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Abstract 

Computational phenotyping is an emerging topic in health informatics. An important cat

alyst of this emergence is the increasing volume of clinical data available for analysis. 

However, clinical data typically consists of many disparate elements and has strong tem

poral dependencies, both of which require designing new machine learning algorithms that 

can extract useful knowledge from such data. In this dissertation, my focus is on develop

ing techniques to extract longitudinal phenotypes from clinical data. In particular, we have 

examined three different approaches to obtain longitudinal disease subtypes for Chronic 

Kidney Disease (CKD) - a rising health problem in both US and worldwide. First, a prob

abilistic model is applied to empirically obtained phenotypes by computing the disease 

subtyping effect while "explaining away" other factors such as subtyping effect, long-term 

and short-term effects from clinical observations. Second, a temporal k-means algorithm 

was proposed to group patients with similar disease progressions into clusters. Third, we 

perform an in-depth analysis of Time-Aware Long Short-Term Memory Autoencoder, a 

deep learning approach, to project longitudinal patient profiles into a common latent space 

and subsequently use latent representations to identify unusual disease progressions. In 

order to evaluate the quality of disease subtypes obtained from these approaches, we also 

propose a quantitative evaluation metric by estimating the tightness of the resulting clusters 

as well as the degree of separation between different clusters. 
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Chapter 1 

Introduction 

In this chapter, an overview of the general landscape of the area of computational pheno

typing is presented. After the big picture is presented, we then define the scope of this 

dissertation and give a brief outline of approaches that we will use to solve the problem. In 

section 1.1, the needs for research in computational phenotyping and the factors that enable 

its growth in recent years are discussed. The clinical data, its richness and challenges when 

processing it are described in section 1.2. An outline of the rest of the dissertation is given 

in section 1.3. 

1.1 Motivation 

Precision medicine is an emerging topic in health informatics as recent developments in 

the area show that there are potentials for personalizing the medication for each patient 

with respect to his/her unique characteristics [ 4]. One of the centerpieces of this medical 

paradigm is the ability to characterize the patients according to their unique biological 

traits. This leads to a research effort in extracting deep phenotypes from patients [54]. The 

term "deep phenotype" is used here as an indication of automatic extraction of phenotype 
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using statistical/data mining/machine learning techniques from large datasets in contrast to 

traditional phenotype which requires manual inspection of biological data. 

One of the enabling factors of deep phenotyping is the increasing availability of data 

for research and analytics. In particular, there are two main types of data source that can be 

used to extract deep phenotypes: (1) molecular-level data (such as DNA or RNA sequences) 

and (2) clinical data. Recent advancements in data collection technologies have allow us 

to collect these two types of data at an unprecedented scale. For the case of molecular

level data, the high-throughput sequencing technologies allow us to sequence and obtain 

vast scale of molecular-level data [44]. On the other hand, as a result of rapid adoption 

of Electronic Health Record (EHR) or Electronic Medical Record (EMR) technologies 

in clinical use [7], we now have a gigantic volume of clinical data which can be used for 

analysis. This exploding volume of data leads to an area called computational phenotyping, 

which uses statistical techniques to extract phenotypes from data, mainly from the two 

aforementioned types of data. Although it is possible to use either type of data or both to 

extract the phenotypes, within the scope of this dissertation, given the accessibility of data 

for our analysis, we only focus on the use of clinical data for extracting phenotypes. 

Within the context of one specific disease, the resulting phenotypes extracted from 

clinical data are often called disease subtypes [58] as the extracted phenotypes are sub

groups of patients that have similar pathological pathways or similar disease progressions. 

Understanding of disease subtypes and their underlying mechanism is especially useful in 

improving clinical care as more effective treatments can be further developed and tailored 

for each disease subtype. 
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1.2 Clinical data 

Although the initial intended use of EHR/EMR is to help centralize the patient data into 

one system which made the retrieval of patient's medical histories easy, it turns out that 

this data, as a by-product, is becoming valuable for retrospective analysis of thousands 

of patients. EHR/EMR system keeps track of various patient information including de

mographics, immunizations, allergies, medical histories, medical images, laboratory test 

results, vital signs, etc. This rich resource of clinical data is especially useful to make deep 

phenotyping viable as we can comb through the data, extract deep phenotypes and further 

use this newly acquired knowledge to specifically tailor the treatments for each patient. 

However, the fact that EHR/EMR data is heterogeneous with many different pieces of 

information in different data formats makes the analysis especially challenging. People can 

use image processing techniques to process medical images and obtain high-level knowl

edge from them. On the other hand, people can also use time series analysis to handle 

laboratory test results, which are sparse and irregularly sampled longitudinal data. One 

may also use language models to extract knowledge from medical notes. This heterogene

ity in clinical data has created a vast landscape of medical data analysis in which many 

forms of machine learning techniques can be used. 

Given this vast landscape and our limited resources, the scope of this dissertation is 

limited to only consider the temporal aspect of disease progressions, primarily with labo

ratory test results as indicators of disease severity. Although all methods presented in this 

dissertation are applicable to any diseases with their corresponding laboratory test results, 

datasets of patients having Chronic Kidney Disease (CKD), a popular disease in both US 

and worldwide, are used in this dissertation to demonstrate the application of these meth

ods. Specifically, my main focus in this dissertation is to stratify CKD patients based on 

their disease progressions. In this specific disease, the main clinical indicator of disease 
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progression is estimated glomerular filtration rate (eGFR), a measure of kidney function. 

The analysis in subsequent chapters will center around the temporal progression of CKD 

patients based on their eGFR observations. 

There are two main CKD datasets that are used extensively in this dissertation. First 

is the DARTNet dataset [48] which consists of approximately 12.5 million patient visits 

per year, 5 million patients, and 5 billion data points (clinical tests, diagnoses, procedures, 

medications, etc.). The second dataset is MIMIC-III dataset [27], a freely accessible dataset 

which contains information of patients admitted to critical care of a large hospital in 12 

years spanning from 2001 to 2012. Depending on a specific analysis, a subset of patients 

that have stage 3 CKD with more than a certain number of eGFR observations in each of 

these two datasets is selected to perform analysis. 

1.3 Dissertation Outline 

The remaining of the dissertation is structured as follows. In chapter 2, a probabilistic 

subtyping model is applied on DARTNet dataset to obtain CKD subtypes after "explaining 

away" different factors such as gender and long-term as well as short-term effects of eGFR 

observations [41]. Chapter 3 presents a clustering approach to obtain phenotypes via an 

adaptation of k-means algorithm [40]. Chapter 4 provides an in-depth analysis on Time

Aware Long Short-Term Memory Autoencoder, a deep learning model that can project 

patient disease progressions into a common latent space, and subsequently the latent space 

of CKD patients is used to detect patients with unusual patterns of CKD progressions. 

In chapter 5, an evaluation metric is proposed to quantitatively evaluate the performance 

of different disease subtyping methods. Since each of the four chapters including Chap

ter 2, 3, 4 and 5 is a presentation of a scientific study, its content is arranged in sections 

with introduction, method description, experiment, discussion and conclusion. Finally, in 
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chapter 6, the conclusion of this dissertation is given with further discussion on possible 

extensions of different methods presented in earlier chapters. 
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Chapter 2 

Applying Probabilistic Subtyping Model 

to Extract Phenotypes 

As chronic kidney disease (CKD) is among the most prevalent chronic diseases in the world 

with various rates of progression among patients, identifying its phenotypic subtypes is im

portant for improving risk stratification and providing more targeted therapy and specific 

treatments for patients having different trajectories of the disease progression. The rapid 

growth and adoption of electronic health records (EHR) technology has created a unique 

opportunity to leverage the abundant clinical data, available as EHRs, to find meaningful 

phenotypic subtypes for CKD. In this study, we focus on extracting disease severity profiles 

for CKD while accounting for other confounding factors. We employ a probabilistic model 

to identify precise phenotypes from EHR data of patients who have chronic kidney dis

ease. Using this model, patient's eGFR trajectory is decomposed as a combination of four 

different components including disease subtype effect, covariate effect, individual long

term effect and individual short-term effect. The discovered disease subtypes obtained by 

Probabilistic Subtyping Model for CKD are presented and their clinical relevance is ana

lyzed. Several clinical health markers that were found associated with disease subtypes are 
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presented with suggestion for further investigation on their use as risk predictors. Several 

assumptions in the study are also clarified and discussed. This study demonstrates that the 

large dataset of EHRs can be used to identify deep phenotypes retrospectively. Directions 

for further expansion of the model are also discussed. 

2.1 Introduction 

Precision medicine is an emerging medical paradigm that takes into account individual 

variability in genes, environment, and lifestyle to develop targeted therapy and prevention 

strategies. The Precision Medicine Initiative [4] underscores the importance of this area. 

In the context of precision medicine, one of the key scientific challenges is the ability to 

identify stratified subgroups of individuals who exhibit similar disease-related behavior. In 

medical terms, this process is known as phenotyping, where the phenotypes are the observ

able traits exhibited by a sub-population. Phenotypes are typically the starting point for 

inquiry in clinical practice and medical research. In the past, the focus has been on iden

tifying coarse phenotypes from patient level data obtained from specific patient cohorts. 

