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Abstract

Background: Variation in cancer care coordination may impact care quality and patient 

outcomes. We sought to characterize the impact of geographic access to and dispersion of cancer 

care providers on variation in care coordination.

Methods: Using electronic health record data from 2,507 women diagnosed with breast cancer at 

a National Cancer Institute Comprehensive Cancer Center from April 2011 to September 2015, a 

breast cancer patient-sharing physician network was constructed. Patient “care networks” 

represent the sub-networks of physicians with whom the focal patient had a clinical encounter. 

Patient care networks were analyzed to generate two measures of care coordination, care density 

(ratio of observed vs potential connections between physicians) and clustering (extent to which 

physicians form connected triangles).

Results: The breast cancer physician network included 667 physicians. On average, the 

physicians shared patients with 12 other physicians. Patients saw an average of 8 physicians 

during active treatment. In multivariable models adjusting for patient sociodemographic and 

clinical characteristics, we observed that greater travel burden (>2 hours) and lower geographic 

dispersion was associated with higher care density (p<0.05 and p<0.001, respectively) but lower 

care network clustering (p<0.05).

Conclusions: Variation in network-based measures of care coordination is partially explained by 

patient travel burden and geographic dispersion of care.

Impact: Improved understanding of factors driving variation in patient care networks may 

identify patients at risk of receiving poorly coordinated cancer care.
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Introduction

Cancer care is incredibly complex and coordinated by a multidisciplinary care team that 

often span multiple facilities (1,2). Suboptimal care coordination is a persistent barrier to 

high quality cancer care and improving coordination among providers is a national priority 

(2). Many initiatives to improve care coordination focus on the provider team, such as 

establishing a multidisciplinary care team or assigning a care coordinator (3,4). Identifying 

patients at high risk of receiving poorly coordinated care may offer novel strategies for 

allocating available resources to improve care quality and patient outcomes.

Cancer patients often make multiple inpatient and outpatient visits for diagnosis and 

treatment (5). Adhering to a treatment plan thus poses particular challenges for patients 

whose geographic access to cancer care is limited, such as patients residing in rural areas 

(6). For example, increasing travel burden is associated with more advanced disease at 

diagnosis, delays in treatment initiation, a worse quality of life, and worse outcomes (5–10). 

Physicians may attempt to alleviate patient travel burden by referring rural patients to rural 

providers, but this introduces challenges in coordinating care among a team of physicians 

who do not typically work together. It is therefore possible that both limited geographic 

access to care and geographic dispersion of providers contribute independently to reduced 

care coordination among providers.

Care coordination can be indirectly measured using administrative data and network analysis 

to calculate the extent to which a set of physicians typically shares patients (11). Using this 

approach, the “physician network” can be represented by the set of physicians who care for 

a defined patient cohort and the patient-sharing relationships between them. This method 

assumes that physicians who frequently share patients are more likely to communicate and 

coordinate. “Patient care networks” represent the sub-networks of physicians with whom a 

focal patient had a clinical encounter (11). Care network density has been proposed as a 

network-based measure of care coordination, which represents the extent to which pairs of 

physicians in the patient care network share patients, adjusting for the total number of 

possible pairs (11–14). High care density has been associated with lower cost of care, fewer 

hospitalizations, and higher levels of some measures of care quality, yet little is known about 

what causes variation in care density (11,14,15).

Because breast cancer care teams require teamwork across multiple specialties, including 

medical oncology, (breast) surgical oncology, plastic surgery, radiation oncologists, and 

primary care, among others, we also consider care network transitivity in an alternative 

measurement of care coordination in addition to care density. We measure transitivity using 

the global clustering coefficient (16,17) to describe the extent to which physician’s 

connections are also connected to each other. Social networks tend to exhibit high levels of 

clustering, and in this context high levels of clustering among a group of physicians would 

occur when a team of at least 3 physicians frequently cares for the same patients.
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We sought to characterize breast cancer patient care networks and examine the extent to 

which observed variation in these networks is explained by geospatial factors of patient 

travel burden and geographic dispersion of providers We hypothesized that teamwork among 

a breast cancer care team may be negatively impacted by patient travel burden and 

geographic dispersion of care due to increased challenges patients and physicians face in 

scheduling care and communicating across facilities.

