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Lay Abstract

The ability to independently perform activities of daily living (ADLs) is a crucial indi-

cator of an individual’s health status, and the loss of this ability can have a profound

impact on their overall quality of life. Our research focuses on analyzing the trajec-

tories of patients as they experience functional decline and recovery. While various

techniques have been utilized to explore ADL trajectories, this study stands out by

employing clustering and sequence analysis approaches to examine di�erent groups

of trajectories. To overcome the computational challenges involved, we propose a

combined clustering approach. This hybrid approach consists of two phases: apply-

ing a Markov model prior to distance-based algorithms. The �ndings derived from

our research hold signi�cant applications in optimizing healthcare systems, improving

health outcomes, facilitating the development of targeted and e�ective interventions

that support patients in preserving their independence, and enhancing the quality of

care.
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Abstract

This work presents comprehensive analytics of trajectories of functional loss and re-

covery using sequence analysis and clustering techniques. The study focuses on a

large dataset consisting of assessments of activities of daily living conducted among

nursing home residents. The �rst main part of this research involves converting the

assessments into sequences of disability combinations and utilizing graphical tools

and various indicators to gain valuable insights into the trajectories of functional dis-

abilities over time. In the second part of the research, a novel clustering approach

is introduced that combines Markov models with distance-based techniques. This

hybrid methodology results in 13 distinct clusters of trajectories. The clusters are

thoroughly examined, and representative sets are carefully selected based on various

criteria. This selection process ensures that the chosen sets accurately represent the

characteristics of each cluster. The �ndings of this study have signi�cant implications

for healthcare systems, including developing predictive models which can be utilized

to forecast the trajectory of individual patients based on their cluster membership.

This enables healthcare providers to anticipate disease progression, tailor treatments,

and dynamically adjust care plans, resulting in improved patient outcomes and the

overall quality of care. Moreover, the information derived from the analytics can
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aid in optimizing healthcare systems by facilitating resource allocation and cost op-

timization. The insights gained can also guide policymakers and families in planning

appropriate care for patients. This research advances healthcare decision-making and

ensures appropriate support.
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Chapter 1

Introduction

Activities of daily living (ADLs) refer to fundamental activities done regularly to ad-

dress a human's physical, social, and cultural needs (Costenoble et al., 2021; Reuben

& Solomon, 1989). The ability to perform these activities may decline due to vari-

ous factors such as age, comorbidities, or cognitive impairment (Castellanos-Perilla

et al., 2020). ADL is an indicator of the independency level of individuals, and there

are several measures to assess them (Katz, 1983). A decline in biological and psy-

chosocial functions directly a�ects one's safety and quality of life (Edemekong et al.,

2022). According to statistics and surveys in the early 1990s, 2 million Canadians (7%

of Canada's population at that time) needed to receive some help with their ADLs

(Canada, 1994; Chen & Wilkins, 1998). Also, according to a report published more

recently, (Richard W. Johnson, 2019), in the USA, 70% of the population surviving

to age 65 lived with at least two ADL disabilities.

It is also shown that ADLs are associated with mental health, especially patients

with an advanced stage of ADL are disfavoured in most social network measures,

such as having fewer friends (Na & Streim, 2017). Hence, patients losing their ADLs
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will likely su�er from loneliness and lack of social connection. Aging is one of the

most signi�cant causes of ADLs (Castellanos-Perilla et al., 2020; Fettes et al., 2022).

In geriatrics, maintaining functional mobility and ADL independence are among the

main goals and functional status is referred to as the \sixth vital sign" (Bierman,

2001). Vital signs are fundamental measurements of one's physical health, and the

four primary vital signs are body temperature, heart rate (pulse), respiratory rate

(rate of breathing), and blood pressure (Cleveland Clinic, 2023). So, ADL is more

prevalent and crucial among the older population. According to the Canadian census,

the number of adults aged 85 or older has doubled over the past two decades (2001-

2021) and is projected to triple by 2046 (Statistics Canada, Government of Canada,

2022). Furthermore, individuals with declining ADLs may need extra support from

caregivers, family members, and friends, putting strain on the healthcare system and

families. The associated costs can also be substantial, including but not limited to

clinical treatment expenses, assistive technologies, and in-home or long-term care.

There are also indirect costs putting pressure on insurance companies to provide ade-

quate coverage plans for other members and on governments to fund other programs,

which can impact the overall economy. Thus, analyzing ADLs, especially in this aging

population, is vital, making it a crucial aspect of our study.

To analyze ADLs, we focus on the trajectory that patients experience as they

either lose their functional abilities or recover from such losses. This approach has

multiple advantages and signi�cant applications for society and healthcare systems.

For example, by understanding the sequence of functional loss and recovery, health-

care providers and decision-makers can make predictions about a patient's ADL pat-

tern, develop e�ective personalized treatment, prevent further decline, and enhance
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health outcomes. The question is whether all individuals lose their functional abilities

in the exact reverse order that they acquire those abilities as infants. The literature

mainly studied ADL trajectory as a general status or trend using ADL scores, such as

(Li et al., 2020; Mart��nez-Velilla et al., 2021), with few studies discussing the actual

sequences of loss or recovery of di�erent functions (Levy et al., 2016). Moreover, ac-

cording to Gill and Kurland (2003), disability experiences among older people exhibit

high levels of dynamism and diversity. So, it is not possible to identify a universal

pattern of functional loss and recovery that applies to all patients, as demonstrated by

Levy et al. (2016). To the best of our knowledge, no previous study has investigated

the typical trajectories of functional loss and recovery in ADLs through sequence

analysis (SA) and clustering.

To address the mentioned gaps, we propose a hybrid sequence clustering method

to �nd the most critical trajectories of functional loss and recovery experienced by

various groups of patients. The primary goal of this research is to use arti�cial intel-

ligence (AI) techniques to perform trajectory and cluster analytics on large sequence

datasets and discover the typical ADL trajectories. To this end, we leverage a real-

world dataset containing more than 1 million ADL assessments. The research involves

conducting an exploratory analysis of the ADL data and uncovering characteristics

of functional loss and recovery trajectories. Moreover, our empirical study aims to

group patients into several meaningful clusters and determine each cluster's optimal

representative sequences. The high number of trajectories exponentially increases

computational time and complexity, which we address by combining SA with Markov

models (MM). Our study stands out from prior research in the way that it applies

a MM as a preliminary clustering stage and then uses AI (SA tools) to enrich the
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cluster analytics. To conduct our analytics and visualize the sequences, we primarily

use theTraMineRpackage developed by Gabadinho, Ritschard, M•uller, et al. (2011)

in R.

The rest of this thesis is organized into several chapters: A literature review is

presented in Chapter 2. Chapter 3 contains an introduction to the data and analyzes

the trajectories. Cluster analytics, its computational results, and discussions are

described in Chapter 4. The conclusion, applications, and future works are the content

of Chapter 5.
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Chapter 2

Literature Review

Trajectory Analytics. Trajectory analytics has di�erent applications, and the term

\trajectory" has been used in di�erent �elds, such as marketing (Ghose et al., 2019),

aviation (Fern�andez et al., 2017), and healthcare (Lim, 2018). The de�nition of

trajectory might vary from one work to the other. They can have tangible repre-

sentations, such as mobile users' traces (Ghose et al., 2019) and planes' 
ight paths

(Fern�andez et al., 2017) or be abstract concepts, such as di�erent phases of an illness

(Naumzik et al., 2022). In some other studies, their de�nition contains a combination

of both, for example, predicting how patients will change wards in a hospital (Ranjan

et al., 2017) and the choice of shoppers at a mall (physical-behavioural path) (Ghose

et al., 2019). However, the main point observed in all applications is that trajectory

is de�ned as a series of events or states.