However, precision medicine demands identification of precise phenotypes, also referred 

to as deep phenotyping [54]. 

Clinical data has the potential to be a cost-effective and large-scale source of deep 

phenotypes. The rapid growth in Electronic Health Record (EHR) technology has the po

tential to make clinical data much more accessible for analysis. In the context of precision 

medicine, emergence of networks such as DARTNet [48] and eMERGE [18] are indicative 

of the importance of identifying phenotypes from clinical data. EHR data collections al

low us to study patient populations at an unprecedented scale. For example, the DARTNet 

data collection corresponds to approximately 12.5 million patient visits per year, 5 million 

patients, and 5 billion data points (clinical tests, diagnoses, procedures, medications, etc.). 
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One large collection of EHR data is the DARTNet Chronic Kidney Disease (CKD) 

dataset [ 48]. CKD is well recognized as a rising problem in global health. According 

to 2013 Global Burden Disease study [2], approximately 956,000 deaths were caused by 

CKD worldwide in 2013. In the same study, CKD was ranked 19th in the top 50 causes of 

global years of life lost in 2013. In the United States, it is the 9t h leading cause of death and 

affects more than 20% of the U.S. adult population [26]. Analysis of a large EHR dataset 

shows that there is still room for improvement in clinical care for patients with CKD [14]. 

The natural history of CKD often begins with initial kidney damage and progresses 

through stages of CKD, with decline of glomerular filtration rate (GFR) towards the end 

stage of renal failure [24]. However, the course of GFR decline among patients is hetero

geneous depending on individual, ethnic, and disease specific conditions. The predictors 

to adverse outcomes of CKD still need to be clarified so that targeted therapy can be im

plemented based on risk stratification. To elucidate this question, we first need to identify 

different phenotypes of CKD progression and factors associated with various phenotypes. 

The goal of this study is to stratify a large CKD patient population into subgroups, such 

that each subgroup corresponds to a distinct disease progression profile. 

As far as we know, this is one of the first studies that attempts to find disease subtypes 

of CKD by exploiting large electronic health records. One previous study in CKD with 

large EHR dataset is Hagar et al.'s study [19] which gives survival analysis on CKD with 

different types of covariates. However, the paper tends to focus more on survival analysis 

with CKD as a case study using wide varieties of information on EHRs. In our study, we 

focus more on temporal aspects of eGFRs, which are a key indicator of severity of CKD. 

In addition, the problem we are interested in is finding disease's subtypes, which is not 

mentioned in Hagar et al.'s study [19]. 

A study by R. Pivovarov et al. [ 49] shows a capability of learning phenotypes from 

heterogeneous EHR data. In that work, the authors considered EHR data as a collection of 
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text including notes, medication orders, diagnosis codes and laboratory tests. Each record 

contains a bag of words and the relationship between phenotypes and these health records 

is modeled as a probabilistic graphical model in which a phenotype is a hidden random 

variable. In our work, we approach the problem of finding phenotypes in EHRs in a dif

ferent way. Instead of conducting text mining on EHR data, we focus more on laboratory 

tests and their numerical values. In addition, the temporal aspect of EHRs, which was not 

considered in that work, is an important element in modeling the disease progression. 

Perhaps the closest previous study to our work is by Schulam et al. [61], in which a 

probabilistic graphical model is proposed to model different aspects of disease progression 

including disease subtype, covariate effect, long-term and short-term effect. 

In this chapter, we apply the same Probabilistic Subtyping Model (PSM) [61] for clus

tering the disease progression trajectories, while accounting for the effect of patient-specific 

covariates. In particular, PSM considers factors that contribute to disease progression, in

cluding long-term health condition, short-term health condition, patient-specific covariates 

and trajectory of patient's clinical health marker. In the context of CKD, our selected 

clinical health marker is estimated glomerular filtration rate. By examining the resulted 

subtypes identified through PSM-derived model, we can have a better understanding of 

CKD's phenotypes and therefore provide appropriate care for patients based on their com

mon disease progression. We apply PSM on data available from DARTNet. The subtypes 

identified using PSM are promising candidates for further study. 

2.2 Problem Definition and Data 

From the precision medicine perspective, our objective is to demonstrate the value of a 

publicly available clinical data resource for precision medicine. The data resource comes 

from a collaboration of nine practice-based research networks, called the DARTNet Insti-
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tute [ 48]. The partners within the institute are building a national collection of data from 

electronic health records, claims, and patient-reported outcomes. The nine distinct research 

networks that make up DARTNet Institute offer access to approximately 12.5 million pa

tient visits per year, five million patient lives, and approximately five billion data points. 

This big health data resource has immense potential for fostering medical research, and 

there have been studies that have used the data [3, 20]. The data from DARTNet can be 

used to track patients over several years in terms of disease severity, using information 

about clinical tests, comorbidities, physiological characteristics, and medications. More

over, the active engagement of medical practices allows a pathway for researchers to obtain 

more information about the patients via genomic sequencing and externally conducted sur

veys. In particular, we plan to utilize one curated data set that was extracted as a part of a 

Chronic Kidney Disease Natural History Study, which corresponds to 69,817 patients suf

fering from CKD. Table 2.1 lists various available elements in the dataset. It is clear that 

the richness offered by this data resource both in terms of clinical information and cohort 

size presents an unprecedented opportunity to understand the role of deep phenotypes for 

precision medicine. To focus the scope of the proposed research, we targeted extraction of 

disease severity profiles as the phenotypes while accounting for confounding factors such 

as demographic characteristics. 

2.2.1 Target Variable 

The target variable that we are interested in is called the estimated glomerular filtration rate 

(eGFR), which is a standard test to measure the level of kidney function in an individual. 

eGFR is typically estimated from a laboratory test that measures the creatinine level, using 

the MDRD Study equation [56]. However, estimation of GFR using the MDRD Study 

equation has limited precision and systematically underestimates GFR at higher values. In 
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DARTNet patients (n = 69817) 

Invalid birth year and gender 1+--_E_x_clu_d_ed_ _, 
Excluded Number of serum creatininevalue (n = 6418) >-------~ 

records< 1 (n = 181) 
Excluded 

Invalid data records (n = 9) 

"Preprocessed"DAR1Net patients 
(n = 63209) 

Having eGFR values less than 60 for 3 
months (n = 29585) 

Observation duration < 1 Excluded 
Excluded Number of serum creatinine

>------~year (n = 5285) 
records< 5 (n = 6986) 

Final CKD cohort 
(n = 17314) 

Figure 2.1: Flowchart of preprocessing DARTNet data 

2009, the CKD-EPI group has shown that the CKD-EPI equation is more accurate than the 

MDRD equation [34]. For this reason, we use the CKD-EPI equation as an estimation for 

GFR. The formula for CKD-EPI is presented in Table 2.2. Given that the data was collected 

from nine practice-based research networks, different clinics used different coding for race 

information. For this reason, in our calculation of eGFR, we assume that all patients are 

White. 

According to the National Kidney Foundation, eGFR for a normal individual ranges 

from 90-120. If the eGFR value is below 60 for more than 3 months, it signals a transition 

to stage 3 CKD. With the above condition, we only focus on patients with eGFR value 

below 60 for more than three months in this chapter. 

2.3 Probabilistic Subtyping Model 

We used the Probabilistic Subtyping Model [61] to explain different factors in variations of 

eGFR in patients' profiles. We assume that the population consists of M patients. For the 
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i th patient (1 :s; i :s; M), we have an eGFR sequence denoted as a vector Yi consisting of Ni 

observations collected at times denoted by vector k Thus Yij denotes the eGFR reading for 

patient i taken at time t ij . The static covariates for ith patient are represented by a vector 

x i E JR0 , where C is the number of available covariates. Conceptually, each patient's 

eGFR trajectory Yi is modeled as a Gaussian random variable with a mean value that is 

explained using four different components (See Figure 2.2 for graphical representation): 

disease subtype effect, covariate effect, individual long-term effect and individual short

term effect. 

M 

Figure 2.2: Probabilistic Subtyping Model 

2.3.1 Disease Subtype Effect 

A disease subtype can be described broadly as hidden traits that a sub-population of patients 

share. This disease subtype has an effect on disease progression, which can be observed 
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as trajectory of eGFR records. In PSM, the disease subtype associated with a patient is 

modeled as a hidden discrete variable which is determined probabilistically. 

Assuming that there are G disease subtypes, the membership of patient i is modeled 

using a latent multinomial random variable Zi E {1 , 2, · · · , G}. A vector 1r E JR0 parame

terizes the multinomial distribution, such that p(Zi) ~ M ult (Zi I1r). We apply a symmetric 

Dirichlet prior on the vector p(1r) ~ Dirichlet(1r la) where a is the concentration param

eter. 

