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Lay Abstract

This thesis investigates the full spectrum of patient transitions across Canadian

healthcare institutions, aiming to uncover patterns and commonalities that tradi-

tional analyses, focused on isolated transitions, often miss. Utilizing the extensive

Canadian Institute for Health Information (CIHI) dataset, it adopts an innovative

approach by extracting various features like temporal, semantic, and clinical data

from patient records. This information forms detailed patient journey pro�les, which

are then analyzed through hierarchical clustering to identify similar healthcare tra-

jectories. This method provides critical insights into patient care pathways, o�ering

valuable information for healthcare providers and policymakers to potentially enhance

care quality, e�ciency, and customization. Future research directions include inte-

grating more detailed data, such as speci�c interventions and medications, to further

re�ne the understanding of patient journeys and improve healthcare delivery.
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Abstract

In the complex landscape of healthcare, patients navigate through various institutions

from hospitals to long-term care facilities, and each step of their journey plays a

crucial role in their disease progression and treatment plan. Traditional analyses

often focus on individual transitions, o�ering limited insight into the broader picture

of patient care and disease progression. This thesis aims to explore the entire sequence

of patient transitions within the Canadian healthcare system to uncover meaningful

patterns and commonalities.

This research employs an innovative approach to leveraging the Canadian In-

stitute for Health Information (CIHI) dataset, consisting of around 250,000 patient

records after data cleaning and including approximately 10-11 variables. Extracting

a diverse category of features, such as temporal, semantic, and clinical information,

constructs a detailed pro�le for each patient journey. These pro�les then undergo an

parallel mini-batch average agglomerative hierarchical clustering process, grouping

together patients with similar healthcare trajectories to identify prevailing pathways

and transitions within the system.

By understanding these patterns, healthcare providers and policymakers can gain

insights into the patient experience, potentially revealing areas for improvement, op-

timization, and personalization of care. Key �ndings include uncovering transitions
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in the healthcare environment, identifying the most common pathways, and studying

the alternate level of care length of stay for each scenario. Looking ahead, the research

anticipates incorporating additional layers of data, such as speci�c interventions and

medications, to enrich the analysis. This expansion aims to o�er a more compre-

hensive view of patient journeys, further enhancing the ability to tailor healthcare

services to meet individual needs e�ectively.
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Chapter 1

Introduction

The rapid advancements in healthcare data collection and storage have resulted in

vast amounts of patient information being available for analysis. One of the sig-

ni�cant areas where this data can be leveraged is in understanding patient trajec-

tories|sequences of transitions from one healthcare institution to another. These

trajectories are crucial for improving healthcare decision-making and personalizing

patient care. By analyzing patient trajectories, healthcare providers can identify

common pathways, understand patient behavior, and optimize resource allocation.

This analysis can lead to enhanced treatment plans, reduced hospital readmissions,

and improved patient outcomes. For instance, understanding how patients move

through the healthcare system can help predict future healthcare needs and allocate

resources more e�ciently.

Despite the potential bene�ts, there is a signi�cant gap in the literature regarding

e�ective methods for clustering and analyzing large datasets of patient trajectories.

To our knowledge, no existing study speci�cally focuses on the location and insti-

tution transitions of patients. This lack of focus on patient trajectories means that
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critical insights into patient care pathways, operational bottlenecks, and healthcare

resource allocation remain unexplored. Existing studies often concentrate on isolated

transitions or speci�c disease progressions, overlooking the holistic view of patient

movement across di�erent healthcare settings.

This research aims to �ll this gap by developing a methodology to analyze and

cluster patient trajectories based on their transitions between healthcare institutions.

By addressing this gap, we aim to uncover patterns and commonalities in patient

movements that can lead to improved healthcare strategies. The signi�cance of this

study lies in its potential to enhance patient care and operational e�ciency by pro-

viding a comprehensive analysis of patient trajectories.

The motivation for this research stems from the need to enhance healthcare deliv-

ery and patient outcomes through data-driven insights. By clustering patient trajec-

tories, we can simplify the analysis by reducing the number of objects from around

250,000 to a manageable number of clusters. This dimensionality reduction facili-

tates other optimization problems, making it easier to develop targeted interventions

and improve healthcare strategies. Understanding these trajectories can lead to more

e�ective treatment plans, reduced hospital readmissions, and overall improved pa-

tient satisfaction. Furthermore, this approach allows for better handling of large-scale

data, providing a more comprehensive understanding of patient 
ows and bottlenecks

within the healthcare system.

The primary objective of this research is to propose a novel clustering method

for analyzing patient trajectories in the healthcare system. Speci�cally, the research

aims to:

2
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1. Develop a customized similarity metric that captures both semantic and tem-

poral information in patient trajectories, where semantic information refers to

the meaning and type of transitions between healthcare facilities, and temporal

information accounts for the timing and sequence of these transitions.

2. Implement an e�cient clustering algorithm capable of handling the large-scale

dataset of patient trajectories.

3. Analyze the resulting clusters to gain insights into common healthcare pathways

and associated patient demographics and clinical features.

These objectives are designed to provide a comprehensive framework for understand-

ing and improving patient care through advanced data analysis techniques. By achiev-

ing these goals, we hope to contribute to the body of knowledge in healthcare analytics

and provide practical tools for healthcare providers to improve patient outcomes.

3



Chapter 2

Literature Review

2.1 Trajectory Analytics

The concept of trajectory encompasses a series of sequential states or events that

an entity passes through over time. Trajectories can be applied in various �elds,

including marketing, communication, and healthcare, where they represent di�erent

forms of movements and progressions. In marketing, customer spatial trajectories

are de�ned and analyzed to optimize targeting and personalize marketing strategies

[6]. In communication, trajectories refer to the 
ow and transition of information or

interactions across a network, helping to predict user behavior and improve service

delivery [20]. In healthcare, trajectories often refer to the progression of diseases,

patient health states, or treatment processes over time [10]. However, these studies

often focus on speci�c aspects of patient care without integrating the entire journey

through various healthcare institutions.

Trajectory analytics in healthcare is a critical area of study that helps in under-

standing and improving patient outcomes. This is particularly important for older
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adults, who often experience complex and multi-faceted health trajectories due to

the presence of multiple chronic conditions. Studies indicate that analyzing disease

progression trajectories can yield valuable insights into the progression of conditions

like Parkinson's and Alzheimer's. This analysis aids in predicting the onset of severe

symptoms and optimizing treatment plans [8]. These studies are particularly signi�-

cant for older adults, as Parkinson's Disease predominantly a�ects this demographic.

Jensen et al. (2017) developed a methodology to estimate disease trajectories of can-

cer patients from free text in electronic health records, predicting patient events with

signi�cant accuracy [7]. While this method e�ectively utilizes unstructured data to

predict disease progression, it may not fully capture the complexity of transitions

between di�erent healthcare institutions, a gap our study aims to address.

