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Figure 3. Geospatial layout of the prescribers of Schedule III drugs comprising of Dental Practitioners (red
circles) and other specialties (green circles) in Kentucky Pre-HBI and Post-HBI is shown in (a) and (b)
respectively. Size of a node in the above figure is proportional to its degree centrality with nodes stacked behind
one another in dense areas. (Figures were generated using Gephi, https://gephi.org/).

ior has also been attributed to universality where properties of networks are independent of their size. While
these results might provide preliminary cues, a more rigorous investigation may be required to claim power-law
behavior of PPN?*?’. In the present study, ranking the prescribers by their degree centrality in the PPN revealed
Dental Practitioners to be consistently ranked as the most connected specialty in the PPN. More importantly,
the number of dental practitioners in the PPN decreased by ~ 19% and their edges decreased by ~30% Post-HB1
relative to Pre-HB1. The degree centrality distributions of the entire PPN and those of dental practitioners were
statistically different between Pre-HBI and Post-HB1 as revealed by Wilcoxon rank-sum test (p <0.05). Tax-
onomy enrichment of the Top 5 providers, Fig. 2, in the PPN using chi-square test (a=0.05) revealed specialties
(Dental Practitioners, Emergency Medicine, Family Medicine, Internal Medicine) to be enriched Pre-HB1 and
(Dental Practitioners, Emergency Medicine, Internal Medicine) to be enriched Post-HB1. More importantly,
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Figure 4. Degree centrality distributions of prescribers in the PPN Pre-HB1 and Post-HB1 are shown in the
left and right columns respectively. A linear fit to the degree centrality distribution in the log-log scale is shown
right below the respective plots. Figures were generated using R, https://www.r-project.org/.

Family Medicine which was one of the highest prescribers of Schedule III drugs Pre-HB1 was not enriched Post-
HBI in the PPN.

PPN community structure. Rather than compare the strengths of the communities Pre-HB1 and Post-
HBI directly, the present study used random graph surrogates as internal controls. Surrogate testing of the
Schedule III PPN largest connected component resulted in S values (S=82.6>>2, Pre-HB1) and (S=48.8>>2,
Post-HBI) rejecting random graph models as potential generative mechanisms of the community structure in
the PPN. More importantly, the deviation from the random graph surrogates reflected by the magnitude of the
S values, exhibited a marked decrease from Pre-HB1 to Post-HB1.

Discussion
Prescription drug abuse is a major public health concern. A majority of existing approaches have focused on
understanding prescription counts across specific drugs, prescriber specialties and their temporal trends using
a variety of data sources. While helpful, these studies have been reductionist in nature and treat prescribers and
patients as independent entities. Recent studies have provided compelling evidence of patients seeking drugs from
multiple prescribers for non-medical purposes. These in turn demand novel approaches that rely on network
analytics for understanding patient movement patterns across prescribers. Such a system-level understanding
can assist in identifying prescriber communities and specialties for targeted surveillance. Understanding the
variations in the properties of these networks can also serve as useful tools in assessing the impact of policies.
Results in this study revealed a marked decrease in the number of Schedule III prescriptions Post-HB1
relative to Pre-HB1 in the Kentucky Medicaid population, with certain prescriber specialties such as Dental
Practitioners to be highly ranked Pre-HB1 as well as Post-HB1. As noted earlier, changes in prescription counts
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and distributional signatures of PPN Post-HB1 relative to Pre-HB1 may be an outcome of “chilling effect” that
usually accompany policy implementations. PPN visualization revealed patient-movement patterns across mul-
tiple prescribers over considerable geographical distances that decreased Post-HB1 relative to Pre-HB1. While
it is uncommon for patients to seek the same schedule prescription drug across multiple prescribers within a
single month time frame, it is possible that this may include patients having multiple asynchronous and chronic
health conditions. Findings from the present study such as the skewed degree centrality distributions in the PPN
indicate the critical role of a small number of prescribers and prescriber specialties such as dental practitioners
with very high connectivity in the PPN comprising the tail of the distribution. Skewed degree centrality distribu-
tions such as power-law distributions have been attributed to several interesting phenomena including robustness
to random attacks or random interventions®. Preliminary investigation revealed a linear trend in the log-log
plot of PPN degree centrality distribution. Since a large number of prescribers are not highly connected in the
PPN, random attacks of the PPN nodes are likely to have negligible impact whereas targeted intervention and
surveillance of the highly connected prescribers and select prescriber communities and specialties may have
profound impact on the patient movement patterns including significant fragmentation of these networks. Thus,
understanding the properties of PPN has the potential to assist in developing targeted surveillance strategies.
In the present study, Dental Practitioners had the highest degree centrality in the PPN, indicating that patients
who were prescribed Schedule III drugs by Dental Practitioners were also prescribed Schedule III drugs by other
Dental Practitioners and other prescriber specialties. Taxonomy enrichment also revealed Dental Practitioners
to be enriched in the PPN Pre-HB1 and Post-HB1 constitutively with hydrocodone-acetaminophen to be the
most prescribed Schedule III opioid analgesic.

