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Abstract

The healthcare referral system affects all points of the healthcare ecosystem — access to
care, patient satisfaction, physician utilization and healthcare costs. The state of these variables
plays a critical role in determining healthcare efficiency. In this paper we dissect the medical
referrals from primary to secondary care in Florida in 2015 and tackle them from three
perspectives — influence of physician experience in referral choice, relationship between
physician referral choice and Medicare spending, and pattern detection given different referral
windows. To accomplish our goal of identifying patterns in primary to secondary referral
mechanisms, we use Graph Neural Networks (GNN) unsupervised model to learn the vectoral
representation of our physician nodes and their properties in the network. This work provides
new discoveries on factors that influence the referral patterns and can be used to make better

decisions when aiming to improve the efficiency of referrals.
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1. Introduction

For as long as humankind exists, people have been highly focused on enhancing the quality
of life and increasing life expectancy by improving the quality of healthcare services, meaning
“any services provided by a healthcare professional, or by any individual working under the
supervision of a health care professional, that relate to— (A) the diagnosis, prevention, or
treatment of any human disease or impairment; or (B) the assessment or care of the health of
human beings.” (Legal Information Institute n.d.).

According to the World Health Organization (hereafter, WHO), to attain quality healthcare,
the services must “reduce waiting times and harmful delays”, “provide care that does not vary
in geographic location”, and “maximize the benefits of available resources and avoid waste”
(WHO n.d.). Thus, the referral system is one of the most important pillars in the healthcare
service chain that determines whether these aspects are implemented.

The healthcare system is built in a way to encourage beneficiaries to first reach out to
primary care providers and then, if needed, seek out specialist care, in this way maintaining
lower costs for the patients. The conventional paper-based referral systems are designed to
optimize the doctor's workload, maintain enough time to address patient problems, and connect
the patient to a specialist that is best equipped to approach his needs on time. Through GNN
and clustering, our results showed that lower submitted charges are related to a higher number
of interactions with different physicians, thus with a wider network. Furthermore, the region
that was more representative of this cluster showed lower healthcare spending and higher care
quality measures. In conclusion, it appears that higher quality, lower submitted charges and
lower healthcare spending are related to having a wider network.

Regretfully, the real-world referral system bypasses the optimal scenario, with certain
physicians being overthrown by too many patients, and having little time to address their needs,

resulting in untimely and inefficient care. A crucial aspect in the referral system and for primary



care providers is the possibility that they disregard the staff’s availability and, instead, refer the
patient to a specialist that they are familiar with. We believe manual-based referrals may be
prone to biases, and through this work project we will analyze this hypothesis by considering
the healthcare outcomes and physicians’ referrals. Given that physicians seem to make more
referrals to physicians of similar experience level, the experience seems to influence physician
referral choice. Nevertheless, the extent to which experience has an impact is unclear, because,
given information of experience, the extracted embeddings do not seem to have a clear
structure.

Physician cooperation is the practice of doctors working together to offer the best possible
treatment for their patients. This can take numerous forms, such as consulting with other doctors
on a case, exchanging information and skills, or collaborating on research. Collaboration is an
important component of the medical sector because it allows doctors to combine their talents
and knowledge to deliver the best possible treatment for their patients. This physician
collaboration can take place both in the short and long term. In the short term, doctors may
collaborate on a specific case or patient, working together to diagnose and treat a particular
medical condition, thus it is important. Our results depict the existence of pattern differences
when comparing 30-day referrals and 90-day referrals.

This work project is structured as follows: Section 2 consists of a literature review regarding
previous studies on the topic. Section 3 will provide details on the data considered for this
research. Section 4 will specify the methodology followed by this study. The following sections
focus on addressing business questions. Section 5 will compare the patterns between different
referrals windows given physician specialties. Section 6 will attempt to explain the relationship
between Medicare spending, primary care quality and physician referrals. Section 7 will aim to
infer the experience significance in primary care physician referral choice. Finally, sections 8

and 9 will provide final remarks, conclusion and discussion.



2. Literature Review
2.1 Previous work on healthcare referrals

According to Md Abu Bashar et al. (2019), referrals in healthcare is an ever-changing
process in which a healthcare representative, driven by a lack of resources such as skills, passes
on the management of a certain clinical condition to a better-equipped healthcare worker. The
mentioned referral process, oftentimes held as a measure to determine the performance of the
health system, is deemed effective when it is constructed to ensure that individuals receive the
best possible care and that all levels of health care maintain a close relationship (Prof. Ali
Akbari-Sari 2021).

Beyond theoretical definitions of how a sound healthcare system is supposed to function,
society is struck with grim health statistics. According to 2020 Health OECD data, the United
States had 238 deaths per 100,000 thousand population that could have been avoided if the
patient had received proper care. Behind these numbers lie overworked and exhausted doctors
and patients experiencing long waits resulting in curable diseases becoming untreatable. All
these factors are a result of a faulty functioning referral system and can be tuned to best serve
the giving and receiving ends of healthcare services.

The basis of this work is to understand the driving forces of the referral system by examining
previous research, conducting novel analysis to obtain insights, and be able to provide
competent recommendations on how this imperative process could be improved to optimize
healthcare operations.

A handful of research has been conducted to examine the United States referral system and
the components that influence it. Chuankai An et al. (2017) in their work emphasize the
importance of a well-designed referral system for resources to flow efficiently in the healthcare
ecosystem. The author highlights three causes driving primary care doctors to refer a patient to

a specialist, which, sub sequentially, determine the quality and price of care: “(1) seeking advice



on a diagnosis or treatment (52.1%), (2) requesting surgical management (37.8%), and (3)
asking the specialist to directly manage the patient (25.1%)” (Chuankai An et al. 2017, 2).
Employing the 2009 — 2015 data from Medicare, the authors measure their network structure
by comparing it to three traditional baseline models: Erdos-Renyi (ER) random network (the
null model), small-world network characterized by a higher clustering coefficient and network
homophily, and core-periphery structure (measured using the Gini coefficient) that contains a
“core” of closely connected nodes and a “periphery”, which includes vertices linked loosely to
the core and one another. The authors found that the physician’s networks exhibit both, core-
periphery and small network structures; the latter suggests that doctor networks are suitable for
spreading innovations and passing on knowledge and information.

Conventionally social networks unveil the so-called friendship paradox, which implies that
people are more likely to form friendships with individuals that are already friends with more
people. These networks seem to follow a power-degree distribution, which means that some
individuals are “hubs” of the network and have a vast number of connections, while most
individuals in the network have very few connections. Intuitively, the doctor’s network could
adhere to a similar structure, as there might be physicians that are in a sense more “popular”
and, hence, receive and make more referrals. Chuankai An et al. (2017) found that indeed the
doctor’s network follows a power law, with an outdegree distribution having a more robust
inclination than the indegree, meaning that certain doctors conduct more referrals than others.

The inclination of some doctors to conduct more referrals is a key factor to understand. A
study by Peter Franks et al. (2000) of United Stated and United Kingdom found that family care
to specialist referral rates ranged from 5% to 60% per year, which affects patient access to
specialists. They examined the deviations of primary care to specialist’s referral rates and
factors that affect it using 1995 claims data that indicated whether a patient was referred or not.

Although factors, such as reimbursement, time pressure, and clinical problems were found to



account for minor variations, physicians with a bigger fear of malpractice or higher
specialization were more likely to refer their patients.

Extending beyond the decision of whether to refer a patient, Kraig S. Kinchen et al. (2004)
studied how PC doctors choose the specialist. By running a cross-sectional survey, the authors
report that respondents find medical skill, previous experience with the specialist, and patient’s
insurance coverage to be of high relevancy. The latter often leads to family doctors having little
information on whether the specialist would provide the best care for the patient.

“Birds of a feather flock together” - an idiom used to express the nature of social networks
where beings tend to form connections with others of similar type and personality represents
an idea that might resemble the physician network. This is what is known under Network
Analysis as homophily. Although ideally, physicians build ties with other physicians for patient
referrals and clinical advice (Michael L Barnett et al. 2011), associations between doctors tend
to be affected by other aspects as well (Bruce E. Landon et al. 2012).