Methods

Overview of data and subjects

Our study uses electronic health record (EHR) and institutional tumor registry data for breast 

cancer patients treated at the Norris Cotton Cancer Center, a National Cancer Institute (NCI) 

Comprehensive Cancer Center in northern New England. This cancer center is one of two 

NCI Cancer Centers located in a rural setting in the United States, and it works with 30 

regional centers and affiliates to coordinate cancer care. We obtained clinical, demographic, 

and geographic data and records from all clinical encounters occurring within the cancer 

center and regional centers and affiliates for 2,507 patients with incident breast cancer who 

received care at the cancer center from 2011-15. This study protocol was approved by the 

institutional review board of Geisel School of Medicine at Dartmouth.

Study outcomes

The primary outcomes of interest of this study are network-based measures of cancer care 

coordination:

(1) the patient care network density, which measures the number of ties between 

physician pairs accounting for the total number of possible pairs.

(2) the patient care network global clustering coefficient, which measures the extent 

to which physicians in the care network form tightly connected clusters

Breast cancer physician network analysis

A breast cancer physician network was built to represent the network involved in the “active 

treatment” phase of care (within the 12 months following diagnosis). The network “nodes” 

are physicians, and two physicians are connected if they both had clinical encounters with at 

least two shared patients during active treatment. These connections are referred to as the 

network “ties”. The encounters all took place within the cancer center or one of the 30 

regional centers or affiliates, and all physicians are therefore Dartmouth-affiliated. The 

threshold of two shared patients was used to minimize potential noise due to physician pairs 

with only one shared patient.

We then created patient “care networks” to represents the subset of physicians with whom a 

focal patient had clinical encounters within 12 months of diagnosis (Figure 1A). The ties 

among physicians in the patient care network are based on the care received by all breast 

cancer patients in the cohort. In other words, patient care networks capture how likely the set 

of physicians seen by the focal patient typically share patients with each other.
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We first calculate care density for each patient care network, D, defined as:

D =   Number of observed ties
Number of all possible ties

which is equivalent to the measure evaluated by Pollack and colleagues (11) and others (13). 

Density values range from 0 to 1, with 0 representing an empty network (no observed ties) 

and 1 representing a network where ties are observed between all possible pairs. In our 

calculation of density, the focal patient does not contribute to the ties among physicians in 

her own care network. We then consider the extent of connections among triplets of 

physicians for each care network. To this end, we calculated the global clustering coefficient, 

C, which is defined for each patient network as:

C =   Number of closed triplets
Number of triplets (open and closed)

The number of closed triplets is equal to 3 × number of closed triangles (Figure 1B-C). In 

this study, a closed triplet would occur when three physicians all share patients with each 

other. Global clustering coefficients range from 0 to 1, with 0 representing a network with no 

observed triplets and 1 representing a network where all triplets are closed. Care density was 

measured for all patients with at least two physicians in her care network whereas the global 

clustering coefficient requires at least three physicians. Network measures were calculated 

using the igraph package (18) in R (19). The breast cancer physician network and the patient 

care networks were visualized using the Kamada-Kawai force-directed algorithm (20), 

which positions nodes to provide a graph with relatively uniform edge length, vertex 

distribution, minimum crossing of edges, avoidance of nodes lying atop one another, and 

symmetry.

We conducted a sensitivity analysis by reducing the timeframe of clinical encounters used to 

build the network from 12 to 6 months following diagnosis, hypothesizing that the shorter 

timeframe would also reduce the number of non-cancer based encounters. Care density and 

the global clustering coefficient were then calculated for the 6-month patient care networks.

Travel burden to surgical oncologist

For each patient, we calculated the travel burden to her surgical oncologist. The surgical 

oncologist was chosen as the geographic anchor because: (i) surgical care is the definitive 

treatment for breast cancer, (ii) surgical oncologists were more prevalent in patient care 

networks than medical or radiation oncologists, and (iii) travel burden was greatest to the 

surgical oncologist compared with medical or radiation oncologists or general surgeons, who 

practice in the regional facilities.

Travel time is calculated as the time for road-based travel between the population centroid of 

patient’s ZCTA tabulation area (ZCTA) of residence at the time of diagnosis and the 

population centroid of the ZCTA corresponding to location of the encounters with the 

surgical oncologist. If a surgical oncologist performs surgery at multiple locations, the 

location specific to the encounters with the patient was used to calculate the patient’s travel 
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burden. Road-based travel was calculated through the ArcGIS Network Analyst module for 

Desktop (Environmental Systems Research Institute), that uses current road data layers, 

along with associated speed limits (TeleAtlas, Lebanon, NH), using the closest facility 

algorithm (21). The travel time categories were defined as: <30 minutes, 30 minutes to <1 

hour, 1 hour to <2 hours, and > 2 hours (6).

