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Abstract: Background: As patients interact with a healthcare service system, patterns of service
utilization (PSUs) emerge. These PSUs are embedded in the sparse high-dimensional space of
longitudinal cross-continuum health service encounter data. Once extracted, PSUs can provide quality
assurance/quality improvement (QA /QI) efforts with the information required to optimize service
system structures and functions. This may improve outcomes for complex patients with chronic
diseases. Method: Working with longitudinal cross-continuum encounter data from a regional health
service system, various pattern detection analyses were conducted, employing (1) graph community
detection algorithms, (2) natural language processing (NLP) clustering, and (3) a hybrid NLP-graph
method. Result: These approaches produced similar PSUs, as determined from a clinical perspective
by clinical subject matter experts and service system operations experts. Conclusions: The similarity
in the results provides validation for the methodologies. Moreover, the results stress the need to
engage with clinical or service system operations experts, both in providing the taxonomies and
ontologies of the service system, the cohort definitions, and determining the level of granularity that
produces the most clinically meaningful results. Finally, the uniqueness of each approach provides
an opportunity to take advantage of the various analytical capabilities that each approach brings,
which will be further explored in our future research.

Keywords: clinical pathways; clinical practice guideline; clustering; decision support; electronic
healthcare; graph community detection; health information management; health service system;
machine learning algorithms; natural language processing

1. Introduction
1.1. Clinical Practice Guidelines, Clinical Pathways, and Services Pathways

The intent of this work is to extract useful information from data that have been accu-
mulating in clinical information systems in order to optimize service system structure and
function on behalf of patients contending with chronic/complex diseases. To achieve this,
three constructs will be considered, including (1) generic clinical practice guidelines (CPGs),
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(2) idealized clinical pathways for those CPGs within a local service system, and (3) real-world
cohort-specific service pathways located within local service system encounter data. For this
study, we employ various machine learning (ML) methods to identify real-world service
pathways in cross-continuum (i.e., across all services) longitudinal encounter data.

Clinical practice guidelines (CPGs) are evidence-informed recommendations intended
to optimize patient care [1]. They consist of structured sequences of clinical interventions [1].
These generic guidelines are disease-class-specific but service-system-agnostic. As an
example, CPGs for chronic diseases such as heart failure [2] provide evidence-based support
for branching arrays of decisions that are keyed to the patient’s clinical, functional, or
behavioral status. Clinical pathways, on the other hand, translate generic service system-
agnostic CPGs into idealized local service-system-specific terms. As patients interact with
a healthcare service system, patterns of service utilization (PSUs) emerge [3]. Hence, real-
world service pathways consist of cohort-specific predictable recurring PSUs that take place
within a local service system.

Perfect conformance of PSUs and of idealized service pathways is conditional upon an
array of counterfactual conditions, for example an adequate supply of affordable services,
and accessibility for all members of at-risk or clinically impacted populations. In the
real world, pathways tracked by persons across the continuum of services are subject to
the influence of at least four sets of potent factors: (1) factors attributable to the service
system (e.g., limited capacity) [4]; (2) stigma associated with disease (e.g., addictions) [5-7];
(3) impacts arising from disease pathophysiology (e.g., difficult-to-predict emergence of
comorbidities) [8]; and (4) patient factors that may impact treatment effectiveness and limit
capacity to initiate and sustain requisite levels of service system engagement as a disease
progresses [9-11]. The combined effect of these factors is real-world cohorts tracking to
service pathways that may be positioned in the health service space at some distance from
the idealized clinical pathways keyed to CPGs.

From this vantage point, the construct “quality” may be defined operationally in
terms of the distance between idealized clinical pathways and real-world PSUs that are
etched into the service terrain by cohorts of patients. If (1) PSUs are to be used to measure
conformance of practice to complexly structured CPGs, and (2) those PSUs are based on
machine learning methods applied to large volumes of variable-quality transactional data
extracted from real-world transactional clinical information systems, then an organization
using those PSUs to assure or improve quality must have confidence that they provide an
accurate view of the local service system operations. This paper describes a method for
supplying that assurance by applying three machine learning methods to those data and
generating results that are directly comparable between methods.

1.2. Use of Graph Analytics for Healthcare Data

Numerous graph or network algorithms and methods have been applied to health-
relevant data in recent years to examine diverse systems, including intracellular processes
that relate clinical signs and symptoms to pathophysiological mechanisms [12], online
social networks [13], biological networks [14], disease networks [15], and others. Moreover,
a large body of work in the areas of disease, treatment, and health service system operations
has been built upon graph analytics [16]. Examples include the following: (1) support-
ing medical predictive tasks such as discovering unknown disease associations for drug
repositioning or comprehending disease progression [17,18]; (2) promoting drug discovery
and molecular mechanism exploration in bioinformatics [18]; (3) improving critical care
prediction [19]; (4) supporting diagnosis prediction, patient clinical outcome prediction,
and readmission prediction [20]; (5) detecting patterns of care for patients [21]; and (6) ex-
ploring, analyzing, and understanding patterns in community referrals for elderly patients,
and their use of multiple services through data visualization [22].