Trajectory Analytics in Healthcare. In medicine, a patient trajectory concerns

tracing sequences of events and identifying factors that impact an individual's health

outcomes (Hollar, 2018). A trajectory is then formed by storing a patient's medical

data over time. Health data can be acquired through sources such as electronic

5
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medical records, wearable technologies, and health sensors (Allam et al., 2021). Allam

et al. (2021) grouped the purpose of trajectory analysis into three categories: risk

scoring, sub-typing, and pathway discovery. In risk scoring, the goal is to predict

selected outcomes, such as the prediction of patient mortality (Lim, 2018), the onset

of Alzheimer's (Lim & van der Schaar, 2018), and hospital readmission (Pham et al.,

2017). Sub-typing refers to e�orts in clustering entities with similar trajectories, such

as injury healing trajectories (Zarzaur & Bell, 2016). Pathway discovery aims to

identify the medically indicative sub-patterns within trajectories, such as stages of

chronic disease (Naumzik et al., 2022), disease progression patterns (Jensen et al.,

2014), and typical sequences of clinical practices (Zhang et al., 2015). Our work

mainly focuses on the second type of trajectory analysis, i.e. sub-typing.

Trajectory Clustering Methods. In sub-typing analyses, the common data-driven

clustering methods are either model-based, where the model parameters determine

the clusters of trajectories or model-free, where the similarity metrics play a critical

role (Allam et al., 2021). Various approaches are used in the literature to cluster

patients' trajectories, for example, Zarzaur and Bell (2016) investigated the phys-

ical and mental recovery trajectories of patients with non-neurologic traumatic in-

juries. Their longitudinal study used the group-based trajectory modelling (GBTM)

method to identify the clusters of individuals with similar trajectories and employed

the Bayesian information criterion (BIC) to specify the best-�tting model. GBTM

is a particular type of �nite mixture model that utilizes maximum likelihood estima-

tion (MLE) to determine its parameters, and the resulting parameter estimates can

be employed to calculate the probability of an individual belonging to each cluster

(Nagin, 2014). In another work, Ranjan et al. (2017) proposed a semi-Markov Model

6



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

(SMM)-based clustering technique to group the patient 
ow in hospitals and used the

Elbow method for selecting the best number of clusters.

In the study by Ghassempour et al. (2014), trajectories were clustered by be-

ing transformed into Hidden Markov Models (HMM), and then the symmetrized

Kullback-Leibler (KL) divergence was utilized to calculate the distances between the

probability densities to be fed into a clustering technique. They used the Silhouette

index, the Davies-Bouldin (DB) index, and the Dunn index as the \validity index"

to �nd the best number of clusters for the Partitioning Around Medoids (PAM) al-

gorithm. Zaballa et al. (2020) employed thek-medoids clustering technique with an

edit distance measure to group treatment trajectories. Their study of breast cancer

patients obtained �ve clusters of treatment patterns. They used medoids as true rep-

resentatives of the clusters and validated the �ndings through clinical guidelines and

expert knowledge. Vogt et al. (2018) also employed thek-medoids clustering algo-

rithm and the Silhouette approach to �nd the subgroups of patients with heart failure.

They used a heuristic technique by Gabadinho, Ritschard, Studer, et al. (2011) to

determine the representative trajectories of each cluster based on the neighbourhood

density of the sequences. They explored three di�erent types of treatment sequences

and reported average Silhouette scores of 0.33, 0.44, and 0.47. Their study concluded

that sequence clustering methods could be e�ectively applied to analyze sequences in

healthcare and empirically discover typical sequences.

Fei and Meskens (2013) presented an auto-stopped bisectingk-medoids algorithm

to cluster patient trajectories. They applied the clustering in two stages, where the

�rst stage clusters vectors of extracted features of the hospital visits using classical

similarity measures, and the second stage clusters the original trajectories of each

7
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group found in the �rst stage. They represented the trajectories as alphanumerical

sequences and computed their distances using the Smith-Waterman algorithm. As-

pland et al. (2021) worked with the Needleman{Wunsch algorithm and modi�ed it

to contain expert knowledge. They tried to �nd meaningful clusters of lung can-

cer trajectories by integrating context into the similarity metric. They compared

the proposed method with eight common distance measures, including token-based,

sequence-based, and edit distances. They concluded that the outputs di�ered sig-

ni�cantly, and metric selection should be based on careful consideration. Both the

Needleman-Wunsch algorithm and the Smith-Waterman algorithm belong to the fam-

ily of sequence alignment algorithms and were originally developed to measure the

similarity of sequences of molecules in biological polymers, including DNA, RNA, or

protein (Paul Gagniuc, 2021).

Trajectory Analytics in ADL. According to a literature review, several studies

investigated trajectories of disabilities in performing ADLs in patients with cancer

or respiratory disorders (Fettes et al., 2022). They classi�ed ADL trajectories into

\increasing", \
uctuating", and \unchanging" and studied the factors causing an

increase in functional loss and the consequences. Some studies focused on the recovery

trajectory and ADL status of older patients before and after hospitalization, such

as (Huang et al., 2013; Li et al., 2020; Mart��nez-Velilla et al., 2021; Wojtusiak et

al., 2021). In their study, Li et al. (2020) found that almost half of the patients

experienced a gradual recovery trend within six months after being discharged from

the hospital. Additionally, they discovered that the probability of regaining ADL

independence was higher for patients who were discharged to their homes rather than

long-term care facilities. Some studies used machine learning methods to predict

8
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the probability of the future status of ADLs (Wojtusiak et al., 2021; Wojtusiak et

al., 2016). Xiao et al. (2021) also used ADL scores to investigate the trajectory of

disabilities and analyzed their association with service utilization. One study used

Semi-Markov chains and Bayesian Networks to estimate the likelihood and �nd the

most common sequence of dependence loss and recovery in ADLs (Levy et al., 2016).

In the literature, ADL trajectory was mostly studied as a general status or trend

using ADL scores, and the number of studies discussing the actual sequences of loss

or recovery of di�erent functions was not signi�cant.

In our study, we treat the trajectories as string sequences and de�ne them as the

sequences of disability states in performing ADLs. To the best of our knowledge,

there has been no previous investigation into trajectories of functional decline and

recovery using sequence and clustering analytics. Our study introduces a novel hy-

brid sequence clustering approach to identify the most signi�cant ADL trajectories

that di�erent groups of patients experience. To address the computational challenges

posed by large sequence datasets, we utilize an MM in our clustering analytics. Em-

ploying an MM to directly cluster the trajectories in a hybrid manner has yet to be

seen in the literature. Our approach applies the MM in the �rst phase to cluster

the ADL trajectories. In the second phase, we apply a distance-based approach us-

ing an edit distance measure to further subgroup the clusters obtained in the �rst

phase. This two-phase clustering process allows for more comprehensive and re�ned

trajectory analytics. To determine the optimal clustering solution, we utilize di�erent

criteria and evaluation measures to assess the quality of the clusters. Additionally,

we apply and compare di�erent measures to identify the best representative sets for
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each �nal cluster, ensuring that these sets accurately capture the distinctive char-

acteristics of each cluster. By combining sequence analysis, clustering techniques,

and the application of an MM, our study o�ers a unique and innovative approach to

analyzing big datasets of ADL trajectories. The �ndings contribute to advancing the

understanding of these trajectories and provide valuable insights and applications for

healthcare decision-making and personalized care planning.
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Chapter 3

ML-based Trajectory Analytics for

Functional Loss and Recovery

This chapter introduces the ADL dataset and the methods used to extract and analyze

the trajectories. The results of the trajectory analytics of functional loss and recovery

are also presented.