Other studies have focused on how hospitalization a�ects the functional abilities

of older adults, revealing signi�cant patterns of decline and recovery. It highlights the

importance of monitoring and supporting functional health in elderly patients post-

hospitalization. [19]. Paik et al. (2019) traced diagnosis trajectories across millions

of patients to reveal unexpected risks associated with schizophrenia, highlighting the

importance of understanding patient history for better risk management [12].

The application of trajectory analytics extends to various areas such as the pre-

diction of patient outcomes in intensive care units, monitoring the progression of

chronic diseases, and improving e�ciency in healthcare delivery. These studies un-

derscore the importance of trajectory analytics in providing personalized and e�ective

healthcare[13, 15].
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2.2 Trajectory Clustering

The analysis of trajectories has proven to be a valuable tool in various domains of-

fering insights into patterns and progressions over time for the objects being studied.

As the complexity and volume of trajectory data increases, e�ective methods to cat-

egorize and analyze these trajectories become essential. This necessity has led to the

development of trajectory clustering techniques, which aim to group similar trajecto-

ries to uncover underlying patterns and enhance predictive capabilities.

When it comes to clustering trajectories, measuring the similarity between objects

becomes crucial. Di�erent methods of measuring similarity are employed based on

the type and structure of the analyzed objects. For example, in spatial trajectories,

TRACLUS is a method used to measure similarity by partitioning trajectories into

line segments and then clustering these segments based on their spatial proximity. The

similarity between segments is measured using a distance metric, and a density-based

clustering algorithm is employed to group similar segments together, forming clusters

that represent similar movement patterns. This partition-and-group framework allows

for the identi�cation of common trajectory patterns in spatial data [9]. While e�ective

for spatial data, this method's reliance on spatial proximity limits its applicability

to non-spatial data like patient trajectories involving various healthcare institutions.

Our custom similarity metric aims to address this limitation by incorporating both

spatial and non-spatial features.

Spatial trajectories are not the only type; temporal features are also involved.

In analyzing customer trajectories which include both temporal and spatial features,

Ghose et al. (2019) measures similarity by considering temporal patterns, spatial

6
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alignment, semantic information, and movement velocity. These dimensions are com-

bined using kernel functions, and the Markov Clustering Algorithm (MCL) is applied

to identify clusters of similar trajectories, which enhances targeted marketing strate-

gies [6].

Expanding on these approaches, there are adaptable approaches that can perform

independent of object type, for instance, Yao et al. (2019) introduced a neural metric

learning approach for computing trajectory similarity in linear time, showcasing how

di�erent similarity measures can in
uence clustering results. This method utilizes

neural networks to learn the similarity metric, adapting to various types of trajectory

data and e�ciently handling large and complex datasets, thus improving clustering

accuracy [22]. similar to our need for managing the computational complexity of

clustering patient trajectories. By adopting batch-processing and parallelization, our

methodology aligns with the e�ciency goals demonstrated by Yao et al.

In addition to neural metric learning, Xu et al. (2015) proposed an adaptive

multi-kernel-based shrinkage method for unsupervised trajectory clustering [21]. This

method addresses the challenge of measuring similarity in complex datasets by em-

ploying multiple kernels to capture di�erent aspects of the data. The adaptive nature

of the method allows it to dynamically adjust the similarity measures based on the

characteristics of the trajectories being clustered, resulting in more accurate and

meaningful groupings.

Trajectory Clustering in Healthcare: In healthcare, various methods have

been developed to e�ectively cluster trajectories, enabling the extraction of mean-

ingful patterns and insights. These trajectory clustering techniques can be broadly

classi�ed into two categories: model-based methods, where clusters are determined

7
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by model parameters, and model-free methods, which rely on similarity metrics.

One prominent model-based approach is the Group-Based Trajectory Modeling

(GBTM), which uses maximum likelihood estimation to identify clusters of similar

trajectories. Zarzaur and Bell (2016) applied this method to analyze the recovery

trajectories of patients with non-neurologic traumatic injuries, utilizing the Bayesian

Information Criterion (BIC) to select the best-�tting model [24]. While e�ective,

GBTM relies on prede�ned model structures, which may not capture the full diversity

of patient trajectories. Our study aims to overcome this limitation by using a more


exible hierarchical clustering approach.

Another innovative model-based technique is the semi-Markov Model (SMM) in-

troduced by Ranjan et al. (2017). This method captures the time-dependent transi-

tions between states in patient 
ow modeling in hospitals, determining the optimal

number of clusters using the Elbow method [14]. SMM e�ectively models temporal

dependencies but may be complex to implement and computationally intensive. By

using a custom similarity metric and hierarchical clustering, we aim to provide a more

interpretable and scalable solution.

Hidden Markov Models (HMMs) have also been utilized in trajectory cluster-

ing. Ghassempour et al. (2014) transformed trajectories into HMMs and used the

symmetrized Kullback-Leibler divergence to calculate distances between probability

densities, applying clustering techniques based on these distances [5]. HMMs are

powerful for modeling sequential data but require signi�cant computational resources

and expertise. Our approach simpli�es the process by directly measuring trajectory

similarities using custom metrics.

In model-free methods, Zaballa et al. (2020) employed the k-medoids clustering

8
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technique with an edit distance measure to group breast cancer treatment trajecto-

ries [23]. They validated the clusters using clinical guidelines and expert knowledge,

demonstrating practical applications but potentially limited by the reliance on prede-

�ned distance measures. Our custom similarity metric aims to provide a more tailored

approach to clustering patient trajectories.

Vogt et al. (2018) applied sequence clustering techniques to insurance claims

data, exploring practice-based ambulatory care pathways. They used the Silhouette

approach to validate the clusters and identi�ed signi�cant patterns in healthcare de-

livery [18]. Fei and Meskens (2013) proposed an auto-stopped bisecting k-medoids

algorithm for clustering patient trajectories. This method involves clustering ex-

tracted features of hospital visits and then clustering the original trajectories using

the Smith-Waterman algorithm for distance calculation [4]. These diverse approaches

highlight the importance of selecting appropriate clustering methods based on the

speci�c characteristics and requirements of the trajectory data being analyzed.

In our study, we will focus on analyzing patient institutional transitions over time.

This is a novel approach, as previous research has not extensively explored this speci�c

aspect of patient trajectories. Our analysis will involve both categorical and numerical

features, resulting in high-dimensional data that presents unique challenges.

To address these challenges, we will employ a combination of custom similarity

metric de�nitions and mini-batch hierarchical clustering techniques. Our custom sim-

ilarity metric will be designed to capture the nuances of both categorical transitions

(e.g., types of institutions) and numerical attributes (e.g., duration of stay). This

tailored approach will allow us to e�ectively cluster high-dimensional trajectory data

and extract meaningful patterns from it.

