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Introduction
Centrality is one of the most established concepts in social network analysis. One of its 
prime applications is to identify important or influential nodes based on their structural 
position. Centrality measures such as degree, betweenness, and closeness centrality 
were introduced by Freeman in the 1970s (Freeman 1977, 1978). Eigenvector central-
ity, another measure of influence, was introduced by Bonacich and identifies influen-
tial nodes based on the prominence of their direct ties (Bonacich 1972). Each centrality 
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another physician of their specialty type if they were to be removed from the network. 
We explored differences in rural and urban physicians by linchpin score compared with 
other network centrality measures in patient-sharing networks representing the 306 
hospital referral regions in the United States. We show that linchpin score is uniquely 
able to make the distinction that rural specialists, but not rural general practitioners, are 
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measure was developed to infer distinct theorized aspects of importance or influence 
based on the topological characteristics of the adjacency matrix of the network in which 
a node is embedded.

More recently, advancements in network centrality have included community-aware 
centrality and multi-component centrality measures. Community-aware centrality 
measures identify nodes that are essential to connect two or more communities of the 
network (Tulu et al. 2018). Extensions from this work have defined influence based on 
the extent to which a node is a hub within their community and a bridge across commu-
nities (Ghalmane et al. 2019a, b). Redefining local and global influence in networks with 
overlapping communities, new representations of centrality measures have been devel-
oped that are specifically designed to identify influential nodes in overlapping modular 
networks (Ghalmane et al. 2019a, b).

These structural centrality measures remain agnostic to node attributes. Node attrib-
utes are used to describe characteristics and can be continuous or discrete. Widely used 
network measures that do consider node attributes include assortativity and homophily, 
which are network-level measures of the correlation (assortativity) or tendency (homo-
phily) of nodes to be connected to similar others (Newman 2003; McPherson et al. 2001). 
Many studies have observed assortativity or homophily in social networks by character-
istics such as happiness, smoking and drinking behavior, and race (Bollen et  al. 2011; 
Bliss et al. 2012; Cheadle et al. 2013; Smith et al. 2014; Mollica et al. 2003). Community 
detection is another example of an established network algorithm that has evolved to 
consider node attributes (Zanghi et al. 2010; Newman and Clauset 2016; Jia et al. 2017). 
Network communities can be identified by combining structural and attribute informa-
tion such that communities consist of nodes that are not only more densely connected 
than nodes outside of the community, but also share similar attributes (Jia et al. 2017).

This collection of work provides strong evidence that the attributes of individuals in a 
network relate to, and even influence, network structure. This raises the question of how 
attributes can be leveraged to identify strategically important nodes in a way that is dis-
tinct from the centrality measures that rely purely on the underlying adjacency matrix. 
In line with this question, previous work has decomposed centrality measures accord-
ing to categorical attribute data (Everett and Borgatti 2012; Krackhardt and Stern 1988; 
Moen et al. 2019). The present work introduces a new node-level measure that combines 
the topological data from the adjacency matrix with accompanying external attribute 
data. Herein, we propose linchpin score, which describes the tendency of a node to be 
the only one of its kind among its neighbors’ ties. The term linchpin was chosen because 
it refers to nodes that are indispensable within its two-hop neighborhood. We consider 
a node to be more indispensable, or a linchpin, if more of its neighbors have no other 
existing ties to other similar nodes. This term thus defines the importance of a node in 
a network as being dependent on whether or not its neighbors are directly connected to 
others that are similar to the focal node.

Motivation
Traditional health services research methods evaluate the quality of individual physi-
cians as a function of other physician-level attributes. However, physicians are embed-
ded within professional networks, and their individual outcomes and ability to deliver 
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high quality care may be impacted by their own position in their peer network or the 
characteristics and outcomes of their peers. Patient-sharing networks offer a quantita-
tive, scalable approach for indirectly measuring relationships between physicians based 
on shared patients observed in administrative data. Prior work has shown that patient-
sharing relationships correspond with self-reported referral and advice-seeking relation-
ships between physicians (Barnett et  al. 2011). Patient-sharing network characteristics 
have been associated with care utilization, care quality, and patient outcomes (Pollack 
et al. 2013; Bachand et al. 2018; Tannenbaum et al. 2018; Moen et al. 2016; 2019; Zipkin 
et al. 2021; Barnett et al. 2012). Increased patient-sharing within physician group prac-
tices has been shown to correspond with patient-reported care coordination and timeli-
ness of care (Moen and Bynum 2019). However, while increased patient-sharing within 
teams of physicians is hypothesized to reflect care coordination, the absence of ties to 
other physicians may suggest barriers in access to specialist referrals or other important 
resources (Hollingsworth et al. 2015).

