (7433.3) - - -

Low 2364.1 (1007.5) 4406 (31.8) 60.8 (25.0) Ref.

Medium 5957.9 (1239.6) 4689 (33.8) 61.4 (24.0) 0.427

High 14417.4 (9159.8) 4761 (34.4) 59.8 (23.5) 0.014

Proportion of male patients (%) Overall 47.4 (14.5) - - -

Low 34.9 (17.9) 4569 (33.0) 63.6 (24.4) Ref.

Medium 49.4 (1.3) 4711 (34.0) 60.3 (24.0) <0.001

High 57.8 (6.9) 4576 (33.0) 58.1 (23.7) <0.001

Proportion of patients age ≥ 65 (%) Overall 24.4 (17.9) - - -

Low 5.2 (4.3) 4062 (29.3) 62.2 (24.1) Ref.

Medium 19.7 (4.5) 4764 (34.4) 58.7 (25.1) <0.001

High 44.4 (11.3) 5030 (36.3) 61.3 (23.2) 0.013

Proportion of patients with CCI ≥ 2 (%) Overall 2.2 (6.9) - - -

Low 0.0 (0.1) 4427 (32.0) 59.5 (26.9) Ref.

Medium 0.6 (0.3) 4674 (33.7) 56.1 (23.2) <0.001

High 5.8 (10.9) 4755 (34.3) 66.2 (21.1) <0.001

Level of hospitals Primary Care - 8678 (62.6) 58.2 (23.6) Ref.

Secondary - 2138 (15.4) 63.7 (26.3) <0.001

Tertiary - 3040 (21.9) 65.7 (22.9) <0.001

Yearc 2011 - 1040 (7.5) 37.5 (22.9) Ref.

2012 - 1113 (8.0) 45.1 (23.6) <0.001

2013 - 1136 (8.2) 51.7 (23.6) <0.001

2014 - 1163 (8.4) 58.6 (23.3) <0.001

2015 - 1148 (8.3) 64.3 (22.7) <0.001

2016 - 1070 (7.7) 65.5 (21.5) <0.001

2017 - 1190 (8.6) 65.0 (21.0) <0.001

2018 - 995 (7.2) 61.3 (22.0) <0.001

2019 - 973 (7.0) 62.8 (21.9) <0.001

2020 - 978 (7.1) 71.0 (19.1) <0.001

2021 - 992 (7.2) 72.9 (20.0) <0.001

2022 - 1032 (7.4) 72.2 (20.7) <0.001

2023 - 1026 (7.4) 63.4 (22.1) <0.001

SD standard deviation, CCI Charlson Comorbidity Index, Ref. reference
aThe unit of observation was physician-year.
bThe p valuewere derived fromMann–Whitney test. All p valuewere two-sided. As pairwise comparisonswere conductedwithin groups, significance levels should be adjusted byBonferroni correction: for
three-category variables, p < 0.017.
cThe observations in 2010 were excluded because there was no t-1 year (2009) data to construct the physician network for peer effect analysis.
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patterns, suggesting that physicians connected to peers who had adopted
novel practices weremore likely to embrace such novelties themselves, such
as innovative tests19, technologies20, or drugs22–25. Our study not only echoes
previousfindings but also extends themby showing that peer effects can also

beobserved in thede-adoptionof low-valuepractices.Additionally, through
sensitivity analyses comparing weighted and unweighted networks, our
results provide further evidence supporting earlier observations that amore
pronounced effect from the stronger connections in explaining practice
diffusion38,39. These phenomena resonate with established theories of dif-
fusion of innovation or social contagion11, which propose that clinical
knowledge is disseminated via interactions among physicians, thereby
influencing physicians’ practices22. Within these frameworks, certain indi-
viduals were found to play a key role in facilitating knowledge transfer and
behavior change through competence or social accessibility, often regarded
as “opinion leaders”40,41. Our study observed the significance of strong
connections and the asymmetric peer effects distinguished by network
centrality, underscoring the value of centrality as a proxy for identifying
influential physicians. Distinct from formal professional titles, high social
network centrality captures the informal aspect of influence in clinical
decision-making, operating alongside hierarchical authority or institutional
position10,40.