Bruce E. Landon et al. (2012) in their work employs U.S. Medicare data (2006) on shared
patients among physicians and draw attention to doctor traits, such as sex, age, location of
practice, the intensity of care (using Episode Treatment Group (ETG) software), and overall
differences in network features across 51 hospital referral regions (HRRs). After employing a
multivariable regression model, the authors’ findings suggest that doctors are used to share
patients with other providers with similar personal traits; for instance, more than 65% of pairs
between doctors were male-male, the average difference in age between those with ties (11.5
years) was smaller than those without (12.5 years), and 96% of unconnected physician pairs did
not work in the same hospital (c. 31% of connected physician pairs were from the same
hospitals). Additionally, physicians with ties had closer geographic proximity (mean of 13.2

miles for connected pairs versus 24.2 miles for unconnected pairs) and alike practice intensity
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estimated by ETGs. Similar patient characteristics were also shared between connected
physicians, including patient age, race, and complexity of the clinical issues.

Previous work in the field of network analysis has been developed for the healthcare
industry, leading to successful applications to investigate physician referral networks, “advice
networks, and the diffusion of information among physicians” (Barnett et al. 2011). The further
motivation behind previous work in this area has been focused on healthcare efficiency,
including hospital costs, treatment quality, and patient needs. By analyzing the network, these
studies extracted information about possible gaps in the system's efficacy. For example, Barnett
et al (2011) evaluated how the patient-sharing networks of doctors contributed to the expenses
and intensity of care delivered by United States hospitals by studying physician-based
networks. They concluded that the network structure was strongly associated with Medicare
spending and care patterns. Another finding was that hospitals with doctors who have a higher
number of connections have also higher costs and more intensive care; hospitals with primary
care-centered networks have lower costs and care intensity.

An et al. (2018) decided to carry out an in-depth study of the United States network by
considering only patients with cardiological conditions. Through the analysis of metrics such
as local clustering coefficient, betweenness, closeness, eigenvector, and PageRank centralities
and the core-periphery score, as well as node embeddings features such as their position in the
network, they concluded that physicians send patients to other physicians that have many
“common connected neighbors in the national referral network™ (An et al. 2018, 22). This
supports the hypothesis that physician position within the network influences their level of
popularity, being that those with more common neighbors would be reached out more often.
Through their research, An et al. (2018) considered that it would be beneficial for hospitals to
grasp the discoveries for several reasons. First, whenever a new treatment is approved, if

hospitals are aware of the first physicians and hospitals that adopt it, they could extract key
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metrics from their network that could possibly contribute to a similar level of success and
popularity. Moreover, by implementing Machine Learning algorithms on their data, they were
able to isolate the key factors in predicting referral paths characteristics, “such as the time gap
between two visits on the referral path and the total RVUs of all physicians’ endeavors.” (An
et al. 2018, 22).

Yet, other studies give more emphasis on the patient’s development to understand
physicians’ social networks. Herrin et al. (2019) focused on claim data from breast cancer
patients to “develop an empiric approach for evaluating the performance of physician peer
groups” (Herrin 2019). This approach was based on social network analyses to understand the
existing relationships between physicians and how that could impact the patient’s health.

“Physician-to-physician referrals are the currency of day-to-day transactions in medicine”
(New York Times 2009). Although instinctively we think of referrals as a process driven to best
serve the patient’s need or influenced by the doctor's skills, studies show that referrals are often
made based on friendships. This work will extend the existing research by incorporating
physician features such as location and specialty whilst studying the latest (2015) Medicare data
available with the aim of understanding the physicians’ network structure and how could it be
shaped to best serve the healthcare system.

2.2. Graph Embeddings and Graph Neural Networks

Regarding the Artificial Intelligence area, some advances have been made in the field of
graphs and Machine Learning. Neural networks have been one of the most efficient types of
models for prediction and classification tasks. Similarly, GNN can repeat these tasks on nodes
and edges as primary subjects. Especially in the healthcare field, GNNs would allow us to
deeply understand the physician referral network, extract network metrics and predict links,
classify nodes, or determine the efficiency of the network within the healthcare system. This is

done with the generation of graph embeddings. The methodology of graph embeddings has
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been explored by previous studies (Grover and Leskovec 2016; Perozzi et al. 2014; Ribeiro et
al. 2017; Tang et al. 2015), where they aimed to extract each node’s information and position
within the network as a low-dimensional vector. Thus, they proposed embedding mechanisms
where this information gets transformed and used afterward as input features for other Machine
Learning models — logistic regression, and decision trees, among others.

As expected, different graph embedding mechanisms have been proposed. Random-walk
based methods were proposed with the goal of generating random node paths and, with such,
learning more about the node’s position regarding the overall network. (Yue et al. 2020). More
specifically, given a starting node, this mechanism will move from the starting point to a
random neighbor, and then repeat the process until it has a node sequence. One of the first
algorithms proposed for this operation was DeepWalk (Perozzi et al. 2014), which provides
information regarding the local structure by truncating the random walks. Node2vec (Grover
and Leskovec 2016) accommodates a biased random walk that is considered more flexible
because it incorporates several types of samplings to generate the node sequences. Moreover,
Struc2vec (Ribeiro, Savarese, and Figueiredo 2017) is another framework proposed that differs
from the Node2vec regarding the meaning of the produced representations. While Node2vec
tries to represent nearby nodes in a similar way, Struc2vec focuses on the role that each node
plays within a network. As a result, nodes that are far apart may have similar representations.
This is done by applying DeepWalk to a multi-layer weighted graph, where layer k is
parameterized considering the k-hop neighborhoods of the nodes. Attri2vec (Zhang et al. 2019)
implements DeepWalk and Struc2vec to learn node representations, with the difference that it
performs either linear or non-linear mapping on the nodes’ attributes.

Hamilton, Ying, and Leskovec (2017) introduced the GraphSAGE framework, where they
developed a function to extract node attributes - node degrees, features - by sampling a

neighborhood and then aggregating feature information from neighbors. This methodology
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primarily considers the local node neighborhood information, besides the node features, and
transforms it into a new, lower-level space. The main difference of this framework from the
rest is that it is inductive, which means that it has a higher probability to be generalizable and
achieve better performance on previously unseen data.

2.3.Applied GNN in Healthcare

Some studies have included GNN-based methodologies to apply solutions to the healthcare
sector. Liu et al. (2020) implemented GNN algorithms to predict patients’ prescriptions for the
next period. Because this was considered both a temporary and spatial problem, they
implemented a novel hybrid method of GNN and Recurrent Neural Networks (RNN), where
the RNN considers the patient sequence representation, and the GNN the graph that matches
different medical events to their according prescriptions.

Other studies have considered the GCN for the medical domain. Choi et al. (2017) proposed
a Graph-based Attention Model (GRAM), where they used electronic health records (EHR) to
predict sequential diagnoses. When compared to RNN, GRAM outperformed accuracy by 10%
in the task of predicting rarely observed diseases, helping the medical community to extract
“medical concept representations from the graph of medical ontology knowledge” (Choi et al.
2017). Ma et al. (2018) classified the drug-drug interaction (DDI) problem as a graph task,
where they were able to classify each graph using GCN.

GNNs have the potential to not only state that the current healthcare system is not efficient,
but to model what links might be best to improve either the patient’s medical services quality
or healthcare efficiency, reducing costs. However, this area of research is still relatively recent
and has not been deeply explored. Thus, little research has been focused on physician referral
patterns represented through GNNs. To improve healthcare efficiency, mostly network analyses

considering social network theory have been considered. Hence, our goal is to extract the
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benefits of GNNs for their implementation in this field and provide insights at the patient,
physician, and hospital levels.

3. Data

3.1.Data Collection and Understanding

In this paper, we study the components that form the network links between physicians and
depict the rationale behind medical referrals in the US healthcare system by employing the
Centers for Medicare & Medicaid Services (hereafter, CMS) patient referral dataset. This
Medicare data includes information on when the same patient is reported as receiving care from
two distinct doctors within a specific timeframe, between the years 2009 and 2015, spaced out
across 30-, 60-, 90-, and 180-day periods. This project utilizes the latest data available (2015)
for the 30-day period, which has about 34 million record count (CMS 2021).