Each subtype eGFR trajectory is modeled as a weighted sum of P b-spline basis func

tions with weight vector {39 E ]RP _ For each k E {1 , 2, · · · , P}, we denote <I>k(ti) E JRPx l 

as the kth b-spline basis function applied on the vector t i . We also denote <I>(ti) = 

[<I> 1 (ti) , · · · , <I> p (ti)]. With these notations, the contribution of the subtype g in the tra

jectory for patient i , such that g = zi, can be written as follow: 

(2.1) 

The coefficient vectors {39 are themselves drawn from a prior multivariate Gaussian 

distribution, i.e., p(/39 ) ~ N(/39 1µ!3, ~ f3 )-

2.3.2 Covariate Effect 

Specifically modeling the effect of patient-level covariates such as the gender, age, and 

smoking behavior is important because two patients with similar covariates might appear 

correlated in terms of the eGFR profiles. For this reason, the covariate effect is captured 

in the model as a term contributed to the total effect of the target variable. In the con

text of CKD, relevant covariate data includes race, gender and smoking behavior. Since 

smoking behavior is a temporal covariate, which may have different status over time, pre

cisely modeling the duration of exposure to smoking within the PSM model is difficult; 
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this will be considered in future extensions of the model. In addition, as race information 

is not available in our data, we only focus on modeling the covariate effect of gender in our 

analysis. 

Conceptually, covariate values define sub-groups of patients who have similar traits, 

i.e., gender in this study. We want to model these sub-groups of patients to have similar 

patterns of disease progression. In PSM, each sub-group covariate effect is modeled as a 

linear effect that contributes to the eGFRs of patients, as follows : 

(2.2) 

where ,(ti) = [1, t i] and p(xi) is a patient-specific coefficient vector (slope and intercept) 

which is obtained through a linear combination of patient specific covariates x i using a 

2 x C loading matrix, B, i.e., p(xi) = Bxi. The two rows of the loading matrix B, 

denoted as B 0 and B 1 are modeled using a multivariate Gaussian distribution, i.e., p(Bk) ~ 

N(Bklµ B, :EB) with k E {O, 1}. 

2.3.3 Individual Long-term Effect 

Beside disease's subtype and covariate effect, individual long-term health conditions are 

also an important factor that can help us explain additional variations in a patient eGFR's 

trajectory. For example, eGFR values of a patient who has an unusually weak renal system 

are expected to decline faster than other normal patients. In PSM, individual long-term 

effect is modeled as a linear trend. It is also worth noting that patient's eGFR trajectory 

may not follow a linear trend as shown in Li et al.'s study [36]. However, non-linear 

residuals in patient's eGFR trajectory which cannot be explained by the above three effects 

(subtype, covariate and individual long-term) will be later modeled using short-term effect. 
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The individual long-term effect of patient i can be written as follow: 

long-term _ (t -)b · ei - , i i (2.3) 

where bi E IR2 x 1 which represents the slope and intercept of individual long-term effect. 

2.3.4 Individual Short-term Effect 

Sometimes eGFR value can vary beyond the explanation of the subtype effect, covariate ef

fect, and individual long-term effect. We can attribute this variation to temporary changes 

in a patient's health condition which affect the test results and subsequently affect the cal

culated eGFRs. In PSM, these short-term changes in eGFR trajectory are modeled as a 

Gaussian process [52] with mean Oand kernel function parameterized by hyper-parameter 

a and l: 

efhort-term = Ji rv GP(O, k( ·, ·)) (2.4) 
2 

k(t 1 , t 2 ) a 2 exp (- (ti ; t 2
) ) (2.5)

2 

2.4 Experimental Results 

In this section, we present experimental results to show how PSM can identify disease 

subtypes within the CKD cohort by analyzing the clinical data from the DARTNet dataset. 

First, we explain how we preprocess data so that they can be used as inputs for PSM. After 

that, we present the subtypes discovered by PSM and examine features associated with 

each subtype. 
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2.4.1 Data Preprocessing 

Although the dataset contains data for 69, 817 patients, in order to ensure the quality of 

our analysis , we only choose a subset of patients as a CKD cohort while excluding others 

whose data do not satisfy our criteria. In particular, we target a group of patients who have 

eGFR values less than 60 for more than three months. This criterion is usually used in 

clinical practice to identify patients having CKD. Moreover, it is also viewed as selecting 

only patients transitioning to stage 3 CKD as well as existing patients in stage 3, 4 and 5 of 

CKD. In addition, we exclude patients who have invalid birth year and gender value in their 

records since age and gender are two important values needed to estimate GFR value. We 

also exclude patients who have less than a year of creatinine data available. Furthermore, 

having too few data points in eGFR readings can deteriorate the performance of deriving 

subtype trajectories; thus, in our experiments, only patients with at least five data points 

of serum creatinine values are considered. This lower bound of number of data points is 

chosen empirically so that we can ensure data quality while selecting a significant patient 

population for analysis. The set of patients who have data satisfying all above conditions is 

our target cohort. This cohort has 17, 314 patients, represent 24.80% of total patients in the 

original dataset. Figure 2.1 presents a flowchart that shows the preprocessing steps we used 

to obtain the final CKD cohort. When choosing a cohort, our criteria had been deliberately 

designed so that the cohort can contain as many patients as possible while maintaining the 

quality of analysis with enough data. 

All eGFR values of patients are computed using CKD-EPI equation as presented in 

Table 2.2. Finally, in order to remove outliers of test results from consideration, we remove 

all eGFR values which are beyond the five standard deviations from the mean eGFR value. 
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2.4.2 Discovered Disease Subtypes 

Using the Probabilistic Subtyping Model, we perform an optimization process as described 

in Schulam et al.'s work [61]. The result of this optimization is a probability distribution 

over all subtypes for each patient and the overall covariate effect, which maximizes the 

complete data log-likelihood. Disease subtype for each patient is subsequently determined 

by the subtype with highest probability. Given the computed disease subtype and covariate 

effect, individual long-term and short-term effects are calculated. Using Bayesian Infor

mation Criteria (BIC), we determine five as the number of subtypes. Figure 2.3 shows the 

result of five subtype trajectories found in the experiment. We have ordered these subtypes 

from best CKD prognosis to worst. The red lines in Figure 2.3 represent the subtype's pro

totype trajectories learned from PSM while the blue dots are eGFR values of 200 sample 

patients who are probabilistically assigned to that subtype. 

Another way to characterize the subtype trajectories is to use Table 2.3, which sum

marizes the rate of change of eGFR as well as the baseline eGFR for each subtype. From 

both Figure 2.3 and Table 2.3, one can observe distinct trends for the different subtypes. In 

particular, although subtype 1 and subtype 2 have similar baseline eGFR value, they have 

different rates of change of eGFR per year. While subtype 1 has a slightly upward trend, 

subtype 2 remains stable over the follow-up period. On the other hand, subtypes 3, 4 and 5 

all have downward trends with different rates of decline and different baseline eGFR val

ues. Subtype 5 has a very low baseline eGFR while subtype 3 and 4 have better baseline 

eGFR values in comparison with subtype 5. Subtype 3 and subtype 4 can be differentiated 

by rate of change of eGFR per year and baseline eGFR. In other words, subtype 3 has 

slower rate of change of eGFR per year and higher baseline eGFR when comparing with 

subtype 4. In fact, the found subtypes coincide with existing knowledge about patient sub

groups in CKD: 1) Subtype 1 corresponds to the group of patients that yields improvement 
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Figure 2.3: Subtype trajectories 

in kidney's function; 2) Subtype 2 indicates a group of patients whose kidney's function is 

stable in moderate level over the follow-up period; 3) Subtype 3 indicates a set of patients 

which have slow decline in kidney's function; 4) Subtype 4 represents a set of patients that 

have a steady decline in renal capability; 5) Subtype 5 coincides with a group of patients 

having severe damage of kidney's function. 

In order to view the resulting subtypes from a different perspective, we look at demo

graphics of each subtype to see if there are any demographic distinctions between differ

ent subtypes. Figure 2.4 shows that the subtypes do not exhibit significant distinction for 

gender. Figure 2.5 provides the distribution of baseline age of patients belonging to each 

subtype. One observation from this figure is that the severity of each subtype is marginally 

correlated with its corresponding baseline age, with the exception of subtype 5. It is also 
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worth noting that there is a linear trend of baseline age from subtype 1 to subtype 4. For a 

closer look at each subtype adjusted for age and gender, we give rate of change and base

line eGFR values for each subtype adjusted for age and gender in Table 2.4 and Table 2.5 

respectively. As shown in Table 2.4, within the same subtype, female patients on average 

have better rate of decline and baseline eGFR values in comparison with male patients. 

Table 2.5, on the other hand, shows that for a same subtype, the older group of patients on 

average have worse rate of decline and baseline eGFR values in comparison with younger 

groups of patients. Finally, Figure 2.6 shows the distribution of patients among subtypes. 

In particular, subtype 1 and subtype 2 comprise nearly 50 percent of all patients. On the 

other hand, subtype 5 in which patients mostly have severe kidney damage only contains 

five percent of total patients in the CKD cohort. 

