
Social Network Structures of Breast Cancer Patients and the

Contributing Role of Patient Navigators

CHRISTINE M. GUNN,a,b VICTORIA A. PARKER,b SHARON M. BAK,c NAOMI KO,d KERRIE P. NELSON,e TRACY A. BATTAGLIA
d

aEvans Department of Medicine,Women’s Health Unit, Boston University School of Medicine; bDepartment of Health Law, Policy and
Management, Boston University School of Public Health, cWomen’s Health Unit Section of General Internal Medicine, Boston University
School of Medicine and Boston Medical Center, dDepartment of Hematology and Oncology, Boston Medical Center, eDepartment of
Biostatistics, Boston University School of Public Health, Boston, Massachusetts, USA
Disclosures of potential conflicts of interest may be found at the end of this article.

Key Words. Breast cancer • Cancer health disparities • Patient navigation • Social networks • Social support

ABSTRACT

Background. Minority women in the U.S. continue to experi-
ence inferior breast cancer outcomes compared with white
women, in part due to delays in care delivery. Emerging cancer
care delivery models like patient navigation focus on social bar-
riers, but evidence demonstrating how these models increase
social capital is lacking. This pilot study describes the social net-
works of newly diagnosed breast cancer patients and explores
the contributing role of patient navigators.
Materials and Methods. Twenty-five women completed a one
hour interview about their social networks related to cancer care
support. Network metrics identified important structural attrib-
utes and influential individuals. Bivariate associations between
network metrics, type of network, and whether the network
included a navigatorweremeasured. Secondary analyses explored
associations between network structures and clinical outcomes.

Results. We identified three types of networks: kin-based, role
and/or affect-based, or heterogeneous. Network metrics did
not vary significantly by network type. There was a low preva-
lence of navigators included in the support networks (25%).
Network density scores were significantly higher in those net-
works without a navigator. Networkmetrics were not predictive
of clinical outcomes in multivariate models.
Conclusion. Patient navigators were not frequently included in
support networks, but provided distinctive types of support. If
navigators can identify patients with poorly integrated (less
dense) social networks, or who have unmet tangible support
needs, the intensity of navigation services could be tailored.
Services and systems that address gaps and variations in patient
social networks should be explored for their potential to reduce
cancer health disparities.The Oncologist 2017;22:918–924

Implications for Practice: This study used a newmethod to identify the breadth and strength of social support following a diagnosis
of breast cancer, especially examining the role of patient navigators in providing support. While navigators were only included in
one quarter of patient support networks, they did provide essential supports to some individuals. Health care providers and
systems need to better understand the contributions of social supports both within and outside of health care to design and tailor
interventions that seek to reduce health care disparities and improve cancer outcomes.

INTRODUCTION

Racial and ethnic minority women in the U.S. continue to expe-
rience inferior breast cancer outcomes compared with white
women [1]. Studies show that black and low-income women

are less likely to complete cancer treatment, suggesting health

care delivery models may not be responsive to their needs or

social context [2]. As a result, the gap in mortality rates

between advantaged and disadvantaged segments of the U.S.

population is widening [3–6]. Persistence of these disparities

cannot be attributed solely to racial differences in disease char-

acteristics. Evidence is clear that reasons for disparities are

multifactorial, arising from differences in income, education,

cultural beliefs, and social support [7, 8].
Low social capital among individuals is a known contrib-

utor to poor health outcomes, likely playing a role in racial
and ethnic health disparities [9, 10]. Social capital is the
resources imbedded in social networks that can be accessed
through ties between members [11]. Research shows that
social networks can promote participation in health care
and/or healthy behaviors [12–14]. Being socially connected
to those who can provide different types of support ensures
a stable social network [15]. There is a robust literature on
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how elements of social support like marital status, social
integration, and social network size contribute to cancer
outcomes [16–19].

Delivery models to improve disparities in cancer care and
outcomes related to increasing social capacity have been devel-
oped. One such model is patient navigation, which uses lay
health workers integrated in the healthcare team to target dis-
advantaged patients across a defined episode of cancer care
[20]. The goal of navigation is to reduce delays in care by identi-
fying and addressing patient barriers within and beyond the
health care system. Patient navigation targeting low-income,
minority patients have demonstrated an impact on receiving
timely diagnosis and initiation of care [21–26], contributing to
the widespread dissemination of navigation [27, 28]. While
patient navigation shows promise, research demonstrates that
there is variation in how navigation is practiced across the
country, including models using both lay and professional (i.e.,
nurse) navigator models [29]. In addition, research on the
impact of navigation throughout the course of treatment has
demonstrated mixed results [30]. These factors complicate the
assessment of the impact of patient navigation on individual
patients. One approach to understanding the mechanism of
effect of navigation is to explore how navigators and the health
care team are integrated into the social networks of patients to
provide support during cancer treatment. However, there is lit-
tle evidence documenting how the navigator role increases
social capital. Therefore, the purpose of this exploratory study
is to describe the social networks of newly diagnosed breast
cancer patients undergoing treatment and explore the contrib-
uting role of patient navigators.