According to the data dictionary provided by the CMS, the National Provider Identifier
(NPI) is "a unique identification number for covered health care providers" (Centers for
Medicare & Medicaid Services n.d.). The data contains two columns of NPIs, the first of which
is labeled as the “Initial Physician NPI” (NPI 1) and the second as the “Secondary Physician
NPI” (NPI 2). The referral dataset does not assure that doctor A referred to doctor B, meaning
that for each pairing of NPI 1 and NPI 2, the same patient visited both doctors in that order
within the 30-day period. For the analysis, we selected the referrals from primary care (NPI 1)
(family practice, internal medicine, pediatric medicine, geriatric medicine, general practice,
obstetrics/gynecology, and preventive medicine) to specialists (NPI 2) because patients usually
go through primary care provider as their first option, and as such this person might determine
how fast the patients reach their final specialist required for their diagnosis. Furthermore,
constructing a GNN with fewer connections will allow an easier extraction of information from
the nodes and the reduction of noise and edges. The data also includes a shared count of the

patients for each pair, allowing for a deeper understanding of the providers with the greatest
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number of connections. This relationship is extracted from all the Medicare claims filed
between each of the periods. For instance, if a patient is listed under two claims from different
physicians within each of the periods mentioned, these physicians will have an additional
patient summed to the shared count in the referral dataset.

Besides this data set, we extracted additional data that contains physicians’ features from
the 2015 Medicare Physician & Other Practitioners - by Provider report from the Centers for
Medicare & Medicaid Service (Centers for Medicare & Medicaid Services Data). This way, we
would be able to study the factors that affect referrals. The NPI column, which serves as the
connection between the two data sources, is included in this dataset along with numerous doctor
profiling features — making a total of 73 columns in the data set —, including first and last name,
gender, city, specialty, and others, as well as the characteristics of their beneficiaries (e.g.,
average age, the proportion of men and women, number of distinct races, etc.).

3.2. Data Curation
Regarding the subset of the data that we chose, we considered only those physicians with
practice locations set in Florida. This way, we will only study intra-state referrals. Moreover,
we considered only those referrals who shared over 100 patients within that month to enable
the measurement of the shared patients among healthcare providers by focusing on the group
that interacts most frequently. The two main reasons why we chose Florida as our study set is:
1. Medicare data include patients that are 65+ and “Florida had the highest percentage of
its population age 65 and over among states in 2015 (19.4 percent)” (United States
Census Bureau 2016).

2. Geographically, Florida is a unique state given that is only contiguous to Georgia and
Alabama in the north, thus we would be able to minimize the interactions of patients

from out-of-state, those being more common in areas such as the Midwest.
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After considering this subset, we disregarded features that are not relevant or whose data
was missing. There is a difference in the number of distinct healthcare providers, where the
features’ dataset as 15,448 unique NPIs and the referral dataset 15,439 unique NPIs. Only those
physicians that are present in both datasets (15,439) will be used. This resulted in a directed
referral network where each node will be represented by a healthcare expert and the edges will
be their referrals, hence there will be 15,439 nodes and 67,480 edges.

Depending on the business question that each study described before aims to answer,
different features will be curated and explained accordingly. To illustrate the output of the
model, we will use gender as the input feature and visualize the embeddings considering this
attribute. Therefore, to satisfy the requirement for the algorithm to have a numerical input, we
transformed the gender feature Rndrng Prvdr Gndr into a binary column.
3.3.Exploratory Data Analysis
3.3.1. Overview of physician’s attributes

Some further analysis was done to help interpret the data, such as calculating the proportion
of male and female users per amount of service. The results revealed that male doctors
outnumbered female doctors by a difference of 75% to 25%. To obtain a general overview of
the doctor's attributes, in the following part we analyzed:

1. Frequency of specialties per primary and secondary care;

2. The secondary care specialties that provided the highest average of services

3. Average services provided by specialty and gender;

4. Number of beneficiaries per specialty;

5. Total submitted charges and total Medicare paid amount by specialty.

Family practice, internal medicine, and general practice are the most frequent primary care
physician in the data set, whereas cardiology, nurse practitioner, and diagnostic radiology are

the specialties with the highest number of appearances. The secondary care specialties with the
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highest average services provided are hematology/oncology followed by medical oncology

(Figure 3.1).
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Figure 3-1. Top 10 specialties ordered by average services provided by secondary care

By observing the top 10 specialties with highest average of services provided by specialty
and gender (Figure 3.2) we can see that females seem to, on average, provide a wider amount
of services. However, we might need to interpret this result cautiously given that the number of

female physicians per specialties is frequently lower, making the average higher.
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Figure 3-2. Average services provided by specialty and gender
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When filtering specialties by the total number of beneficiaries, there seems to be a stronger

demand for diagnostic radiology, cardiology, and pulmonary disease (Figure 3.3).
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Figure 3-3. Number of Beneficiaries per Specialty

Looking closer at the specialties and the finance variables, the top 3 specialties that had the
highest submitted charges, as well as the highest Medicare paid amount were
hematology/oncology, medical oncology and radiation oncology.

3.3.2. Referral Analysis

The referral dataset from 2015 contains the National Provider Identifier (NPI) of the
physician that refers and the physician that receives those referrals. However, to represent the
number of times that this instance occurs between two distinct physicians, the “Shared Count”
column is provided. We calculated that 75% of these connections between physicians have no
more than 248 referrals within the timeframe under study (30 days). The pair of physicians with
the most shared count referrals have 11,085, where the primary care provider is a general
practice physician, and the specialist is a psychiatrist. The second pair had 9,998 referrals shared
from internal medicine to nephrology, and the third pair had 9,863 referrals shared from internal
medicine to pathology. Yet, to look from a more general perspective, we grouped physicians
by specialty, and calculated the average referral count. Some findings include that geriatric
medicine, pediatric medicine, and preventive medicine are among the specialties that make

more referrals. Occupational therapists, hematology, and nurse practitioners are among the

19



specialties that receive the most referrals on average. However, given the way that we subset
our dataset, it is important to note that referrals made from Secondary care specialties were not
considered, as well as those made to primary care providers. Lastly, the primary care provider's
gender with the highest referral count was male. On the contrary, the secondary care physician's

gender with most referrals, on average, was female.

3.3.3. Network Analysis
3.3.3.1. Centrality Measures

The centrality measures are also referred to as social network analysis since they are
fundamental in depicting how the graphs work by evaluating the importance of the physicians
on the overall network. Thus, this paper will use degree and eigenvector centralities to study
the doctors’ influence on the rest of the community. Because our network only consists of
primary care referrals to specialists, and all the referrals within secondary care specialists were
excluded, we will not analyze the closeness or betweenness centralities.

Closeness centrality aims to measure how close the nodes are to one another. A node is
deemed key in this scenario if its distances from other nodes are shorter, which means that
doctors may more eagerly refer patients to these nearby nodes than to the ones further away.
However, because we have a directed graph, the only paths that exist contain two nodes — the
primary care provider and the specialist. As a result, there are no distances longer than one
referral in our graph. This impacts directly the insights that we could obtain from the closeness
centralities; thus, we will not consider it.

The betweenness centrality is another well-known centrality metric. This metric, rather than
just counting the number of edges a particular node has, measures how many times a node
appears in the shortest path since a node would only be deemed important in this scenario. This

measure is used to determine who affects the network's flow the most, showing which nodes
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are acting as "bridges" in the process. As mentioned before, because there are no differences
between our shortest paths, this measure would be irrelevant to our network analysis.

For the rest of the analysis, we used networkx library with the following functions:
in_degree centrality, out_degree centrality, and eigenvector centrality.

One of the social network metrics investigated in this research is degree centrality, which
is used to identify the most popular nodes. This centrality purely considers the number of
referrals held by each physician and assigns a significance score to them. Because we are
utilizing a directed graph in this case, it is vital to distinguish between in-degree and out-
degree, and as the names imply, they assess the number of recommendations received by or
supplied by a doctor, respectively. These scores will then translate how many ties there are from
node to node, with higher values corresponding to doctors who have more connections than the
norm. This measure is typically used to detect highly connected nodes as well as the most
popular ones — “individuals who are likely to hold most information or individuals who can

quickly connect with the wider network™ (Disney 2022).

Figure 3-4. Nodes and edges from the 97.5th quantile of the top 50 In-Degree Scores (right)
and Out-Degree Scores (left)

Figure 3.4 shows the 97.5th quantile of the top 50 scorers' nodes and edges - this constraint
in the data will be present in the following figures concerning the centrality measures. This
allows us to detect a denser presence of nodes in the center of the plots, most likely the primary

care physicians, and dispersed nodes around, that might represent the secondary care
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physicians. We noticed that the in-degree and out-degree bulk of red dots (top physicians'
scorers) are different, meaning that the physicians with the highest in-degree score will have 0
out-degree scores, and vice-versa. Since the secondary care physicians are the ones that receive
the referral, it would only make sense for them to have the highest in-degree scores; so when
we look at the specialties scorers, we see that the prevalent ones are diagnostic radiology,
cardiology, and pulmonary disease. On the other hand, internal medicine, and family practice
show a clearer commonality on the out-degree top scorers. Finally, most of the greater out-
degree scorers are located in either Orlando, or Winter Park, whereas the in-degree scorers, are
most common in Fort Myers, Panama City, and Tampa.