1.00 

0.75 

Q) 
0) Gender 
.l!l
ai 0.50 ■ Femal e 
2 
Q) ■ Ma l e 
Q_ 

0.25 

0.00 

3 

subtype 

Figure 2.4: Distribution of gender for each subtype 

Table 2.6 shows the distributions of various test results of patients belonging to each 

subtype. Among clinical lab measures presented in Table 2.6, albumin-to-creatinine ratio 

(ACR) is an important indicator, which is used for predicting CKD progression. As we 
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Figure 2.5: Distribution of baseline age of patients for each subtype 

can see in the table, the more severe the subtype is, the higher the value of albumin-to

creatinine ratio. This indicates that albumin-to-creatinine ratio can also be an indicator for 

each subtype ranking from best prognosis to worst, which reinforces our understanding that 

eGFR and albumin-to-creatinine ratio are independent and complementary predictors for 

CKD progression [24]. 

One interesting finding from Table 2.6 is the correlation between value of alanine 

aminotransferase (ALT) and the subtypes. In particular, the more severe a subtype is, the 

less value of ALT it has. A similar observation can also be made with aspartate aminotrans

ferase (AST) in Table 2.6. We notice that ALT and AST are measures of enzymes that are 

commonly used to assess liver function. This finding also agrees with previous study [53], 

which mentioned the levels of ALT and AST in CKD patients. Another observation that 

one can have from Table 2.6 is the relationship of parathyroid hormone (PTH) and the sub

types. As presented in Table 2.6, in more severe subtypes, we observe slightly higher level 

of PTH. As the role of PTH is to regulate the level of serum calcium and serum phosphate 
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Figure 2.6: Distribution of patients for each subtype 

in body, the higher PTH is observed when kidney function decreases. This finding also 

agrees with previous study from Tomasello's work [64]. 

In addition to Table 2.6, we also perform an analysis to examine which lab measure 

associates with each subtype. In order to estimate the degree of association, we use hy

pothesis testing to compare the level of lab measure in two groups: patients in a particular 

subtype (group 1) and the remaining patients (group 2). Our null hypothesis is that there 

is no difference between the distribution of level of lab measures in groups 1 and 2. We 

use t-test with the assumption that the variance is different between two groups. If the 

resulting p-value is smaller than a threshold of five percent, we can statistically reject the 

null hypothesis. In Table 2.7, we present a table of p-value for each lab measure and each 

subtype. All p-values in Table 2.7 that are larger than five percent are italicized. We can 
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observe that the distributions of most lab measures are statistically different between pa

tients in a particular subtype and the set of remaining patients. This analysis provides an 

estimation for understanding the degree of associations between subtypes and lab measures 

from a statistical perspective and it would be useful for further investigation from clinical 

perspective. 

2.5 Discussion 

CKD is a chronic condition with a strong tendency for progression. Here, we recognized 

that 15.91 % of patients with CKD achieved improvement of kidney function and 33.96% 

of them remain stable during the follow-up period. The rest of the patients displayed vari

ous levels of CKD progression. We also compared the distribution of a number of clinical 

measures among these CKD subtypes. Among these clinical measures, level of albumin-to

creatinine ratio (ACR), alanine aminotransferase (ALT), aspartate aminotransferase (AST) 

and parathyroid hormone (PTH) were found to be associated with discovered subtypes. A 

more complexed risk prediction model with multiple weighted factors needs to be devel

oped in the future to further explore the predictors of CKD progression. The CKD subtypes 

identified in this study can also be utilized to validate some current risk prediction mod

els [28, 29]. 

More questions can be answered with this large clinical dataset in the future. For exam

ple, in CKD, what is the effect of systolic BP control? Or, how detrimental are non-steroidal 

anti-inflammatory drugs? Having the sub-phenotypes can also be correlated with genomic, 

proteomic, and microbiome information as we move toward personalized and precision 

medicine. Patients in each subtype identified through this study are potential candidates 

for genomic, proteomic, and metabolomics studies in the future to identify new markers or 

risk factors for CKD progression. 
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The identified subtypes shown in Figure 3 show distinctive characteristics between the 

five subpopulations. However, these results are based on an implicit assumption that the 

clinical data spans the entire disease history starting from the onset of CKD. Clearly, there 

can be instances when the true onset would have happened much before the data collection 

started. This is important in cases such as subtype 4 and 5, where the subtype trajecto

ries have similar slopes and only differ in the baseline values. In the presence of longer 

histories, some of these subtypes could potentially merge or newer subtypes may arise. 

Although we have presented the five subtypes found in CKD for a sub-population of 

patients transitioning to stage 3 of CKD and existing patients in stage 3, 4 and 5 of CKD, 

few assumptions and simplifications have been made in our work so that the computation 

is feasible. In particular, the effect of smoking status is omitted when modeling covariate 

effect. One may encode a patient's smoking behavior as smoker and non-smoker and then 

use this variable as a covariate effect. However, since smoking behavior is dynamic as 

people smoke and stop smoking at different times, it is not suitable to encode smoking 

behavior as static covariate in our model. Smoking effect may be better modeled when we 

can estimate the amount of time of one's exposure to smoking but it seems nontrivial when 

extracting this information only from health records. In future work, we plan to account 

smoking into the model as a more dynamic feature which can change over time. 

Another difficulty when running the model is to choose the prior distributions for pa

rameters. Although a conservative distribution can be made with assumption of no prior 

information, we can further improve the model in future version by adding more expert 

knowledge about distributions of some parameters. 

In addition, when choosing a cohort set of patients who have enough data with high 

quality for analysis, the process of filtering un-qualified data removed a substantial amount 

of data. Moreover, removing patients with little data also introduces selection bias as the 

subpopulation seems to have better care and have more hospital visits than the general 
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population. A more flexible model should be introduced in the next version so that it can 

make use of low-quality data for inference as they are a good source of information. 

2.6 Conclusion 

With the ability to collect and normalize data from multiple EHRs, a large amount of longi

tudinal data can be collected regarding the diagnosis, severity, and natural history of chronic 

diseases in patients with multiple co-morbidities. This collection of data is efficient and rel

atively inexpensive. In essence, research data becomes a byproduct of routine clinical care. 

Another advantage of these datasets is that they are clinical data of real world patients, 

which is very useful for pragmatic clinical trials [65]. These large datasets can begin to 

answer some very clinically pertinent questions. In this study, we analyzed a CKD natural 

history dataset extracted from the DARTNet database and identified five deep phenotypes 

of CKD trajectories in patients with CKD using the Probabilistic Subtyping Model. 

From the perspective of modeling disease progression, the Probabilistic Subtyping 

Model we used in this chapter can be further expanded to cope with more clinical fac

tors in modeling disease, such as medical information, which are abundantly available in 

EHR dataset. In addition, a joint probabilistic model which uses more than one clinical 

health marker can also be a possible extension in future research. 
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Table 2.1 
List of data elements available in DARTNet CKD dataset. 

Baseline Characteristic 

Number of patients 
Age at baseline (years) 
Sex(%) 

Male 
Female 

Smoking status 
CKD indicators 

Serum creatinine 
Years of last serum creatinine 

measure 
Albumin-to-creatinine ratio 

Other indicators 
Hemoglobin Ale 
Alanine aminotransferase 
Aspartate aminotransferase 
Fasting Blood Glucose 
Non-Fasting Blood Glucose 
Triglyceride level 
High Density Lipoprotein 
Low Density Lipoprotein 
Phosphorous 
Parathyroid hormone 
Height (inch) 
Weight (lb) 
Systolic blood pressure 
Diastolic blood pressure 

"preprocessed'' 
DARTNet patients 
63,209 
66.32 (57.50, 74.55) 

26,034 (41.19) 
37,175 (58.81) 

1.1 (0.9, 1.3) 

2.76 (0.77, 4.75) 

26.5 (8.0, 55.6) 

6.6 (6.1, 7.4) 
22 (15, 33) 
21 (17, 26) 
101 (92, 119) 
102 (91, 123) 
128 (91, 184) 
47 (39, 58) 
95 (75, 120) 
3.6 (3.2, 4.2) 
61.0 (35.6, 111.0) 
66 (63, 69) 
184.0 (155.7, 217.0) 
130 (120, 140) 
76 (70, 82) 

CKD cohort 

17314 
70.20 (63.13, 76.56) 

6856 (39.60) 
10458 (60.40) 

1.2 (1.0, 1.5) 

4.48 (3.07, 5.85) 

22.3 (7.5, 41.6) 

6.6 (6.1, 7.3) 
21 (15, 32) 
20 (17, 25) 
102 (92, 120) 
103 (91, 123) 
131 (93, 185) 
47 (39, 57) 
91 (72, 115) 
3.5 (3.2, 3.9) 
56.3 (34.4, 92.0) 
66 (63, 69) 
184.0 (156.0, 215.0) 
130 (120, 140) 
74 (68, 80) 

The "preprocess" DARTNet patients are extracted by a procedure explained in Figure 2.1. 

Continuous variables are summarized by median while 25 th and 75th percentiles are 
presented in parenthesis. 