Beyond themechanisms of diffusion, our study also uncovereddistinct
contextual patterns within Chinese healthcare settings. We found that
physicians received peer effect predominantly from peers within the same
healthcare facilities, inconsistent with a previous study on the end-of-life
care of cancer patients in the U.S., which indicated a stronger effect from
external physicians26. This discrepancy might stem from less cohesive care
coordination of infections across different facilities in our study42,43. More
importantly, the stronger internal effect aligns with the concept of

Table 3 | Influence of the appropriate antibiotic prescribing rate among peer physicians in the previous year on the rate of an
individual physician in the current year

Characteristicsa Groups Coeff. S.E. p valueb 95% CI

Peer effectc - 0.62 0.02 <0.001 (0.58, 0.66)

Degree Low ref - -

Medium 1.60 0.43 <0.001 (0.75, 2.45)

High 1.40 0.64 0.029 (0.14, 2.65)

Closeness centrality Low ref - -

Medium −1.11 0.38 0.004 (−1.86, −0.35)

High −0.87 0.52 0.096 (−1.89, 0.15)

Betweenness centrality Low ref - -

Medium 0.22 0.36 0.546 (−0.49, 0.93)

High −0.01 0.48 0.986 (−0.95, 0.93)

Patient volume Low ref - -

Medium 0.81 0.41 0.047 (0.01, 1.61)

High 1.36 0.54 0.012 (0.30, 2.42)

Proportion of male patients (%) Low ref - -

Medium −1.40 0.38 <0.001 (−2.15, −0.65)

High −1.71 0.51 0.001 (−2.70, −0.71)

Proportion of patients age ≥ 65 (%) Low ref - -

Medium −2.50 0.49 <0.001 (−3.46, −1.54)

High −2.89 0.65 <0.001 (−4.16, −1.62)

Proportion of patients with CCI ≥ 2 (%) Low ref - -

Medium 0.46 0.40 0.248 (−0.32, 1.25)

High 3.85 0.51 <0.001 (2.84, 4.86)

Level of hospitals Primary Care ref - -

Secondary 2.26 2.97 0.453 (−3.81, 8.32)

Tertiary 3.62 3.45 0.303 (−3.42, 10.66)

CCI Charlson Comorbidity Index, Coeff. coefficient, S.E. standard error, 95% CI 95% confidence intervals, Ref reference
aThe fixed effect of years was omitted from the table for conciseness.
bAll p value were two-sided.
cThe peer effect was the regression estimation of the appropriate antibiotic prescribing rate among peer physicians in the previous year on the rate of an individual physician in the current year. The
estimations were derived from linear mixed-effects models, with covariates as fixed effects and random intercepts at both physician- and hospital levels.

Table 2 | Characteristics of patient-sharing networks of
sampled physicians, 2010–2023

Year Median Range

Numbers of nodes (physicians) 1225 (1115, 1514)

Numbers of edges (connections) 43978 (29,345, 50,672)

With physicians in other hospitals 20384 (11,268, 23,912)

(%) 46.6 (38.4, 50.6)

With physicians in other levels of hospitals 15263 (8016, 19,565)

(%) 33.8 (27.3, 41.4)

Average numbers of edges per physicians 35.4 (25.4, 40.4)

With physicians in other hospitals 16.5 (9.7, 20.4)

With physicians in other levels of hospitals 11.9 (6.9, 16.7)

Network diameter 289.5 (79.0, 455.0)

Average distance of nodes 32.3 (29.4, 35.4)

Network density 0.06 (0.04, 0.07)

Cluster coefficient (transitivity) 0.43 (0.42, 0.45)

https://doi.org/10.1038/s43856-025-01248-0 Article

Communications Medicine |           (2025) 5:529 5

www.nature.com/commsmed


T
ab

le
4
|S

tr
at
ifi
ed

an
al
ys

is
o
ft
he

in
fl
ue

nc
e
o
ft
he

ap
p
ro
p
ri
at
e
an

ti
b
io
ti
c
p
re
sc

ri
b
in
g
ra
te

am
o
ng

p
ee

rp
hy

si
ci
an

s
(s
tr
at
ifi
ed

b
y
re
la
ti
ve

ce
nt
ra
lit
y)
in

th
e
p
re
vi
o
us

ye
ar

o
n
th
e

ra
te

fo
r
an

in
d
iv
id
ua

lp
hy

si
ci
an

in
th
e
cu

rr
en

t
ye

ar

C
ha

ra
ct
er
is
ti
cs

a
G
ro
up

s
B
y
d
eg

re
e

B
y
cl
o
se

ne
ss

ce
nt
ra
lit
y

B
y
b
et
w
ee

nn
es

s
ce

nt
ra
lit
y

C
o
ef
f.