Health care delivery systems depend on the availability of personnel and infrastruc-
ture to deliver high quality care. The shortage of medical professionals in rural areas is 
a significant national concern. Access to health care is typically measured according to 
the supply per capita or distance to one type of provider or service (Levit et al. 2020). 
The National Rural Health Association reports 13.1 physicians per 10,000 people in rural 
areas compared with 31.2 physicians per 10,000 people in urban areas. The number of 
specialists per capita is even more skewed, with 30 specialists per 10,000 people in rural 
areas compared with 263 specialists per 10,000 people in urban areas. Given the impor-
tance of multidisciplinary care coordination in the delivery of high-quality care for many 
complex and chronic conditions, there is a strong premise for using networks to under-
stand access to care which recognizes the importance of professional relationships.

In creating this measure, we also take inspiration from the concept of network vulner-
ability to selective node removals (Chen and Hero 2013). One of the most conventional 
network vulnerability measures is the susceptibility of the size of the largest connected 
component to the removal of nodes. In this sense, a node would be considered more 
vital to the network if the largest connected component was more disrupted (e.g., bro-
ken into smaller, disconnected components) upon its removal. Many studies assessing 
network vulnerability focus on infrastructure networks (Grubesic and Murray 2006; 
Corley and Chang 1974). Yet social networks can also be vulnerable to disruption upon 
an individual node’s removal. Here, we hypothesize that the neighborhood of a physician 
would be more vulnerable to the physician’s removal if their neighbors have no existing 
connections to other physicians of the same specialty. While this measure has implica-
tions to a broader range of network studies, an application of linchpin score in health 
services research would be to identify networks or sub-networks that are more vulner-
able to removal of physicians of a specific specialty.

The rest of the paper is structured as follows. We next propose and formally define 
linchpin score. Then, we measure linchpin score in a physician network using spe-
cialty as the node attribute of interest. We calculate linchpin score for the physicians 
in the network, summarize linchpin score by specialty, and compare the observed 
linchpin scores to those measured in random networks. We then evaluate whether 
linchpin score is associated with degree, betweenness, closeness, and eigenvector 
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centrality. Finally, we examine linchpin score within 306 patient-sharing physician 
networks, representing the 306 hospital referral regions in the United States. We test 
the extent to which linchpin score and other centrality measures are associated with 
physician rurality within hospital referral regions and across specialty types.

Methods
A graph G = (V ,E) consists of a set of nodes V and a set of edges E between them. An 
edge eij connects node vi with node vj . Let ci denote the type of node vi for attribute c, 
where i = 1, . . . ,N  is the index of the nodes in the network. While the applications in 
this work focus on categorical node attributes, linchpin score can be extended to contin-
uous node attributes by setting a threshold to bin the continuous variable into discrete 
categories. The linchpin score for node vi , denoted by li , is the number of neighbors of 
node vi with no other ties to any other node equal to node vi for attribute c , divided by ni, 
the degree of node vi . The neighbors of node vi are not allowed to have the same attribute 
value as node vi to contribute to li . Let the event that nodes i and j have the same value of 
attribute c be denoted by the binary variable acij . That is, acij = 1 if ci = cj and acij = 0 oth-
erwise. The number of neighbors vk of node vj for which ck = ci other than node i itself is 

given by dcij =
N
∑

k �=i,j

ejka
c
ik . Defining bcij = 1 if dcij > 0 and bcij = 0 otherwise, the mathemat-

ical definition of linchpin score is then expressed as:

The linchpin score of node i is seen to be the weighted degree of node i, where the 
weights for node j  = i are given by 

(

1− acij

)(

1− bcij

)

 , divided by the degree of node i. 