Node clustering is a topic that has garnered a great deal of attention in the field of
graph computation [23,24]. In the context of graph analytics, clusters are often called
communities. Many algorithms and methods with which to discover communities have
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been proposed. Some focus on the performance and some on the quality of the result. Here,
quality means whether the partition of the nodes among the communities makes sense
from the experts’ point of view. Well-known clustering algorithms include Fast-Greedy [25],
Edge-Betweenness [25], Leading-Eigen [26], and Louvain [27].

The work conducted in [3] found that the Louvain algorithm often produces the most
interpretable results. Nevertheless, while conducting some analysis in [3], we discovered is-
sues with the Louvain method that prompted a modification to the procedure. In particular,
Louvain is constrained by its resolution; given a graph, the smallest cluster or community
that can be detected is bounded from below by the size of the graph; the larger the graph,
the larger this minimum size.

1.3. Use of NLP in Analyzing Healthcare Data

Natural language processing (NLP) is a major branch of machine learning (ML). In
recent years, NLP tools have been used extensively in healthcare as a method for extracting
clinically meaningfully coded data from free text. Examples include (1) effective knowl-
edge extraction from patient records using NLP [28,29], (2) extraction of symptoms from
unstructured clinical information system data to be used in COVID-19 prognostics [30], and
(3) use of NLP techniques to support clinical decisions on patients” health outcomes [31].

NLP methods were originally designed to process texts in natural human languages.
It has been known that many of the NLP methods are also applicable to many kinds of data
that can be represented as strings. What is largely absent in the literature is the notion that a
patient healthcare journey, consisting of a series of encounters with a large array of service
entities, can also be treated as a string (after encoding the sequence of service utilization
as a string of tokens). Therefore, healthcare encounters data are subject to many of the
same types of analytical procedures employed with text documents or samples of human
speech. Through methods such as TF-IDF (term frequency-inverse document frequency),
documents can be represented as vectors in a word-space and hence can then be clustered.
We-to take advantage of these NLP capabilities to extract PSUs.

1.4. Objectives

As previously stated, at a cohort level, the construct “quality” can be defined opera-
tionally as the distance between idealized clinical pathways and the real-world PSUs. With
this definition, evidence-based quality assurance/quality improvement (QA /QI) requires
a method for locating PSUs within sparse high-dimensional arrays of cross-continuum
health service encounter data sourced from records in the clinical information systems. In
the work conducted in [3], graph community detection methods were employed to detect
communities of services that reflect PSUs. With graph community detection, encounter
data are viewed as a bipartite graph of persons interacting with services, which is then
projected to form a network of services. In this paper, a method for providing concurrent
cross-validation of solutions derived from graph representations of the source data and
NLP-based approaches is described.

Hence, the work in this paper is organized around the following questions:

1.  To what extent can NLP methods be used to extract PSUs from longitudinal heteroge-
neous cross-continuum healthcare data? How do the data need to be modeled and
what data pre-processing needs to be conducted to generate the base data upon which
the NLP methods can be applied?

2. Are the results from NLP clustering for Service Classes similar to those obtained using
graph community detection? Are they judged to be similar by clinical subject matter
experts (SMEs) or clinical /administrative service system operations experts (SSOEs)?

3. Does a hybrid NLP-graph community detection approach generate meaningful re-
sults, and how do the results compare to (a) community detection results, with simple
frequency-based edge-weighted projections of service-service interactions, and (b)
results obtained using NLP-based clustering approaches, employing measures of
cosine similarity between vectors reflecting patient journeys?
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2. Methodological Approach
2.1. Concurrent Validation via Application of Multiple Methods to the Same Body of Data, Modeled
in Different Ways

The methodology reported in this document is roughly analogous to the multitrait—
multimethod approach to constructing validation within a classic test and measurement
paradigm, tracing back to the work of Campbell and Fiske [32]. For the work in this
document, the constructs to be validated are PSUs. Our intent is to identify underlying
functions expressed in terms of functions that span service system structures and emerge
over the course of potentially large numbers of interactions with different services that
address different needs and risks.