S
.E
.

p
va

lu
eb

95
%

C
I

C
o
ef
f.

S
.E
.

p
va

lu
e

95
%

C
I

C
o
ef
f.

S
.E
.

p
va

lu
e

95
%

C
I

P
ee

re
ff
ec

tc
,d

-
-

-
-

-
-

-
-

-
-

-
-

-

Fr
om

p
hy

si
ci
an

s
w
ith

hi
gh

er
ce

nt
ra
lit
y

-
0.
57

0.
02

<
0.
00

1
(0
.5
3,

0.
61

)
0.
57

0.
02

<
0.
00

1
(0
.5
7,

0.
60

)
0.
58

0.
02

<
0.
00

1
(0
.5
5,

0.
62

)

Fr
om

p
hy

si
ci
an

s
w
ith

lo
w
er

ce
nt
ra
lit
y

-
0.
05

0.
01

<
0.
00

1
(0
.0
4,

0.
06

)
0.
06

0.
01

<
0.
00

1
(0
.0
6,

0.
07

)
0.
06

0.
01

<
0.
00

1
(0
.0
5,

0.
07

)

P
at
ie
nt

vo
lu
m
e

Lo
w

R
ef

-
-

-
R
ef

-
-

-
R
ef

-
-

-

M
ed

iu
m

1.
02

0.
37

0.
00

6
(0
.2
9,

1.
74

)
1.
10

0.
37

0.
00

3
(1
.1
0,

1.
83

)
1.
06

0.
37

0.
00

4
(0
.3
4,

1.
79

)

H
ig
h

1.
74

0.
46

<
0.
00

1
(0
.8
4,

2.
64

)
1.
69

0.
46

<
0.
00

1
(1
.6
9,

2.
59

)
1.
69

0.
46

<
0.
00

1
(0
.8
0,

2.
59

)

P
ro
p
or
tio

n
of

m
al
e
p
at
ie
nt
s
(%

)
Lo

w
R
ef

-
-

-
R
ef

-
-

-
R
ef

-
-

-

M
ed

iu
m

−
1.
36

0.
38

<
0.
00

1
(−

2.
11

,−
0.
62

)
−
1.
36

0.
38

<
0.
00

1
(−

1.
36

,−
0.
62

)
−
1.
29

0.
38

0.
00

1
(−

2.
03

,−
0.
55

)

H
ig
h

−
1.
72

0.
51

0.
00

1
(−

2.
71

,−
0.
73

)
−
1.
70

0.
50

0.
00

1
(−

1.
70

,−
0.
71

)
−
1.
56

0.
50

0.
00

2
(−

2.
54

,−
0.
57

)

P
ro
p
or
tio

n
of

p
at
ie
nt
s
ag

e
≥
65

(%
)

Lo
w

R
ef

-
-

-
R
ef

-
-

-
R
ef

-
-

-

M
ed

iu
m

−
2.
49

0.
49

<
0.
00

1
(−

3.
45

,−
1.
54

)
−
2.
55

0.
49

<
0.
00

1
(−

2.
55

,−
1.
60

)
−
2.
48

0.
49

<
0.
00

1
(−

3.
43

,−
1.
53

)

H
ig
h

−
2.
82

0.
64

<
0.
00

1
(−

4.
07

,−
1.
57

)
−
3.
00

0.
64

<
0.
00

1
(−

3.
00

,−
1.
75

)
−
2.
82

0.
64

<
0.
00

1
(−

4.
07

,−
1.
57

)

P
ro
p
or
tio

n
of

p
at
ie
nt
s
w
ith

C
C
I≥

2
(%

)
Lo

w
R
ef

-
-

-
R
ef

-
-

-
R
ef

-
-

-

M
ed

iu
m

0.
52

0.
40

0.
19

4
(−

0.
26

,1
.3
0)

0.
51

0.
40

0.
20

1
(0
.5
1,

1.
29

)
0.
42

0.
40

0.
29

4
(−

0.
36

,1
.2
0)

H
ig
h

3.
74

0.
51

<
0.
00

1
(2
.7
4,

4.
74

)
3.
68

0.
51

<
0.
00

1
(3
.6
8,

4.
68

)
3.
69

0.
51

<
0.
00

1
(2
.6
9,

4.
69

)