3.1 Data

The original dataset contains information on 1,328,052 ADL assessments of 265,530

residents in 125 Veteran A�airs nursing homes in the USA, collected over approxi-

mately 13 years (between 01/01/2000 and 09/10/2012). For every resident, a di�erent

number of assessments are recorded, enabling us to track the ADL trajectories. The

assessments cover nine basic physiological functions: bathing (B), grooming (G),

dressing (D), feeding (F ), transferring (S), walking (W ), toileting ( T ), bowel conti-

nence (L), and urinary continence (U ). So, there could be 29 possible combinations

11
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of ADL disabilities (512 disability combinations). However, our data preprocessing

revealed that only 25 combinations of disabilities (i.e., 5%) explained 84% of the

cases. Therefore, to tackle the complexity issue and reduce computational time, we

narrowed our focus to the top 25 combinations of disabilities.

Each assessment record contains information on the patient's characteristics (age

and gender), their unique IDs, the �rst and last days of disabilities, the number

of days of follow-up, the number of assessments conducted, and the death status.

Additionally, there is a separate column for each ADL, where a value of 1 indicates

disability, and 0 indicates no disability. We used binary coding to convert the original

data of disabilities into a single state of disabilities. For instance, a patient unable

to groom, bathe, and walk (GBW ) would have a state code of 52. Notably, the

order in which disabilities are listed within a state does not carry any signi�cance;

for example,GBW, GWB, and WBG all refer to the same state.

We excluded patients who had only one day of follow-up or two assessments, as

well as those with a recorded negative age. In some cases, we found patients with a

death record during their assessments, so we excluded them to ensure that our data

only consisted of reasonable longitudinal records. Since death is an irreversible state

and has a di�erent nature from other states, we removed the rows corresponding

to such events. This preprocessing step resulted in a �nal dataset of 846,859 cases,

which is 64% of the original dataset, and is used for further analysis. The descriptive

statistics revealed that the residents were predominantly male (97%) and had an

average age of 71. Also, on average, patients underwent seven assessments for over

two years. Moreover, 83% of them passed away during the study period. Among the

recorded disabilities, bathing was identi�ed as the most prevalent, while feeding was
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found to be the least common.

We used the TraMineR package in R to transform the assessment records into

string sequences, resulting in 148,750 state sequences (Gabadinho, Ritschard, M•uller,

et al., 2011). The maximum duration of assessment in our dataset is 5331 days.

Therefore, the output sequences form a big dataset of size 148750� 5331. Given the

current state of SA tools, our sequence dataset is classi�ed as large, which presents

computational challenges. To address this, we work with weighted sequences to re-

duce the number of sequences (Studer, 2013). Employing this method allowed us to

decrease the number of rows by 38,794 and ultimately analyze a dataset with 109,956

unique sequences.

3.2 Sequence Analysis

SA has been used in a broad range of research �elds, such as socio-economics (Oris

& Ritschard, 2014), and prosopography (Merckl�e & Zalc, 2014). Introduction of

SA into social sciences roots back in 1995 (Abbott, 1995). Since then, interest in

applying SA in life course studies has increased dramatically. Abbott (1995) called

SA a \revolution" in social science, providing a valuable tool for understanding social

processes. He discussed that the SA approach studies sequences as a whole, with the

central question being whether there are any patterns within them.

Conventionally, SA consists of three stages: sequence extraction (coding data into

sequences), distance (dissimilarity) calculation, and clustering (or any data reduction

scheme) (Abbott, 1995; Abbott & Tsay, 2000). There are three fundamental aspects

of state sequences: their sequencing (ordering), the timing or transition, and dura-

tion (Studer & Ritschard, 2016). To portray the ADL trajectories, we use sequence
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visualization tools and special indicators.

Sequence Visualization. Visualizing sequences plays a prominent role in com-

prehending the underlying patterns. The tools used in this regard are various and

available in several programming languages. Sequence representation contains three

dimensions: units of analysis, time points, and states (Liao et al., 2022). Popular

plots include index plots, state distribution plots, frequency plots, and modal plots.

Additionally, other methods provide information on sequences, such as bubble graphs

for visualizing state transition rates (Brzinsky-Fay, 2014). In a recent review on SA,

Liao et al. (2022) emphasized critical points for an e�ective sequence visualization:

using contrasting colours, re-plotting in grayscale, and considering the information-

readability trade-o�. In this research, we employ popular graphical tools in SA to

gain insights into the ADL trajectories.

Sequence Indicators. Sequence indicators can be used to present the nature

of sequences numerically. There are several indicators measuring various intrinsic

characteristics of individual sequences. Ritschard (2021) categorized the indicators

into four groups: basic, diversity, complexity, and (un)favorableness. In our research,

we investigate the ADL trajectories using several measures from all of the categories.

3.3 Trajectory Analytics of ADLs dataset using

SA

Using the methods of SA, we explore the trajectories of ADL disabilities. After

reducing the number of sequences through weighting, the �nal dataset comprises

109,956 weighted sequences of disability states. Sequence I serves as an example of

14
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the trajectories in the dataset.

Trajectory #11453 : (0; 243)� (16; 168)� (0; 168)� (20; 84) � (0; 2) (I)

3.3.1 Basic Features

Table 3.1 contains basic information on the sequence features (please refer to (Ritschard,

2021)). The �rst column, \Lgth", is the statistics summary of sequence length in the

�nal weighted dataset. We can tell that, on average, patients were under assessment

for more than two years.

The second column, labelled as \Dlgth", represents the number of spells within

the sequences. A spell refers to a period where the state does not change and can

be used to analyze transitions between states in trajectories. In the case of our ADL

dataset, each spell indicates a consecutive course during which the patient experiences

a speci�c combination of disabilities. On average, patients experience three spells,

where the �rst and third spells may involve the same or di�erent states. Moreover,

the maximum number of spells in the dataset is 29, indicating that the maximum

number of transitions between the states is 28.

The third column of Table 3.1, \Visited", displays the number of states visited

by the residents. On average, patients went through approximately three states. The

degree of recurrence is presented under the \Rcurr" column, which indicates how

often a patient revisits a particular state. Most patients experienced each state only

once, but some had recurrent visits to certain disability states. For example, the

patient with Sequence II had a recurrence degree of 6 and bounced between states
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509 (FGTBWDLU ) and 511 (All ) multiple times.1

Trajectory #53209 : (509; 941)� (511; 87) � (509; 259)� (511; 88) � (509; 81)�

(511; 422)� (509; 83) � (511; 161)� (509; 84) � (511; 259)�

(509; 84) � (511; 251) (II)

The second part of the table shows the mean and standard deviation of the spell

duration. The �rst two columns indicate that, on average, patients stayed in a single

state for 405 days with a deviation of 213 days. This implies that the variance of

the observed spells is relatively high. The last two columns consider the non-visited

states into account, showing that the state duration is not easily predictable for our

dataset.

3.3.2 Index Plot

Figure 3.1 depicts the index plot of our dataset, which displays 250 weighted se-

quences. The horizontal axis represents time and is set at 585 days, which is the

median length of the selected sequences. Each line on the vertical axis illustrates the

trajectory of disability combinations experienced by the residents. To ensure clarity

and avoid over- or under-plotting, the trajectories are ordered and sampled using

a steady increment step. This approach enables us to obtain a comprehensive and

informative visualization of the sequence dataset, facilitating a better understanding

of the patterns and trends in the ADL trajectories (Brzinsky-Fay, 2014).