2.2. Source Data

The source data used in this paper consist of retrospective longitudinal transactional
service encounter data extracted from a single instance of a clinical information system
(CIS) deployed across the continuum of services provided by one of the health authorities
within Canada (hereinafter referred to as “host organization”). The host organization
provides a comprehensive array of secondary and tertiary health services, for all ages, for
persons contending with medical/surgical issues and/or mental health/substance use
issues. This includes acute care/intensive care services, hospital- and community-based
emergency response, ambulatory services, residential care services for older adults or
persons contending with mental health issues, case management services, and a range of
addiction harm reduction or rehab and recovery-oriented services. The encounter data
accessed by this study consist of approximately 10 million encounters over 7 years for
approximately 1 million patients. This represents data for all service recipients, except
a few restricted services where the data are strictly prohibited (e.g., services for persons
who are victims of sexual assault). To access the source data, a certificate of approval was
provided by the University of Victoria Research Ethics Board (REB), following the British
Columbia, Canada, ethics harmonization guideline.

2.3. Data Pre-Processing

Two main branches of analysis are presented in this paper: a graph method and an
NLP method. However, before any analysis is undertaken, as part of the data preparation,
we consider the granularity of the data. The services provided by the host organization are
encapsulated into an array of roughly 2000 Service Units within a location built for the CIS
used to support care delivery. Service unit names within the CIS are often opaque, rendering
them unsuitable for supervised machine learning methods that require meaningfully
labeled data. Moreover, the service units may vary widely with regard to granularity; for
example, multiple beds will appear as a single unit within an acute care facility, but multiple
beds in a large array of family care homes for frail elderly will show up as multiple service
units. To address these issues, a clinical context coding scheme (CCCS) was developed [33].

The CCCS is organized around six sets of codes, constituting a semantic layer applied
to all of the Service Units to generate clinically functional Services Classes with mean-
ingful names. By applying the CCCS to source data as previously proposed in [3,34,35],
the 2000 service units in the host organization’s CIS are converted into approximately
200 clinically functional Service Classes. This activity was conducted in collaboration with
SSOES. These Service Classes are the codes that are used to conduct the various analyses in
this study.

2.4. Use of Community Detection in Extracting PSUs

The work conducted in [3] proposes a methodology for extracting PSUs from cross-
continuum longitudinal healthcare data using graph community detection. The data consist
of encounter data, where each row is a record of a service accessed by a patient. We can
view these data as a bipartite graph between patients and Service Classes.
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To determine which service classes cluster together based on their pattern of utilization
we can perform bipartite projection onto the Service Classes, as illustrated in Figure 1. Two
Service Classes are connected by an edge when there are patients who use both. The
number of such patients then becomes the weight of the edge. One can then observe
that if a pair of Service Classes tend to co-occur in the longitudinal encounter histories of
numerous patients, they will have a strong connection between them as measured by the
edge weight.

Bipartite Graph
Patients Services

Figure 1. Bipartite graph and bipartite projection.

Next, the Louvain community detection [27] can be applied to the projected graph.
However, while conducting the analysis in [3], it was discovered that from a clinical
perspective, the results are often still too coarse, with many heterogeneous Service Classes
clustered together. To solve this problem, ref. [3] proposed to iteratively apply the Louvain
algorithm in a nested fashion. Note that in this case, iteration is not the same as the number
of passes in the Louvain algorithm (instead, iteration refers to the level of nesting). In
the approach proposed in [3], once the Louvain algorithm has generated the first set of
communities, each community is isolated and treated as a new graph and the Louvain
algorithm is applied again on each of the isolated graphs. The process is repeated with
subsequent set of communities (see Figure 2).

With each iteration, the number of communities increases, and the size of each resulting
community is reduced. At a certain point, Louvain no longer breaks the communities any
further (i.e., the number of communities remains unchanged, with further iterations) and
the algorithm stops. The output communities for each iteration are collected, and the results
are compared using modularity values and by engaging with clinical SMEs. Additionally,
for each node, the internal weighted degree (the weighted degree inside the community),
and the external weighted degree (the weighted degree of a node to nodes outside of its
community), are computed. The internal and external weighted degrees can be used to
measure the strength of the bond of each node to its community.
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Figure 3 provides a snapshot of the results for an illustrative community detection
iteration process. For this illustration, the sub-community with Service Classes 1, 2, 3, 14,
30, 42, 81, 150, 168, 238, 248, 249, and 251 is considered. This is one of the communities that
were generated as the result of iteration 2. At iteration 3, this sub community will split into
two, including sub-communities 1, 2, 3, 14, 30, 42, 168, 238, and 251 and sub-communities
15, 81, 150, 248, and 249. Additionally, at iteration 5, we observe that the community
detection algorithm is no longer able to break the last sub-communities any further. As a
result, the iteration stops at this level, and the result is reviewed with SMEs and SSOEs to
determine the iteration that provides the result that is most clinically meaningful.