Le
ve

lo
fh

os
p
ita

ls
P
rim

ar
y
ca

re
R
ef

-
-

-
R
ef

-
-

-
R
ef

-
-

-

S
ec

on
d
ar
y

2.
70

2.
94

0.
36

6
(−

3.
30

,8
.6
9)

2.
51

2.
93

0.
39

9
(2
.5
1,

8.
48

)
2.
52

2.
92

0.
39

6
(−

3.
44

,8
.4
8)

Te
rt
ia
ry

3.
47

3.
41

0.
31

8
(−

3.
49

,1
0.
43

)
3.
24

3.
40

0.
34

8
(3
.2
4,

10
.1
8)

3.
37

3.
40

0.
32

9
( −

3.
56

,1
0.
30

)

C
C
I,
C
ha

rls
on

C
om

or
b
id
ity

In
d
ex

,C
oe

ff
.c

oe
ffi
ci
en

t,
S
.E
.s

ta
nd

ar
d
er
ro
r,
95

%
C
I9

5%
co

nfi
d
en

ce
in
te
rv
al
s,

R
ef
.r
ef
er
en

ce
.

a T
he

fi
xe

d
ef
fe
ct

of
ye

ar
s
w
as

om
itt
ed

fr
om

th
e
ta
b
le
fo
r
co

nc
is
en

es
s.

b A
ll
p
va

lu
e
w
er
e
tw

o-
si
d
ed

.
c T
he

es
tim

at
io
ns

w
er
e
d
er
iv
ed

fr
om

lin
ea

rm
ix
ed

-e
ff
ec

ts
m
od

el
s,

w
ith

co
va

ria
te
s
as

fi
xe

d
ef
fe
ct
s
an

d
ra
nd

om
in
te
rc
ep

ts
at

b
ot
h
p
hy

si
ci
an

-
an

d
ho

sp
ita

l-
le
ve

ls
.

d B
as

ed
on

th
e
re
la
tiv

e
ce

nt
ra
lit
y
(d
eg

re
e,

cl
os

en
es

s
ce

nt
ra
lit
y,

or
b
et
w
ee

nn
es

s
ce

nt
ra
lit
y)
of

th
e
p
ee

rp
hy

si
ci
an

s
co

m
p
ar
ed

to
th
e
in
d
iv
id
ua

lp
hy

si
ci
an

s,
p
ee

re
ff
ec

ts
ar
e
st
ra
tifi

ed
in
to

th
os

e
p
hy

si
ci
an

s
w
ith

hi
gh

er
ce

nt
ra
lit
y
an

d
th
os

e
p
hy

si
ci
an

s
w
ith

lo
w
er

ce
nt
ra
lit
y.

https://doi.org/10.1038/s43856-025-01248-0 Article

Communications Medicine |           (2025) 5:529 6

www.nature.com/commsmed


“prescribing etiquette” reported in prior qualitative interviews12,14,15, which
suggested an implicit norm whereby physicians, particularly junior staff,
tend to endorse prescription patterns already established by senior collea-
gues, even when alternative choices might be more reasonable13,44. This
dynamic reflects the inherent hierarchical structures of medical practice45,
and illustrates how professional discretion is embedded within organiza-
tional authority and culture14,46,47, thereby normative expectations within
clinical teams could surpass individual decision-making12,15. Consequently,
prescribing decision-making is not merely guided by clinical evidence, but
becomes a relational practice in which authority, etiquette, and peer norms
jointly define what is considered appropriate12–15. These dynamics highlight
both the challenges and opportunities of leveraging peer influence, as
established hierarchical structures, cultural etiquette, and other connections
could serve as facilitators for the dissemination of evidence-based practices.