MATERIALS AND METHODS

We implemented a social network study among a subset of
breast cancer patients enrolled in an active randomized-
controlled trial (RCT) comparing two forms of navigation. The
RCT compares clinical and patient-reported outcomes between
newly diagnosed breast cancer patients receiving institutional
standard navigation (control) versus those whose patient navi-
gator collaborates with legal advocates to address health-
related social needs (intervention). Women seeking care at an
urban, safety-net hospital with a new diagnosis of breast cancer
are approached within 30 days of diagnosis and invited to par-
ticipate in the study, randomized to receive one of the two
modes of navigation above, and participate in the collection of
survey and clinical data at diagnosis, and then 3, 6, and 12
months later. Both intervention and control navigators are lay
navigators, responsible for reaching out to patients via phone
or in person within one week of study enrollment, identifying
barriers to care, and providing referrals and resources to
address stated barriers during the course of treatment. The
intervention navigator is further trained to assess health-
related social needs and, when needed, collaborate with legal
advocates to ameliorate these barriers.

This study attempts to understand, from the patient per-
spective, who patients rely on for help in obtaining treatment,
how the navigator may be integrated into the patient support
network, and how these networks impact clinical outcomes.
Participants were eligible if they were enrolled in the parent
RCT and completed baseline surveys, spoke English or Spanish,
and agreed to an interview 3–7 months after diagnosis. Over 7

months, a convenience sample of 31 consecutive patients who
met the above criteria were invited for an in-person interview
about their social network, 25 of whom agreed (81% response
rate). Once the target sample of 25 interviews had been con-
ducted, we ceased recruitment. The interview elicited informa-
tion from the patient (“ego”) about who she relied upon for
care, advice, and support during cancer treatment [31]. Partici-
pants generated names of all of the people who made up their
social networks (“alters”) using an open-ended approach [32].
Participants then provided basic demographic and background
information about alters, described how they knew alters, and
how often they communicated with each. This interview
approach provides a more comprehensive picture of social net-
works through discussion and collects detailed information
about alters’ contributions to illness-relevant tasks, in compari-
son to the use of a structured survey [14].

Variable Specification
Social Network Analysis (SNA) allows for the nature of social
ties to vary between individuals and includes using network-
specific metrics to assess the influence of individuals within
networks. This study sought to describe patient networks using
four network metrics: density, diversity, load, and knowledge
exclusivity.

Network density measured the number of direct ties
among alters to whom the patient is connected, divided by the
number of theoretical connections possible among these ties
[32, 33]. Density essentially indicates how closely knit the sup-
port network of patients is (range: 0–1). A strength of SNA is
that it allows for the analysis of not only individuals within the
network, but also the types of support they provide. Examining
two-mode network graphics, modeling both the individuals
within the network along with the types of support (e.g., emo-
tional/moral, household, access to services), we were able to
measure diversity, load, and knowledge exclusivity.

Diversity determined the distribution of different types of
support, measuring whether support was equally distributed
across the network (range: 0–1). Load is the average number of
supports provided per person in the network. Knowledge exclu-
sivity, described here as support exclusivity, represented the
connection of alters who provided types of support that were
shared by no or few others. For example, if a spouse was the
only person in the network providing personal care and trans-
portation support, then he or shemay have the highest support
exclusivity. We identified the individual within each network
with the highest support exclusivity.

In a secondary analysis, we linked network data to treat-
ment outcomes using clinical data abstracted from the medical
record. Clinical data included the patient’s age, race, insurance,
type of cancer, stage at diagnosis, type of treatment, and dates
of treatment. The clinical outcome of time to initiation of pri-
mary cancer treatment was used as an exploratory outcome
metric. Using the date of diagnosis and the date of first treat-
ment, the number of days to initiation of treatment was calcu-
lated. We also categorized treatment as timely when initiated
within 90 days of diagnosis, as delays beyond this have been
shown to affect mortality outcomes [34].