The eigenvector measure shows the significance of a particular node given its links to other
significant nodes. As a result, it takes into account how many connections a node has overall in
the network as well as how highly rated its neighbors are (meaning, how many connections its
connections have). Therefore, it is clear that doctors with higher eigen scores contribute more
to the network as a whole and have a greater influence on the referral system, and that their
connections likewise have higher scores (since the main high-degree node has a strong
influence on them). Furthermore, this social network measure is excellent for depicting
distances between nodes depending on their similarity, allowing for greater flexibility over how
much effect the features will have when assigning weights. As a result, we used the number of
referrals between each physician pairing as the weights to determine their relationships and

contributions.

Figure 3-5. Nodes and edges from the 97.5th quantile of the Eigenvector Scores
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The doctors with higher scores are dispersed in the graph, as we can observe from the
representation in Figure 3.5 above. The specialties shown in red are the ones that have a bigger
impact on the network and are similar to the in-degree centrality top scorers — diagnostic
radiology, pulmonary disease, and infectious disease, however, the highest scorer is a
nephrologist. In this case, the new NPIs with better ratings have an overall greater number of
female beneficiaries than male beneficiaries. Furthermore, as expected, these specialties with
higher eigenvector scores would have a 0 out-degree score and a higher in-degree score.
3.3.3.2. Shortest Path

For our network analysis, some of the relevant features to calculate will be the average path
length and number of connected components. This allow us to study the graph structure before
we apply our GNN model. The shortest path from node A to node B is defined as the path of
minimal length between these two nodes. Because of our graph structure, we decided to make
our graph undirected for the following part of the analysis since this could provide information
regarding how long the chain of connections is between primary care providers and specialists.

To calculate the shortest paths of a graph, different algorithms may be implemented. We
used the metworkx library shortest path function, along with its default method, which
implements Dijkstra’s algorithm (Dijkstra 1959). Similarly, a network's average path length is
the average shortest distance between two nodes of the graph. In other words, the average path
length is the average of the previously mentioned shortest paths of the graph. This algorithm
will consider every node of the graph as a source node. However, because our graph contains
more than one connected component, which will be reviewed in the Connected Components
and Connectivity section, the distance between two nodes from different components will be
infinite and will not be defined. As a result, we calculated the average path length on the largest

connected component. The distance found was 7.58 as the average shortest path length.

23



According to Perez and Germon (2016), a low average path length 1 is where | ~ In n. In
our graph, In n = 9.64. Thus, our average path length is low. This metric is considered a metric
of efficiency regarding how information flows through the network, where a low average path
length indicates information is not spread throughout the network, and a high one represents
that even “outliers” receive information. However, our graph provides more information about
the possibility of physicians knowing one another based on referrals. Another metric used to
evaluate distances in the graph is the diameter, defined as the maximum eccentricity. The
eccentricity is the maximum distance from source node A to all other target nodes B. The
diameter of our network, undirected, is 19. This indicates that there is one chain of connections
where node A and node B have, at least, 18 other physicians that they could potentially reach
in social circumstances. This shows how long the connection is between specialists referred by
the same primary care provider or between those that have referred their patients to the same
specialist. Thus, specialists that share the same primary care providers would be connected by
the primary care provider, and primary care providers that have been referred to the same
specialist would also be connected between them.
3.3.3.3 Connected Components and Connectivity

In a directed graph, we can find either weakly and/or strongly connected components. A
weakly connected component is a subgraph where each node can be reached by another in any
direction, that is, the source node A can reach the target node B, or vice versa, but not
necessarily source node B could reach source node A, or vice versa. Thus, as long as the nodes
are part of a component in any direction, they are part of a weakly connected component of the
graph.

Intuitively, a strongly connected component is a subgraph where every source node A can
reach target node B, but also every source node B can reach target node A. Thus, they are

connected in both directions. It is unlikely, but possible, that a direct graph itself is strongly
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connected - meaning the graph has one strongly connected component, conformed by all nodes.
In direct acyclic graphs, there are no strongly connected components, given the nature of their
cycle. Because our data does not contain any edge where a specialist would refer patients to
any physician, our graph would not contain any strongly connected component.

In an undirected graph, a connected component is a subgraph where each node can be
reached by another - they are connected. Hence, a graph where this structure is presented has
only one connected component. However, if there are cases where a pair of connected nodes
cannot be reached by another, then there is more than one connected component within the
network. In real-life networks, it is common to find one considerably big, connected
component, and many other small ones. In our network, we have a total of 188 connected
components, with the largest one having a size of 14,987 nodes - approximately 97% of the
total nodes in the network.
3.3.3.4.Type of Network
3.3.3.4.1. Erdés—Rényi

Comparing the physician’s network to other baseline graph models allows us to infer the
properties of the studied network. We begin by comparing our network to Erdos-Renyi (ER)
random graph model, which possesses properties such as binomial degree distribution, low
variation in node degrees, and low clustering coefficient. The main idea behind the ER model

is that each connection, i.e., edge, is equally likely to be present or absent, regardless of other
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Figure 3-6. The degree distribution of nodes. Degree distribution of physicians’ network
(x axis limited to 70) (left) and degree distribution of ER random network (right)
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edges (Fienberg, Stephen E. 2012). Nevertheless, real-work networks rarely form at random
and usually, the presence or absence of one connection does impact the state of the other.

First, when observing the network degree distribution plot, the shape of the histogram
resembles the power law distribution with an average degree of 9, in contrast to ER graph that
follows a binomial distribution (Figure 3.6). This implies that a small number of doctors give
and receive many more referrals, while the majority of doctors have fewer connections (Figure
3.6). Nevertheless, degrees might follow different types of distribution, which we will test in
the following parts of the paper.

Second, the physician network node degree variance is c. 1.4, which is a low variation of
node degrees. Last, the average clustering coefficient of the physician network is 0; a clustering
coefficient of 1 would mean that all doctors and their neighbors know each other, however,
since our study comprises primary to secondary care referrals, there are no physician
connections that form “triangles”, i.e. physician’s neighbors are connected.

The physician network structure seems to follow the properties of the Erdos Renyi graph
and therefore, it has a random network structure. The power-law degree distribution is a
characteristic of a scale-free structure.
3.3.3.4.2. Scale Free Network Analysis

Scale-free networks are characterized by having a node degree distribution that follows a
power law. That is, networks with a power-law degree distribution will be composed of a
majority of nodes with very few connections (degree), and with only a few nodes that have a
high number of connections - known as hubs. These types of networks have been studied and
real-life examples include the World Wide Web (hereafter, WWW) and the research citation
network. Other social networks are considered to be scale-free as well, but there has been some

debate regarding whether they are truly scale-free (Broido, A. D., & Clauset, A. 2019).
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Barabasi and Albert (1999) studied for the first time the power-law degree distribution in
networks. They argue that the scale-free structure of real-life networks was based on two
distinct characteristics that were being missed by other studies on random networks. These
networks were always considering a fixed number of nodes N for the random graph generator.
As we know, the WWW or the citation network are graphs that grow constantly, a condition of
these types of networks that had not been included within network science studies beforehand.

As mentioned earlier, random graph models assumed that the probability of a node
connecting to another node was independent of the node degree for the graph to be "random".
However, Barabasi and Albert argue that most networks display what is known as preferential
attachment - the phenomenon where nodes would have a higher probability to connect to other
nodes based on their degree. For example, it is common in the research citation network that
papers cite already known and popular papers, usually cited already by many others, rather than
those that are barely known and/or recently published. Similarly, on the WWW, a blog is more

likely to contain hyperlinks to well-known websites rather than less popular ones.
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Figure 3-7. Distribution of Node Linkages. Log-log plot of Physician referral network (right)
and random network (left)

These two distinct characteristics are known as growth and preferential attachment, and the
Barabasi-Albert model displays a scale-free network containing these two characteristics.
For the purposes of our study, we plotted a histogram with the node degree distribution,

along with a log-log plot of the number of nodes by their degree to evaluate whether it follows
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a power-law distribution based on the linearity of the plot. This intuition is based on the idea
that, if the probability P that a node will connect to another one depending on the degree k;
hence Pk, follows a power law, by plotting Pk as a function of degree k on a log-log scale, a
straight line of slope —a should be seen on the plot. While the node degree histogram seems to
follow a power-law distribution, the log-log plot does not, given that there is no straight line as
expected. However, because of the imprecise nature of estimating by visualization, we decided
to implement the python package power law to statistically evaluate whether our distribution
falls under a power law. We compared a random scale-free generated graph by networkx’s
scale free graph function with our graph to test if it was considered a power law or exponential
distribution. For this test, the log-likelihood ratio of the two distributions’ fit to the data is
considered. While our graph showed more similarity to a power law distribution, the
significance of this test was not high enough, with a p-value of 0.07. In contrast, the random
scale-free graph showed a significance value of 0.001.