The first term comprising the weight, 1− acij , indicates whether nodes i and j have dif-
ferent values of attribute c while the second term, 1− bcij , indicates whether none of 
the other neighbors of node j (besides node i) have the same value of attribute c as 
node i. The linchpin score ranges from 0 to 1, with 0 indicating all of the neighbors of 
node vi are connected to at least one node that is equal to node vi for attribute c 
(Fig. 1A), and 1 indicating that none of the neighbors of node vi are equal to node vi 
for attribute c nor are connected to another node (besides node i) that is equal to 
node vi for attribute c (Fig. 1B). Figure 1C illustrates the linchpin score for a node vi 
who has two out of four connections also tied to another node that is equal to node vi 
for attribute c . In Fig. 1D, we consider the circumstance where node vi is directly con-
nected to another node of the same value for attribute c. In this case, we do not count 
the neighbor with the same attribute value as node vi in the calculation of li , but that 
neighbor would still contribute to ni . We take this approach because it would be rea-
sonable to expect that the focal node’s direct ties could relatively easily form a new tie 
with the neighbor that has the same attribute value as the focal node, if the focal node 
were to be removed from the network. The R code to calculate linchpin score on any 
network dataset that contains node attributes is available at https:// github. com/ 
mneme sure/ linch pin_ centr ality/ blob/ master/ linch pin_ netwo rk_ fx2.R.
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https://github.com/mnemesure/linchpin_centrality/blob/master/linchpin_network_fx2.R
https://github.com/mnemesure/linchpin_centrality/blob/master/linchpin_network_fx2.R
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Example network datasets

For the patient-sharing network analysis, we linked four publicly available data sources. 
The first data source is the Physician Shared Patient Patterns Data from 2015 released 
by Centers for Medicare and Medicaid Services (CMS) (Physician Shared Patient Pat-
terns 2015). The Physician Shared Patient Patterns Data lists health care physicians who 
participate in the delivery of health services to the same Medicare beneficiary within 
specific time intervals (30 days, 60 days, 90 days, and 180 days). It reports the number of 
patients each physician dyad shared within the specified time interval. We used the Phy-
sician Shared Patient data to create undirected patient-sharing networks for which ties 
between physicians indicate shared patients within 30 days in 2015.

The second data source was the November 2015 Physician Compare National Down-
loadable File released by CMS and archived by the National Bureau of Economics 
Research (Physician Compare 2015). The dataset contains general information about 
individual eligible health care professionals including specialty, practice affiliation, and 
practice ZIP code. For the purposes of this study, we used this dataset to obtain specialty 
and practice ZIP code.

The third data source links ZIP codes to hospital referral regions as defined and made 
available by the Dartmouth Atlas (Dartmouth Atlas Supplemental Data 2015). Hospi-
tal referral regions represent regional health care markets for tertiary medical care, and 
there are 306 geographically contiguous hospital referral regions in the US. We assigned 
each physician to a hospital referral region based on their practice ZIP code. This further 

Fig. 1 Diagram of the linchpin score, showing examples of a linchpin score measure of 0 (A), 1 (B), 0.5 (C), 
and 0.75 (D). Blue nodes have the same value for attribute c as node i 
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allowed us to parse the national network into sub-networks that represent the patient-
sharing patterns within regional health care delivery markets. We examined the Provi-
dence, RI hospital referral region as our example network due to its relatively small size 
and our familiarity with the area.

The fourth dataset includes the 2010 Rural–Urban Commuting Area (RUCA) codes 
for each ZIP code released by the United States Department of Agriculture Economic 
Research Service updated on August 17, 2020 (Rural–Urban Commuting Area Codes 
2020). Rural physicians were identified as those who practice in a rural ZIP code (RUCA 
codes 4.0-10.6) based on the practice ZIP codes listed in Physician Compare National 
Downloadable File. Physicians who practice in multiple locations that included both 
rural and urban ZIP codes were categorized as urban.

Results
Linchpin scores of physicians in a patient‑sharing network

Networks of physicians are frequently assembled based on administrative data of 
patient encounters: two physicians are connected if they have encounters with common 
patients. In this example, we evaluate linchpin score of physicians using physician spe-
cialty as the node attribute of interest. If a physician is the only one of their specialty 
among their neighbor’s ties, it is reasonable to expect that the physician is indispensable 
for the proper coordination and delivery of health care to the patients cared for by that 
set of physicians.

Primary specialty data was simplified into 18 specialty categories: cardiovascular, sur-
gery, obstetrics/gynecology, general practice, psychiatry, infectious disease, pulmonol-
ogy, endocrinology, gastroenterology, neurology, anesthesiology,  radiology, emergency 
medicine, nephrology, oncology, dermatology, radiation oncology, and intensive care.