Analysis
Relationships (“ties”) between individuals, types of support
provided, and demographics were compiled directly from
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audio-recordings independently by two trained research assis-
tants and entered into a database. Using two independent
coders to translate data from narrative to discrete variables
enhanced reliability. Any discrepancies in interpretation were
resolved through a consensus process between the principal
investigator and coders. All networks were binary, meaning ties
were considered either present and/or absent (nondirectional),
and were not weighted in the analysis.

Network analysis was conducted using ORA Net-Scenes, a
software package designed for the analysis of social network
data [35]. Preliminary analysis consisted of visualizing network
structures in ORA. Because we were interested in the types of
individuals that comprised support networks, each network
was visualized by coloring nodes by relation to the ego. We
used three broad categories of social relations: (a) kinship ties,
which included family members; (b) role-based ties, including
those connected to the ego through a specific role, such as pas-
tor or doctor; and (c) affective ties, which were relationships
based on feelings (i.e., friends) [36]. We excluded perceptual
ties, meaning, statements like “Samantha knows of Jane,” as

these were not meaningful ties when probed further. In
conducting interviews, women named groups, such as breast
cancer support groups, as a source of support. Therefore, a
fourth type of relation was added to include ties to groups.
After coloring the tie types, four members of the research team
independently examined networks for possible patterns, quali-
tatively classifying networks into typologies.

The primary analysis used network metrics generated in
ORA to quantify important structural attributes and influential
individuals using the network variables described above (den-
sity, diversity, load, and support exclusivity). Bivariate associa-
tions between network metrics and the type of network and
whether the network included a navigator were measured. A
secondary analysis explored associations between network
structures and time to initiation of cancer treatment using
Chi-Square (adjusting with Fisher’s Exact test to account for the
small sample size) or analysis of variance (with Tukey’s Studen-
tized Range), as appropriate. In order to account for the
intensity of navigation services provided, we also examined
associations between the number of contacts a navigator had

Table 1. Characteristics of study sample

Characteristics Total study population (n 5 24)

Demographics

Race and ethnicity

White, non-Hispanic, n (%) 4 (17%)

Black, n (%) 12 (50%)

Hispanic, n (%) 6 (25%)

Asian, n (%) 2 (8%)

Language

English, n (%) 19 (79%)

Spanish, n (%) 5 (21%)

Age, mean (median) [SD] 56.96 (55.0) [11.62]

Days to first cancer treatment, mean (median) [SD] 49.29 (34.0) [36.23]
range: 8–177

Navigation metrics

Documented phone contacts with navigator prior to interview, mean (median) [SD] 13.96 (10.5) [9.9]
range: 3–41

Documented in-person contacts with navigator prior to interview, mean (median) [SD] 2.25 (2) [2.13]
range: 0–7

Documented total contacts with navigator prior to interview, mean (median) [SD] 16.2 (13.5) [10.8]
range: 3–48

Network metrics

Ego network density (total density), mean (median) [SD] 0.38 (0.37) [0.12]

Diversity, mean (median) [SD] 0.90 (0.92) [0.06]

Load, mean (median) [SD] 2.23 (3.09) [0.61]

Primary network type

Kin-based, n (%) 8 (33%)

Role/affect-based, n (%) 5 (21%)

Heterogeneous, n (%) 11 (46%)

Highest support exclusivity

Family, n (%) 9 (38%)

Friend, n (%) 5 (21%)

Patient navigator, n (%) 4 (17%)

Significant other, n (%) 5 (21%)

Co-worker, n (%) 1 (4%)

920 Patient Navigators and Breast Cancer Patients

Oc AlphaMed Press 2017



with a participant prior to the interview (via phone or in per-
son) and outcomes. Statistical analyses were performed using
SAS version 9.3.

RESULTS

Twenty-four women completed social network interviews. One
interview was partially completed and excluded from further
analyses. Nineteen interviews were conducted in English and
five in Spanish. Interviews were conducted, on average, 171
days after diagnosis (range: 93–284). Table 1 displays the demo-
graphic profile of sampled women. Mean time from diagnosis
to first cancer treatment was 49.3 days (range: 8–177 days). All
participants had at least three contacts with a navigator
between the time of diagnosis and the social network
interview.

Network Types
Qualitatively examining network structures identified three
broad types, based on the predominant type of ties that com-
prised patient support networks. The network graphs in Figure
1 are examples of each network type and display the individu-
als within the patient network and the types of support pro-
vided. Kin-based networks had family members as the main
source of support during cancer treatment (Fig. 1A, n 5 8).
Role and/or affect-based networks involved women relying
mainly on friends, colleagues, and/or health care workers for

support (Fig. 1B, n 5 5). Finally, heterogeneous networks were
characterized by the presence of all three tie types, and were
often larger (Fig.1C, n 5 11).