Geospatial dispersion of cancer care

For each patient, the number of unique ZCTA in which the patient received care during the 

12 months following diagnosis was calculated to measure geographic dispersion of care. The 

ZCTAs correspond to the clinical department associated with the patient’s clinical 

encounters. Due to the rural setting of care, the facility:ZCTA ratio is essentially 1:1.

Study variables

In addition to the travel time, our analyses included patient age at diagnosis (grouped as <55, 

55 to <65, 65 to <75, and >75 years), marital status, primary payer type, breast cancer stage, 

and number of comorbidities at the time of diagnosis (grouped as 0, 1, or 2+). These 

variables were obtained from the institutional tumor registry. In subsequent models, we 

included the number of physicians in the patient’s care network and the mean number of 

encounters per physician. To account for whether effort was made by members of the care 

team to meet with the patient at one location within the same day, we also created an 

indicator variable, herein referred to as “multidisciplinary care”, to denote whether the 

patient met with two of the following specialties on the same day within two months of 

diagnosis: surgical oncology or general surgery, medical oncology, radiation oncology, or 

primary care.

Statistical analyses

We used descriptive statistics and bivariate analyses to evaluate patient characteristics by 

travel time category. The adjusted effects of travel burden and geographic dispersion of care 

on network-based coordination measures were estimated using multivariable linear 

regressions. The first model included patient socio-demographic characteristics as additional 

covariates (age, marital status, payer type), clinical characteristics (breast cancer stage, 

number of comorbidities) and year of diagnosis. The second model added care network size 

(i.e., number of physicians seen by patient), mean number of clinical encounters per 

physician, and the indicator for whether effort was made to coordinate care on the same day 

as covariates. Further, considering network properties such as density and clustering are 

typically correlated, we include care network density as a covariate in the second model for 

global clustering coefficient. This allows us to predict relationships with network clustering 

while adjusting for not only the size of the network but also the number of connected pairs. 

The estimates can be interpreted as the change in the expected value of the outcome (in this 

case, the care coordination measure) with a 1-unit increase in the predictor. Statistical 

analyses were performed in the R programming environment.
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Results

A total of 2,507 patients were diagnosed with breast cancer and treated within the healthcare 

system between April 2011 and September 2015. These patients were linked to the 

physicians with whom they had clinical encounters within 12 months of their diagnosis date. 

The total number of encounters was 46,026; 48% of encounters were with medical 

oncologists, 23% with surgeons, 8% with radiation oncologists, 8% with primary care, and 

13% with other specialties. The resulting breast cancer physician network graph is illustrated 

in Figure 2A, with network summary statistics for both the entire physician network and the 

patient-determined sub-networks presented in Table 1. The breast cancer physician network 

includes 667 physicians. On average, physicians shared patients with 12 other physicians in 

the network (Table 1).

Patient care networks were identified for each patient. On average, the patients had at least 

one clinical encounter with 8 different physicians in the 12 months following a breast cancer 

diagnosis. Patient care networks varied in size (number of physicians) and the extent of 

connections among the physicians. Examples of four patient care networks are presented in 

Figure 2B. Patient care network size is inversely correlated with care density (Spearman’s 

rho = −0.77) and global clustering coefficient (rho = −0.45).

Travel time to a surgical oncologist was measurable for 1,112 patients. Reasons for missing 

patient travel time data include not having any clinical encounters with a surgical oncologist 

(n=1,314) and a residential ZCTA outside of New Hampshire or Vermont (n=81). When 

assessed as a continuous variable, the mean travel time to surgery was 63 minutes with a 

standard deviation of 34 minutes. Geographic dispersion, measured as the number of ZCTAs 

corresponding to patient encounters during active treatment, ranged from 1 to 5 with a mean 

of 1.5 and a standard deviation of 0.73. Patient clinical and sociodemographic characteristics 

by travel time category are described in Table 2. Patients did not differ by age, marital status, 

breast cancer stage, or year of diagnosis by travel time category. Patients with the greatest 

travel times were significantly more likely to have Medicare as their primary payer, have 

fewer comorbidities, see fewer physicians, and have fewer encounters per physician (Table 

2).