1For a visual representation of this trajectory, please refer to Appendix B.
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Table 3.1: Basic Characteristics of ADL Trajectories

Lgth Dlgth Visited Rcurr

Min. 2.0 1.000 1.000 1.000
1st Qu. 193.0 2.000 2.000 1.000
Median 621.0 2.000 2.000 1.000
Mean 922.3 2.959 2.565 1.113
3rd Qu. 1384.0 922.3 3.000 1.000
Max. 5205.0 29.000 14.000 6.000

MeanD Dustd MeanD2 Dustd2

Min. 1.0 0.000 0.08 0.2713
1st Qu. 83.0 9.708 7.68 29.7204
Median 221.0 88.500 24.52 91.2587
Mean 405.1 213.278 36.00 141.1305
3rd Qu. 503.7 301.000 54.08 205.5097
Max. 5205.0 2455.500 208.20 1019.9675

3.3.3 State Distribution

Figure 3.2 displays the state distribution of our dataset, o�ering insights into the

relative share of each disability combination at di�erent time points. The plot reveals

that the proportion of each state remains relatively consistent for more than 60% of

the time but undergoes changes towards the end of the period. Notably, the propor-

tion of the state All (sapphire/dark blue at the top) increases as we move further

in time. This pattern is also observed for the disability combinationsFSGTBWDL

(light cyan) and GTBWD (azure). Conversely, the proportion of some other states,

such asGBU (jordy blue), diminishes over time.2

2A close-up view of the legend displaying the labels and corresponding colours of the states can
be found in Appendix B.
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Figure 3.1: Index plot of the whole dataset - sampled sequences

3.3.4 Frequency

Figure 3.3 represents the top ten most frequent trajectories found in the dataset. The

width of each trajectory is proportional to its frequency, providing a visual indication

of the relative occurrence of each trajectory. It is evident that most common trajec-

tories consist of a single state within a relatively short period. This observation holds

signi�cance for various applications, as it provides valuable insight into the prevalent

patterns and trends in the dataset.

3.3.5 Time Spent

The average time spent in each state is calculated and visualized in Figure 3.4. The

results indicate that patients spent the longest duration in the state labelled asO,

representing no disability. Following this, statesGB and B were observed to have a
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Figure 3.2: State Distribution plot of the whole dataset

relatively high duration. This �nding is consistent with the state distribution plot,

which also highlights the prevalence of stateO throughout the entire period.

3.3.6 Transition Rates

Figure 3.5 presents a bubble plot visualizing the transition rates between di�erent

states. The diagonal transitions have been excluded to focus on the transitions be-

tween distinct states. The bubbles' size and colour convey the transition rates, with

larger and brighter bubbles indicating higher rates. The vertical axis represents the

starting states, while the horizontal axis represents the ending states. For example,

taking the largest and lightest blue bubble, representing the transition from the state

labelled asFGTBWDLU to the state All , we can infer that there is a signi�cant

likelihood of individuals losing the ability to transfer (S) once they reach the state
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Figure 3.3: Ten most frequent sequences

FGTBWDLU . This type of information can o�er valuable insights into the progres-

sion of disabilities and enable predictions of future states based on an individual's

current state. However, it is important to note that relying solely on the number of

transitions may not guarantee reliable predictions.

3.3.7 Diversity

We use the longitudinal normalized entropy to measure the diversity of visited states

within the trajectories (Ritschard, 2021). Shannon introduced the concept of entropy

to quantify the uncertainty of possible outcomes (Shannon, 1948). By employing this

approach, the entropy of a trajectory is calculated based on the number of visited

states (a) and their corresponding probability distributions (p1; p2; :::; pa), as shown

in Equation 3.3.1.
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Figure 3.4: Average time spent in each disability state

H = �
aX

i =1

pi logpi (3.3.1)

A higher entropy value indicates a greater level of uncertainty or unpredictability

within the trajectory. We computed the normalized entropy for each trajectory and

visualized the distribution of these entropy values in a histogram, as shown in Figure

3.6. Additionally, Sequence III and Figure 3.7 correspond to the trajectory with

the highest entropy among all the sequences in the dataset. We observe multiple

transitions and states within this particular trajectory, making it more challenging

and less accurate to predict the next state based on the preceding states.
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Figure 3.5: Transition rates between the states-no diagonal

Trajectory #10162 : (0; 337)� (16; 150)� (20; 720)� (116; 84) � (348; 238)�

(92; 84) � (348; 77) � (380; 84) � (476; 413)� (348; 161)�

(92; 84) � (124; 245)� (126; 84) � (252; 77) � (254; 84)�

(252; 154)� (255; 167)� (511; 77) � (255; 84) � (254; 154)�

(255; 147)� (254; 114) (III)

We can further explore the sequences around the quantiles of the entropy to gain

additional insights. Figure 3.8 con�rms that lower entropy values correspond to fewer

transitions between states and more certainty within states typically characterized by

a limited number of disabilities. Conversely, sequences in the higher entropy quantiles
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Figure 3.6: Histogram of within-sequence entropy

exhibit greater variability and 
uctuations in the states with more disabilities. In

these sequences, we observe more transitions between states, suggesting a higher

level of randomness in the structure of the trajectories.

3.3.8 Complexity

Another aspect to consider is the complexity of the state order and the variation in

state durations, which can be assessed using a measure called turbulence (C. Elzinga,

2006; C. H. Elzinga & Liefbroer, 2007; Ritschard, 2021). Turbulence was primarily

introduced into SA by C. Elzinga (2006) and has been further re�ned by Ritschard

(2021). In their work, Ritschard (2021) included 0-length spells in the formula to

avoid some unexpected behaviour of the measure (as shown in Equation 3.3.2).
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Figure 3.7: Trajectory with maximum entropy

T � (x) = log 2

�
�( x)

s� 2
d;max (x) + 1

s� 2
d (x) + 1

�
(3.3.2)

where �( x) represents the count of distinct sub-sequences within the sequencex, and

s�
d denotes the variance of the state distribution with 0-length states included. The

normalized version of this measure, as proposed by Ritschard (2021), allows for better

comparison between trajectories (as shown in Equation 3.3.3).

T �
n =

T � � 1
T �

max � 1
(3.3.3)

Sequence IV presents the trajectory with the highest turbulence value, as depicted

in Figure 3.9. In this trajectory, we observe multiple transitions and a more complex

progression pattern in comparison to the trajectory with maximum entropy. This par-

ticular resident encountered recurring states with varying durations throughout the

entire period, adding to the challenge of predicting future states and their respective

durations.
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Figure 3.8: Sequences near the quantiles of the entropy

Trajectory #86194 : (32; 171)� (48; 166)� (32; 84) � (124; 84) � (252; 168)�

(508; 84) � (126; 84) � (508; 252)� (252; 84) � (126; 168)�

(510; 84) � (508; 168)� (252; 84) � (508; 252)� (124; 168)�

(508; 84) � (254; 180)� (126; 178)� (124; 93) � (254; 90)�

(126; 90) � (124; 180)� (126; 181)� (254; 672)� (510; 92)�

(254; 188) (IV)
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Figure 3.9: Trajectory with maximum turbulence

Figure 3.10 displays the histogram of the normalized turbulence values, indicating

that most of the trajectories in the dataset exhibit relatively low levels of complexity

of state arrangement and spell duration. Moreover, Figure 3.11 also supports the

observation that higher turbulence values correspond to less ordered and predictable

trajectories. As turbulence increases, the disability progression becomes more di�cult

to predict accurately.

3.3.9 Insecurity Index

An additional important consideration is the variability and nature of the states

themselves, which can di�er signi�cantly from one another. In order to assess the

quality of the states, Ritschard (2021) introduced a measure known as the insecurity

index. This measure, as demonstrated in Equation 3.3.4, takes into account the high

undesirability of the states (the �rst term), a degradation index (the second term),

and a complexity index (the third term).

For the �rst term, we can di�erentiate between states' levels of undesirableness

by considering the severity of the states. We de�ne the level of severity based on

the number of disabilities present in each combination, using it as a measure of

the state's undesirableness. In this way, the states consisting of more disabilities
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Figure 3.10: Histogram of the normalized turbulence, including 0-length spells

are considered more unwanted, while states with fewer disabilities are deemed less

undesirable. For instance, states consisting of eight disabilities (such asFSGTBWDL)

have an undesirableness level of 8, whereas states with two disabilities (such asBW )

have an undesirableness level of 2. This approach allows us to assess and compare

the relative undesirableness of di�erent states based on their severity.