Categorical variables are summarized by number of patients in each category while 
percentage is presented in parenthesis. 
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Table 2.2: The CKD-EPI equation for estimating GFR 

Race and Sex Serum Creatinine Equation 
Black 

Female :S: 0. 7 GFR = 166 X 

> 0.7 GFR = 166 X 

Male :S: 0.9 GFR = 163 X 

:S: 0.9 GFR = 163 X 

White or others 
Female :S: 0. 7 GFR = 144 X 

> 0.7 GFR = 144 X 

Male :S: 0.9 GFR = 141 X 

:S: 0.9 GFR = 141 X 

(Ser/ O.7)-0·329 x (0.993tge 
(Ser/ O.7)-1.209 x (0.993tge 
(Ser / O.9)-0.41l X (0.993tge 
(Ser / 0.9)-1.209 x (0.993tge 

(Ser / 0. 7)-0·329 x (0.993tge 
(Ser/ O.7)-1.209 x (0.993tge 
(Ser/ O.9)-0.41l X (0.993tge 
(Ser / 0.9)-1.209 x (0.993tge 

Table 2.3: Description of subtypes in terms of their trajectories 

Patient 
records 

Average rate of change 
of eGFR per year 

Average baseline eGFR 
value 

Prototype's 
trajectory 

Average rate of change 
of eGFR per year 

Average baseline eGFR 
value 

Subtype Subtype Subtype SubtypeI Sub;ype 
2 3 4 5 

4.08 0.54 -0.93 -1.54 -1.80 

54.71 53.38 48.93 40.90 26.45 

2.03 0.04 -1.07 -1.45 -1.13 

53.97 53.13 48.77 40.69 25.69 
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Table 2.4: Rate of change and baseline eGFR of each subtype breaking down by gender 

Average rate of Average 
Subtype Gender change of eGFR baseline eGFR 

per year value 

Subtype 1 
Female 
Male 

4.28 
3.83 

54.52 
54.96 

Subtype 2 
Female 
Male 

0.60 
0.44 

53.15 
53.72 

Subtype 3 
Female 
Male 

-0.87 
-1.03 

48.87 
49.02 

Subtype 4 
Female 
Male 

-1.42 
-1.76 

40.72 
41.22 

Subtype 5 
Female 
Male 

-1.78 
-1.83 

27.00 
25.63 

Table 2.5 : Rate of change and baseline eGFR of each subtype breaking down by age 

Average rate of Average 
Subtype Age group change of eGFR baseline eGFR 

per year value 

< 45 9.1 52.71 
Subtype 1 45-65 4.13 54.97 

> 65 3.91 54.56 

< 45 0.46 53.50 
Subtype 2 45-65 0.62 53.65 

> 65 0.59 53.24 

< 45 -1.68 49.14 
Subtype 3 45-65 -0.84 49.11 

> 65 -0.96 48.86 

< 45 -2.32 42.52 
Subtype 4 45-65 -2.24 42.58 

> 65 -1.34 40.43 

< 45 -1.20 13.46 
Subtype 5 45-65 -2.22 27.84 

> 65 -1.73 27.61 

27 



Table 2.6: Summarization of relevant clinical measures with respect to each subtype 

Lab measures Subtype 1 Subtype 2 Subtype 3 Subtype 4 Subtype 5 

Albumin-to-
creatinine 

ratio 

16.5 (6.8, 
30.0) 

14.7 (6.1, 
30.0) 

23.1 (7.7, 
40.2) 

30.0 (11.0, 
93.8) 

46.5 (17.0, 
318.0) 

Hemoglobin Ale 6.5 (6.0, 7.2) 6.5 (6.0, 7.2) 6.6 (6.1, 7.4) 6.7 (6.1, 7.5) 6.7 (6.1, 7.7) 

Alanine 
aminotransferase 

23 (16, 34) 22 (15, 33) 21 (15, 32) 19 (13, 29) 18 (12, 27) 

Aspartate 
aminotransferase 

21 (17, 26) 21 (17, 26) 20 (17, 25) 20 (16, 24) 19 (15, 24) 

Fasting Blood 
Glucose 

102 (92, 116) 101 (92, 117) 103 (92, 120) 104 (91, 127) 105 (92, 132) 

Non-Fasting 
Blood Glucose 

102 (91, 120) 101 (91, 118) 103 (92, 126) 105 (91, 132) 106 (91, 138) 

Triglyceride level 128 (90, 180) 126 (90, 177) 133 (93, 190) 143 (103, 200) 144 (101, 201) 

High Density 
Lipoprotein 

47 (39, 58) 48 (40, 58) 46 (38.5, 57) 45 (37, 55) 43 (36, 53) 

Low Density 
Lipoprotein 

92 (72, 116) 93 (73, 117) 90 (71, 114) 89 (70, 113) 88 (68, 113) 

Phosphorous 3.4 (3.1, 3.8) 3.4 (3.0, 3.7) 3.4 (3.1, 3.8) 3.6 (3.2, 4.0) 3.8 (3.3, 4.5) 

Parathyroid 42.4 (23.0, 48.0 (31.7, 53.9 (32.0, 60.0 (40.5, 114.0 (61.0, 
hormone 59.0) 75.7) 84.4) 102.0) 203.0) 

Systolic blood 
pressure 

128 (120, 140) 130 (120, 140) 130 (120, 140) 130 (120, 142) 130 (120, 142) 

Diastolic blood 
76 (70, 82) 76 (70, 80) 74 (68, 80) 72 (66, 80) 72 (66, 80) 

pressure 

Clinical measures are summarized by median while 25th and 75th percentiles are presented 
in parenthesis. 
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Table 2.7: P-value of hypothesis testing for each lab measure and each subtype 

Lab measures Subtype 1 Subtype 2 Subtype 3 Subtype 4 Subtype 5 

Albumin-to-
creatinine 0.000% 0.000% 5.372% 0.001 % 0.000% 

ratio 

Hemoglobin Ale 0.000% 0.000% 6.966% 0.000% 0.000% 

Alanine 
aminotransferase 

0.000% 0.000% 10.376% 0.000% 0.000% 

Aspartate 
aminotransferase 

1.419% 7.157% 16.910% 0.002% 0.076% 

Fasting Blood 
Glucose 

0.232% 0.647% 10.737% 0.594% 0.135 % 

Non-Fasting 
Blood Glucose 

0.000% 0.000% 1.705% 0.000% 0.000% 

Triglyceride level 0.193% 0.000% 1.785% 0.000% 0.000% 

High Density 
Lipoprotein 

0.096% 0.000% 25.368% 0.000% 0.000% 

Low Density 
Lipoprotein 

0.537% 0.000% 0.037% 0.311 % 0.547% 

Phosphorous 3.624% 0.000% 0.590% 1.747% 0.000% 

Parathyroid 
hormone 

0.000% 0.000% 0.005 % 24.463% 0.000% 

Systolic blood 
98.426% 1.015% 15.010% 35.429% 10.178% 

pressure 

Diastolic blood 
3.205% 19.894% 54.079% 0.000% 0.000% 

pressure 
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Chapter 3 

The K-means Approach 

K-means algorithm has been a workhorse of unsupervised machine learning for many 

decades, primarily owing to its simplicity and efficiency. The algorithm requires avail

ability of two key operations on the data, first, a distance metric to compare a pair of data 

objects, and second, a way to compute a representative (centroid) for a given set of data ob

jects. These two requirements mean that k-means cannot be readily applied to time series 

data, in particular, to disease progression profiles often encountered in healthcare analy

sis. We present a k-means inspired approach to clustering disease progression data. The 

proposed method represents a cluster as a set of weights corresponding to a set of splines 

fitted to the time series data and uses the "goodness-of-fit" as a way to assign time series 

to clusters. We use the algorithm to group patients suffering from Chronic Kidney Disease 

(CKD) based on their disease progression profiles. A qualitative analysis of the representa

tive profiles for the learnt clusters reveals that this simple approach can be used to identify 

groups of patients with interesting clinical characteristics. Additionally, we show how the 

representative profiles can be combined with patient's observations to obtain an accurate 

patient specific profile that can be used for extrapolating into the future. 
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3.1 Introduction 

With the growing adoption of electronic health records (EHRs) by health practices, more 

and more clinical data is available for research and analysis. This data is particularly useful 

to understand the course of disease progression for patients. One data analysis task that has 

gained prominence in recent years, owing to the emphasis on precision medicine [17], is 

the task of identifying patient subpopulations that exhibit similar progression of the target 

disease [58]. Under the hypothesis that patients with similar disease progression are likely 

to share a common disease mechanism (or a phenotype), such discoveries can allow for 

identifying disease subtypes, a cornerstone of precision medicine [54]. 

Clearly, clustering methods [25] can be employed to identify the target subpopulations 

by clustering the disease progression data, which is often available in the form of longi

tudinal clinical observations (or time series). However, applying standard clustering algo

rithms, such as k-means, to this data is not straightforward. The primary reason is that 

most of these algorithms require a similarity metric to compare pairs of time series. In the 

past, researchers have employed time series proximity measures such as cross-correlation, 

Dynamic Time Warping (DTW), etc., to handle this issue for time series data [37]. How

ever, clinical time series are typically sparse and not necessarily aligned across patients, 

which makes measures such as DTW ill-suited in this context. Alternatively, researchers 

have come up with model-based clustering solutions that either involve computationally 

complex statistical inference [66], or make strict assumptions regarding the nature of the 

time series data [35]. 