The adjusted estimated effects of travel burden and geographic dispersion on network-based 

care coordination measures are presented in Table 3. Adjusting only for patient 

sociodemographic and clinical characteristics, we observed that higher levels of care density 

was observed for patients with greater travel burden (p<0.001) and lower geographic 

dispersion of care (p<0.001) (Table 3). These associations were consistent when analyzing 

patient care network clustering. (Table 3).

After adding number of physicians seen, mean number of encounters per physician, and an 

indicator for multidisciplinary care as additional covariates, we observed that higher care 

density remained significantly associated with greater travel burden (>2 hours, p<0.05) and 

lower geographic dispersion of care (p<0.001) (Table 3). Conversely, in the fully adjusted 

model, care network clustering showed the opposite trend: lower levels of care network 
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clustering were observed for patients with greater travel burden (>2 hours, p<0.05) and 

lower geographic dispersion (p<0.05) (Table 3).

Other study variables associated with increased levels of care density were younger age, 

breast cancer stage, fewer comorbidities, receiving multidisciplinary care, seeing fewer 

physicians, and having more encounters per physician. Other study variables associated with 

increased levels of care network clustering were breast cancer stage, fewer comorbidities, 

seeing more physicians, and care density (Table 3).

In sensitivity analyses, we examined whether the estimates were robust to variation in the 

definition of active cancer treatment by comparing the 12 month post-diagnosis care 

networks to care networks based on clinical encounters within 6 months of diagnosis. The 

patient care network density and global clustering coefficients were highly consistent 

between these two approaches (rho = 0.82 and 0.78, respectively). The adjusted estimated 

effects of travel time and other covariates on care density and global clustering coefficient 

using the 6-month care networks were found to be similar (Supplemental Table 1).

Discussion

Identifying patients at higher risk of receiving less coordinated care may help guide 

initiatives and allocate resources to improve care quality and patient outcomes. In this study, 

we have examined the extent to which two network-based measures of cancer care 

coordination, density and global clustering coefficient, are impacted by geospatial variation 

in a largely rural population.

Our results indicate that patients with the greatest travel burden to specialized services (>2 

hours travel time) have higher care density compared with patients with the lowest travel 

burden. This was contrary to our hypothesis and may be uncovering established referral 

pathways between provider pairs that serve patients with the greatest travel burden. On the 

other hand, we did find that patients with the greatest travel burden had lower levels of care 

network clustering, suggesting that these patients may be less likely to receive care from a 

cancer care team (including at least three physicians) that typically share patients.

We also observed that patients with greater geographic dispersion of care had lower care 

density, which was consistent with our hypothesis. Care networks spanning multiple 

facilities may face additional barriers to sharing information across all relevant providers. 

These results suggest that patients may consider receiving care within the same facility to 

consolidate the location of their care, especially for patients with reduced travel burden. 

Overall, these factors account for only a portion of the variation in care network structure. 

Future work identifying additional factors driving variation in patient care networks will be 

important for developing innovative approaches to improve cancer care coordination.

Our study is subject to several limitations: First, the electronic health record data analyzed in 

this study is limited to clinical encounters that occurred within the cancer center or one of 

the 30 regional centers and affiliates, so we cannot capture visits with providers outside of 

this system. Second, although patient-sharing ties have been demonstrated to associate with 

referral and advice seeking relationships (23), network-based measures of patient-sharing 
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among physicians are not capable of fully capturing all aspects of care coordination. A better 

understanding of whether network-based measures of coordination correlate with patient-

reported measures of care coordination will improve upon interpretation of studies using this 

approach. For instance, an alternative implication of small, tightly knit physician networks is 

that the care providers are insular which may create access barriers to optimal care due to 

narrow referral networks (22). Third, this study was also unable to address whether the 

importance of coordinating care between different combinations of specialties varies 

according to the health care needs of individual patients. A patient with a very severe 

condition or multiple comorbidities may require a larger or more diverse network of 

physicians who are otherwise unlikely to be connected. However, this may still be preferable 

to small care teams that appear to have high levels of coordination but are missing key 

specialists, such as primary care or specialists involved in other chronic conditions. Fourth, 

our results cannot be interpreted as causal. Travel burden and geographic dispersion may 

indirectly impact care coordination through care utilization, which cannot be addressed in 

this study. Fifth, our results represent a single site and may not be generalizable to other NCI 

Cancer Centers or other rural cancer care delivery systems. Finally, our analyses are specific 

to one phase of care and do not address the significant challenges of coordinating across 

phases of care (e.g., active treatment to disease management/survivorship).