9



Chapter 3

Trajectory Analytics

3.1 Dataset Description

The dataset utilized in this thesis, Discharge Abstract Database, is provided by the

Canadian Institute for Health Information (CIHI-DAD), which encompasses a vast

repository of health data collected from April 1988 to December 2023. Updated

quarterly, this dataset spans approximately 100 GB and serves as the primary source

for our analysis.

3.1.1 Variable Categories

The CIHI dataset is structured into numerous categories, encompassing a broad spec-

trum of healthcare-related information. Table 3.1 is a summary of these variable

categories.

10
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Category Description
Demographic Information Information about patient demographics in-

cluding age, sex, marital status, and indica-
tors of social status such as homelessness.

Health Status and Medical
History

Details about patient diagnoses, previous
medical history, treatments, and procedures
received.

Hospital and Administra-
tive Data

Administrative details related to the pa-
tient's stay in the hospital, including admis-
sion and discharge dates, length of stay, and
facility identi�cation.

Clinical Details Information on clinical interventions, stag-
ing of diseases, outcomes, and speci�c clin-
ical metrics or scales used to assess patient
condition.

Transfers and Referrals Data regarding patient transfers between de-
partments or referrals to other institutions.

Event and Episode Tracking Tracking of speci�c events or episodes during
a patient's hospital stay.

Outcome Measures Variables that indicate the outcomes of hos-
pitalization or treatment, such as survival
status and readmission.

Statistical and Analysis
Flags

Flags used for data analysis and handling
speci�c data conditions or exclusions in stud-
ies.

Table 3.1: Summary of Variable Categories in the Dataset

3.1.2 Primary Variables of Interest

Not all the variables within this huge dataset were used in this study, the primary

variables used frequently in our analysis are explained in Table 3.2.

11
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Variable Description
instttyp Type of institution to which a patient is

admitted
insttnum Institution to encoded number
instftyp Type of institution from which a patient

is discharged
instfnum Institution from encoded number
age Age of the patient
gender Gender of the patient
dx10code1 Main ICD 10 Diagnosis code
days to admission date Days from index date to admission date
days to discharge date Date from index date to discharge date
alos Length of acute care stay
alclos Length of alternate care stay

Table 3.2: Primary Variables Used in the Analysis

3.1.3 Data Structure and Interpretation

To illustrate the data structure of the CIHI dataset used for trajectory analytics,

consider the following structured piece of information for a random patient with ID

9934190615:

Figure 3.1: Sample Data

Each record in this database is a snapshot of the transition that the patient has

gone through and includes information only for one single transition from one insti-

tution to another. From our perspective, studying the whole sequence of transition

is of interest, not just one single transition. Therefore we can use the two days index

12
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columns for admission and discharge dates to come up with the right order of transi-

tions during patient movements between institutions. Visualizing the transitions over

a time line would be much more informative as it uncovers the structure of the data.

Figure 3.2 showcases the example above:

Figure 3.2: Sample Data Visualization

This �gure shows that the patient has been discharged from a long term care unit

689 days before an index date with Pneumonia, then after 15 days, returned to the

same institution. After 343 days, he was discharged from the same institution where

he had been diagnosed with Type 2 diabetes and after 22 days returned to long term

care again. To summarize this information in a way that becomes suitable for further

statistical analysis, we built a dictionary in which the keys represent the patient ID,

and the values are list of all transitions for that speci�c patient. For this sample, the

dictionary is as follows:

'9934190615':

13
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[('LongTermCare', 'LongTermCare', 15, 0, 343, 73, 'Male', "J189"),

('LongTermCare', 'LongTermCare', 22, 0, 0, 73, 'Male', "E11511")]

In this data snippet, each tuple within the list represents a transition in a patient's

healthcare journey, where:

ˆ The �rst and second elements (LongTermCare, LongTermCare) represent the

institution type from and to which the patient was admitted and discharged,

respectively. In this case, it means the patient has been discharged from a

long-term care unit and after a while they have been returned to the same

institution.

ˆ The third element (e.g.,15) indicates the acute length of stay.

ˆ The fourth element (e.g.,0) indicates the alternate level of care length of stay.

In this case the patient has not been under ALC status.

ˆ The �fth element (e.g., 343) shows the number of days until the next transition.

ˆ The sixth and seventh elements (73, 'Male' ) detail the patient's age and gender.

ˆ The eighth element (e.g.,"E11511") represents the ICD-10 main diagnosis code.

This structured approach facilitates a comprehensive analysis of patient trajectories,

enabling a deeper understanding of healthcare utilization and outcomes.

14
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3.2 Data Processing

In this section, we discuss how we managed the cleaning process for our substan-

tial dataset. Initially, this dataset comprised approximately 100 GB of data, making

it impossible to load into memory in its entirety. To address this issue and over-

come memory limitations, we divided the dataset into four chunks, each containing

4,000,000 records, except for the last chunk, which contained the remaining records.

Within each chunk, we selected only the variables of interest|patient demographics,

admission and discharge dates, institution types, and diagnosis codes|dropping the

rest to reduce size. Each chunk was then appended to the next one in order to rebuild

the entire DAD dataset, preserving the order of chunks to maintain dataset integrity.

This approach resulted in a dataset containing 12,364,029 records but with much less

columns of data and hence less size, which was now manageable for further analysis

and clustering.

The two most crucial variables for our analysis areinstftyp and instttyp. These

variables are pivotal in determining the patient trajectories as they represent the

endpoints of each component within the institutional transition trajectory. Therefore,

special attention was required when handling these columns. The initial count of

missing values for these two important variables out of the 12,364,029 records was as

follows:

Field Missing Values
instttyp 9,251,766
instftyp 10,796,693

Table 3.3: Initial Missing Values in Dataset

As noted previously, two other useful variables,insttnum and instfnum, represent
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the encoded numbers of the institutions the patient has visited. Each institution has

a unique encoded number recorded in these two variables that can be used to �ll in

instttyp and instftyp with appropriate values. To accomplish this, we �rst compiled

all the possible encoded numbers for the institutions and then created a mapping

dictionary from each code to its corresponding institution type using rows of the

dataset that were not missing. Using this dictionary to �ll in the data, we identi�ed

that:

ˆ For 230,681 cases with a missinginstttyp, we have the correspondinginsttnum.

ˆ For 183,486 cases with a missinginstftyp, we have the correspondinginstfnum.

Now that we have our mapping prepared from the previous part, we apply the

appropriate values for the missing entries, we updated the count of missing values for

instttyp and instftyp as follows:

Field Missing Values
instttyp 9,021,085
instftyp 10,613,207

Table 3.4: Missing Values After Replacement

Finally, we removed any rows that still contained NaN values forinstttyp, instftyp

as replacing these values could signi�cantly skew the results for our furthur analysis.