In addition, the second term of the equation accounts for the proportion of up-

ward and downward changes within the trajectory, indicating the overall preference

for degradation or improvement. This degradation index provides insight into the di-

rection and magnitude of transitions in the trajectory. Finally, the complexity index

in the last term captures the level of instability or diversity within the trajectory, re-


ecting the degree of unpredictability in the progression of disabilities. All in all, the

insecurity index provides a comprehensive evaluation of the (un)favorableness levels

27



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

Figure 3.11: Sequences near the quantiles of the turbulence

of the trajectories.

I insec (x) = � (x1)I integr (x; sp(x1)) + I degrad(x) + c(x) (3.3.4)

Sequence V and Figure 3.12 showcase the trajectory with the highest value of the

insecurity index. In this particular trajectory, the resident did not undergo multiple

transitions but instead resided in the most severe state, i.e., the combination of all

disabilities (labelled asAll ), for a prolonged duration.

Trajectory #17793 : (0; 14) � (511; 426) (V)
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Figure 3.12: Trajectory with maximum insecurity index

Lastly, Figure 3.13 depicts the histogram of the insecurity index distribution,

suggesting that the majority of the trajectories have a low level of unfavorableness.

Besides, analyzing the trajectories near the quantiles of the insecurity index reveals

that trajectories with the highest level of unfavorableness tend to exhibit speci�c com-

binations of disabilities, with more than six disabilities, and persist for an extended

period. On the other hand, when considering the median plot, we �nd states with

3-5 disabilities or severe states with shorter durations.
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Figure 3.13: Histogram of the insecurity index
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Figure 3.14: Sequences near the quantiles of the insecurity index
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Chapter 4

ML-based Cluster Analytics for

Functional Loss and Recovery

This chapter provides an in-depth overview of the methodology employed for cluster-

ing the trajectories. It provides a comprehensive discussion of the techniques, algo-

rithms, and parameters utilized in the clustering process. It also presents a detailed

examination of the resulting clusters, including their characteristics and prevalent

patterns.

4.1 Methods

Sequence cluster analysis is a process of grouping trajectories into clusters with dis-

tinct pro�les. The primary goal is to ensure a high level of similarity among trajec-

tories within each cluster while maintaining signi�cant dissimilarity from trajectories

in other clusters. The techniques used in sequence cluster analysis can be broadly

classi�ed into two main categories: methods based on pairwise dissimilarities and
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methods utilizing Markovian models (Liao et al., 2022).

While the distance-based approach is widely used in the literature, we aim to

combine distance-based and Markov-based approaches in our analysis. This decision

is motivated by the large size of our dataset, which consists of 109,956 weighted

sequences. Calculating the dissimilarity or distance between every pair of sequences

poses signi�cant computational challenges and exceeds the capabilities of existing SA

tools. To overcome this limitation, we propose an integrated method that incorporates

both clustering approaches. Our proposed approach involves two phases and allows

us to address the computational burden by leveraging the e�ciency and simplicity

of Markovian models while also bene�ting from the interpretability and power of the

distance-based algorithms.

4.2 Phase 1: Markov-based Clustering

We implement a clustering technique based on simple Markov Chains, as described in

the literature (Rebuge & Ferreira, 2012). The algorithm includes four steps, starting

with a random initialization of the transition matrices for k number of clusters. Next,

in the expectation step, the Markov chain probabilities of each sequence being gener-

ated by clusterck are calculated (using Equation 4.2.1). Subsequently, the sequences

are assigned to the cluster with the highest probability. In the third step, referred to

as the maximization step, the transition matrices are updated for all clusters. Finally,

an iterative re�nement procedure is performed, where steps 2 and 3 are repeated it-

eratively until the transition matrices and sequence assignments to clusters stabilize,

indicating no considerable changes.
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P(xjck) =
a+1Y

i =1

P(x i jx i � 1; ck) (4.2.1)

whereP(xjck) represents the likelihood of sequencex being generated by the transi-

tion matrix of cluster ck . This probability is calculated using the transition proba-

bilities P(x i jx i � 1; ck), indicating the likelihood of transitioning from state x i � 1 to the

next state (x i ) within cluster ck . We should note thatx0 and xa+1 are two auxiliary

states added to the beginning and end of each sequence. These auxiliary states help

in capturing the probability of an actual state being the initial or the �nal state in

the sequences.

To ensure computational e�ciency and manage the complexity of the clustering

process, we initially opted for four clusters (k = 4). We monitored the changes in

the clusters and the mean point-wise di�erence in the transition matrices during the

iterations and decided to stop at the 8th iteration. At this point, we observed that

the sequence assignment had only undergone a 3.5% change, and the mean point-

wise di�erence between the transition matrices was 0.07. It is worth noting that each

iteration required approximately 20 hours to assign the sequences to their respective

clusters. We also conducted experiments withk = 5, but after careful consideration of

practical limitations and empirical observations, we concluded that settingk = 4 was

more suitable for our purposes. Besides, using the four obtained clusters e�ectively

reduced the number of trajectories that needed to be clustered in the second phase

using a distance-based method. So, the computational burden was alleviated, and

there was no need to increase the value ofk further. Overall, the choice ofk = 4 proved

to be su�cient for our analytics and successfully achieved the desired objectives.
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Table 4.1 gives information on the number of trajectories in each of the four

clusters derived from the Markov chain analysis. Figure 4.1 visually represents this

information, showing the distribution of trajectories across the clusters. We observe

that cluster #1 contains a signi�cant proportion of the trajectories, while the num-

ber of sequences in the remaining three clusters is relatively similar, suggesting a

more balanced distribution among these clusters. Besides, Figure 4.2 depicts the

state distribution within the four clusters. It is evident that the �rst cluster closely

resembles the overall data distribution, while the rest of the clusters exhibit their

unique patterns. Cluster #2 shows a notable trend where patients end up having all

impairments (All ) at the end of the assessment. In cluster #3, stateSGTBDWLU

has a higher probability of occurring, especially increasing towards the end of the

observation period. Finally, cluster #4 is characterized by a prominent disability

combination of W.

Table 4.1: Counts of trajectories in each
cluster in phase 1

Cluster #1 #2 #3 #4

Count 60437 15798 15410 18311
Percentage 55 14 14 17

4.3 Phase 2: Distance-based Clustering

In the second phase of our clustering approach, we use pair-wise dissimilarities to

further group the four primary clusters into more re�ned clusters. There are various

distance-based clustering approaches, and Studer (2013) categorized them based on
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Figure 4.1: Counts of trajectories in each cluster in phase 1

two logics: hierarchical clustering methods, such as the Ward algorithm, and algo-

rithms requiring a prede�ned number of clusters (k), such as the PAM algorithm.

4.3.1 Hierarchical Clustering

Hierarchical clustering methods can be classi�ed into two types: agglomerative and

divisive. Agglomerative hierarchical clustering begins by treating each observation

as an individual cluster. It then iteratively merges the closest clusters until a single

cluster containing all the data is formed. On the other hand, the divisive procedure

works in the opposite direction of the agglomerative algorithm, starting with a single

cluster and recursively dividing it into smaller clusters (Milligan & Cooper, 1987).

In our analytics, we chose to employ the agglomerative approach, which is the more

commonly used method in hierarchical clustering.

There are multiple evaluation criteria to decide which two clusters should be
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Figure 4.2: State distribution plots of clusters in phase 1

merged or split. In a comparative study conducted by Roux (2018), nine di�erent

criteria were analyzed. The �ndings of their study revealed that, in the context of the

agglomerative algorithm, the average link criterion had one of the best performances,

exhibiting relatively high quality and low computing time. The average link criterion

computes the mean distance between pairs of observations from di�erent clusters.

Considering their �ndings, we found the average link criterion as a favourable choice

for our analytics, as it o�ers a good balance between clustering quality and compu-

tational e�ciency.