F— 1235685 10 11 13 14 15 16 15 26 25 26 28 25 30 39 41 42 43 44 46 47 72 79 61 133 136 156 163 164 168
238 230 24% 249 251 IV7 I78 31 37 34 96 132 178
- 14 15 3@ 47 81 158 168 238 248 248 251

7
= 13 3@ 42 168 238 251

Be 238 251
HET T 51458 22 058
|

[ L
1™
Lu
-
|~.
B
[

e

b— 11232 14 3@ 42 738
168 251

— 188 251

L3 15 51 156 245 243

- 19 81 15@ 248 249
— 15 21 158 243 243
| — 15 B1 158 248 243
— 5k o he Jﬂnmzezszazsznao_lw‘mmez;gﬂn
4-spE9he 11 13 13 2@ 25 76 28 25 39 41 44 46 1898 239 277
Ll =55 12 11 13 19 20 25 2¢ 28 29 39 21 44 2¢ 180 239 277
f—-.‘—:lE 25 28 33 44 46 18€ 277
i P TL— 15 25 28 35 44 45 182 277
gl | & 8 31—:—5 11 13 28 26 239
B8 |E |5]|5— 581113 28 26 238
iz |E |25 10 a1

“L—91e 29 41

6lls 4B 47 72 79 133 142 163 164 171 172 176 275 32 27 94 96 132 178
H- a3 47 72 70 148 184 176 278 94 26 172

[l H 142 164 278 94 96 178

11 | — 128 154 278 34 95 178

11 | L— 148 165 278 34 35 178

‘ Lt axa7 72 73 176

43 47 72 79 176

Figure 3. Sample community detection iteration process.

2.5. Use of NLP in Extracting PSUs

Natural language processing (NLP) is a rapidly expanding field in computer science.
NLP methods begin by systematically tokening elements within a document (e.g., words)
and mapping the tokens into a vector space. Thus, every document in a collection of
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documents (a corpus) has a vector representation. The process of tokenization can be
conducted in several ways, i.e., using frequency counts or considering the proportion of
occurrences throughout the corpus (TF-IDF) [36]. First, the tokens must be defined: this
can be simply the words in the document or patterns of words. Once the tokens have been
defined, vectors can be created for each document in the corpus. TF-IDF is used to generate
a normalized count of the tokens in a document weighted by the logarithmic ratio of the
entire corpus. Hence, if a token only appears in one of the documents in the corpus, it will
have a very small weighting. Conversely, if a token appears in most of the documents in
the corpus, its weight will be much larger.

After each document has a TF-IDF vector representation, document vectors can be
compared pairwise using a dot product. If two documents are highly similar in token
weights, then their corresponding dot product (a.k.a. cosine similarity) will be close to
one. Likewise, if two documents are dissimilar in their token weights, then the dot product
will be close to zero. Therefore, with the vector representation, one can measure similarity
between documents in a given corpus. Moreover, the similarity scores allow algorithms
such as K-means to measure the closeness of documents in a corpus and generate clusters
of related documents from a given corpus.

This method can be translated quite directly to patient encounter histories (patient
journeys) embedded in vectors reflecting the history of encounters with roughly 200 Service
Classes. Now, for every patient one can create “sentences” composed of the Service Class IDs.

We then tokenize the sentences with a uni-gram, bi-gram, or skip-gram vectorization.
Here, a k-gram is a sequence of k words in a document, and a skip-gram is a sequence
of words in a document that are separated by other intervening words. Once tokenized,
we apply TF-IDE. After this tokenization, the TF-IDF vectors can be used to measure
the patient’s journey similarity using various similarity metrics with regards to the other
patients in the “corpus”.

Cosine similarity is a metric used to measure how similar the documents are irrespec-
tive of their sizes. Mathematically, it measures the cosine of the angle between two vectors
projected in a multi-dimensional space by taking a dot product of the two vectors [37].
In the case of patients’ journey similarities, a dot product between two patient’s vectors
provides a measure of similarity on a patient-to-patient level. Finally, one can apply the K-
means algorithm to the patients’” dot products and generate a clustering of similar patients
in the “corpus”.