In conclusion, our findings suggest cancer care coordination during active treatment, 

measured indirectly using administrative data and network analysis, is in part explained by 

patient travel burden and geographic dispersion of care. Future work using this approach to 

evaluate breast cancer care coordination for a larger patient cohort and across phases of care 

is warranted.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Illustration of network analysis.
(A) Identification of a patient care network from the full physician network. The physicians 

seen by the focal patient and their network ties are colored gray and extracted from the full 

network to form an individual patient care network (left), which are unique to each patient. 

(B) Illustration of a closed and open triplet. Circles represent network nodes and edges 

between nodes are represented by lines. (C) Calculation of global clustering coefficient.
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Figure 2. Visualization of the breast cancer physician network.
Each node (circle) represents a physician and the thickness between physicians (weight) 

represents the extent of patient-sharing occurring between them. Node size corresponds to 

the number of ties the physician has to others in the network. (A) The complete breast 

cancer physician network based on having shared patients within the first 12 months of the 

patient’s breast cancer diagnosis. (B) Examples of four patient care networks.
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Table 1.

Summary statistics for the breast cancer physician network and patient care networks

Network characteristic

Breast cancer physician network, na 667

 Physician degree (number of ties to other physicians), mean (sd) 12 (28)

 Shared patients for each physician pair, mean (sd) 5 (12)

 Density (number of observed ties / total number of possible ties) 0.02

 Global clustering coefficient (number of observed triplets / total number of possible triplets) 0.15

Patient care networksb, mean (sd)

 Size (number of physicians) 8 (6)

 Density 0.72 (0.24)

 Global clustering coefficient 0.69 (0.27)

a
Breast cancer physician network based on all physicians who shared at least two breast cancer patients with another physician.

b
Patient care network represents the sub-network of the breast cancer physician network including only those physicians who had a clinical 

encounter with the focal patient.
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Table 2.

Descriptive characteristics of women with breast cancer treated at the NCI Comprehensive Cancer Center, 

2011-15.

Characteristic Travel time category

<30 min 30 - <60 min 60 - <120 min 120+ min p-value
ψ

Patients, n 242 280 524 66

 Age at diagnosis, mean (sd) 61 (13) 61 (13) 59 (11) 62 (14) 0.31

 Marital status, n (%)

  Married 153 (63) 183 (65) 342 (65) 34 (52) 0.27

  Unmarried/unknown 89 (37) 97 (35) 182 (34) 32 (48)

 Payer type

  Private insurance 69 (29) 56 (20) 145 (28) 17 (26) 0.02

  Medicare 91 (38) 112 (40) 170 (32) 32 (48)

  Other/unknown 82 (34) 112 (40) 209 (40) 17 (26)

 Stage, n (%)

  0 43 (18) 61 (22) 90 (17) 11 (17) 0.20

  I 99 (41) 108 (39) 234 (45) 28 (42)

  II 65 (27) 69 (25) 115 (22) 17 (26)

  III 16 (7) 26 (9) 41 (8) n.r.

  IV n.r. n.r. n.r. n.r.

  Missing n.r. n.r. n.r. n.r.

 Comorbidities, n (%)

  0 78 (32) 111 (40) 331 (63) 39 (59) <0.01

  1 15 (6) 37 (13) 48 (9) n.r.

  2+ 149 (62) 132 (47) 145 (28) n.r.

 Year of diagnosis, n (%)

  2011 33 (14) 44 (16) 83 (16) 17 (26) 0.16

  2012 51 (21) 59 (21) 123 (23) n.r.

  2013 67 (28) 69 (25) 125 (24) 17 (26)

  2014 55 (23) 54 (19) 123 (23) 17 (26)

  2015 36 (15) 54 (19) 70 (13) n.r.

 Multidisciplinary care, n (%) 70 (26) 71 (26) 82 (17) 16 (28) 0.12

 Number of physicians seen, mean (sd) 13 (7) 11 (7) 7 (5) 5 (3) <0.01

 Encounters per physician, mean (sd) 42 (39) 31 (32) 18 (20) 13 (15) <0.01

 Number of encounter ZCTAs, mean (sd) 1.4 (0.5) 1.3 (0.5) 1.3 (0.6) 1.7 (0.7) 0.27

n.r. = Not reported due to small sample size to protect patient confidentiality.