In conclusion, there is debate on whether social networks are truly scale-free, and that might
be the case in ours. This means that while there are very few nodes with many connections and
most nodes with very few connections, our node degree distribution might not be all explained
by a power-law distribution. In other words, the physician referral pattern is not entirely scale-
free.
3.3.3.4.3 Small world

Small-world networks were first designed to address and construct networks akin to real-
world networks. This form of the graph allows non-related physicians to be linked in a social
world setting since the majority of nodes in its graphs are not neighbors but are easily reachable
by a minimal number of hops. The Watts-Strogatz mechanism is the primary process for
constructing small-world networks. The clustering coefficient and the average shortest path

length are the two structural properties considered in this sort of network, with Watts-Strogatz
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arguing that the model should have a high coefficient as well as a short average path. Thus, if
we take one physician as an example, a high average of the clustering coefficient indicates that
its neighbors are connected, implying that its contacts are acquainted with each other.
Chuankai An et al. (2017) in their work emphasize that the small world network "is defined
as a network with greater than expected local connectivity and average path length smaller than
expected in a comparable ER random network". To determine whether this referral system is a
small world network, we can compare the clustering coefficient and the shortest path length of
the data being used with a random Erdos-Renyi graph. To generate the random graph the same
number of nodes as the current network (15,439) and a probability of 0.0006 are used. If we
consider p as the average degree of the physicians in the network and n as the number of nodes,

we can calculate the probability as follows:

After computing both graphs, we notice a significant difference in the clustering coefficient,
with the random graph one being about 0.006 and the referrals network one being 0. The results
found for the shortest path were 7.58 for the random Erdos-Renyi and 2.56 for the patient
referral. Hence, it is possible to say that the network explored in this paper does not present
characteristics of a small world network.

4. Methodology

Given that our goal is to extract the network structure and to explore whether any feature
shows relevance over one another when it comes to patient referrals, we decided to implement
a Graph Neural Network (GNN) unsupervised method to extract node embeddings. In short, a
GNN follows the same steps as a Neural Network, with the exception that each layer uses a
multilayer perceptron (MLP) on each one of the components of a graph. The goal of this process

is to retrieve a learned node vector, known as node embeddings. Thus, for each node, we have
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a vector with its representation. These layers are then stacked together, following the same
Neural Network structure.

In terms of GNN predictive power, there are three distinct tasks that it can accomplish: node
classification, link prediction, and graph classification. As a regular data classification task, if
we wanted to predict a node label from a graph, this could be accomplished through a GNN. If
needed for the problem, a regression task could also be used by adjusting properly the activation
functions used.

Given that we want to extract meaningful insights that explain the referral patterns from
Medicare patients in the US, we decided to implement a GNN unsupervised algorithm -
GraphSAGE. We are implementing an unsupervised method because we are investigating
whether there are clearly defined physician clusters that might affect the healthcare system's
efficiency. This hypothesis would be confirmed if, after feeding the model, physicians that
have similar embeddings with each other also have similar features.

Thus, we followed some steps to best achieve this project's purpose results. Firstly, we will
define the features that would be used to answer the proposed business question in each specific
question. After understanding the hypothesis and the features choices, we train an unsupervised
GraphSAGE network as a way of obtaining the physicians' network simply through their
features. Afterwards, we train a model to extract node embeddings as a method of capturing
network topology, implying that doctors may be encoded as vectors using similarity.
Furthermore, we reduce node embeddings dimensionality through t-SNE and UMAP to
facilitate the 2D visualization of the patterns on the doctors’ characteristics. The following steps
included finetuning the model to get a perception of the best hyperparameters for it. Finally,
with the k-means algorithm from the sci-kit learn library we defined clusters to extract insight

results for the hypothesis.
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4.1. Feature Selection

As referred above, the paper uses Medicare Physician & Other Practitioners - by Provider
(2015) dataset that contains 73 different physician features to infer any patterns among
connected doctors. Each section dedicated to solving a certain business question employs
features that are suitable to approach the problem. Some of these features in subsequence
sections are not included in the physicians features data set and are obtained from additional
sources which will more deeply explained in the respective sections.

Besides the 30-day referral dataset, section 5, will also make use of the 90-day referrals
time window dataset from the Medicare data, as a resource for the pattern comparison. Features
such as the physician’s specialties and percentages per disease will be key assets to answer this
hypothesis. Section 6 will consider the total charges that the provider submitted for all services,
the Medicare allowed amount for all provider services, and the total amount that Medicare paid
after deductible and coinsurance amounts have been deducted for all the provider's line-item
services (Centers for Medicare & Medicaid Services Data 2020). Moreover, it will factor into
the analysis the average submitted charges per beneficiary, average Medicare paid amount after
deductions, per beneficiary, and average submitted charges per service provided.

The primary goal of Section 7 is to infer how referral patterns are impacted by physician
experience. Thus, it also includes physician experience, which is represented by Provider
Enumeration Date from CMS NPI Files (NPI files)
4.2.GraphSAGE and Node Embeddings

The GraphSAGE algorithm was introduced by Hamilton, Ying, and Leskovec (2017), and
is considered a distinctive algorithm from the rest of deep-walk-based algorithms because it is
an inductive framework. In other words, it does not only consider the graph structure but is also
capable of learning from rich attribute networks. GraphSAGE generates low-dimensional

representations for each node of the graph, and after training, it can also generate these
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embeddings on not seen data (Leskovec n.d.). As mentioned in the StellarGraph documentation,
GraphSAGE's objective is: "Given a graph, learn embeddings of the nodes using only the graph
structure and the node features, without using any known node class labels" (Node
representation learning with GraphSAGE and UnsupervisedSampler). For the unsupervised
GraphSAGE model, both types of nodes are generated, "positive" and "negative." These are
generated based on the random walks that are considered by the algorithm and adjusted by the
user. The two main aspects that would define these random walks are the number of random
walks that the model would learn from each node, and the length of the walk, hence, the number
of "hops" from the root node. Thus, the "positive" nodes are those that co-occur in the same
random walk of the graph, and the "negative" ones are randomly selected from the graph. As a
result, whenever a randomly selected node co-occurs within the same random walk, it is labeled
as positive. This way, the model learns the nodes' information of its attributes and local
neighborhood, retrieving a vector representation of the node characteristics within the graph.
The hyperparameters of the algorithm that we considered for analysis were the number of
random walks, the walk length, the minibatch size, the layer size, and the number of samples
considered for each layer. The extracted embeddings are then plotted with different
visualization techniques discussed in the next subsection.

After training and fitting the model, we generate the mapping of the nodes pairing, meaning
that each physician node was turned into a low-dimensional space, allowing us (when
visualizing) to extract meaningful insights based on their similarities.

4.3. Dimensionality Reduction

Regarding visualizations, before plotting the networks we used both t-SNE and UMAP to
help with the high dimensionality of the data set and to reduce the number of random features
to a 2D array of main variables. The dimensionality reduction is regularly used to better

understand and interpret the data by simplifying it, and given that the data used is multi-
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dimensional, it is wiser to reduce it to a lower dimension, to make possible the visualization
and insights extraction.

The t-SNE algorithm allows to separate data that is nonlinear — cannot be separated by a
straight line — and so it “models the probability distribution of neighbors around each point.”
(Hoare, How t-SNE works and Dimensionality Reduction). As a result, it is an effective tool
for interpreting high-dimensional sets such as this one. This study, on the other hand, leverages
the UMAP technique, which uses the same ideas as t-SNE and is a powerful tool for visualizing
large data sets. They both compute the distances between nodes and their neighbors and ensure
that these distances are similar when the data is changed into a 2D space. In contrast, t-SNE
converts a high-dimensional graph to low-dimensional space, whereas UMAP condenses the
graph, which means that the UMAP tool rather than measuring it point by point, does not make
a thorough estimation of the graph. This is valuable given that it will translate into a more
accurate exhibition of the overall network.