To create a cluster of services classes, a similar approach to the above is used. First,
each patient’s history of service utilization is generated as a sentence. The words in such
sentences are Service Class ids that a patient had interacted with. For example, if patient
“A” engaged with Service Classes “X”, “Y”, “Z”, and “X” again, one would illustrate the
sequence of service engagement as “X 'Y Z X”. Second, the sentences are tokenized using
frequency counts to transform a sentence showing the history of service utilization into a
vector. From this, a matrix that illustrates the frequency of each Service Class utilization
for a patient is generated. In other words, each row describes a patient and each column
describes a Service Class. Third, unlike the process used for patient clustering, to cluster
Service Classes, the matrix is transposed such that each column corresponds to patients
that had an interaction with a Service Class, and rows correspond to Service Classes that
patients engaged with. Fourth, TF-IDF is applied on the resulting transposed matrix to
have normalized counts. Fifth, cosine similarity is applied to the service vectors to measure
the degree of similarity between the services classes. Finally, a clustering algorithm is
applied to create a cluster of services classes based on degree of similarity with regards to
patients’ engagement with the services.

Figure 4 provides an illustrative summary of part of the process used in using NLP to
generate PSUs. Note that for purposes of privacy protection, the data in the above tables
consist of simulated patient journeys.
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1 FA6LC3 80 80 80 34 34 23 22 154 80 149 106 173
2 H5GH13 22 80 154 80 146 154 113 138 173
3 1DAS8BF3 80 80 154 134 33 80 80
4 C3HK64 80 80 110 80 14 80 173 88 80 111 80 88
5 FLLA824 148 167 173 154
1591 FKL78K9 167 154 155 138 173
Patient’ history of services utilization as a sentence

5 10 102 104 106 80 88 110 111 91 89 9

1 0 0 0 0 1 4 2 0 1 0 0 0

2 0 0 0 0 0 2 0 0 0 0 0 0

3 0 1 0 0 0 4 0 0 0 0 0 0

4 0 0 0 0 0 6 2 1 1 0 0 0

1591 0 0 0 0 0 0 0 0 0 0 0 0
Sentences are tokenized using frequency count to create a patients—services matrix

FA6LC3 H5GH13 1DA8BF3 C3HK64 FKL78K9
5 0 0 0 0 0
10 0 0 1 0 0
102 0 0 1 0 0
104 0 0 1 0 0
106 1 0 1 0 0
80 4 2 4 6 0
9 0 0 0 0 0 0
Matrix is transposed to services—patients to enable clustering of services

Figure 4. PSUs generation using NLP.

2.6. Combining Community Detection with the NLP to Extract PSUs

In this approach, both the capabilities of NLP and graph community detection are
combined. Instead of creating a bipartite graph with patients and Service Classes, we
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used a TF-IDF matrix to create a projected graph for Service Classes. To accomplish this,
first, each patient’s history of service utilization was created as a sentence. Then, using
frequency counts, these sentences were tokenized. As a result, we formed a matrix in which
the columns indicate the frequency count of Service Classes for each patient and the rows
represent the patients. Then, to produce normalized counts, TF-IDF was applied to the
resulting transposed matrix.

To create a projected graph of Service Classes, the weights between two Service
Classes were calculated by computing the dot product of each service vector with other
Service Classes. This results in a measure of similarity on a service-to-service level. Hence,
services that are utilized by many of the same patients will have a high dot product and
a correspondingly high weight. Similarly, the services that are less accessed by the same
patients will have a low dot product, resulting in low weight. Once the service-to-service
graph is created, the Louvain algorithm can be applied iteratively, as previously described
in generating PSU using graph community detection.

3. Analysis

In collaboration with clinical SMEs, a cohort of patients who have taken an opioid over-
dose (OD-cohort) was considered. The data used represent anonymized cross-continuum
patients’ data, extracted from the host organization’s CIS. The OD-cohort was analyzed,
applying the methods described in the previous sections. The data contained 5279 patients
(1606 females, 3672 males, and 1 unknown sex), aged between 14 and 92 years, with a range
between 1 and 200 interactions.

For the analysis, three approaches were used. First, we performed community detec-
tion using weights from the bipartite projection. Second, we applied NLP using TF-IDF,
cosine similarity, and clustering algorithms. Note that for NLP, two clustering approaches
were used, including K-means and hierarchical clustering. Third, NLP, using TF-IDF and
cosine similarity, was combined with the community detection algorithm.

The analyses were conducted in Python using the libraries igraph [38], scikit-learn [39],
and scipy [40]. We also used the pandas and numpy libraries for data pre-processing.

3.1. Analysis Using Community Detection

The Louvain community detection was run iteratively (as described in Section 2.4).
Focusing on the OD-cohort, we found that the number of communities did not increase
after five iterations. The number of communities ranged from four communities at one
iteration to thirty-one at five iterations. With one iteration, the resulting communities were
too functionally heterogeneous to be meaningful. On the other hand, with five iterations,
the communities that were generated were “too small”. By “too small”, we mean that
in an analysis of another sample of patients contending with the same cohort-defining
characteristics, we are likely not to reproduce the same communities at that more granular
level of resolution.