We believe that for NaN values, the patient has likely gone home, but since we can

never verify if this was the case, we decided to remove these values. This cleaning

process ends up providing us around 250,000 patient trajectories out of the whole

DAD patient population which was around 1,700,000 patients.
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3.3 Exploratory Data Analytics

The analysis of the patient dataset, comprising 249,853 trajectories of each patient

(151,354 female and 98,499 male), provides signi�cant insights into the demographics

and disease distribution among the patient population. The charts and tables pre-

sented here o�er a detailed view of gender distribution, the prevalence of di�erent

disease classes, and the distribution of these diseases by gender.

3.3.1 Gender Distribution

The following table summarizes the gender distribution among the patient population.

It reveals that 60.6% of the patients are female, while 39.4% are male. This imbal-

ance in gender distribution may have implications for healthcare resource allocation

and disease management strategies, as di�erent genders can exhibit varying health

behaviors, susceptibilities to certain conditions, and responses to treatment. [1].

Gender Percentage Number of Patients Average Age (years)
Female 60.6% 151,354 79
Male 39.4% 98,499 76.5

Table 3.5: Gender Distribution

3.3.2 Disease Class Distribution

Figure 3.3 highlights the distribution of disease classes based on the �rst three letters

of the ICD-10 diagnosis codes. The most prevalent conditions include:

1. Fracture of Femur

2. Heart Failure
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3. Other Chronic Obstructive Pulmonary Disease

4. Other Disorders of Urinary System

5. Pneumonia, Organism Unspeci�ed

These conditions represent a signi�cant portion of the diagnoses and underscore

areas where healthcare resources and preventive measures could be concentrated. The

high prevalence of musculoskeletal and cardiovascular conditions suggests a need for

targeted interventions and rehabilitation services.

Figure 3.3: Disease Class Distribution

3.3.3 Disease Class Distribution by Gender

Figure 3.4 provides a deeper dive into the disease class distribution by gender, reveal-

ing gender-speci�c trends in the prevalence of various conditions. Key observations

include:
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Figure 3.4: Disease Class Distribution by Gender

3.3.4 Disease Class Distribution by Gender

ˆ Fracture of Femur : Predominantly a�ects females, likely due to higher rates

of osteoporosis and related fractures in older women.

ˆ Heart Failure : More common in females, indicating potential di�erences in

cardiovascular health and risk factors between genders.

ˆ Other Chronic Obstructive Pulmonary Disease : Shows a higher preva-

lence in males, which may be related to historical smoking rates and occupa-

tional exposures.

ˆ Pneumonia and Other Respiratory Conditions : These conditions are

more evenly distributed but still show slight gender variations.

The gender-speci�c distribution of diseases suggests that personalized healthcare

approaches are essential. For instance, targeted screening and prevention programs for

osteoporosis in women and smoking cessation programs for men could be bene�cial.
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3.3.5 Transition Analysis

The transition analysis chart illustrates the probabilities of patient transitions from

one type of institution to another. Each cell in the chart represents the probability

of transitioning from institution i (row) to institution j (column). The color in-

tensity indicates the likelihood of transitions, with darker colors representing higher

probabilities.

This plot shows that among 23 di�erent institution types, historical data indicates

a notable pattern: there is a high probability of patients discharging from long-term

care and then returning to the long-term care unit. Speci�cally, this probability is 83

percent for Hospice/Palliative Care Facilities and 79 percent for Inpatient Complex

Continuing Care institutions. These high probabilities suggest that these institutions

function as absorbing states within the healthcare system, serving as �nal destinations

for many patients and exhibiting lower patient turnover. [16]

In contrast, institutions such as Ambulatory Care Clinics, Emergency depart-

ments, and Day Surgery units are less likely to be patients' �nal destination. These

settings typically handle acute or short-term care, leading to higher transition rates

to other types of care facilities.

The probabilities mentioned in this section were cumulative, and the time-steps of

the transitions were not considered. In other words, the analysis was performed over

all transitions found in the dataset rather than transitions from speci�c time steps

(e.g., from time steps 1 to 2). In the next section, we will break down the transition

probabilities for consecutive time steps. This way, we would be able to discover the

nuances and patters of movements in between.
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Figure 3.5: Markov State Matrix

3.3.6 Patient Flow Dynamics

The use of multiple charts over time in this analysis allows us to capture the dynamic

nature of patient transitions, which are best represented as sequences of movements

rather than isolated events. Each chart corresponds to a di�erent time step, show-

ing the probabilities of transitioning from one institution to another. This approach

leverages the Markov state matrix, where each cell represents the transition proba-

bility from institution i to institution j , providing a comprehensive view of patient

trajectories.

By examining transitions at multiple time steps, we can identify which institutions

act as absorbing states, where patients tend to stay, and which serve as temporary
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stages in their care journey. This trajectory-dependent analysis highlights the 
ow of

patients through the healthcare system, o�ering insights into how di�erent types of

care are utilized over time.

Figure 3.6: First Transition Probabilities
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Figure 3.7: Second Transition Probabilities

Figure 3.8: Third Transition Probabilities
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Figure 3.9: Fourth Transition Probabilities

By analyzing these transitions over multiple time steps, we can construct a com-

prehensive view of patient trajectories through the healthcare system. Several key

patterns emerge:

ˆ Long-Term Retention in Speci�c Care Types : Long-term care (24h), In-

patient CCC, and Inpatient Psychiatry consistently show high probabilities of

retaining patients within the same care type across multiple transitions. This

indicates that these institutions often act as �nal destinations for many pa-

tients, providing sustained care over extended periods. These care types can be

considered absorbing states in patient trajectories.

ˆ Movement Through Acute Care : Acute Inpatient Care sees signi�cant

initial patient retention but also shows considerable patient movement to other

care types in subsequent transitions. This suggests that acute care serves as a
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critical but often temporary stage in patient care trajectories, where patients

receive intensive treatment before moving to more specialized or long-term care

facilities.

ˆ Transition to Palliative and Home Care : There is notable movement from

various care types to Inpatient Palliative Care and Home Care Programs. These

transitions highlight the importance of palliative and home care in managing

patients with chronic or terminal conditions, often serving as the �nal stages in

their care trajectories.

ˆ Stability in Rehabilitation Services : Special Rehabilitation consistently

retains patients across all transitions, re
ecting the specialized nature of these

services and the prolonged rehabilitation process required for many patients.

These �ndings suggest that certain types of care facilities, particularly long-term

care and psychiatric care, are more likely to be the �nal stages in patient care trajecto-

ries, while others like acute inpatient care see more 
uid movement between di�erent

types of care.