The Providence, RI physician network includes 1,749 physicians, has a density of 0.017 
and global transitivity of 0.296 (Fig. 2). The mean linchpin score by specialty type var-
ies substantially (Table  1). Intensive care, obstetrics-gynecology, and endocrinology 
are the specialties with the highest mean linchpin score (0.88, 0.43, and 0.40, respec-
tively), whereas radiologists and cardiologists had the lowest mean linchpin scores. We 
evaluated the correlation between the number of physicians in the specialty category 

Fig. 2 Illustration of the physician network. The color of nodes corresponds to their specialty and the size of 
the nodes corresponds to their linchpin score
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and mean linchpin score using Kendall’s Tau, a non-parametric correlation coefficient. 
Examining the mean linchpin score by specialty type reveals an inverse association with 
the number of physicians who have that specialty (Kendall’s τ = − 0.6, p < 0.001). In other 
words, specialties that are rarer tend to have higher linchpin score.

By comparing linchpin score of physicians within the same specialty, one would iden-
tify physicians who are more indispensable to ensure that other members of the network 
have access to that specialty for referrals. Those physicians with greater linchpin score 
would be less easily replaced by another physician of their same specialty based on exist-
ing ties if they were to leave the network. Specialties with the highest variance in linch-
pin score among physicians of that specialty type are obstetrics-gynecology, infectious 
disease, and endocrinology (Table 1).

Next, we compared the linchpin scores of specialties in the observed physician net-
work to a network in which specialty is distributed at random. We permuted ten net-
works that were identical to the observed network in structure and number of nodes 
with each specialty, but specialty was assigned at random. We then calculated the mean 
and standard deviation of linchpin scores of physicians in each specialty and present the 
means across the 10 permuted networks. The negative association between mean linch-
pin score and number of physicians who have that specialty was even stronger in the 
random networks (Kendall’s rank correlation τ = − 0.9, p < 0.001) than what we found for 
the observed network. We also found that 12 of the 18 specialty groups have lower mean 
linchpin score in the observed network compared with the random networks (Table 1). 

Table 1 Summary statistics of linchpin score by specialty type

The number of nodes (N) represents the number of physicians with that specialty in the Providence, RI physician network. 
The linchpin mean and SD for the observed network are presented alongside the linchpin mean and SD for 10 permuted 
networks where the network structure was constant but specialty was randomly assigned. SD, standard deviation

N Linchpin mean (SD)
Observed network

Linchpin mean (SD)
Random networks

Physician network attribute

Anesthesiology 92 0.09 (0.19) 0.19 (0.28)

Cardiovascular 93 0.02 (0.04) 0.18 (0.28)

Dermatology 41 0.32 (0.32) 0.28 (0.30)

Emergency medicine 91 0.08 (0.19) 0.15 (0.25)

Endocrinology 31 0.40 (0.36) 0.32 (0.31)

Gastroenterology 54 0.14 (0.23) 0.24 (0.29)

General practice 668 0.06 (0.19) 0.04 (0.15)

Infectious disease 22 0.25 (0.34) 0.42 (0.34)

Intensive care 4 0.88 (0.12) 0.77 (0.22)

Nephrology 26 0.08 (0.12) 0.40 (0.34)

Neurology 50 0.21 (0.28) 0.27 (0.31)

Obstetrics/gynecology 26 0.43 (0.45) 0.36 (0.32)

Oncology 49 0.16 (0.26) 0.27 (0.31)

Psychiatry 87 0.16 (0.31) 0.18 (0.28)

Pulmonology 33 0.13 (0.20) 0.31 (0.31)

Radiation oncology 14 0.31 (0.32) 0.57 (0.34)

Radiology 118 0.02 (0.10) 0.15 (0.25)

Surgery 250 0.09 (0.19) 0.09 (0.21)
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Taken together, these results suggest that the patient-sharing patterns may have formed 
in ways that make the networks less vulnerable, or less dependent on linchpin physicians.

Correlations between linchpin score and centrality measures

To examine whether a physician’s linchpin score was associated with node centrality 
measures, we present a correlation matrix for linchpin, degree, betweenness, closeness, 
and eigenvector centrality for the Providence, RI physician network (Fig.  3). Previous 
work has demonstrated that network centrality measures tend to be correlated (Valente 
et  al. 2008; Rajeh et  al. 2020). We find that linchpin score is modestly correlated with 
betweenness centrality (Kendall’s τ = 0.25, p < 0.001). In general, linchpin score seems to 
be identifying a distinct set of important nodes in each network that are not captured 
by the other centrality measures and vice-versa. Consistent with previous work, we 
observed moderate to high correlations between the node centrality measures. Close-
ness centrality and eigenvector centrality were most highly correlated (Kendall’s τ = 0.82, 
p < 0.001).