In this chapter, we present an adaptation of the k-means algorithm to admit sparse and 

irregularly sampled time series data. The core assumption is that the time series within a 

cluster can be approximated using a weighted sum over a collection of splines or polyno

mial functions. The weight coefficients are used to represent each cluster (centroid). Each 
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iteration involves estimating the coefficients using the current set of time series in a cluster 

and then reassigning individual time series to the cluster that gives the best "fit". 

The proposed adaptation retains the attractive properties of k-means, viz., efficiency 

and simplicity, while handling complex time series data. We apply the proposed method to 

identify patient groups based on their disease progression profiles for a patient cohort suf

fering from Chronic Kidney Disease (CKD). The identified clusters, obtained by clustering 

the longitudinal observations of estimated glomerular filtration rate (eGFR), reveal inter

esting patient subtypes for CKD, which are then further analyzed using other information 

present in the corresponding EHRs. 

Additionally, we show how the cluster representative information can be combined 

with the sparse observations to obtain a patient-specific disease progression profile that can 

be used for missing data imputation or predicting CKD progression. We show that the 

predictions obtained using our proposed method that uses only eGFR data closely align 

with the predictions using a model tailored for CKD that utilizes multiple patient related 

inputs [13]. 

3.2 Modified k-means algorithm 

In this section, we describe the problem of clustering patient disease profiles and present an 

adaptation of k-means algorithm to solve it. The complexity analysis presented in Section 

3.2.3 shows that this algorithm grows linearly with the number of measurements in the 

dataset and can be scalable for large EHR datasets. 

3.2.1 Problem statement 

Let N be the number of patients in our dataset. For each patient i , we denote n i as 

the number of lab measurements that a patient has in his/her health record. The vec-
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tor of lab measurements for patient i is denoted as x i = [xi,l , Xi,2, · · · , Xi ,n J T while 

t i = [t i,1, t i,2, · · · , t i ,ni f is the vector of corresponding timestamps. 

Assuming that there are K clusters of patients where K is known as a priori. The cluster 

assignment of patient i belonging to cluster k is represented by a vector zi E {O, 1 }K where 

zi ,k = 1 and z i ,j = 0 for j -/=- k. 

For each cluster, the joint progression of all patients belonging to this cluster is repre

sented by a fitted curve using all observations of patients assigned to this cluster. We denote 

thefittedcurveoftheclusterkasfk(t) = ~;=113?)<I>1(t) where<I>(·) = {<I>1(·) , <I>2(·) , · ·· , <I>L(·)} 

is the a set of L basis functions and J3(k) = { /3t ), /3~k), · · · ,f3t )} is the set of corre

sponding coefficients. For an input timestamp vector, t i E ~ ni, we denote <I>(ti) = 

[<I>1(ti) , <I>2(ti) , · · · , <I>L(ti)] E ~ n i x L as a matrix in which the l th column is the vector 

of basis function <I>1applied to each element in t i. 

The dissimilarity between a patient i and a cluster k can be measured using the sum of 

square difference between his/her actual lab measures and its representative progression of 

cluster k, and is computed as x i - <I>(ti)f3(k) ~-

With the aim of clustering the set of N patients into K clusters, we can write the error 

function as follow : 

K N 

E( { zi}t 1, {/3(k)}[=1) = LL Zi ,k Xi - <I>(ti)/3(k) ~ (3.1) 
k = l i=l 

In particular, we want to determine the cluster assignment zi for the i t h patient, and the 

set of coefficients J3(k) for the basis functions in each cluster k, such that the error E() 

is minimized. One can observe that this error function is similar to distortion measure 

which is used as the objective function of k-means algorithm [6, p. 424-425] except that the 

square distance between the data point and cluster center is replaced by our own measure 

of dissimilarity between patient's trajectory and cluster's trajectory. In the next section, we 
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describe the modified k-means algorithm which optimizes the objective function in (3.1). 

3.2.2 Algorithm 

Similar to k-means algorithm, the error function in (3.1) can be minimized through an 

iterative process in which we first randomly assign the patients to K clusters and then 

perform following two steps: (1) optimize E() with respect to {f3(k)}f=1, while keeping 

all { zi}~ 1 fixed, and (2) optimize E() with respect to {zi}~ 1 while keeping all {f3(k) }f=1 

fixed. This iterative process continues until convergence occurs. Step (1) can be achieved 

by using the method of least squares for each cluster k. Step (2) can be easily done by 

setting Zi ,k = 1 when k = argminj x i - if>(ti)j3U) ~ and Zi ,j = 0 for j -/=- k. Similar to 

k-means algorithm, this iterative procedure can get stuck in local optima and may require 

multiple restarts with random initializations to achieve the best result. 

The pseudocode for this modified k-means algorithm can be written as follow: 

Initialization: 

for i E 1, · · · , N do 

randomly assign patient i to a cluster 

end for 

repeat 

Update step: 

for k E 1, · · · , K do 

compute j3k which minimizes I:: 1Zi ,k xi - if>(ti)f3(k) ~ 

using the method of least squares 

end for 

Assignment step: 

for i E 1, · · · , N do 
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set z i ,k = 1 where k = argminj x i - <I>(ti)f3(j) ~ 

and set z i ,j = 0 for j -/- k 

end for 

until Convergence ( { zi}~ 1 does not change) 

3.2.3 Complexity analysis 

We denote T(H, L , K , M) as the complexity of the modified k-means algorithm where 

H, L, Kand Mare maximum number of iterations, number of basis functions, number 

of clusters and total number of measurements respectively. It is easy to observe from the 

pseudo-code that initialization step only has a negligible computational cost (O(KN) as 

we need to initialize the values of all zi) in comparison with the rest of the algorithm. 

Therefore, we only focus on analyzing the complexity of the iterative process of update 

and assignment steps. This complexity can be bounded by maximum number of iterations 

times total complexity of update and assignment steps. We denote Tupdate and Tassignment 

as complexity of update step and complexity of assignment step respectively. With these 

notations, the complexity of the algorithm can be bounded by H (Tupdate + Tassignment). 

In the update step, the cost of performing least square for cluster k is O(L3 + L2 Mk) 

where Mk is the total number of measurements of all patients currently assigned to cluster 

k. Since the update step requires performing the method of least squares for all clusters, 

the total complexity of update step is O(KL 3 + L 2 M). 

In the assignment step, we need to compute the difference x i - <I>(ti)f3(k) ~ for each 

patient i and each cluster k which costs O ( niL) where ni is the number of measurements of 

patient i. Collectively, using the fact that M = I:: ni, the total complexity of assignment1 

step is O(LKM). 

Overall, the complexity of the modified k-means algorithm is O(H(KL 3 + L2 M + 
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LKM) ). In actual applications when we usually choose a fixed value for H, Land K, the 

complexity of the modified k-mean algorithm grows linearly with the number of measure

ments M in the dataset. 

3.3 Experiments 

In this section, we demonstrate the use of the modified k-means algorithm presented in 

Section 3.2 for understanding Chronic Kidney Disease (CKD), a wide-spread disease in 

both the US and worldwide [2]. In Section 3.3.1, we briefly describe the elements in the 

dataset as well as the preprocessing steps used for obtaining the target cohort. In Section 

3.3.2, the clustering results are presented. A qualitative analysis of clustering result using 

demographic information and related clinical markers is discussed in Section 3.3.3. Finally, 

we show how to use the clustering output to obtain patient-specific disease progressions in 

Section 3.3.4. 

3.3.1 Data 

DARTNet patients (n - 69,817) 

Invalid birth year and sex exclude 

value (n = 6418) exclude Number of serum creatinine 
records < I (n - 18 1) 

exclude 
Invalid data records (n - 9) 

"Preprocessed" DARTNet patients 
(n - 63,209) 

Having eGFR values less than 60 for 
more than three months (n - 29,585) 

Timespan of health records exclude 
< I year (n - 5,285) 

Final CKD cohort (n-7,142) 

Figure 3.1: Preprocessing procedure to obtain CKD cohort 

The data used in the experiments is a subset of a dataset collected by DARTNet Insti-
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Figure 3.2: Clustering output of k-means algorithm applied to the CKD dataset. In blue 
are the raw patient observations and in red are the representative disease profiles. Number 

of patients and its proportion in CKD cohort are given for each cluster. 

tute [48] which contains eletronic health records of 69,817 patients having various degree 

of kidney damage. The progression of CKD is typically monitored using a clinical in

dicator called estimated Glomerular Filtration Rate (eGFR) which measures the patient's 

kidney function. This eGFR value can be estimated using the CKD-EPI equation which 

takes into account serum creatinine measure as well as patient's age, sex and race [34]. We 

further refine the CKD cohort by only retaining the patients with eGFR values less than 60 

for more than three months. This criterion is used for determining CKD according to clin

ical guidelines [46]. Moreover, in order to ensure data quality for analysis, we only retain 

patients with at least one year data record of eGFR values and have more than ten measure

ments of serum creatinine. The exact preprocessing steps are outlined in Figure 3.1. This 

preprocessing procedure is similar to one presented in Chapter 2. 