ˆ High-Frequency Transitions :

{ Long-term Care to Long-term Care : The repetition of transitions

indicates that once patients enter long-term care, they are likely to remain

there for subsequent care stages. This is consistent with the high transition

probabilities seen in the Markov analysis.

{ Ambulatory Care Clinic to Inpatient PC : This transition suggests

that patients often move from outpatient to inpatient palliative care, high-

lighting a common pathway for patients requiring increased care intensity.
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ˆ Repeated Transitions :

{ Inpatient PC to Inpatient PC : Patients in inpatient palliative care

are frequently transitioning within the same type of care, re
ecting the

continuous need for palliative services.

{ Home Care Program to Home Care Program : Similarly, patients in

home care programs tend to stay within this care type, indicating stable

home care pathways.

ˆ Complex Transitions :

{ Sequences involving multiple transitions : Some sequences show pa-

tients moving between various types of care, such asInpatient CCC to

Long-term Care and Inpatient Rehabilitation to Home Care Pro-

gram , re
ecting the complex care needs and pathways for certain patient

groups.

Figure 3.10: Sankey Diagram
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Figure 3.10 provides a visualization of the most common patient transitions be-

tween di�erent healthcare facilities. Using the GSP algorithm, we identi�ed the most

frequent subsequences of transitions and visualized them [17]. The thickness of the

lines between the nodes represents the frequency of transitions, with thicker lines

indicating more frequent transitions. From this plot, we can observe that Inpatient

Palliative Care and Long-Term Care have the most self-transitions (where the patient

returns to the same facility). These self-transitions suggest that patients often remain

in or return to these facilities, indicating a continuous need for care in these settings.

Additionally, the diagram shows signi�cant transitions between Acute Inpatient Care

and other types of care, such as Long-Term Care and Inpatient Rehabilitation, high-

lighting the critical role of acute care facilities in the overall patient care journey.

3.4 Conclusion

While this trajectory analysis provides valuable insights, it primarily highlights indi-

vidual transition probabilities without accounting for the collective patterns within

the entire dataset. To further enhance our understanding, it is essential to cluster

these patient trajectories. Clustering will help identify distinct groups of patient path-

ways that share similar characteristics, revealing common and unique patterns within

the patient transition data. This deeper analysis is crucial for developing targeted

interventions, optimizing healthcare delivery, and improving patient outcomes.

In the next chapter, we will delve into clustering techniques applied to these

trajectories. By clustering patient trajectories, we aim to uncover signi�cant patterns

and gain a comprehensive understanding of patient movement through the healthcare

system. This approach will provide actionable insights for healthcare providers and
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policymakers, enabling them to design more e�ective and e�cient healthcare delivery

models.
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Chapter 4

Trajectory Clustering

4.1 Problem Formulation

In this section, we aim to formalize the problem of trajectory clustering. Each tra-

jectory is represented as a sequence of transitions, where each transition encapsulates

vital patient information at the discharge level.

Let Tk represent the available information of patientk, which is de�ned as follows:

Tk = [ T1; T2; : : : ; Tn ]

Each transition Ti within the object is a tuple:

Ti = (inst fromi ; inst toi ; ALoSi ; ALCLoSi ; agei ; genderi ; ICD10 1i )

where:

ˆ inst fromi denotes the institution from which the patient has been discharged.
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ˆ inst toi denotes the institution to which the patient has been admitted.

ˆ ALoSi is the Acute Length of Stay.

ˆ ALCLoSi is the Alternate Length of Care Stay.

ˆ agei is the age of the patient.

ˆ genderi is the gender of the patient.

ˆ ICD10 1i is the ICD-10 diagnosis code.

Given a dataset ofN = 249; 852 such objects, our objective is to group these items

by their location transitions, de�ned by the �rst two elements of each transition tuple

(inst from; inst to). This initial grouping results in M = 53; 681 unique trajectories.

Now, let T = f T1; T2; : : : ; TN g be the set of all trajectories. We aim to �nd a

partition C = f C1; C2; : : : ; CK g such that:

C = arg min
C

KX

k=1

X

Ti 2 Ck

dist(Ti ; � k)

where:

ˆ C is the set of clusters.

ˆ K is the number of clusters.

ˆ Ck is the k-th cluster.

ˆ � k is the representative trajectory of thek-th cluster.

ˆ dist(Ti ; � k) is a distance or dissimilarity measure between trajectoryTi and the

representative trajectory� k .
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The goal is to perform clustering on theseM unique trajectories to identify K

clusters and then study patterns and study the characteristics of patients that follow

speci�c trajectories. This clustering will help in understanding the common pathways

patients take through the healthcare system and the associated patient demographics

and clinical features.

4.2 Challenges

4.2.1 Distance Measure

Clustering algorithms rely on a distance measure to determine the similarity be-

tween data points. Many traditional clustering algorithms are designed to work with

Euclidean data, where the distance between points (e.g. spatial points) can be eas-

ily calculated using standard Euclidean distance formulas However, in our case, the

objects we aim to cluster are sequences of institution types that don't go under non-

Euclidean category of objects, they consist of both static features and sequence-based

features. This necessitates the development of a suitable approach to measure simi-

larity between these complex objects.

Several well-known clustering algorithms assume that the data lies in a Euclidean

space and use distance measures like Euclidean distance, Manhattan distance, or

Minkowski distance to evaluate the similarity between data points. Two such algo-

rithms are K-means and DBSCAN.

K-means Clustering partitions the data into K clusters by minimizing the sum

of squared Euclidean distances between data points and their respective cluster cen-

troids. It relies heavily on the assumption that the data is Euclidean, and the clusters
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are spherical in shape.

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) identi�es

clusters based on the density of data points, using a distance measure like Euclidean

distance to de�ne the neighborhood of each point. It is e�ective for identifying clusters

of arbitrary shape in Euclidean space but does not naturally extend to non-Euclidean

data [3].

To measure the similarity between our non-Euclidean sequential objects, we must

develop or adopt distance measures that can handle both static and dynamic features.

One potential approach is to use a combination of sequence alignment techniques and

custom distance metrics that capture the complexity of the data.

4.2.2 Computational Complexity

When developing a custom similarity measure for clustering non-Euclidean objects,

one signi�cant challenge is the computational complexity involved. Our dataset con-

sists of 53,681 unique trajectories, and calculating the similarity measure between

each pair of trajectories leads to a combinatorial explosion in the number of calcula-

tions required.

Speci�cally, the number of pairwise similarity calculations needed is given by:

�
53; 681

2

�
=

53; 681� (53; 681� 1)
2

� 1:44� 109

Such a high number of calculations is computationally expensive and poses signif-

icant challenges in terms of time and resource requirements. The time complexity for

this process isO(N 2), meaning that doubling the number of input data points would

lead to a quadrupling of the computation time.
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The complexity arises from the need to evaluate the custom distance measure

for each pair of trajectories. Given that each trajectory consists of both static and

sequence-based features, the calculations for the distance measure are inherently more

complex than simple Euclidean distances. This adds to the computational burden.