ψ
One-way ANOVA tests and Pearson Chi-squared tests. Percentages may not add up to 100 due to rounding.
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Table 3.

Adjusted estimated effects of study variables on network-based care coordination measures.

Care network density
N = 1,112

Mean = 0.72
SD = 0.24

Estimate (std. err.)

Global clustering coefficient
N = 951

Mean = 0.70
SD = 0.27

Estimate (std. err.)

Variable Model 1 Model 2 Model 1 Model 2

Travel time category

<30 min referent referent referent referent

30 - <60 min 0.03 (0.02)* −0.0003 (0.01) 0.02 (0.02) 0.001 (0.01)

60 - <120 min 0.11 (0.02)** 0.01 (0.01) 0.04 (0.02)* −0.01 (0.01)

120+ min 0.23 (0.03)** 0.06 (0.02)* 0.10 (0.03)* −0.06 (0.02)*

Geographic dispersion −0.09 (0.01)** −0.05 (0.01)** −0.05 (0.01)** 0.02 (0.01)*

Age at diagnosis

<55 referent referent referent referent

55 – 64 −0.02 (0.02) −0.02 (0.01)* −0.03 (0.02) 0.01 (0.01)

65 – 74 −0.04 (0.03) −0.04 (0.02)* −0.04 (0.03) 0.01 (0.02)

75+ −0.05 (0.03) −0.06 (0.02)* −0.08 (0.03)* 0.01(0.02)

Marital status

 Married referent referent referent referent

 Unmarried −0.01 (0.01) −0.004 (0.01) −0.01 (0.01) 0.003 (0.01)

 Unknown −0.09 (0.06) −0.06 (0.04) −0.01 (0.06) 0.08 (0.04)

Payer type

 Medicare referent referent referent referent

 Private insurance −0.01 (0.03) 0.005 (0.02) 0.01 (0.03) 0.02 (0.02)

 Other/unknown −0.04 (0.03) −0.02 (0.02) −0.02 (0.03) 0.02 (0.02)

Stage

 0 referent referent referent referent

 I 0.05 (0.02)* 0.04 (0.01)** 0.12 (0.02)** 0.04 (0.01)*

 II 0.03 (0.02) 0.05 (0.01)* 0.11 (0.02)** 0.03(0.01)*

 III 0.04 (0.02) 0.08 (0.02)** 0.14 (0.03)** 0.02 (0.02)

 IV −0.04 (0.04) 0.02 (0.03) 0.06 (0.05) 0.04 (0.03)

Comorbidities

 0 referent referent referent referent

 1 −0.02 (0.02) −0.001 (0.02) −0.02 (0.02) −0.001 (0.01)

 2+ −0.13 (0.01)** −0.05 (0.01)** −0.12 (0.02)** −0.02 (0.01)*

Year of diagnosis

 2011 referent referent referent referent

 2012 0.05 (0.02) 0.02 (0.01) 0.03 (0.02) −0.01 (0.01)

 2013 0.09 (0.02)** 0.02 (0.01) 0.05 (0.02)* −0.01 (0.01)

 2014 0.10 (0.02)** 0.03 (0.01) 0.06 (0.02)* −0.02 (0.01)
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Care network density
N = 1,112

Mean = 0.72
SD = 0.24

Estimate (std. err.)

Global clustering coefficient
N = 951

Mean = 0.70
SD = 0.27

Estimate (std. err.)

Variable Model 1 Model 2 Model 1 Model 2

 2015 0.18 (0.02)** 0.02 (0.02) 0.09 (0.02)** −0.02 (0.02)

Multidisciplinary care NA 0.03 (0.01)* NA 0.02 (0.01)

Number of physicians NA −0.02 (0.001)** NA 0.01 (0.001)**

Encounters per physician NA 0.01 (0.002)** NA 0.003 (0.002)

Care density NA NA NA 1.05 (0.03)**

*
p < 0.05.

**
p < 0.001.

Model 1 is adjusted for patient clinical and sociodemographic characteristics and Model 2 includes number of physicians, mean encounters per 
physician, care network density (if applicable), and an indicator for multidisciplinary care (whether the patient saw two physicians on the same day 
within 2 months of diagnosis) as additional covariates. The size of the effect can be gauged by comparing the estimate with the outcome’s standard 
deviation shown at the top. SD = standard deviation.
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