3.3.2 Clustering result 

We apply the modified k-means algorithm to the eGFR longitudinal data of CKD cohort. 

In our experiment, we use a linear combination of ten cubic b-spline basis functions with 
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an addition of intercept term to represent cluster trajectory. The knots are chosen based 

on the quantile of the data. The number of clusters K can be determined by running the 

algorithm for different values of K and evaluate its corresponding BIC or AIC values. In 

this experiment, we evaluate the clustering result for K = 10. 

Figure 3.2 shows the output clusters. For each cluster we show the representative profile 

along with disease profiles of fifty patients who are best fitted for each cluster. In this figure, 

the representative profile of each cluster is a fitted curve obtained by using all observations 

of all patients assigned to the cluster. 

From Figure 3.2, one can observe that CKD patients have various courses of disease 

progression which can be approximately identified using the modified k-means algorithm. 

The clusters are presented in this figure from best prognosis to worst. Note that an eGFR 

value of 60 is typically considered as a cutoff, below which a patient is considered to have 

CKD [ 46]. The general disease progressions from clusters 1 to 9 slightly change with more 

declining trajectories in later clusters. Clusters 1-3 with slightly improving CKD progres

sions contain 34.49% of total patients in CKD cohorts. This particular set of clusters is 

interesting because the patients in these clusters have improving CKD progressions, which 

may be interesting candidates for further investigation of their biological basis and clinical 

treatments they received. Clusters 4-9 mostly contain patients in stage 3 and stage 4 CKD 

with different rates of decline and baseline eGFR values. One can note that the differ

ences between clusters 4-9 are not much and perhaps with longer records of eGFR values, 

these clusters may be merged. Cluster 10 stands out from other clusters because of its very 

low eGFR trajectories which indicate most patients in this cluster have very serious kidney 

damage. 

38 



3.3.3 Clinical relevance of output clusters 

In this section, we investigate the clustering output in terms of demographic information as 

well as other relevant clinical markers. 

Figure 3.3 shows the distribution of patients within each cluster along various demo

graphic parameters. The distribution of gender for each cluster in Figure 3.3a aligns with 

the general proportion of men and women in the target age group [15]. It is interesting 

that for most clusters, gender does not play any additional role. This could be attributed to 

the fact that the eGFR calculation (CKD-EPI equation) already accounts for gender when 

estimating eGFR. On the other hand, the distribution of age for each cluster in Figure 3.3b 

shows that the more severe CKD subgroup tends to have older patients with the exception 

of cluster 10. We also note that cluster 10 is an anomaly in terms of gender and age distri

bution, as it consists of mostly younger patients and marginally higher proportion of male 

patients in comparison with other clusters. 
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cluster cluster 

(a) The distribution of gender for each (b) The distribution of baseline age for 
cluster each cluster 

Figure 3.3: Demographic distribution for each cluster 

For a closer look at the clinical conditions of patients with respect to their clusters, we 

analyze some related clinical markers associated with those patients. Figure 3.4 shows the 
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distributions of 11 related clinical markers for each cluster. These clinical markers show 

the risk of patients associated with kidney disease and other interrelated comorbidities. The 

first column in Figure 3.4 contains three clinical markers including albumin-to-creatinine 

ratio (ACr), phosphorous (Phos) and parathyroid hormone (PTH) that indicate the condition 

of kidney function. The higher the values of these three markers indicate more deterioration 

of kidney function [ 12, 24, 64]. As can be seen from the figure, although the trends of those 

clinical markers are varied among clusters 1-9, cluster 10 distinguishes itself from others 

as the most severe cluster and contains patients who have substantial kidney damage. The 

second column in Figure 3.4 contains three clinical markers related to diabetes - a common 

comorbidity among CKD patients. The higher values of these three markers show higher 

risk of having diabetes [1, 51]. From the distribution of these three markers with respect 

to clusters, there is no indication of high association between the clusters of CKD patients 

and risk of diabetes. Three clinical markers in the third column of Figure 3.4 are measures 

of cholesterol and indicators of risk for heart disease. The lower value of high-density 

lipoprotein (HDL) as well as higher value of low-density lipoprotein (LDL) and triglyceride 

level (Trig) indicate higher risk of heart disease [43]. Although there is no distinguishable 

trend in HDL and Trig among clusters, LDL values in cluster 10 are slightly higher than 

remaining clusters showing higher risk of heart disease associated with cluster 10. Finally, 

the two clinical markers - alanine aminotransferase (ALT) and aspartate aminotransferase 

(AST) in the last column of Figure 3.4 are the measurements of enzymes that are used 

to see if liver is damaged. In particular, lower values of ALT and AST represent more 

deterioration of liver function. In this last column, one can observe the relationship between 

clusters and levels of these two enzymes in which the more severe CKD clusters have lower 

values of ALT and AST. This observation also agrees with other study that analyzes the 

relationship between CKD and hepatic diseases [53]. 
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Figure 3.4: The distribution of various clinical markers for each cluster 

3.3.4 Generating patient-specific disease profiles 

In this section, we show how the representative disease profile for a cluster can be used to 

obtain patient-specific disease profiles for patients belonging to that cluster. We employ 

Gaussian Process Regression (GPR) [52], a widely used non-parametric method to predict 

the eGFR value for patient i , at any time instance t, denoted as xi (t). Following the previ

ously defined notation from Section 3.2, let fk(t) be the value of the representative profile 

for cluster k at time t and let patient i belong to cluster k. The GPR formulation specifies 

that the observation xi (t ) is connected to the t through a latent function 9i (t ), such that 

xi (t) ~ N(gi(t) , a-;) . The latent function obeys a GP prior, i.e., gi(t) ~ GP(fk(t) , K,i ), 

where K,i is a covariance function defined over a pair of time instances. The GP prior es

sentially specifies that the collection of values taken by function 9i for any vector of time 

instances, [t 1 , t 2 , . . . , tmf is a multivariate Gaussian distribution with mean specified by 
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covariance function K,i to every pair of time instances, i.e., K:i[m, n] = K,i(tm , tn)- Here 

we use the squared exponential covariance function, i.e., K,i(tm , tn) = ai exp ctm;tl2 

). 

Assuming that we have observed the eGFR values y i with corresponding timestamps xi for 

patient i, the GP prior and the link between 9i(t) and xi(t) allows us to obtain a prediction 

at a new time instance t* as a normal distribution with following mean and variance: 

mean(xi(t*)) 

var(xi(t*)) 

where Ki is the covariance matrix of observed timestamps xi and ""* is a vector such that 

""*[j] = K,(t* , tij)- The hyper-parameters, a-; , ai, and li are learnt by maximizing the log

likelihood of the normal distribution corresponding to the observed data using the R pack

age GPFDA [62]. 

We use the mean and variance values obtained at regularly sampled time instances to 

generate the predicted patient profiles and the associated error intervals. Some sample 

predicted profiles are shown in Figure 3.5. The patient-specific profiles generally follow 

the representative profile for the corresponding cluster, but are "adjusted" according to the 

sparse observations. 

Patient 546 Cluster 3 Patient 724 Cluster 4 Patient 391 Cluster 5 Patient 597 Cluster 8 Patient 210 Cluster 10 
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Figure 3.5: Patient specific disease profiles obtained using Gaussian Process Regression 
for five patients. 

In order to evaluate the quality of prediction, we compare it with a prediction model, 
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tailored for longitudinal eGFR monitoring [13] (we denote this model as Monitor). We use 

the Salford Royal Hospital Foundation Trust (SRFf) dataset [13] with same preprocessing 

steps as shown in Figure 3.1. We randomly divide the dataset into five parts and use 5-

fold cross-validation with root-mean-square error (or RMSE) as the measure of prediction 

error. In particular, the RMSE is calculated for the validation set of each fold and the 

✓ RMSE2+···+RMSE2 5 . d bl 3 h h 11 s fovera11 RMSE 1 

5 
1s reporte . Ta e .1 s ows t e overa RM E o 5-

fold cross-validation for both our model and Monitor model. It is important to note that 

although our model does not give as good prediction as Monitor model, our model is not 

built for prediction while Monitor is specialized for monitoring and predicting eGFR. In 

addition, Monitor model uses more information such as baseline age and gender while our 

model only uses the collection of eGFR trajectories as input. Even then, the performance 

of our model is not significantly poorer than Monitor model. 

Model Overall RMSE 
Modified k-means 8.98 
Monitor 6.66 

Table 3 .1: Comparison of prediction error in SRFT dataset 

3.4 Discussion and Related Work 

Perhaps the most similar model with our approach is Probabilistic Subtyping Model (PSM) [ 61] 

which can explain individual disease progression using different components such as sub

type effect, covariate effect, long-term individual effect and short-term individual effect. 