In the end, when plotting both of the tools previously explained, the nodes of the same color
will be expectantly clustered together, indicating a higher similarity of the embeddings.
4.4.Model iteration and Fine Tuning

Even though this research relies on the Unsupervised Sampler for modeling, finetuning its
hyperparameters is still indispensable due to the lack of a target variable. As a consequence,
based on the findings of the first model, the hyperparameters will be manually adjusted to
improve accuracy and reduce loss. Several iterations must be tried and minor adjustments need
to be made to some parameters to better understand their impact on the overall referral network.
However, it is crucial to note that the learning rate will be constant - Adam rate of 1e-3 - as well
as the regularization - L2, and always including a bias term. This L2 regularization is chosen
over L1 regularization because, in this situation, we require a parameter that works with

codependent features rather than performing feature selection.
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The Sigmoid function entails exponential computing, implying that it is more advantageous
for large networks, and because accuracy is the measure of predictions when the true value
equals the predicted, it is expected to be consistently high. The loss function, which accounts
for the sum of all errors produced for each sample, is also supposed to decrease as the binary
accuracy increases. ReLU differs from Sigmoid in that it does not activate all of its neurons at
the same time, making this function less time-demanding and computationally easier.
4.5.Clustering methods

The K-Means was first mentioned by Hugo Steinhaus (1950), which evolved into an
iterative process that is made up of “partitioning a set of n objects into K > 2 clusters, such that
the objects in a cluster are similar to each other and are different from those in other clusters”

(Ortega et al 2019). The steps for the k-means algorithm can be found in Figure 4.1.
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Figure 4-1. K-Means algorithm explained'
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This clustering approach is based on a centroid-based algorithm, where the purpose is to
discover data points that are closer together, in this case, to better classify and understand
physicians. Thus, rather than pre-defined categories, K-Means classifies unlabeled data based
on their features. It is crucial to understand what is the ideal number of clusters given the
business problem. This number can be found using the elbow method, which works "as a cutoff
point in mathematical optimization to decide at which point the diminishing returns are no
longer worth the additional cost" (Sharma 2022). Thus, the number of clusters where the elbow
bends is the optimal K. On another note, we can use the silhouette score that accounts for both
inter and intra-cluster distances to evaluate the quality of the clusters created. This score ranges
between -1 and 1, where 1 is the best value, representing that the data points within the cluster
are close to one another and distant from the other clusters, and 0 indicates that there is an
overlap of the clusters.

Two of the main disadvantages of K-Means clustering are that it is not robust against
outliers given that it is based on the average, a metric highly affected when data contains too
much noise and outliers; and that the center of the cluster does not necessarily represent a real
data point from the dataset. As will be seen in the individual sections, some distributions of the
data used as the input for the model follow right-skewed distribution, where many data points
are closer to 0 and few data points contain high values. This difference is reflected when looking
at the averages vs. the medians of each of the variables in consideration.

As such, some business questions would need to implement a different clustering algorithm
that is more robust to outliers so that the output results are more precise. For this, an option is
the K-Medoids clustering algorithm. This name was first given by Leonard Kaufman and Peter
Rousseeuw through the Partitioning Around Medoids algorithm (Kaufman and Rousseeuw
1990). We will implement K-Medoids by using the sci-kit learn extra cluster library. As

explained in sci-kit learn documentation, “KMedoids tries to minimize the sum of distances

35



between each point and the medoid of its cluster. The medoid is a data point (unlike the
centroid) which has the least total distance to the other members of its cluster” (“Clustering
with K-Medoids and Common-Nearest-Neighbors"). Thus, K-Medoids selects a real data point
as the cluster center from the cluster based on who is the closest to the other members of the
shared cluster. This is a particularly useful feature since, in practical terms, this data point
represents the leading characteristics of this cluster and is worth considering for further
investigation.

In terms of the algorithm used to determine cluster assignment, we will consider the default
method from sci-kit learn, the "Alternate Method" (“Clustering with K-Medoids and Common-
Nearest-Neighbors"). The alternate method works as follows. It will initialize with a K number
of medoids, a method that depends on the approach selected in the init parameter (heuristic,
random, or kmedoids++). Then, it will assign each data point to the closest medoid. This is
followed by the update step, where it is reconsidered the medoid of the cluster and selected a
new one. Lastly, this process iterates until there are no more changes regarding what data points

are the medoids or until a user-specified maximum number of iterations is attained.

4.6.Example of Model Output

To get a glimpse of the output achieved through node embedding extraction, purely for the
sake of illustration, we fitted the model with the feature that classified whether the physician
was male or female (model loss: 0.6958, binary accuracy: 0.5593). Reducing the dimensionality
using t-SNE and UMAP allowed us to obtain a visualization of our node embeddings (Figure
4.2). As depicted in Figure 4.2, the red embeddings represent female physicians, and the blue
embedding represents male physicians. At first glance it seems uncomplicated to conclude that
red embeddings cluster on the top left and are closer to each other, indicating that females are
either close to each other within the network or represent similar roles regarding overall graph

structure. To be precise, representing a similar role within the graph structure can be explained
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with a similar example: if doctor A has made a total of 10 referrals, the referrals were made to
5 different doctors, resulting in an average number of referrals per patient of 2, and doctor B
has the same average referral per patient count, then these doctors are said to represent a similar
role within the graph structure. Similarly, blue embeddings cluster together that forces the same
inference about male physicians.

Nevertheless, it is difficult to infer any actual clusters from the node embeddings, therefore,
we use a K-means clustering method that groups or divides the features into clusters and
minimizes cluster variance. With a silhouette score of 0.5, we obtain that our optimal number
of clusters is 2. The proportion of male-to-female physicians was higher in cluster 0 - 90% male
and 10% female. Cluster 1 comprised 52% male and 48% female physicians. Cluster 0 hints

that male physicians in that cluster prefer to refer to male physicians.

TSNE visualization of GraphSAGE embeddings for Physician Referrals dataset UMAP visualization of GraphSAGE embeddings for Physician Referrals dataset
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Figure 4-2. TSNE visualization of GraphSAGE embeddings. Dimensionality reduced using
TSNE (left) and UMAP (right) methods
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5. Exploring the Relationship Between Physician Experience and Primary to
Secondary Care Physician Referral Patterns

5.1. Introduction

Primary care specialists are regarded as gatekeepers that enable patients’ access to
secondary care and, in turn, determine the utilization of specialists and expenditure on health.
One of the fundamental components of primary care is the referral system, driven by the
primary care physician’s judgment of whether the patient needs other level of care and to what
physician to refer. The key component is understanding what drives the physician’s judgment
to make a certain clinical decision. Intuitively, these clinical decisions should be patient-
focused and consider the availability of specialists. However, as discussed in previous sections,
primary care physicians frequently refer patients to specialists other than to solely serve their
needs, but rather because they are accustomed to a certain specialist (Landon et al. 2012).

The impact of many factors influencing primary care physician choice has been explored
by numerous studies, but the foundation of referral patterns has not yet been fully revealed.

In this study, we will look at another component—experience—and examine its relationship
with primary care physician referral choices.
5.2. Related Work
5.2.1. Influence of experience in physician decision making and resources

In their work, Lawton et al (2019) examine whether physicians that have more experience
are less risk-averse and make decisions faster. Clinical decisions are said to be made either
logically or influenced by feeling (Lawton et al. 2019). Physicians that draw on their experience
spend less time and resources when making a diagnostic decision. Conversely, less experienced
doctors are more deliberate and make slower actions. Using a cross-sectional study, the authors
evaluate doctors’ experience and action choices by asking them to rank the extent to which they

agree with different management options for a certain patient’s case. The authors found that
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experience and tolerance for uncertainty have a strong association and although physicians do
become more tolerant of ambiguity as they gain experience, other factors also have an impact
on how they manage patient cases. All in all, the authors found evident that, in contrast to
experienced physicians, less experienced doctors are more uncertain and react by indulging in
excessive ordering of tests, unconscious biases leading to diagnostic errors and increased
admission of patients.
5.2.2. Homophily in physician networks

The importance of social networks within professional communities has been thoroughly
examined in the literature on healthcare management. One example is Mascia et al (2015) work
that adds to the topic by including the feature of years in practice. The authors research how
physicians are found to be clustered with highly similar members in a setting where
standardization of healthcare processes can be achieved only through doctors collaborating with
different doctors. The authors observe the difference between institutional and professional
settings. The authors discuss that physicians find it easier to trust and communicate with similar
doctors, however, the prosperity of homophily reduces the dissemination of ideas, rules, and
medical regimens. Encouraging engagement among different professionals is a crucial factor
when aiming to achieve “integration and standardization of healthcare processes” (Mascia et
al. 2015). The authors conducted a cross-sectional SNA study and considered the frequency of
collaboration as a strength of the physician ties. Among different explanatory variables such as
age and gender, the authors additionally considered whether similarity in seniority, that is years
in practice, predicted professional ties. The results displayed a high correlation for the feature
that captured the years since graduation, with authors arguing that it might indicate “that
attending university during the same time span can influence the similarity of physicians’
mental models, blueprints, and schemata, which can later affect partner selection within hospital

organizations” (Mascia et al. 2015). Overall, the study concludes that homophily plays a role
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in the development of relationships inside healthcare institutions. The findings are in line with
numerous pieces of research conducted in different contexts that have also discovered that
homophily has a significant impact on physician relationships.