4.3 Methodology

Sure, here's a concise version of your methodology section in two paragraphs:

In this section, we outline our methodology for clustering trajectories, which in-

volves developing a custom similarity measure and addressing computational complex-

ity. We perform trajectory feature extraction to capture each trajectory's behavior,

converting high-dimensional data into a lower-dimensional feature space. This allows

us to tune feature weights and re�ne clusters. We chose agglomerative hierarchical

clustering because it works with a distance matrix, crucial for our non-Euclidean

objects where common distance measures are inadequate. The custom similarity

function we developed enables the calculation of distances between trajectories, facil-

itating e�ective clustering.

The methodology relies on several assumptions: our custom similarity metric

assumes that the extracted features (such as trajectory length, average transition

probability, and entries-exits similarity) represent essential aspects of each trajectory

and are independent. If these features are not comprehensive or their relationships

are oversimpli�ed, important patterns might be missed. Agglomerative hierarchical

clustering assumes meaningful clusters exist within the data and that our custom

distance metric accurately re
ects true dissimilarities. Misalignment in the distance

metric or hierarchical constraints could lead to less accurate cluster formation. By
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addressing these choices and their implications, we aim to uncover common pathways

and transitions in patient trajectories, contributing to improved healthcare strategies

and outcomes.

4.3.1 Custom Similarity Measure

To cluster our sequential non-Euclidean objects e�ectively, we need a similarity mea-

sure that can handle both static and sequence-based features. Our approach involves

the following steps:

Feature Extraction

We extract the following features from each trajectory:

ˆ Length : The number of transitions in each trajectory.

ˆ Average Transition Probability : This is calculated by summing the transi-

tion probabilities for each trajectory. Transition probabilities are pre-calculated

based on the frequency of each possible transition in the dataset.

ˆ Entry-Exit Similarity : This measures the probability distribution of patient

entries and exits to an institution, capturing how frequently patients enter and

leave speci�c institutions.

ˆ Sequence Alignment : We use the Needleman-Wunsch algorithm for sequence

alignment [11]. This method aligns sequences optimally by comparing them

over their entire lengths, ensuring the best possible match. After �nding the

alignments, we calculate the best alignment score and normalize it by dividing

it by the maximum length of the sequences being compared. This normalized
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alignment score re
ects how well two sequences (trajectories) align, considering

possible insertions, deletions, and mismatches.

Composite Similarity Measure

We combine the extracted features into a single similarity measure. The overall

similarity S(Ti ; Tj ) between two trajectoriesTi and Tj is de�ned as:

S(Ti ; Tj ) = � � Slength (Ti ; Tj ) + � � Sprob (Ti ; Tj ) + 
 � Sentries-exits (Ti ; Tj ) + � � Salign (Ti ; Tj )

where:

ˆ Slength (Ti ; Tj ) is the similarity between the lengths of the trajectories:

Slength (Ti ; Tj ) = 1 �
jlength(Ti ) � length(Tj )j

max(length(Ti ); length(Tj ))

ˆ Sprob (Ti ; Tj ) is the similarity between the average transition probabilities:

Sprob (Ti ; Tj ) = 1 �
javg prob(Ti ) � avg prob(Tj )j

max(avg prob(Ti ); avg prob(Tj ))

ˆ Sentries-exits (Ti ; Tj ) is the similarity between the entries-exits similarity, which

can be measured using the Kullback-Leibler (KL) divergence between the prob-

ability distributions of entries and exits:

Sentries-exits (Ti ; Tj ) = 1 �
KL( Pentries-exits (Ti ) k Pentries-exits (Tj ))

max(KL( Pentries-exits (Ti )) ; KL( Pentries-exits (Tj )))

ˆ Salign (Ti ; Tj ) is the similarity score from the sequence alignment.
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Salign (Ti ; Tj ) = 1 �
BestAlignmentScore

max(length(Ti ); length(Tj ))

ˆ � , � , 
 , and � are weighting factors that balance the contributions of each

feature.

4.3.2 Parallel Batch Processing

Implementing a custom similarity measure is crucial, but the computational cost

remains a signi�cant challenge. Speci�cally, calculating a similarity matrix for 53,681

trajectories involves substantial demands on memory and processing time. To manage

this, we propose a batch-processing approach.

Instead of computing the entire similarity matrix at once, we will divide the set

of trajectories into manageable batches. Within each batch, we will calculate the

pairwise similarity measures between trajectories and subsequently perform agglom-

erative hierarchical clustering to identify clusters. This approach, while sacri�cing

some accuracy, signi�cantly enhances computational e�ciency.

To mitigate the potential loss of accuracy, a second-level clustering will be per-

formed on the centroids or representative trajectories of the clusters obtained from

each batch. This hierarchical clustering approach helps maintain overall accuracy

while e�ectively managing the computational complexity.

Since the calculation of each similarity matrix of sizej , where j = 53;681
batch size , is

entirely independent of the calculations for other batches, we can further optimize

by parallelizing these computations. By using a pool of workers, we can distribute

the workload across multiple processors, thereby decreasing computation time signif-

icantly.
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Similarly, �nding the medoids within each mini-cluster of each batch can also be

parallelized. Medoids, being representative trajectories that minimize the dissimilar-

ity within clusters, are crucial for the second-level clustering process. Parallelizing

this step ensures that we decrease the computation time as much as possible while

maintaining the accuracy and integrity of the clustering results. Finally, after the

second step of clustering, we assign each trajectory to the closest medoid to �nd the

corresponding cluster label for the initial trajectory. Figure 4.1 summarizes the whole

process explained above:

Figure 4.1: Parallel Mini-Batch Hierarchical Clustering

The following table presents a comparison of the runtime (in seconds) between
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two approaches, the naive method for measuring pair-wise similarity followed by ag-

glomerative hierarchical clustering, and our proposed method using a batch size of

100 both for a sample size of 500, 1000 and 2000. The batch size is a hyperparameter

of the proposed method and therefore can be tuned for optimization.