A plot of modularity value versus the number of iterations is displayed in Figure 5.
Based on this figure and the elbow heuristic, the optimal number of iterations is between
two and three (as the modularity plateaus after three). In consultation with clinical SMEs
and SSOEs, we found that iteration three provided the most optimal clinically meaningful
communities of services, in relationship to the key characteristics shared by all members of
the cohort.

Even when the number of iterations in the community detection solution has been
determined, any given community may still include services that are not related in a clearly
discernable way to other services in the community, or to the cohort-defining characteristics.
To trim these Service Classes from the solutions, we computed the internal and external
weighted degrees of the nodes. We noticed that nodes with large internal weighted degrees
tended to form communities that are relatively stable and more understandable from
the SMEs and SSOEs point of view. Therefore, we focused on nodes with large internal
weighted degrees. In consultation with clinical SMEs and SSOEs, a cut point was drawn
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on the result table listing the services classes in a community to separate and discard the
Service Classes with low internal weighted degrees from the others.

Modularity Graph

0.06

Modularity
o
&

=]
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3
Iteration
Figure 5. Plot of modularity values versus the number of iterations.

3.2. Analysis Using NLP Methods with K-Means and Hierarchical Clustering

With regard to the NLP solutions, first, similarity measures among the Service Classes
were built, as explained in Section 2.5. Then, various clustering algorithms were applied
to the resulting matrix of similarity values. For K-means, one must choose a number k
indicating the number of clusters. The elbow method provides a systematic method of
determining the best k. Using this method, we plotted an average score for all clusters
versus k. The score that is commonly used is the sum of square distances from each point
to the centroid to which the cluster belongs. The elbow point is the inflection point on the
curve [41]. The value of k for this point is regarded as the best value for k. This elbow point
is not always obvious, and sometimes it is not easy to pinpoint visually. The KneeLocator
function [42] was used to find the elbow point. Figure 6 shows the plot of this score. It
can be noticed that for the OD-cohort, the elbow point is at around k = 9. This differs
from the optimal number of communities that were generated at iteration three using the
community detection approach.

Elbow Method for Optimal K

[ =
s &

(5
=]

=
=

[
& &
= -

Sum_of_Squared_Distances
5 g

Figure 6. K-means elbow method and KneeLocator function.

Using the elbow method and setting k to 9, we generated clusters that were too big
and contained Service Classes that were not related from a clinical perspective. Hence, for
the purposes of the exploratory analyses reported in this paper, we decided to set the value
of k to 19, which is the number of communities that was generated in the graph community
detection using iteration three. (Recall that iteration three was judged overall to be the most
optimal from clinical SME/SSOE perspectives; i.e., it was judged to be the array of services
most clearly related to features of clinically understandable and characterizable cohorts.)

In the result comparison section, several major clusters of K-means on the OD-cohort
with k = 19 can be seen. The similarity percentage column (in Table 3) shows the probability
of similarity between each Service Class and other Service Classes in the cosine similarity
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matrix. So, the NLP clusters were ordered based on this similarity percentage to determine
the most important nodes in each cluster. This approach is similar to ordering the com-
munities based on weighted degrees inside the community to identify the most important
nodes in each community.

Next, a hierarchical clustering algorithm was applied. A sample of the results for the
OD-cohort are shown in Section 4. With hierarchical clustering, the number of clusters was
not set beforehand. This number was decided once the results were generated by choosing
a cut-off line on the horizontal axis (Figure 7). This determined which services classes
needed to be included in which clusters. Using this approach, several similarities with the
communities from the graph community detection were observed, as well as similarities
with the NLP clustering using K-means.

Cl:243,203,45,161,26,34,23,24,33,22

C2:34,23,24,33,22

Figure 7. Addiction-related services for OD-cohort—NLP and hierarchical clustering.

4. Results

Several clusters of related services were generated during the analysis of the OD-cohort.
To name a few, they included emergency and acute care-related services, addictions-related
services, and psychiatry-related services. For this paper, the addictions-related services
were chosen to highlight the similarity of results among the different approaches. In
reviewing the results of the different approaches reported in this paper, we note that none
of the solutions have the status of “truth”; all contribute heuristically, together with input
from SMEs and SSOEs, to a working judgment of what can be treated as “true enough”.

The Tables 1-4 below are organized by groupings of related clusters using different
approaches. A cut-off line was included to separate the strongly connected services from
the weakly connected services within clusters. For the hierarchical clustering, the markings
within the diagram were used to visually separate the different cut-off points and indicate
the Service Classes that were used together for comparison. Two cut-off lines (C1 and C2)
were added to illustrate the flexibility of interpretation that this approach provides. Finally,
at the end of the cluster results, a similarity matrix was added to capture all the Service
Classes that are similar across of the different approaches.
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Table 1. Addiction-related services for OD-cohort—graph community detection. The red band
represents the cut-off line included to separate the strongly connected services from the weakly
connected services within clusters.