4.3.2 PAM Clustering

The PAM (Partitioning Around Medoids) algorithm, developed by Leonard Kaufman

and Peter J. Rousseeuw (1990), is a clustering algorithm that aims to identifyk ob-

jects as representatives ofk clusters. The algorithm's objective is to minimize the

total dissimilarity between these representatives and the rest of the objects within
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their respective clusters. Leonard Kaufman and Peter J. Rousseeuw (1990) refer

to these representatives as medoids, the most central objects selected from the ac-

tual data. Hence, the algorithm is commonly known ask-medoids. This algorithm

compromises two stages, namely \BUILD" and \SWAP". In the �rst stage, the al-

gorithm seeks to �nd the initial set of k clusters by selecting initial medoids. The

second stage is then performed to improve the clustering solution. In this stage, the

algorithm iteratively swaps the current medoids with other objects within the same

cluster, evaluates the resulting dissimilarity, and selects new medoids that o�er the

greatest potential gain in minimizing the distances. This iterative process continues

until no further improvements can be made (Studer, 2013).

Dissimilarities (Distances)

Before undergoing the distance-based clustering process, algorithms require dissim-

ilarities between objects. In the context of SA, there are three main categories of

dissimilarities: distribution-based distances, distances based on the number of shared

attributes, and edit distances (known as Optimal Matching) (Studer & Ritschard,

2016). Sequence analysts mostly use the Optimal Matching algorithm (OM) and its

variants to measure distances between sequences, as it is well-suited for capturing the

similarities and di�erences in sequence patterns.

The classic OM algorithm depends on three fundamental operations: replacement,

insertion, and deletion. Each operation is associated with a cost, and the main goal

of the OM algorithm is to convert a primary sequence to another target sequence

with the minimum overall cost. By utilizing dynamic programming, the algorithm

determines the minimum cost and returns it as the distance between the two provided

38



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

sequences (Abbott & Tsay, 2000).

According to a comprehensive review on sequence dissimilarity measures con-

ducted by Studer and Ritschard (2016), it is not a straightforward task to have a

measure that is simultaneously sensitive to all three dimensions of sequences: se-

quencing, timing, and duration. In their work, they thoroughly examined numerous

existing measures and identi�ed their limitations. As a response to these limitations,

the researchers also introduced some new measures to address the challenges and im-

prove the assessment of dissimilarity between sequences. One of these new proposed

measures is called OMspell, which speci�cally focuses on the distances between spells

within sequences and aims to overcome the shortcomings of the existing methods.

OMspell, in contrast to the classic OM algorithm, exhibits a high level of sensi-

tivity to sequencing, making it a promising choice for analyzing the order of states

in the trajectories of functional loss and recovery. It is also sensitive to the dura-

tion of events, further enhancing OM's capability in analyzing disease progression

patterns. One of the advantages of OMspell is the ability to control the degree of

sensitivity to all three dimensions of sequencing, timing, and duration through its

parameters. For instance, by setting a low expansion cost parameter, the measure

becomes more sensitive to the ordering of events, allowing for �ne-grained analysis of

sequence patterns.1

Substitution & Indel Costs

As mentioned previously, the OM algorithm calculates the distance between two se-

quences based on three primary functions of replacement (or substitution), insertion,

and deletion. Generally, an equal cost is considered for both insertion and deletion

1The detailed explanation of OMspell can be found in Appendix A.
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operations; in that case, the common cost is referred to as the \indel" cost. Several

strategies can be employed to specify the substitution and indel costs. In the case of

substitution cost, there are three di�erent approaches: theoretically derived, based

on state attributes, and data-driven (such as transition-based) (Studer & Ritschard,

2016). In our study, the substitution costs are determined based on the attributes of

the states. Adopting this approach allows us to assign costs that re
ect the level of

similarity between states and evaluate their closeness in a meaningful way. Speci�-

cally, we consider the severity level of the disability combinations to determine the

substitution costs. By incorporating state attributes into the calculation of substitu-

tion costs, we are able to capture the true nature of the states within the sequences,

making our analysis more practical and enhancing its accuracy and relevance.

For indel costs, there are two groups of approaches that can be used: single cost

and state-dependent costs. In the context of state-dependent indel costs, Studer

and Ritschard (2016) proposed various approaches. One method involves using a

monotone function of the inverse of the state frequency, which takes into account

the relative occurrence of each state. Another approach is to consider the inverse

of the mean time spent in each state, capturing the duration aspect of the states.

Additionally, the time not spent in states can also be taken into account as a measure

of indel costs. In our study, we chose to use the default single-cost approach for the

sake of simplicity. This approach assigns a single cost value for both insertions and

deletions. The speci�c equation used to calculate the indel cost in our analysis is

provided in Equation 4.3.1 (Studer & Ritschard, 2016). This simpli�cation allows

us to streamline the calculation process and facilitates easier interpretation of the

results.
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comax
S

2
� coI � A �

comax
S

2
(4.3.1)

where comax
S is the maximum substitution cost, coI is the indel cost, andA is the

maximum sequence length.

Number of Clusters

To determine the optimal number of clusters for the PAM algorithm, we can exper-

iment with di�erent values of k and select the best one based on a quality metric.

In our study, we use the ASWw (Average Silhouette Width, weighted) measure to

assess the quality of the clustering solutions.

In this method, the ASW score serves as an indicator of the tightness or separa-

tion of the clusters. Speci�cally, the silhouette score examines whether an object is

properly assigned to its respective cluster or if it is closer to a neighbouring cluster.

To achieve this, it works with the average distance between the observation and other

objects within its own cluster, as well as the average distance between the observa-

tion and other objects in the nearest neighbouring cluster. To evaluate the overall

clustering quality, the silhouette score is computed for every single observation, and

the mean value is taken. This mean score, known as ASW, ranges from -1 to 1, where

a negative value suggests poor clustering and misclassi�cation of some objects. A

positive value, on the other hand, indicates a strong clustering structure, signifying

that the majority of the objects are well-assigned to their respective clusters. There-

fore, ASW is a reliable measure of the overall clustering performance (Rousseeuw,

1987). The weighted version of this metric, known as ASWw, is proposed by Studer
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(2013) to account for the weights assigned to each observation. By incorporating the

weights, ASWw o�ers a comprehensive assessment that considers the impact of each

observation on the clustering results.

Shortly, the ASWw metric provides a quantitative assessment of the quality and

cohesion of the clusters. It allows us to compare di�erent clustering solutions and

select the most appropriate number of clusters for our analysis. The goal is to identify

the value of k that yields the highest weighted average silhouette width, indicating

the optimal clustering solution.

4.3.3 The Implementation

Studer (2013) suggested combining the two distance-based approaches to overcome

the limitations of each method while leveraging the strengths of both methods. To

explain more, hierarchical clustering can sometimes get trapped in the local optima.

Also, PAM is dependent on and sensitive to the randomness of the initial choices ofk

medoids. The combined approach starts by applying hierarchical clustering to the tra-

jectories, which helps obtain an initial clustering solution. The hierarchical clustering

results are then used as the initial set of medoids for the subsequent PAM algorithm.

This approach reduces the randomness in the PAM algorithm and enhances the out-

come of the clustering process. Therefore, we adopt this combined approach, which

involves using hierarchical clustering followed by the PAM algorithm. By doing so,

we successfully tackle the limitations of each method and achieve a more robust and

e�ective clustering solution.

In summary, in our analysis, we �rst applied agglomerative hierarchical clustering

on each one of the four primary clusters obtained in the �rst phase. Then, using
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the output of hierarchical clustering as the initial medoids, we performed the PAM

algorithm with di�erent numbers of clusters (k 2 f 2; 3; :::; 20g). Subsequently, we

evaluated the quality of each clustering solution using the ASWw metric and selected

the optimal value of k based on the highest ASWw score. This process led to the

formation of 18 sub-clusters. Precisely, clusters #1, #2, #3, and #4 generated 9, 3,

4, and 2 sub-clusters, respectively.2

It is important to note that the combined distance-based algorithms were indepen-

dently applied within each primary cluster to generate these sub-clusters. Therefore,

in the subsequent step, we computed the distances between the medoids of these 18

sub-clusters and every individual trajectory in the dataset. Afterward, we reassigned

each trajectory to the closest medoid, which may di�er from its initial assignment.