The present study also investigated the presence of community structure in the connected component of the
PPN where it is possible to traverse from a given node to any other node in the PPN. Presence of communities
essentially reflect inherent clustering in the PPN where sub-groups of prescribers and prescriber specialties are
more densely connected to one another as opposed to the rest. Such an understanding can again assist in tar-
geted surveillance of prescriber communities. This was accomplished using overlapping community structure
detection algorithms and random graph surrogate models. Overlapping community structure detection is well
suited for the present study as it permits a prescriber to be a member of more than one community as a result of
patient movement between distinct prescriber specialties. Community structure in the given PPN was compared
to those that can be generated using random graph models that retain the degree centrality distribution of the
PPN. Rationale behind such a comparison are two folds: (1) determine whether in-silico random graph models
can prove to be useful in generating community characteristics of the PPN and (2) assess the deviation of the
properties of the PPN from those of random models using these models as internal controls since the random
graphs retain the nodes, edges and degree centrality distribution of the PPN. The surrogates also implicitly retain
characteristics such as network density given by the ratio of actual edges (e) divided by the number of possible
connections given by 2e/[n(n — 1)], where n represents the number of nodes. It is important to note that for the
PPN networks investigated in this study, the number of edges were markedly smaller than the number of possible
connections rendering the network density estimates small Pre-HB1 and Post-HBI. The S estimates (S>> 2) from
surrogate testing revealed that the community structure of the PPN were markedly different from those random
graph models rejecting these as potential generative mechanisms of PPN Pre-HB1 and Post-HB1, i.e. commu-
nity structures of the PPN may not be sufficiently explained by synthetic random graph models investigated in
the present study. However, random graphs did prove to be useful internal controls and comparing the PPN
properties to their random graph surrogates may be preferred as opposed to a direct comparison of the PPNs
at Pre-HB1 and Post-HB1 since the number of nodes and edges of the PPN are not the same at Pre-HB1 and
Post-HB1. The S estimates at Pre-HB1 was relatively higher than that of Post-HB1 indicating that the strength
of deviation of the community structure from the random graphs decreased Post-HB1. These essentially may
reflect the effectiveness of House Bill 1 in reducing the patient movement patterns. From the results presented,
understanding the patient movement patterns and objectively quantifying its changes using rigorous network-
based approaches has the potential to assess the effectiveness of policy as well as enable targeted surveillance of
prescriber communities.

There are several limitations to the present study. The cross-sectional data in this study was deliberately
restricted to a single month, since the probability of patients seeking drugs of the same schedule from multiple
prescribers within this time frame is expected to be minimal. However, incorporating explicit time stamps of the
patient movement between prescribers may assist in determining the sequence of prescription patterns across
different prescriber specialties and assess temporal evolution of PPNs. Incorporating explicit temporal informa-
tion may also assist in predicting the patient drug seeking behavior ahead of time using approaches such as link
prediction® and assist in future policy interventions. It is also important to note that the geographical distances
between the prescribers were not explicitly accommodated in the methodological approaches presented in this
study. While we present compelling evidence of characteristic variations in statistical and network characteristics
Pre-HBI and Post-HB1, these may not necessarily imply a causal association between the observed changes and
House Bill 1 implementation. The present study also assumes the PPN to be unweighted undirected graph but
it is possible to assign weights to edges when a patient seeks multiple prescriptions between pairs of prescrib-
ers. While the results are presented in a Medicaid population in Kentucky, a more comprehensive study across
distinct settings is required to establish the enhanced generalizability of the findings.
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