Linchpin score and physician rurality

The motivation for developing linchpin score was to identify locally unique physicians 
who would not be easily replaced by another physician of the same specialty through 
existing ties if they were to leave the network. Linchpin score is most relevant for attrib-
utes that are difficult to change. For example, a physician cannot easily change special-
ties. Networks characterized by high linchpin score for a specialty of interest could be 
considered more vulnerable to the removal of physicians with that specialty. We aimed 

Fig. 3 Heatmap of the correlation matrix of linchpin, degree, betweenness, closeness, and eigenvector 
centrality for the physician network. Correlation was measured using Kendal’s Tau non-parametric correlation 
coefficient
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to test this with a study of physicians practicing in rural and urban areas in the United 
States.

As a consequence of the uneven distribution of specialists across rural and urban 
areas, we expect that physician networks caring for predominantly rural patients may 
differ in both the organization of ties and the types of specialty groups present compared 
with physician networks caring for predominantly urban patients. We first examined 
associations between physician rurality and the node-level network measures. Then, we 
examined each specialty separately to determine whether the node-level measures were 
able to distinguish differences in network importance among rural and urban physicians 
by specialty type. We consider rural areas as being more vulnerable to a specialist leaving 
and we hypothesized a priori that rural specialists will have higher linchpin scores com-
pared with urban specialists. We further hypothesized that this association may not be 
observed for general practitioners, who are more prominent in the care of rural patients.

We calculated the linchpin score, degree, betweenness, closeness, and eigenvector 
centrality for all physicians within all 306 hospital referral region networks. All network 
measures were standardized to have a mean of 0 and a standard deviation of 1 to bet-
ter compare model estimates between network measures across hospital referral regions 
of different sizes. Eigenvector centrality was excluded from the models due to issues of 
high collinearity. We first examined associations between physician rurality and network 
measures within hospital referral regions. Physician rurality was represented as a binary 
variable assigned based on the rurality of the practice ZIP code, as defined in the meth-
ods. We excluded regions where fewer than 3% of physicians practiced in a rural ZIP code 
(n = 147), as some hospital referral regions are entirely urban. For each of the 159 hospi-
tal referral regions remaining, we estimated a separate multivariable logistic regression 
predicting physician rurality. Physician linchpin score, degree, betweenness, and close-
ness centrality were the independent variables of interested and we included physician 
specialty as a covariate. Based on the model results, we calculated the number of hospital 
referral regions for which each network measure was a significant predictor of rurality 
(corresponding to a p-value less than 0.01) and the number of hospital referral regions 
for which each network measure was the strongest predictor of rurality (corresponding to 
the highest z value). Our results, shown in Table 2, demonstrate that closeness centrality 
is more likely to be associated with physician rurality compared with the other network 
measures. This suggests that the differences in physician connectedness between rural 
and urban physicians is best detected using a centrality measure based on average dis-
tances to other nodes. This may reflect the regionalization of health care, often embodied 
by a regional “hub” with spokes extended to adjacent, more rural settings.

Table 2 Number of hospital referral regions for which each network measure significantly predicts 
physician rurality

Network measure Significant predictor of rurality 
(p < 0.01)
n (%)

Strongest predictor of rurality 
(greatest absolute z value)
n (%)

Linchpin 45 (28) 17 (11)

Degree 55 (35) 29 (18)

Closeness 96 (60) 100 (63)

Betweenness 41 (26) 13 (8)
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To learn more about the characteristics of hospital referral regions where closeness 
centrality or linchpin score was predictive of physician rurality, we further character-
ized these hospital referral regions using network measures such as network size (e.g., 
number of physicians), network density, and network transitivity. Network density and 
transitivity have previously been shown to impact the relationships among node-level 
measures, such as the correlation between centrality and hierarchy measures (Rajeh 
et al. 2020). We also evaluated the proportion of physicians within each hospital referral 
region who practiced in a rural setting. With bivariate analyses, we found that hospital 
referral regions where closeness centrality was a significant predictor of rurality were 
characterized by networks of larger size (p < 0.001), lower density (p < 0.001), and lower 
transitivity (p < 0.001). Hospital referral regions where linchpin score was a significant 
predictor of rurality were also characterized by networks of larger size (p = 0.02), lower 
density (p < 0.001), and lower transitivity (p = 0.01). The performances of closeness cen-
trality and linchpin score were not associated with the proportion of rural physicians.