This step spotlights one of the advantages of our algorithm, which is the computation

of a smaller distance matrix of dimensions [109; 956� 18] instead of the considerably

larger matrix sized [109; 956� 109; 956]. Reducing the size of the distance matrix

was essential in overcoming the limitations imposed by the current state of SA tools,

and it played a crucial role in making the clustering process computationally feasible.

Lastly, Figure 4.3 illustrates the state distribution plots of the 18 clusters, o�ering a

comprehensive overview of the prominent states within each cluster.

4.3.4 The Optimal Clustering Solution

By employing a combined distance-based algorithm on the primary clusters obtained

from Markov chains in the �rst phase, we generated multiple sub-clusters. These

sub-clusters were then used to compute a smaller distance matrix that included all

2The initially obtained sub-clusters are visualized in Appendix B
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Figure 4.3: State distribution of 18 clusters initially obtained in phase 2

observations. Utilizing these distances, the trajectories were subsequently reassigned

to the closest medoid based on their proximity. This strategy allowed leveraging

the power of distance-based algorithms with no computational burden, resulting in

an initial clustering solution. However, a critical aspect to consider is whether this

clustering solution exhibits high quality. Therefore, the next step in the process

focuses on evaluating the quality and determining the optimal clustering setting.

The quality assessment of the clustering settings involves an iterative procedure

with the following steps:

1. Use the ASWw metric to measure the quality of each cluster.

2. Identify the cluster with the lowest quality, indicated by the smallest value of

ASWw.
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3. Merge the selected cluster into other clusters by assigning each trajectory to its

closest neighbouring cluster.

4. Recompute the medoids of clusters that received new trajectories.

5. Repeat steps 1-4 unless there are only two clusters left.

Figures 4.4 show the changes in the state distribution plot of the remaining clus-

ters. The order of the merging clusters was: 17 7  9  3  16  15  1  

11  13  14  4  6  10  18  5  8.

The question that arises here is which clustering setting represents the optimal

solution. In their study, Studer (2013) studied and summarized ten commonly used

algorithms for assessing clustering quality. We selected �ve of these metrics to com-

pare our clustering solutions properly. The �rst algorithm, referred to as \Hubert's

Somers' D" (HGSD) (Hubert & Arabie, 1985), evaluates quality by measuring the

association between two distance matrices. This measures the capacity to regenerate

the original distance matrix based on the number of concordant and discordant ob-

jects. Another metric, referred to as \Hubert's C" index (HC), compares the current

clustering solution with the best one that is theoretically possible. It measures how

well the current clustering performs compared to the ideal clustering scenario.

The third metric, known as the \Calinski-Harabasz" index (CH) (Cali�nski &

Harabasz, 1974), uses the ANOVA F-statistic, which examines the compactness of

the clusters based on the sum of squared distances within each cluster. Additionally,

Studer et al. (2011) proposed the pseudo-R2 metric to measure the discrepancy that

can be explained by the clustering solution. Finally, we also utilize the ASWw metric

for assessing the clustering quality. It is important to note that, in general, all of these
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metrics should be maximized to achieve the highest quality in clustering, except for

the HC metric.

Figure 4.5 presents the results of all �ve metrics applied to our clustering solutions.

After analyzing these results, we have determined thatk = 13 is the most suitable

number of clusters, representing the optimal clustering setting. This conclusion is

based on the evaluation of all the metrics simultaneously, ensuring a comprehensive

assessment of the clustering quality.

4.4 Discussions

After determining the optimal clustering structure with a choice ofk = 13 clusters, we

can analyze the state distribution and relative frequency plots. Additionally, having

13 distinct clusters allows for further analysis and exploration of di�erent pro�les

within the dataset. We also used several metrics to �nd high-quality representative

sets for each cluster. Furthermore, we conducted analyses to predict the likelihood

of death within each �nal cluster. Overall, these various analyses contribute to a

more comprehensive and detailed understanding of the dataset, providing valuable

information for further exploration and interpretation.

4.4.1 Graphical Analysis

Figure 4.6 presents the state distribution of the 13 �nal clusters. It is evident that

the clusters exhibit variations in terms of the prominent colour (representing disabil-

ity combinations) or the duration of disability states. This highlights the distinct

characteristics of each cluster.
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Furthermore, Figures 4.7 showcase the relative frequency plots of the �nal clusters

of trajectories. These relative frequency plots display the medoids of 250 equally-sized

consecutive groups of sorted trajectories within each cluster. They o�er a compre-

hensive visualization of each cluster, highlighting the distinct patterns of functional

loss and recovery associated with di�erent disability states. It is worth mentioning

that although the �nal clustering solution consists of 13 clusters, the numbering of

the clusters may not follow a continuous order due to the merging process. For in-

stance, Figures 4.7 show the three �rst clusters labelled #1, #2, and #4, indicating

that cluster #3 has been merged with another cluster. This numbering discrepancy

should be taken into account when referring to the �nal clusters in the visualizations.

4.4.2 Representative Sets

In the context of clustering analysis, it is common to designate the medoids as the

observations that best represent their respective clusters. However, several criteria

have been proposed to identify representative sets in SA, including Neighbourhood

density, Centrality, Frequency, and Likelihood (Gabadinho & Ritschard, 2013; Gabad-

inho, Ritschard, Studer, et al., 2011). The Neighbourhood Density method de�nes

a neighbourhood radius and counts the number of objects within that radius. The

sequences with the highest densities, indicating a higher coverage of neighbouring ob-

jects, are then selected as representatives. Gabadinho, Ritschard, Studer, et al. (2011)

suggested using a proportion of the maximum theoretical distance as the radius for

this method.

The Centrality method follows the classical logic of medoids, where the object

with the minimum sum of within-cluster distances is chosen as the representative of

47



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

the cluster. This approach aims to �nd the observation that is most centrally located

within its cluster. The Frequency criterion involves sorting the sequences based on

their frequency and selecting representatives based on their occurrence in the dataset.

This approach prioritizes the most frequently observed sequences as representatives.

The Likelihood measure takes a di�erent approach by employing statistical modelling

to specify representative sets. It computes the product of the probabilities of states

occurring at each time point. Typically, a Markov model is used to estimate the

probability values, allowing for identifying representative sequences based on their

likelihood of occurrence.

By considering these criteria for selecting representative sets, we can gain a more

nuanced understanding of the dataset and identify typical trajectories that capture

the underlying patterns of functional loss and recovery within each cluster. Each

criterion o�ers a di�erent perspective and may be appropriate depending on the

dataset and clusters' structures. So, to ensure a comprehensive evaluation, we applied

the four mentioned methods to each cluster and chose the representative set with the

highest quality.

To assess the quality of the representative sets, various measures can be employed,

including mean distance, coverage, distance gain, and discrepancy (Gabadinho &

Ritschard, 2013; Gabadinho, Ritschard, Studer, et al., 2011). Among these mea-

sures, we focus on the coverage and the distance gain to select the optimal set of

representatives for each cluster. The reason for choosing these two metrics is that,

based on our observations, the discrepancy results in the same value for all four mea-

sures within the same cluster, making it unsuitable for comparison. Besides, the

mean distance criterion uses distances to the representatives, which are also used in
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the gain criterion. Our experimental results con�rm the similar behaviour of the mean

distance and distance gain measures.3 Therefore, we use gain, which also provides a

valuable comparison between the distances to the medoid and to the representatives.

To elaborate further, the objective of the gain measure is to determine whether the

new representatives reduce the sum of within-cluster distances compared to the sum

of distances to the medoid, as shown in Equation 4.4.1. This measure enables us to

assess the e�ectiveness of the representatives in minimizing within-cluster distances.