Method 500 Samples 1000 Samples
Naive Method 950 s 4260 s

Proposed Method
(BatchSize = 100)

87 s 285 s

Table 4.1: Runtime Comparison of Clustering Approaches
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Algorithm 1 Parallel Mini-Batch Hierarchical Clustering

Require: T = f T1; T2; : : : ; Tng . Set of trajectories
Ensure: Clusters of trajectories

1: function FeatureExtraction (Ti )
2: Extract features from trajectory Ti :
3: Length (L), Average Transition Probability (Pavg)
4: Entries-Exits Similarity ( E), Sequence Alignment (A)
5: return (L; Pavg; E; A)
6: end function
7: function Similarity (Ti ; Tj )
8: (L i ; Pavgi

; E i ; A i )  FeatureExtraction(Ti )
9: (L j ; Pavgj

; E j ; A j )  FeatureExtraction(Tj )
10: ComputeSimilarityScore()
11: return � � Slength + � � Sprob + 
 � Sentries-exits + � � Salign

12: end function
13: function MiniBatchClustering (T;batchSize)
14: clusters  ;
15: batches splitIntoBatches(T;batchSize)
16: for all batch 2 batchesdo
17: similarityMatrix  calculatePairwiseSimilarities(batch)
18: batchClusters  agglomerativeHierarchicalClustering(similarityMatrix )
19: clusters  append(clusters; batchClusters)
20: end for
21: return clusters
22: end function
23: function SecondLevelClustering (clusters)
24: medoids �ndMedoids(clusters)
25: similarityMatrix  calculatePairwiseSimilarities(medoids)
26: f inalClusters  agglomerativeHierarchicalClustering(similarityMatrix )
27: for all Ti 2 T do
28: closestMedoid �ndClosestMedoid(Ti ; medoids)
29: assignToCluster(Ti ; closestMedoid)
30: end for
31: return f inalClusters
32: end function
33: clusters  MiniBatchClustering(T;batchSize)
34: f inalClusters  SecondLevelClustering(clusters)
35: return f inalClusters
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4.4 Results

In this section, we'll provide the results of clustering along with the comparison over

di�erent clusters that we ended up with. Figure 4.2 shows the length distribution of

53,681 unique trajectories, as can be seen the most common trajectories are of length

3 and 4. Every sequence of transitions with length 1 were removed before analysis to

only include those ones that are actually a sequential object.

Figure 4.2: Length Distribution

We'll report the average length of trajectories in each cluster later on. Also,

when it comes to clustering trajectories, one important problem raises and that's the

way we need to visualize the trajectories. One e�ective method is to use directed

graphs where nodes represent observed states and links represent transitions between

these states. By employing adjacency matrices, we can identify common patterns and

di�erences in sequences, and simplifying the temporal dimension allows us to focus on
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the main transitions. This approach helps in the e�ective visualization and analysis

of complex sequence patterns. [2]. Figure 4.3 shows the graph representation of the

top 1000 most common unique trajectories which makes up around 65 percent of the

total trajectories available in our data. Nodes in this graph are institution and in

Appendix B, you can �nd the descriptions for each institution type.
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Figure 4.3: Graph Representation
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4.5 Clusters Analysis

Table 4.2 shows the hyperparameters under which the algorithm was run.

Parameter � � 
 � Batch Size

Value 1 1.5 2 3 2500

Table 4.2: Clustering Hyperparameters

Cluster Patients Avg. Length Avg. Age (F) Avg. Age (M) ALC (%)

1 1031 2.78 77 75 30.33
2 21732 5.06 78 76 20.42
3 49857 6.27 80 77 9.55
4 5026 4.64 77 75 24.92
5 27910 2.99 81 78 32.87
6 1447 3.56 74 73 19.30
7 90607 4.77 77 74 17.72

Table 4.3: Summary of Cluster Details

Table 4.3 summarizes the general stats and characteristics of each cluster. No-

tably, there appears to be a negative correlation between the average length of stay

and the ALC percentage|clusters with shorter stays tend to have higher ALC per-

centages, while those with longer stays show lower ALC percentages. This suggests

that extended stays might reduce the need for alternate care by addressing more

complex health issues during the primary stay.

Cluster Analysis

The seven clusters represent distinct patient groups characterized by varying demo-

graphics, healthcare needs, and care transitions. Below is a comparative analysis of

these clusters.

43



M.Sc. Thesis { M. Taremi; McMaster University { Computational Science and Engineering

Cluster 1

Cluster 1, with the smallest population (1031 patients), shows a dense transition pat-

tern primarily involving Special Rehabilitation Facilities and Home Care Programs.

Patients here have a high prevalence of musculoskeletal and chronic conditions, with

frequent transitions from Acute Inpatient Care to Inpatient Rehab, eventually moving

to Home. This cluster also has a notably high percentage (30.33 %) of Alternate Level

of Care (ALC) transitions, indicating prolonged recovery periods or complications.

Cluster 2

Cluster 2 is a large group with 21,732 patients and a varied set of pathways, especially

focusing on self-transitions to Home Care. This cluster shows a high prevalence of

cardiovascular and respiratory conditions, with frequent transitions from Day Surgery

to Home Care. Patients in this cluster are more likely to experience ALC during acute

inpatient care (20.42 %), re
ecting more complex healthcare needs.

Cluster 3

Cluster 3, the largest in terms of trajectory length, encompasses 49,857 patients

and is characterized by dense transitions around Long Term Care settings. This

cluster has the highest average trajectory length (6.27) and a high prevalence of

neurodegenerative disorders. Despite the lower ALC percentage (9.55 %), the longer

trajectories suggest signi�cant long-term care needs.
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Cluster 4

Cluster 4, with 5,026 patients, involves frequent transitions to Inpatient Complex

Continuing Care. The patients in this cluster commonly su�er from chronic kidney

disease and end-stage liver disease. The cluster shows a signi�cant ALC length of

stay (24.92 %) in Nursing Stations, highlighting the prolonged care requirements for

severe conditions like dementia.

Cluster 5

Cluster 5 includes 27,910 patients with the highest average age (81 for females, 78 for

males) and the shortest average trajectory length (2.99). This cluster is dominated

by patients with advanced cancer and palliative care needs, re
ected in its high ALC

percentage (32.87 %). The transitions mainly occur between Acute Inpatient Care,

Inpatient Rehabilitation, and Inpatient Palliative Care.

Cluster 6

Cluster 6, one of the smaller clusters with 1,447 patients, focuses on transitions to

Inpatient Psychiatry. Patients here predominantly su�er from mental health disorders

and substance abuse. Despite its small size, the cluster has a notable ALC percentage

(19.30 %), suggesting specialized and often prolonged psychiatric care needs.

Cluster 7

Cluster 7, the largest in terms of patient population (90,607), shows a moderate length

of trajectories with frequent transitions between Home Care and Ambulatory Care

Clinics. This cluster deals with a high prevalence of mixed chronic conditions and
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acute events. It has a relatively high ALC percentage (17.72 %) in acute inpatient

care, indicating varied and changing care needs.

Summary

The comparative analysis of these clusters highlights signi�cant variations in patient

demographics, healthcare needs, and care transitions. Clusters 1 and 5, despite hav-

ing di�erent patient numbers and average trajectory lengths, both show high ALC

percentages, suggesting prolonged and complex care needs. Cluster 3 stands out

for its long trajectories and low ALC percentage, re
ecting e�ective long-term care

management. Clusters 2 and 7, with their large populations and diverse care path-

ways, indicate a wide range of healthcare needs, while Clusters 4 and 6 highlight the

specialized care requirements for chronic and mental health conditions, respectively.