5.3. Hypothesis formulation

The experience sought to influence the referral decision-making in many ways. For
example, physicians with added years of practice and ‘case experience’ manage to tap into their
knowledge reservoir in order to notice pertinent cues and identify a reasonable course of action
that will require less time and effort to implement decisions (Lawton et al. 2019). This allows
them to accelerate patient turnover and economize health facility resources. On the other hand,
physicians with less practice tend to show less confidence when faced with a complex case,
citing a lack of knowledge or confusion about how to apply their knowledge (Benner et al. n.d.).
These physicians tend to take slower action to determine clinical measures and require greater
intervention, that is, they order more diagnostic tests and procedures. The intolerance of
uncertainty for junior doctors is time-consuming for patients, pressuring for specialists, and
costly for healthcare facilities.

Given the context, experienced physicians might instinctively opt to refer their patients to
experienced physicians rather than inexperienced ones. On top of that, sharing similar years of
practice increases the chances that the two doctors have worked before (Mascia et al. 2015) -
they might have graduated the same year or run in close social circles.

All things considered, there are multiple reasons to expect experience homophily within the
physician network and so accordingly, this brings to the hypothesis tested in this section:

Hypothesis: physician networks exhibit experience homophily, i.e. primary care physicians

prefer to refer patients to secondary care doctors of the same experience level.

In general, this section will concentrate on observing the difference in physician

characteristics and referral patterns under distinct experience levels.
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5.4. Materials and methods
5.4.1. Data collection and preprocessing

The inputs this section employs consist of the 30-day referral data from primary to
secondary care in Florida and respective physician features retrieved from the Centers for
Medicare & Medicaid Services data for 2015. To carry out the analysis and hypothesis testing,
we add a feature that embodies the physician’s experience obtained from the CMS NPI Files
(NPI files), which is represented by the Provider Enumeration Date. According to the NPI
registry, the Provider Enumeration Date is the Date the NPI was assigned (npiregistry.cms).
The Provider Enumeration Date ranges from 2005 because the final rule adopting the NPI was
published in 2004 (U.S. Dept. of Health & Human Services). The availability of data is until
2022, however, we chose to use entries until 2015 to match the referral period this paper
employs.

The NPI Enumeration Date is not the medical license issuance date, however, physicians
that wish to accept Medicare and other health plan payments need to have an NPI, therefore,
they aim to obtain the NPI as soon as they obtain their license. Hence, to classify whether a
doctor has more or fewer years of experience, we use the NPI Enumeration Date, which we

presume to be an accurate depiction of the physician's experience level.
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Figure 5-1. Distribution of Provider Enumarion Date over the selected year range
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It is important to note that this attribute is skewed because doctors who were licensed before
the rule's adoption rushed to get their NPI numbers, which led to more entries in 2015 and 2016
as seen in Figure 7.1.

We then categorize the data into the following levels:

1) Entry-level physicians defined by Provider Enumeration Date in ranges from 2013-

2015;

2) Intermediary level physicians defined by dates from 2008 until 2012;

3) Expert-level physicians defined by dates from 2005 until 2007. These dates encompass
the physicians that obtained their license in 2005-2007 and those that obtained it earlier,
therefore this category of physicians have more than 10 years of experience.

5.4.2. Exploratory data analysis

We began with the exploration of our data. After sectioning the experience attribute, the
fraction of physicians in experienced, intermediary, and entry levels are 83%, 14%, and 2%,
respectively.

As previous studies mention the prevalence of gender homophily in physician networks, it
1s useful to understand the gender distribution at each level of experience. The experienced and
entry-level physicians had the highest proportion of male physicians, 80% and 72%,
respectively. That is because the most common specialties in experience and entry-level sets
are internal medicine, cardiology, and diagnostic radiology, all of which are dominated by men
(up to 90% are male doctors in our dataset) (Palikuca 2018). A variant finding is the more
balanced gender distribution in the intermediary level - 54% male and 45% female doctors. The
difference arises because the top two specialist types in the intermediary level are Nurse
Practitioners and Physician Assistants, which are dominated by females (90% of Nurse

Practitioners and 66% of Physician Assistants are females). This is consistent with an increase
y
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in nursing graduates in the United States between 2009 and 2012 compared to the other two
periods (OECD, Nursing graduates).

Physicians may also choose to refer more patients to doctors in a particular experience level
simply because other levels lack certain specialists. The most in-demand specialties to which
primary care physicians sent the most beneficiaries to are Diagnostic Radiology (33.9%),
Cardiology (16.9%), Pulmonary Disease (6.6%), and Nurse Practitioners (6.2%); more than
90% of physicians in the first three specialties and 43.7% of nursing specialists are categorized
as experienced.

An additional factor that can affect referrals is patient characteristics - “older, more
comorbid patients may preferentially be referred to more experienced” physicians (Dossa et al.
2022). Although the oldest patients and beneficiaries with the highest risk scores are handled
by experienced physicians, entry-level physician patients average age and risk score is higher
on average. Additionally, higher experience correlates negatively with the average risk score of
beneficiaries.

Lastly, we discovered a minor but positive correlation (0.2) between the experience of
connected doctors, implying a possible tendency for physicians to connect with their
experience-level physicians.

5.5. Methodology
5.5.1. Referral homophily

We first looked at measures of homophily to see if the experience of secondary care
specialist had any effect on the referral decision of the primary care specialist. To examine
homophily, we followed the strategy provided by Dossa et al. (2022) - we contrasted the
proportion of referrals from experienced primary care physicians that were made to experienced
secondary care specialists to the proportion of experienced secondary care specialists. When

the proportion of referrals from experienced primary care doctors to experienced secondary
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care physicians was larger than the population proportion of experienced secondary care
physicians, then the homophily was regarded as present. Likewise, we investigated the extent
of homophily among intermediary and entry-level physicians. Because we have skewed data,
we used Mann-Whitney U test, which hypothesizes that there are no differences between
sample groups.

5.5.2. Graph Neural Networks

Our objective is to observe patterns that emerge given the attribute of physician experience.
We incorporate the experience feature into the unsupervised model discussed in earlier sections.
We fine-tune the model by experimenting with different combinations of epochs, the number
of walks and batch sizes to decrease the loss function.

Afterwards, we apply the TSNE and UMAP dimensionality reduction methods to extract
the node embeddings and represent them in a low-dimensional vector. Although TSNE uses a
probabilistic method and UMAP uses a combination of local neighbourhood information to
generate the node embeddings, both techniques can offer helpful insights into the relationships
between nodes in a network. The structure of node embeddings is learned from each node and
its neighbours.

We use k-means for clustering and Silhouette Score and Visualizer to determine the optimal
number of clusters. The Silhouette Visualizer measures whether the samples were assigned to
the correct clusters given the number of clusters determined by the Silhouette Score. In general,
k-means can be a useful tool for examining the structure of a network based on node
embeddings. For instance, the number of clusters obtained can provide a rough estimate of
communities within the network or indicate some connection between the nodes that are

grouped together.
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5.6.  Results
5.6.1. Distribution of referrals

A total of 5,318 primary care physicians made 16,468,582 referrals, of which 89% were to
experienced (population of 84%), 10% to intermediary (population of 13%), and 1% to entry-
level (population of 3%) secondary care physicians.