Network Metrics
Primary analyses sought to describe the networks using four
network metrics. The boxplots (Fig. 2) display the median val-
ues (middle bar), 25th, and 27th percentile (lower and upper
bounds of boxes), and range (bars) for total density, load, and
diversity. The diamond in the box represents the mean value.

First, total network density assessed the average structural
density of networks within each qualitative network type. Kin

Figure 1. Sample patient social networks by network type.

Figure 2. Network metrics by patient network type.
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networks had the highest density at 0.46, meaning 46% of pos-
sible ties were actually connected. This is unsurprising, as we
would expect networks comprised of family members to have
more connections between alters than those made of diverse
and nonfamilial ties. However, no significant differences in
mean total density between groups were identified (p 5 .09).
Second, load was used to describe the average number of sup-
ports each person provided across the network. The average
load was 2.03 (SD5 .41) types of support per alter in kin net-
works, 2.39 (SD5 .46) in role and/or affect networks, and 2.31
(SD5 .78) in heterogeneous networks, suggesting no signifi-
cant differences across network types (p 5 .52). Diversity meas-
ured the distribution of different types of support (i.e.,
household, emotional and/or moral, personal care) within the
network, gauging whether support was equally distributed.
Diversity did not differ between network types (p 5 .33). Emo-
tional and moral support was the most common support type
mentioned across all networks and was distributed across
many members of the network.

Navigator Role
Navigators were mentioned by participants in only 6 of the 24
interviews (25%).When navigators were mentioned, they often
contributed exclusive types of support to patients. In four of
the six networks where navigators were mentioned (67%), they
represented the role with the highest support exclusivity. The
unique types of support that navigators provided included:
transportation, access to services, and help with paperwork.
Examining network metrics by the presence of a navigator
within the network, we found that only total network density
varied (p 5 .0093) between those with and without navigators
mentioned as part of their social network. The mean difference
in density was 0.137 (95% confidence interval [CI]: 0.037–
0.236) using Tukey’s Studentized Rand test, with patient net-
works without navigators mentioned displaying higher density
than those with navigators.

We further examined the relationship between number of
contacts (phone, in person) and salient network metrics (navi-
gator presence in network, density). In-person contacts with
the navigator did not significantly predict whether a navigator
was mentioned as part of the social network. The difference in
the mean number of in-person contacts between those with
and without navigators in the network was 1.89 contacts (95%
CI: 20.07, 3.85, p 5 .06). Conversely, higher numbers of phone
contacts were associated with including a navigator in one’s
network. The difference in the mean number of phone contacts
between those with and without navigators in the network
was 10.5 (95% CI: 1.76, 19.24, p 5 .02). However, this may have
been driven by outliers with very high numbers of contacts and
support provided being more likely to mention navigators
within their networks. No significant associations were found
between total network density and contacts with the navigator.

Network Metrics and Outcomes
In secondary analyses, the qualitative network types (kin, affec-
tive, heterogeneous) identified had no statistically significant
relationship with timeliness of treatment, measured dichoto-
mously (yes5 received within 90 days) (p 5 .79). Looking at
the distribution of the continuous time to treatment variable,
the data were not distributed normally. Transforming the vari-
able using the natural log resulted in a normal distribution. In a

multivariate linear regression model including age, network
type, load, density, diversity, and patient race, the model was
not statistically significant in predicting time to treatment
(Model R25 0.52, p 5 .18), nor were individual associations.
Given the small sample size and exploratory nature of these
analyses, models are likely underpowered.

DISCUSSION

This exploratory pilot study describing the social networks of
breast cancer patients and the contributing role of patient navi-
gators revealed a heterogeneity of support structures among a
diverse sample of women. Many of the participants described
emotional and moral support as the most common type of sup-
port provided, and it was often provided by many alters within
networks.We found a low prevalence of navigators included in
the support networks (25%), particularly given that all partici-
pants were assigned a patient navigator at the time of diagno-
sis. Furthermore, network density scores were higher in those
networks without a navigator, suggesting that navigators played
a larger role in supporting women with less well-integrated
social support networks.