Service Class ID Service Class Label Internal Weighted Degree External Weighted Degree
33 MHSU-Clinical Intake-Adult 2724 24,011
2 MHSU-Addictions-Clinic-Adult- 2655 18,690
Ambulatory

MHSU-Addictions-Withdrawal Management
(Detox)-Adults
MHSU-Addictions-Post-Withdrawal

24 Stabilization-Residential-Adults 1439 6762

23 1934 10,699

275 COVID-19 MHSU Health Monitoring 398 2607
165 MHSU-Shared Care or Collaborative Care 325 1814
40 MHSU-Personality Disorders Therapy (DBT) 10 40
284 Surgery-Day Care Antimicrobial Therapy 6 18
78 Med/Surg Intensive Acute Care-Neo-Natal 3 9

Table 2. Addiction-related services for OD-cohort—NLP and K-means clustering.

Service Class ID Service Class Label Similarity Percentage
33 MHSU-Clinical Intake-Adult 9.36
22 MHSU-Addictions-Clinic-Adult-Ambulatory 7.92
23 MHSU-Addictions-Withdrawal Management (Detox)-Adults 6.72
203 Overdose-Related Services 6.19
34 MHSU-Addictions-Clinical Intake-Adult 5.88
o1 MHSU-Addictions-Post-Withdrawal 544

Stabilization-Residential-Adults

Table 3. Addiction-related services for OD-cohort—NLP and community detection. The red band
represents the cut-off line included to separate the strongly connected services from the weakly
connected services within clusters.

Service Class ID Service Class Label Internal Weighted Degree  External Weighted Degree
MHSU-Addictions-Withdrawal Management
23 (Detox)-Adults 2.3489 8.0714
34 MHSU-Addictions-Clinical Intake-Adult 2.3551 6.6388
33 MHSU-Clinical Intake-Adult 2.141 12.9558
» MHSU-Addictions-Clinic-Adult- 1.9415 10.6506
Ambulatory
MHSU-Addictions-Post-Withdrawal
24 Stabilization-Residential-Adults 1.8488 59565
165 MHSU-Shared Care or Collaborative Care 0.8368 4.3058
1 MHSU-Addictions-Sobering & Assessment 05759 1.642

Centre

67 MHSU-Perinatal Mental Health 0.2168 0.6528
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Table 4. Solution similarities matrix. The gray band cover cells in which a Service Class is missing
from respective cluster.

Graph Community NLP + K-Mean NLP + Hierarchical NLP + Community
Detection Clustering Clustering Detection

22 22 22 22

23 23 23 23

Common 24 24 24 24
Service 33 33 33 33
Classes 34 34 34
165 165

203 203

In order to compare the different solutions, note that each Service Class has an associated
Service Class ID. For the graph community detection results, the NLP plus K-means clustering
results, and the NLP plus community detection solutions, each Service Class ID is paired with
a Service Class label. For the NLP plus hierarchical clustering, as well as the similarity matrix,
to make most effective use of space, only the Service Class IDs are displayed.

Note that the chosen cluster for illustration does not features all addiction services but
addiction services with a rehabilitation/recovery orientation such as withdrawal manage-
ment (Service Class 23) and post-withdrawal stabilization (Service Class 24).

5. Discussion

The purpose of this paper is to show the similarity of results across the different ap-
proaches for cross validation. Analogous to Campbell and Fiske’s multitrait-multimethod
approach in examining construct validity [32], this paper supplies a method for validating
PSUs that were generated previously using iterative graph community detection [3]. The
different approaches used in this paper produced results that were similar across methods,
where that similarity was manifest as overlaps in the Service Classes that, in effect, load
most heavily on a given cluster. The slight differences in grouping of Service Classes that
can be noticed among the approaches mostly affect the Service Classes that are not strongly
connected to a given cluster regardless of method. This similarity in results provides cross
validation for the PSUs, demonstrating that they are not artifacts of the method employed
to produce the solutions.