The overview of referral patterns is displayed in figure 5.2.
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to experienced (top), intermediary (bottom left), and entry-level (bottom right) secondary care
physicians

Experienced physicians received the largest proportion of patients from all experience-level

physicians (experienced 87%, intermediary 86%, entry-level 84%, p<0.000). Both intermediary

and entry-level physicians were mostly under referred (referrals made to intermediary by:

experienced 11%, intermediary 12%, entry-level 14%, p<0.000; referrals made to entry-level:

experienced 2%, intermediary 2%, entry-level 2%, p<0.000), on the grounds that the proportion

of referrals received by each level physician was less than the proportion population of
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respective physicians, except entry-level primary care referrals to intermediary secondary care
physicians.
5.6.2. Model and embeddings

The goal of the model was to use experience as a node attribute to understand the
relationship between physician experience and their referral patterns in Florida. We tested a
combination of different parameters in order to decrease the loss and increase the accuracy of
the model. Given computing power constraints and time limitations, for the parameters tested,

the final model chosen had loss: 0.7326 and binary accuracy: 0.5121.
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Figure 5-1. Extraction of node embeddings using TSNE and UMAP (right). Top graph is
colored using the feature “experience” (red - experienced, green - intermediary, blue - entry-
level), and bottom graph colored based on gender

Furthermore, the node embeddings produced from the model with the chosen

hyperparameters are extracted using TSNE (left) and UMAP (right) methods and presented in
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Figure 7.3. Ultimately, the proximity of nodes in node embeddings reflects the similarity of the
relationships between the nodes in the underlying network. The top graphs are colored based
on experience level and the bottom colored based on gender. As seen from the graphs, given
the experience feature, the node embeddings do not have a structure that is visually clusterable.
Nevertheless, physician nodes seem to be positioned closer to other nodes that represent
physicians of the same experience level, represented by nodes of the same color being closer to
each other. The same could not be inferred from colorings based on gender - the separation of
female and male physician groupings is less obvious, however, some same-gender clusters can
be observed on the right in the UMAP graph. Overall, given the lack of structure of the
embeddings, it is likely that experience is not enough to explain physician referral patterns.
5.6.3. Clustering

We assemble the embeddings into an optimal number of 4 clusters, determined by the elbow
method. Our Silhouette score, which measures how well nodes are distributed was 0.6.
(Appendix 3 — Figure 1).

Clusters 0 and 3 seems to consist solely of experienced (100%) physicians. In contrast,
cluster 2 seems to not contain any experienced physicians and includes intermediary (85%) and
entry-level (15%) doctors. Cluster 1 seems to hold experienced (97%) and intermediary (3%)
physicians. The gender distribution was the same in clusters 0, 2, and 3, with proportions of
80% male and 20% female physicians. Cluster 1 consisted of an equal proportion of male and
female physicians. Although previous studies find gender per se as an important factor in
referrals, given our case with the context of experience, gender does not seem to be a good
differentiator. This might be because of the nature of our data, which is heavily skewed toward

male physicians.
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5.7. Conclusion

The findings discussed above tend to support the significance of physician experience level
for the referral system. Experienced primary care doctors seem to refer a greater proportion
(compared to the population) of patients to experienced secondary care doctors. These doctors
are also more likely to be part of clusters containing almost exclusively experienced doctors.
There could be a few possible explanations for these findings. One reason experienced doctors
may want to refer to other experienced physicians is because doing so can save time and
resources. Patients may also be more likely to be assigned to experienced doctors because they
may have a wider range of specialized skills and knowledge. Another possibility could be that
the segment of experienced physicians may contain a greater variety of in-demand specialties
than the other two segments. Lastly, experienced doctors may have established relationships
with other doctors, which can make them more likely to refer patients to each other. The
findings for intermediary and entry-level physicians are more ambiguous - almost all of these
physicians seem to be placed together in a cluster, which goes in line with the result that entry-
level physicians are more likely to prefer intermediary physicians. However, intermediary
physicians seem to refer a higher proportion of their patients to experienced physicians.

Given findings discussed above, we cannot reject the hypothesis that the physician network
exhibits homophily given experience, since experienced seem to prefer experienced, and less
experienced seem to prefer less experienced. However, the extent to which experience has an
impact is not obvious. There are some factors that were not taken into account for this study
but could affect the referrals, such as physician's relationship with the specialist, quality of care
provided by specialist, type of diseases and availability of specialists capable to address these
diseases, and the geographic proximity of the physicians in ties. Hence, the extent of experience
impact and the mentioned factors could be addressed in future works. This paper could be useful

for healthcare organizations when assigning doctors to different patient cases to ensure
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collaboration of physicians with different experience levels to guarantee the diffusion of
information and standardization of healthcare procedures.
6. Discussion

Given that referral is a human-based decision, our work is motivated by exploring if there
are any biases affecting them. Physician referrals that are unnecessarily burdensome affect the
efficiency and cost of the healthcare system. Our research analyzes these overlooked problems.

In this study we dissected the physician referral network for 2015 from Florida. In Section
5, we analyze different referral periods to uncover whether there are any significant differences
when considering specialties. Our belief is that there might be differences in specialists
collaboration in different timeframes, since there might be changes in the healthcare system
that our data cannot control for. Yet, it is also possible that healthcare specialists have different
patterns of collaboration based on their area of expertise explaining specialty-based findings.
Additionally, chronic diseases may affect physician collaboration since long-term medical
conditions require constant check-ups. Thus, various healthcare specialists may require
cooperating in a way that is unique for patients with these type of diseases. For Section 6 we
considered multiple financial variables from the physicians, such as submitted charges per
patient and Medicare payments. Besides, we factored into this analysis the Medicare
reimbursement rates, as well as PC access and quality measures for each HRR, considering that
demographic factors are likely to intervene. The motivation was to uncover if any relationship
exists between physician referrals and Medicare spending. Findings showed that physician
submitted charges and their referral patterns are related to Medicare spending, PC access and
quality measures of the region. However, given the unsupervised nature of our study, we are
not able to conclude in what way variables affect one another. For Section 7, we explore the
relationship between experience and physician referral patterns. Understanding this relationship

is useful in identifying barriers to establish effective referrals and collaboration between
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physicians. Experienced physicians are responsible for passing information and practice
experience to their younger counterparts, however, they might prefer to refer to an experienced
specialist because the latter may have more experienced or an established relationship that eases
collaboration. Policymakers, educators, and healthcare organizations may find this information
to be useful in developing plans and solutions to help doctors raise the standard of care and
identify possible disparities in the healthcare system.

Concerning limitations, our work was based on the referral dataset from 2015 based on
Medicare claims. As a result, physicians that were involved in the study were Medicare
participants with claims from Medicare enrollees, and do not represent the overall population.
Additionally, we acknowledge that each state may behave differently and results may not be
applicable to a national level. Moreover, the number of referrals considered for the analysis
were based on the assumption that if a patient visits two providers within our period of study,
it would count as referral. This issue arises from the inability to disclaim patient records.
Moreover, HRR-level rates may be too broad of a metric to understand primary care access and
healthcare quality, with the possibility that more local metrics would add precision to our
analysis. Similarly, factors such as education, race, population levels and income specific to the
area of study have not been included.

Since we were limited regarding computing processing power, future work with appropriate
equipment should explore the algorithms considered and reach a solution close to optimal.
Further areas could be integrated into the study, especially states that are markedly different
with one another. Additionally, access to patient claims data would provide more precision into
the analysis. Regarding GNNs, a comparison of performance across other GNNs such as
attri2vec, node2vec (etc.) would provide more insights and robustness to our findings.

Overall, the paper provides useful insights for healthcare organizations to improve

collaboration between physicians and develop strategies to improve patient care. By better
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understanding referral practices of primary care specialists, organizations can improve

coordination of care.
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Appendices

Appendix 1 —Experience Impact on Primary to Secondary Care Referral Patterns

Figure 1. Silhouette Coefficient for each cluster
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Figure 2. Silhouette Plot of Kmeans Clustering for 15,439 Samples in 4 Centers
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Table 1. Information per cluster
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Metric Cluster 0 Cluster 1 Cluster 2 Cluster 3
% of Experienced Physicians 100% 97% - 100%
% of Intermediary Physicians - 3% 85% -
% of Entry-level Physicians - - 15% -
% of Male physicians 79% 81% 50% 79%
% of Primary Care 40% 31% 38% 29%
Average referrals made 3,015 4,833 2,649 1,755
Average referrals received 1,329 2,857 1,398 901
Average beneficiary age 74 74 74 75
Average unique physicians
interacted with (by PC) 13 18 12 8
Unique physicians interacted 6 12 5 4

with (by SC)
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