On the other hand, the idea of the coverage criterion is di�erent from the rest, as it

counts the number of sequences that fall within a prede�ned distance and presents it

as a percentage.

Q =
nrX

i

DC i � SDi

DC i
(4.4.1)

where DC i represents the distance of objectx i to the center of the cluster, and

SDi represents the distance of objectx i to the selected representative. For a set of

representatives, the gain measure is calculated for each representative, and the mean

of all the gain values across all representatives is used as an indicator of the overall

quality of the representative set.

In our analytics, we applied all four measures to obtain the representative sets

for each cluster and carefully assessed the quality of the representative sets gener-

ated by each method. After a thorough evaluation, we selected the representative set

that demonstrated the highest quality according to the chosen criteria. We believe

a minimum coverage threshold of 75% provides valuable representative sets for our

3The results of mean distance and discrepancy measures can be found in Appendix C.

49



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

study. However, it is essential to consider the trade-o� between the size of the rep-

resentative set and the coverage percentage. To address this, we restrict the number

of representative trajectories to 10. Among the representative sets that satisfy these

conditions, we selected the one that exhibits higher quality based on coverage, the

number of representatives, and the gain value. This selection process allows us to

identify representative sets that e�ectively capture the typical characteristics of the

clusters while maintaining a balance between coverage, size, and gained quality. The

results of this analysis are presented in Table 4.4.2. Upon examining the results, we

observed that the Centrality and Likelihood criteria generally yielded better results

for most clusters, except for cluster #6, where the Frequency criterion outperformed

the others.4 These �ndings highlight the importance of considering multiple criteria

and analyzing the results in a cluster-speci�c manner rather than relying solely on a

single criterion. Figures 4.8 illustrate the trajectories representing each cluster.5

Table 4.2: Comparison of representative sets using di�erent criteria

Cluster # Method Coverage (%) # of Rep. Gain

1

Density 77.32 23 10.88

Centrality 75.04 16 6.21

Frequency 75.6 3 6.62

Likelihood 75.75 4 12.05

2 Density 78.439 6 12.18

Continued on the next page
4In case of multiple viable options for selecting representative sets using di�erent methods, we

prioritized the Centrality and Likelihood methods over the Density and Frequency methods.
5It should be noted that the representative trajectory of cluster #12 is identi�ed as (52,2), and

the respective plot has been zoomed in for better visualization.

50



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

Continued from the previous page

Cluster # Method Coverage (%) # of Rep. Gain

Centrality 75.36 4 8.65

Frequency 75.15 15 12.28

Likelihood 77.4 3 14.11

4

Density 75.07 13 10.6

Centrality 75.19 13 10.98

Frequency 75.14 4 13.81

Likelihood 77.3 4 17.4

5

Density 75 6 -8.59

Centrality 78.3 2 2.24

Frequency 77.8 2 1.41

Likelihood 76.4 2 -1.51

6

Density 77.39 14 8.97

Centrality 75.61 4 6.06

Frequency 77.68 3 12.59

Likelihood 77.2 3 12.28

8

Density 77.5 1 -13

Centrality 77.5 1 -11.8

Frequency 77.4 1 -13.4

Likelihood 75.6 1 -23.9

10 Density 80.9 1 -19.6

Continued on the next page
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Continued from the previous page

Cluster # Method Coverage (%) # of Rep. Gain

Centrality 80.7 1 -12.1

Frequency 80.8 1 -13.9

Likelihood 80.9 1 -17.4

11

Density 71.38 10 10.32

Centrality 68.76 10 5.49

Frequency 63.86 10 -10.01

Likelihood 71.19 10 10.47

12

Density 91.6 1 -4.96

Centrality 91.6 1 -4.03

Frequency 91.3 1 -8.11

Likelihood 91.5 1 -5.39

13

Density 75.3 1 -24.5

Centrality 79.9 2 -0.27

Frequency 75.1 1 -22.1

Likelihood 75 1 -22.6

14

Density 80.5 1 -15.4

Centrality 80.3 1 -14.6

Frequency 80.2 1 -14.6

Likelihood 75.9 1 -40.4

15 Density 65.92 10 7.02

Continued on the next page
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Continued from the previous page

Cluster # Method Coverage (%) # of Rep. Gain

Centrality 62.24 10 0.353

Frequency 60 10 -1.41

Likelihood 67.73 10 9.91

18

Density 76.6 1 -18.3

Centrality 76.5 1 -18.3

Frequency 77.7 2 -10.41

Likelihood 77.7 2 -10.08

4.4.3 Other Characteristics

Table 4.3 and Figure 4.9 provide insightful information regarding the characteristics of

each cluster in terms of various factors, including the cluster proportion, percentage of

male residents, average age, average length of trajectories, average number of visited

states, the average degree of recurrence, and the probability of death. Notably, four

clusters account for 79% of the cases, with cluster #12 containing the highest number

of observations. Additionally, while the majority of observations are male, clusters

#15 and #11 exhibited a lower percentage of male residents. Examining Figures 4.7,

4.8, and 4.6, it becomes apparent that these two clusters are characterized by the

most severe disability combinations, namelySGTBWDLU and All . Furthermore, it

is noteworthy that cluster #2, characterized by the prominent state ofW, represents
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the youngest residents on average. On the other hand, cluster #6, characterized

by the prominent disability GB, comprises the oldest residents. Interestingly, there

appears to be a negative correlation between age and the proportion of males within

the clusters. A trivial conclusion that can be drawn is that female residents tend to

experience more severe states and are generally older on average when experiencing

ADL disabilities.

As observed in the graphical presentations, cluster #12 contains considerably

shorter trajectories. This is further supported by the average length presented in

the �fth column of Table 4.3. Conversely, clusters #2 and #1 consist of the longest

trajectories on average. It is interesting to note that while one might expect the

number of visited states to show a similar pattern as the trajectory length, it exhibits

a negative correlation. Moreover, again, clusters #15 and #11, associated with the

two most severe states, demonstrate the highest values of recurrence degree. This

suggests that patients in these clusters experienced multiple 
uctuations in their

condition throughout their healthcare path. They might undergo periods of recovery

followed by a deterioration of their disabilities, suggesting a more unstable condition.

Notably, the recurrence degree also displays a negative correlation with the percentage

of males within the clusters. This implies that male residents may have a relatively

higher degree of stability in their condition compared to females.

In the healthcare domain, predicting the probability of adverse outcomes, such

as death, has always been of great importance. We tried to estimate the probability

of death across di�erent periods for each cluster. Figure 4.10 displays the death

probabilities over various time spans. For instance, in the �rst year of assessments,

clusters #12 and #10 have the highest probabilities of death, with rates of 41%
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and 34%, respectively. Conversely, residents belonging to the rest of the clusters

have very low probabilities of death, with �ve of them even being as low as 0%.

However, it is essential to note that the trend of death probability does not follow

the same pattern for all clusters. Cluster #11, for example, initially exhibits a death

probability close to several other clusters for the �rst seven years but rises dramatically

towards the end of the period. Speci�cally, more than 85% that residents belonging

to cluster #11 are likely to die before reaching their ninth year of disabilities. This

observation aligns with the graphical presentation results, con�rming that residents

in this cluster experience a rapid decline in their health conditions, ultimately losing

all their abilities (All ) over time. It is noteworthy that in Table 4.3, we reported

the death probability within the �rst 2.5 years of assessments, which is the average

length of the entire trajectory data. Additionally, the 95% con�dence interval for this

estimation is included in the last column of the table, which serves as a measure of

the uncertainty associated with the death probability.

These �ndings highlight the heterogeneity of characteristics among di�erent tra-

jectory clusters and emphasize the importance of adopting a cluster-based approach

in analyzing the patients' pathways. By understanding the distinct clusters and their

corresponding characteristics, healthcare providers can better manage various types

of patients and anticipate the associated risks, ultimately improving patient care and

outcomes.
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