In addition to graph community detection methods, the methodology in this paper
explores how we can take advantage of NLP capabilities to extract PSUs. To do this,
spurious or variable granularity of the services needs to be reduced. This was accomplished
by using a clinical context coding scheme (CCCS) [33]. This is a semantic layer that groups
Service Units into a reduced set of equivalence classes (Service Classes) that are relatively
homogeneous with regard to their clinical functions. Then, a patient journey can be viewed
as a sentence, or a string of words, in which the words are made of series of encounters
with the CCCS-based Service Classes, arranged in the order in which they occurred. One
can then apply the TF-IDF method [36] and cosine similarity to identify similarities among
patients in a chosen cohort. Based on these similarity measures, one can cluster the Service
Classes that are commonly used by similar patients. These clusters can then qualify as PSUs
upon review by clinical SMEs and SSOEs. In the analysis conducted in this paper, several
clustering algorithms were employed, and the results were compared. These include K-
means [43] and hierarchical clustering [44]. To our knowledge, focusing on longitudinal
heterogeneous cross-continuum healthcare data to extract PSUs, this is the first time NLP
has been used in this manner.

Furthermore, the uniqueness of each approach provides an opportunity to take ad-
vantage of the various other capabilities that each approach brings. In future work, as
the concepts of predictions using patient journeys similarities are expanded, both NLP
capabilities and graph various metrics, or a combination of both, will be used.
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The methods outlined in this paper are applied to around 200 equivalence classes
(i.e., Service Classes) generated by applying the six sets of CCCS codes to the source
data, represented as patients” encounters with roughly 2000 Service Units. Because some
significant portion of the granularity of the data at the Service Unit level is not related to
clinical purpose or function, given the sparseness and high dimensionality of the data, it is
unlikely that the methods used in this paper would generate meaningful or usable results
without prior aggregation via the use of the CCCS scheme.

The methodology outlined in our previous work [3] stresses the need to engage with
clinical SMEs and SSOEs in (1) providing the taxonomies and ontologies of the Service
Classes, as well as the cohort definitions, and (2) determining the level of granularity that
produces the most clinically meaningful result. This still holds true for the proposed NLP
method. Both the CCCS scheme and the cohort definition preceded the application of any
NLP methods. Additionally, it was demonstrated that the optimal value for k in K-means,
as computed via the elbow method, was not sufficient for the purposes of generating the
most clinically interpretable clusters of service. In other words, the application of purely
objective/quantitative criteria will not enable these methods to converge on the “best”
solutions. They provide information of heuristic value that can be used by SMEs and SSOEs
to arrive at solutions that are “true enough” to employ the results for other purposes, e.g.,
prediction models.

In support of the above, the capabilities of visually assessing the results and picking
the appropriate iteration for community detection or cut-off point for NLP plus hierarchical
clustering can demonstrate the power of visual analytics. This provides a platform that
makes the collaboration between data scientists, ML specialists, and SME/SSOE easier,
more efficient, and transparent.

Though K-means and hierarchical clustering represent the most frequently used
algorithms [45], there are various other existing clustering algorithms. Moreover, there are
other types of approaches to accessing vectors similarities using NLP. We have described a
popular protocol in NLP that provides a document-level view of a corpus; however, NLP
offers finer views of text as well. The algorithm Word2Vec [46] takes a corpus of documents
and produces a vectorization of each word in the vocabulary of the corpus. Besides the
ones described in this paper, other clustering algorithms or NLP approaches were not used.
This is a limitation of this study.

In future studies we plan to use Word2Vec combined with other dimensionality
reduction techniques such as tSNE, and we will apply other types of clustering algorithm,
including Gaussian mixture models and structural clustering, to extract PSUs.

6. Conclusions

Using a cohort of patients contending with addictions, a set of analyses using anonymized
cross-continuum patients’ data, extracted from the host organization’s clinical information
system (CIS), was performed. The analysis consisted of three different approaches: (1) graph
community detection; (2) NLP using TF-IDF (term frequency inverse document frequency),
cosine similarity, and clustering algorithms; and (3) a combination of both approaches. The
analyses produced comparable results from a clinical perspective, especially for services
that are strongly connected. Hence, this paper begins to take on the challenge of providing
what is, in effect, construct validation [32,47] for ML-derived entities.

Moreover, with the rapid advancement of transformer-based models, such as ChatGPT,
used for processing NLP tasks, the work outlined in this paper provides a first step in, and
a basis for, generating cohort-specific simulated data. This has the potential to provide
high-quality synthetic data that still maintain the statistical characteristics of the real data.
Additionally, the work outlined in this paper opens the door for combining the capabilities
of NLP with prediction using patients” encounters data. Using PSUs, algorithms such as
RNN (recurrent neural networks) and random forest can be combined with NLP to predict
patients who are likely to experience a certain outcome, such as an overdose, based on their
pattern of engagement with the healthcare services. Such an endeavor can help address the
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challenge of proactivity in preventing a certain outcome, e.g., overdose, as well as potential
demand estimate, in looking after patients at risk of a certain outcome. These works are
currently underway.
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