The �gures in appendix C are each cluster's speci�c characteristics and charts.

The �rst chart for each is the graph representation of that cluster, and the second

chart shows the percentage of people with ALC or No ALC status per institution,

followed by the average ALC length of stay and most common ICD-10 diagnosis codes

that patients have been diagnosed with. The third charts represents the probability

transitions from one institution to another.
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Chapter 5

Conclusion

5.1 Contribution

This research makes several important contributions to the �eld of healthcare data

analytics:

1. Novel Clustering Methodology: We've developed a robust clustering method

speci�cally designed for patient trajectory data. This method combines custom

similarity metrics with agglomerative hierarchical clustering and leverages par-

allel computing to handle large datasets e�ciently.

2. Custom Similarity Metric: We've introduced a new similarity metric that

considers both the temporal sequence and the semantic details of patient transi-

tions. This provides a more nuanced and accurate measure of similarity between

trajectories.

3. Scalable Implementation: Our approach is scalable, meaning it can handle

the computational complexity associated with clustering large datasets by using
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batch processing and parallelization.

4. Insights into Healthcare Pathways: Through detailed analysis of the clus-

tered patient trajectories, we've uncovered common patterns in patient move-

ments through the healthcare system, highlighting critical areas for intervention

and improvement.

5.2 Limitations

While our research provides valuable insights, it's important to acknowledge several

limitations:

1. Data Quality: The accuracy of our clustering results depends heavily on the

quality of the input data. Inaccuracies or missing values in the dataset can

impact the outcomes.

2. Simpli�cation of Trajectories: By reducing trajectories to feature vectors,

some detailed information may be lost, which could a�ect the clustering accu-

racy.

3. Computational Constraints: Despite leveraging parallel computing, the

clustering process is still computationally intensive, which may limit its ap-

plicability to even larger datasets or real-time analysis.

4. Health Policy Changes: The dataset spans from 1988 to 2023, a period

marked by signi�cant changes in healthcare policies, practices, and technologies.

These shifts could introduce variations in patient trajectories and data quality,
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potentially limiting the generalizability of our �ndings to current healthcare

scenarios.

5.3 Future Research

Looking ahead, there are several exciting directions for future research:

1. Enhanced Similarity Metrics: Future work could focus on re�ning the sim-

ilarity metrics to capture even more intricate details of patient trajectories.

This could involve incorporating additional features or using advanced machine

learning techniques.

2. Real-Time Analysis: Developing methods for real-time clustering and anal-

ysis of patient trajectories would enable dynamic decision-making in healthcare

settings, providing immediate insights and recommendations.

3. Broader Applications: Our methodology could be applied to other types

of sequential data in healthcare, such as treatment sequences or medication

adherence patterns, to uncover additional insights.

4. Integration with Clinical Decision Support Systems: Integrating our

clustering methodology with clinical decision support systems could enhance the

quality of patient care by providing real-time recommendations to healthcare

providers.
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Appendix A

ICD-10 Code Descriptions

ICD-10 Code Description

K350 Acute appendicitis

R4180
Other and unspeci�ed symptoms and signs

involving cognitive functions and awareness

F259 Unspeci�ed a�ective disorder

F209 Schizophrenia, unspeci�ed

K860 Acute pancreatitis

F329 Depressive episode, unspeci�ed

J440
Chronic obstructive pulmonary disease with

acute lower respiratory infection

N390 Urinary tract infection, site not speci�ed

L0311 Cellulitis of abdominal wall

Continued on the next page
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Continued from previous page

ICD-10 Code Description

J441
Chronic obstructive pulmonary disease with

acute exacerbation

Z540 Convalescence following surgery

S72080 Fracture of unspeci�ed part of neck of femur

E872 Hyperosmolality and hypernatremia

J189 Pneumonia, unspeci�ed organism

J214
Acute bronchiolitis due to other speci�ed

organisms

I500 Heart failure

F03 Unspeci�ed dementia

Z751
Unavailability and inaccessibility of other helping

agencies

I2510
Atherosclerotic heart disease of native coronary

artery without angina pectoris

S72100
Fracture of unspeci�ed part of neck of femur,

closed

I214
Non-ST elevation (NSTEMI) myocardial

infarction

T813

Postprocedural infection and other complications

of surgical and medical care, not elsewhere

classi�ed

Continued on the next page
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Continued from previous page

ICD-10 Code Description

R64 Cachexia

G309 Alzheimer's disease, unspeci�ed

Z510 Encounter for other aftercare
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Appendix B

Institution Type Descriptions

Code
Description

0 Community Based Clinic

1 Acute Inpatient Care

2 Inpatient Rehabilitation

3 Inpatient Complex Continuing Care

4 Long-term care (24-hour nursing care)

5 Inpatient Psychiatry (Mental Health)

6 Nursing Stations

7 Special Rehabilitation Facility

8 Home Care Program

9 Inpatient Palliative Care

A Day Surgery

Continued on the next page
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Continued from previous page

Code
Description

B Private Clinic

C Correctional Facility

E Emergency Department

F Other health facility

G Group Living/Supportive Housing

H Transitional Housing

J Other non-health facility

M
Community Mental Health and Addiction

Services

N Ambulatory Care Clinic

P Hospice/Palliative Care Facility

S Sub-Acute

T
Mental Health and/or Addiction Treatment

Centre

U Unknown facility
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Appendix C

Cluster Level Figures

This appendix includes all the detailed �gures of all 7 clusters discussed in Chapter

3.
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Figure C.1: Graph Representation Cluster 1
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Figure C.2: ALC/ICD10 Codes Cluster 1

Figure C.3: Transition Probabilities Cluster 1
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Figure C.4: Graph Representation Cluster 2
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Figure C.5: ALC/ICD10 Codes Cluster 2

Figure C.6: Transition Probabilities Cluster 2
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Figure C.7: Graph Representation Cluster 3
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Figure C.8: ALC/ICD10 Codes Cluster 3

Figure C.9: Transition Probabilities Cluster 3
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Figure C.10: Graph Representation Cluster 4
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Figure C.11: ALC/ICD10 Codes Cluster 4

Figure C.12: Transition Probabilities Cluster 4
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Figure C.13: Graph Representation Cluster 5

64

http://www.mcmaster.ca/
https://cse.mcmaster.ca/


M.Sc. Thesis { M. Taremi; McMaster University { Computational Science and Engineering

Figure C.14: ALC/ICD10 Codes Cluster 5

Figure C.15: Transition Probabilities Cluster 5
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Figure C.16: Graph Representation Cluster 6
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