The varying social network structures identified in this
study suggest there may be identifiable patterns of support
that contribute to patient outcomes, which our study was not
designed to identify. Others have shown that the degree to
which individuals are socially isolated or integrated contributes
to health-related quality of life measures [37, 38], treatment
choices [39], and, ultimately, mortality [40]. This study goes
beyond scaled, unidimensional measures of social isolation to
identify potential patterns of network structures and influential
types of ties. While further research is required to understand
how these network types, among others, might contribute to
outcomes, they provide a more comprehensive picture of social
support during cancer treatment.

Our findings further suggest relatively diverse types of sup-
ports are distributed across many individuals in a network.
Efforts focused narrowly on patient-caregiver dyads [41, 42]
(e.g., a spouse or adult child) may miss the broader context and
complexity of a patient’s lay caregiving team that contributes
diverse types of support. Participants in this study most fre-
quently identified emotional and/or moral support (e.g., listen-
ing, talking, comforting) as spread widely across network
members, consistent with other research in breast cancer.
Kroenke et al. (2013) found that emotional support was impor-
tant to women, but, importantly, that it only impacted social
and emotional well-being, and not physical or clinical outcomes
[37]. Tangible supports, however, were associated with physical
quality of life, particularly among women with later stage dis-
ease. These findings point to the importance of having multiple
individuals in one’s social network that can provide tangible
supports (i.e., house assistance) to help one achieve positive
health outcomes.

Prior to this study, we expected that patient navigators
would be a prominent source of such tangible support, given
their mandate is to reduce barriers to care and help women
complete cancer treatment. Our findings did not directly sup-
port this hypothesis since only one quarter of participants
included their patient navigator as a source of support during
cancer treatment. Reasons for the low prevalence of navigators
within networks are speculative, but could include participants
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having little contact with navigators, as we found a significant
association between the number of phone contacts with the
navigator and inclusion of a navigator within the network. The
small sample size precludes a more nuanced analysis of the
number and quality of navigator contacts required before a par-
ticipant includes them as part of their social support network.
Examining how the intensity of navigation services influences
perceived social support and interacts with network density is
an important area for future study.

Importantly, when navigators were mentioned, they were
often instrumental in providing a type of support that was not
included elsewhere within the network. These included sup-
ports such as transportation, access to services, or assistance
with paperwork. These types of tangible supports that facilitate
coordinating complex cancer treatments were unique to navi-
gators and valued by patients who required them, as others
have described [43]. However, further work is required to char-
acterize the interpersonal relationships formed between navi-
gators, patients, and other network members to understand
the mechanism by which navigator support can influence can-
cer care outcomes [44].

Finally, this study observed higher network density among
those networks without navigators versus those with naviga-
tors. This suggests that there may be opportunities to tailor
navigation services based on an assessment of social networks
if the health system, or navigators themselves [45], can identify
patients who may have poorly integrated (less dense) social
networks or unmet tangible support needs. If such a screening
tool could identify those with less dense networks and/or
higher social needs, navigators could target such patients ear-
lier to provide tailored services in a more efficient manner.
Alternatively, navigators could offer a less-intensive interven-
tion to those with robust social networks, ensuring the naviga-
tor’s time is focused on those with fewer social resources.
These strategies would maximize the impact of navigators by
providing additional time for those with the highest needs,
while helping to maintain a manageable case load.

This study has several limitations. Given the pilot nature of
the study, there was limited power to detect a difference in
clinical outcomes. Further, as patients were part of a larger RCT,
patients may have received a different level of navigation

depending upon which arm of the RCT they were randomized
to. Employing a qualitative, open-ended approach to eliciting
social networks was useful in identifying a broad range of social
supports, but it may have influenced who was included in net-
works. For example, we did not prompt participants to include
health care workers, including navigators, and these roles may
have not been conceptualized as part of an individual’s “social
network.” We attempted to mitigate this by asking women to
include all “people who you really count on for physical and
emotional support and/or advice with your cancer care.”
Finally, we did not assess whether the individuals and types of
support met all of patient’s needs, or whether some types of
support were lacking. Unmet needs and/or support provided
that is not aligned with patient needs are both important con-
tributors to breast cancer outcomes [46], and may have influ-
enced results.

CONCLUSION
We demonstrated the feasibility of collecting social network
data to assist in identifying the contributing role of patient navi-
gators in providing social support during breast cancer treat-
ment.While navigators were not included in all networks, they
did provide essential supports to some individuals. Further
research on understanding how navigators are integrated in to
social networks and how to tailor navigation to patient needs
shows promise. The contributions of social supports both
within and outside of health care require further attention to
better design and tailor interventions that seek to reduce
health care disparities and improve cancer outcomes.
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