From a policy perspective, our results illustrated the feasibility of
interventions that leverage peer effects by identifying and targeting influ-
ential physicians to maximize impact at the group level with minimal
resource expenditure27. Conventional strategies for improving prescribing
behaviors, such as educational training or prescription audits, require
substantial resources, especially given thevast numberofhealthcare facilities
in China30. In contrast, interventions targeting opinion leaders facilitate the
progressive diffusionof evidence-basedpractices toachieve broader impacts
through knowledge transfer within peer interactions14,48,49. Thus, the
observed peer effect of 0.62 holds considerable promise for translating into
meaningful improvements in appropriate antibiotic prescribing, especially
given the relatively low baseline appropriateness rates nationwide. The
pragmatic strategies include identifying influential physicians through
qualitative interviews or social network methods, facilitating training
opportunities for them, and implementing stricter audits of their pre-
scriptions. The positive effect of such interventions has been reported in a
Cochrane review40. Furthermore, prior researchunderscored that peer effect
could be strengthened by more cohesive physician connections, which
might be attributed to more frequent information exchange and social
support50,51. Closer physician connections also contribute to enhanced
continuity of care52, reduced reduplicative medication53, lower healthcare
costs54, and improved patient health outcomes17,55. Thus, policymakers and
administrators should actively foster physicians’ professional networks and
promote regular physician communication, alongwith collaborationwithin
and between healthcare facilities, to improve physicians’ prescribing beha-
viors and subsequently patient outcomes.

Disappointingly, among the three centrality measures, we only found
that an increase in degree centrality was associated with slightly improved
appropriateness of antibiotic prescriptions, suggesting that “opinion lea-
ders” were not always the ones who prescribed antibiotics more rationally.
On one hand, high centrality reflects the extensive patient sharing of these
influential physicians with their peers, indicating that these physicians
might be more senior and experienced34,56. However, according to Burt’s
structural hole theory, physicians with less centrality could act as a “bridge”
within the network, offering them an advantage in accessing information,
andare less adherent to the “prescribing etiquette”27,57. Thus, complexitywas
observed in the relationship between physicians’ centrality and their clinical
practice in previous research. While multiple prior studies have reported a
positive association between centrality and evidence-based practice58–60, one
study found a correlation between higher centrality and increased rate of
potentially inappropriate medications prescribing27. Given the high influ-
ence of opinion leaders and appropriateness of their prescriptions, we again
advocate for targeted interventions for these physicians and to strengthen
physician connections, thereby improving prescribing behavior at the
group level.

This study has several limitations. First, we identified physician rela-
tionships based on EMRs from a single district in China, though most
patients seek healthcare within their local regions, our approachmight have
overlooked potential patient-sharing connections among physicians across
districts. Second, our results on peer effect should be interpreted within the
specific context andmay not be directly generalized to other areas in China

with different physician network structures16. However, the gradual estab-
lishment of compactmedical alliances nationwide is expected to strengthen
physicians’ connections and promote the generalizability of our methods
and findings43,61. Third, our findings are subject to potential bias due to
unmeasured confounding. Physicians’ antibiotic prescribing decisions are
affected by both physician and patient characteristics. While we controlled
for aggregated patient characteristics at the physician level, factors such as
patients’ age, sex and disease, as well as physicians’ practicing department,
years in practice, and professional title were not included due to data access.
This may overlook the impact of specific physician or patient distinctions,
though we attempted to control for unobservable variables by introducing
random intercepts at the physician and facility levels. Fourth, our data did
not allow the identification of patients’medical episodes and thus the use of
advanced methods to construct physician connections based on shared
clinical episodes, which align better with clinical practice and do not
require setting the patient-sharing threshold62. To avoid arbitrariness in
threshold decisions, we conducted sensitivity analyses regarding
thresholds to validate the robustness of our results. However, future
research should consider constructing a physician network by identifying
medical episodes to enhance the clinical relevance of results. Finally,
although the strength of our study lies in including a broad population of
physicians and measuring the extent of peer effects, qualitative research
remains valuable for revealing the subjective perceptions and mechan-
isms driving prescribing behaviors14,48. Future studies should consider
employing qualitative or mixed-method approaches to provide a more
comprehensive understanding of the mechanisms underlying peer effects
in physician prescribing.

In conclusion, our findings suggest that physicians’ appropriateness of
antibiotic prescription was influenced by their peer physicians, particularly
by those with higher centrality within the same healthcare facilities.
Leveraging the peer effect provides a promising solution to increase inter-
vention efficiencyby targeting influential opinion leaders and facilitating the
diffusion of improved prescribing behaviors.

Data availability
The data that support the findings of this study are available from the
Centers for Disease Control and Prevention of Yinzhou, but restrictions
apply to the availability of these data, which were used under license for the
current study, and so are not publicly available. Data are, however, available
from the authors upon reasonable request and with permission of the
Centers for Disease Control and Prevention of Yinzhou.

Code availability
The codes used to conduct this analysis, including the disease classifications,
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uploaded to a GitHub repository63.
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