Next, we evaluated associations between network characteristics and rurality within 
each of the 18 specialty groups. For each specialty group, using data from all 306 hos-
pital referral region networks, we developed separate mixed effect logistic regressions 
predicting rurality of physician with linchpin score, degree, betweenness, and closeness 
centrality as independent variables. We included network size, network density, and net-
work transitivity as covariates, and included a random effect for hospital referral region.

In Fig. 4, we show the adjusted associations between physician rurality and each of the 
network measures. To facilitate comparisons in the association between centrality and 
rurality across specialty types, we grouped the results by network measure. We observe 
significantly greater linchpin scores for rural physicians across almost all specialty 
groups, highlighting the importance of individual specialists in delivering services spe-
cific to that specialty among their direct ties. The only specialty groups that exhibit lower 
linchpin score in rural areas are general practitioners and, to a lesser effect, surgeons. 
These results are consistent with our hypothesis and provide additional evidence that 
general practitioners are more prominent in managing care for rural patients. They are 
more likely to be either directly connected or indirectly connected to each other through 
referrals to other specialists in their local networks, resulting in lower linchpin score. 
The patterns across all specialty groups for the other centrality measures varied. Notably, 
linchpin score is the only measure that distinguishes rural specialists from rural gen-
eral practitioners. Closeness centrality was consistently lower across all specialty types, 
including general practitioners, in rural areas compared with urban. Degree centrality 
of rural physicians compared with urban tended to be either greater or not significantly 
different. Betweenness centrality did not show a strong association with the rurality of 
physicians across most specialties.

Altogether, these results demonstrate that incorporating specialty in defining physi-
cian network characteristics adds important contextual information to understanding 
which physicians are important. Closeness centrality was lower among all rural physi-
cian specialty groups compared with their urban counterparts, indicating that while 
closeness centrality was a strong predictor of rurality, it was not able to pick up dif-
ferences between types of physicians in terms of which were locally unique for rural 
patients, which is an important aspect of rural health care access and quality. Linchpin 
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score, on the other hand, did not tend to be the strongest predictor of rurality, but it was 
able to distinguish the different roles in the network played by specialists and general 
practitioners.

Fig. 4 Mixed effect models predicting physician rurality with linchpin (A), closeness (B), degree (C), and 
betweenness (D) for each specialty. Odds Ratios (ORs) and 95% confidence intervals (CIs) are shown. The 
gray vertical line indicates OR = 1. ORs > 1 indicate that rural physicians had higher values for a given network 
measure. The scales across the forest plots are not equal
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Conclusions
In this work, we have introduced a novel node-level measure, linchpin score, which iden-
tifies important nodes based on the extent to which they are the only one of their kind 
among their neighbors’ connections. Other recent advancements in network centrality 
have developed measures of importance that combine information on the position of a 
node in a network with the local information on its nearest neighbors (Ibnoulouafi et al. 
2018). Unlike centrality measures that are based solely on the topological structure of the 
network, linchpin score identifies a distinct set of locally unique nodes in a network using 
attribute data.

Our motivation for developing linchpin score was to identify physicians who were 
linchpins in their local networks. We evaluated linchpin score by specialty in 306 
patient-sharing physician networks to characterize physicians who were the only phy-
sician of their specialty type among their neighbors’ ties. The results from our regres-
sion models support our hypothesis that high linchpin score is associated with rurality 
of specialist physicians, indicating the vital role specialists play in delivering care to rural 
patient populations. We anticipate that linchpin score will offer a network-based metric 
of indispensable physicians in a health care delivery market. Similar to vertex coloring 
in graph theory (Galinier et al. 2013), networks could be designed so that the attributes 
(or colors) of the vertices are arranged to optimize a measure (e.g., linchpin score) in a 
graph, subject to certain constraints. Health systems aiming to reduce the vulnerability 
of their physician networks could use network simulations to identify more robust net-
works that reduce linchpin scores of specialties of interest. While the motivation for this 
work was to address a limitation in our ability to identify important physicians in local 
networks, linchpin score can be calculated for any network with node attributes, extend-
ing its applicability across social network research domains.
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