Luong et al. [41] applied PSM for Chronic Kidney Disease data and empirically identified 

five subtypes which were evaluated for their clinical relevance. Our k-means approach for 

clustering disease progression can also be interpreted as a hard-clustering version of PSM 

when only consider the subtype effect and individual short-term effect. Although PSM is an 
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elegant model with probabilistic interpretation, choosing a correct set of hyper-parameters 

is difficult to achieve and depends on the context of the problem. 

In the context of finding disease subtypes using clinical markers, there are few other 

models that have been proposed in previous studies. Schulam et al. [59] proposed a method 

to map individual disease trajectory into a low dimensional space and subsequently cluster 

those trajectories in low dimensional representation using hierarchical clustering. Rusanov 

et al. [57] presented a method to cluster lab measurements in EHRs data by binning lab 

values in each 4 months period and imputing missing values before extracting features 

with discrete wavelet transforms and measuring the pairwise distance between time-series. 

From the perspective of using k-means for longitudinal data, there is an R package 

"KmL'' [ 16] that works specifically for this situation. However, in order to use this package, 

user has either to choose to have equal length time-series with missing values imputed or 

use costly distance metric such as dynamic time warping. In the context of clustering 

disease progression, the choice for using dynamic time warping as a distance metric for 

unequal length time-series is questionable as the change of eGFR over a long period is 

very different from the change over a short period. 

3.5 Conclusion 

This chapter proposes a scalable method for stratifying patients with similar disease pro

gressions. The approach is subsequently applied to a CKD dataset to empirically identify 

ten clusters of patients having similar disease progressions. Our preliminary experimental 

results show that this approch can find interesting clusters of CKD patient progressions 

which can be candidates for further analysis on their clinical relevance. The approach can 

also be generalized to apply to other diseases. Moreover, the proposed approach is also 

potential for further expansion to cope with multiple clinical markers. 
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Chapter 4 

Deep Learning Approach 

In this chapter, we perform an empirical analysis on T-LSTM Auto-encoder - a model that 

can analyze a large dataset of irregularly sampled time series and project them into an 

embedded space. In particular, with three different synthetic datasets, we show that both 

memory unit and hidden unit of the last step in the encoder should be used as representa

tion for a longitudinal profile. In addition, we perform a cross-validation to determine the 

dimension of the embedded representation - an important hyper-parameter of the model -

when apply T-LSTM Auto-encoder into the real-world clinical datasets of patients having 

Chronic Kidney Disease (CKD). The analysis of the decoder outputs from the model shows 

that they not only capture well the long-term trends in the original data but also reduce the 

noise or fluctuation in the input data. Finally, we demonstrate that we can use the embedded 

representations of CKD patients learnt from T-LSTM Auto-encoder to identify interesting 

and unusual longitudinal profiles in CKD datasets. 
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4.1 Introduction 

Chronic Kidney Disease (CKD) is a widely common clinical condition which is responsible 

for approximately 956,200 deaths globally in 2013 [2]. In CKD, the primary indicator 

of disease severity is estimated glomerular filtration rate (eGFR) - a clinical marker that 

measures kidney function. CKD clinical guideline uses eGFR level to categorize disease 

severity into five different stages [ 46]. Although CKD is a chronic condition in which 

kidney function deteriorates over time, the courses of disease progressions among patients 

are highly heterogeneous. From a clinical perspective, being able to identify subgroups 

of patients with similar CKD disease progressions is a first step toward disease subtyping 

as discovered patient sub-groups may exhibit common biological or physiological patterns 

that allow us to have better understanding of the underlying mechanism of disease within 

sub-groups and further develop better treatments for those patients. 

From a machine learning perspective, the task of identifying groups of patients with 

similar disease progressions is an unsupervised machine learning problem in which patient 

progressions exhibited by their eGFR values over time are clustered. There have been dif

ferent approaches to solve this problem in the context of CKD. In Luong et al's study [41], 

probabilistic subtyping model (PSM) [61] is applied on a CKD dataset to identify disease 

subtypes while "explaining away" different effects such as individual long-term and short

term effects as well as covariate effects. In another study of Luong and Chandola [40], a 

temporal k-means clustering algorithm has been proposed to cluster longitudinal profiles of 

CKD patients. Singh and Chandola and Fox also proposed a spline induced clustering tech

nique in which eGFR values are imputed by using a regression line and partition around 

medoids (PAM) - a clustering technique - is used to partition the imputed eGFR time series 

into clusters [63]. 

Given the large amount of clinical data available nowadays, especially when Electronic 
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Health Record is adopted as a mechanism to systematically store clinical data, there is 

a growing body of works on applying deep learning techniques in health informatics as 

deep learning can leverage large amounts of data to capture patterns in clinical data. Many 

of prior works on using deep learning in analyzing clinical data [9, 10, 38, 39, 42, 50] 

are supervised learning in which the system is trained to predict future events such as 

diagnosis codes, length of hospital stay, mortality, etc. There are also prior works that 

extracted phenotypes or common motifs from clinical data using deep learning [5, 8, 22, 

33, 47]. It is also possible to achieve both supervised task and phenotypes by training 

the networks to perform prediction and characterize high-level representations in hidden 

layers as candidates for phenotypes or common motifs [5, 47]. In this chapter, we focus 

on a particular unsupervised deep learning model - Time-Aware LSTM (T-LSTM) Auto

encoder [5] - and analyze its use in Chronic Kidney Disease. 

T-LSTM Autoencoder combines two important concepts that have been widely used in 

deep learning: (1) Long-Short Term Memory (LSTM) and (2) autoencoder. Long-Short 

Term Memory has long been shown to effectively capture the long-range dependencies 

in sequence data. It has also been used widely in different applications. Time-Aware 

LSTM (T-LSTM) extends the vanilla LSTM by letting LSTM unit have an extra input 

6.t which represents the time difference from previous observation. This extension allows 

T-LSTM to effectively model irregularly sampled time series data such as patient's eGFR 

observations. It makes T-LSTM well-suited for modeling the temporal profiles of eGFR 

observations. Another important concept that is used in the model is autoencoder, which is 

an unsupervised learning technique that encodes the original data into an embedded space 

(encoder) and using the embedded representations to reconstruct the original data (decoder) 

such that reconstruction errors are minimized. This is particularly useful when applying to 

CKD as a patient profile containing a sequence of eGFR observations will be projected 

into an embedded space so that his/her embedded representation is later used to reconstruct 
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the original sequence of eGFR observations. By this way, the embedded representation 

is achieved entirely from the data itself, by compressing the original sequence of eGFR 

observations into an embedded space. In this chapter, we further explore the embedded 

space of patient representations, to see whether it contains any interesting insights about 

CKD progressions and patient subgroups. 

Primarily, the contribution of this chapter is three folds: 

• An analysis of various possible representations for longitudinal profiles using T

LSTM Auto-encoder. By using three different synthetic datasets, we demonstrate 

that the embedded representation using both hidden unit and memory is better than 

using the hidden unit alone. 

• An in-depth analysis of T-LSTM Auto-encoder and its ability to capture long-term 

trends in real-world clinical longitudinal data. In particular, we present a rigorous 

process to choose dimension of hidden/memory unit - an important hyper-parameter 

for T-LSTM Auto-encoder. In addition, we analyze the decoder's outputs of the 

model and show that they can approximate the original time series while reducing 

the fluctuation of the input signals. 

• An analysis of CKD patient representation obtained from T-LSTM Auto-encoder. We 

demonstrate the use of the patient embedded representations to identify interesting 

and unusual patient profiles for further analysis. 

The remaining of this chapter is structured as follows. In Section 4.2, we describe T

LSTM Auto-encoder, the primary method that we use in this chapter. In Section 4.3, we 

present our approach to represent the longitudinal profiles in the embedded space by using 

three different synthetic datasets. In Section 4.4, we present experimental results with T

LSTM Auto-encoder on CKD. In Section 4.5, we discuss the advantages and drawbacks of 
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this method when applying on CKD as well as other related works. Finally, in Section 4.6, 

we give a conclusion of this chapter. 

4.2 Background 

In this section, we describe Time-Aware LSTM Auto-encoder model and explain why it 

is suitable for applications in longitudinal clinical data. We begin our discussion with an 

overview about vanilla recurrent neural nets and then move on to a more sophisticated 

model - Long Short-Term Memory (LSTM). Given the structure of longitudinal clinical 

data, a variant of LSTM, called Time-Aware LSTM (T-LSTM) is introduced to handle 

time gaps between consecutive observations in irregularly sampled clinical data. Finally, 

we describe T-LSTM Auto-encoder, which can unsupervisedly summarize patient clinical 

trajectories and project patient profiles into an embedded space. 

4.2.1 Recurrent Neural Networks 

Recurrent Neural Networks (RNN) are standard models for learning sequence data. In 

particular, a typical input sequence of RNN is of the form { xt}i=l where Tis the length of 

the input sequence and Xt is a vector of size N. In vanilla RNN, at each time step t, there 

is a hidden unit ht E JRH computed by combining both the input signal at this time step Xt 

and the hidden unit of previous time step ht-I: 

ht= tanh (Wxt + Uht-1 + b) 

With this network construction, the hidden unit ht plays a role of memory that captures the 

information of all previous inputs {xin=l· Figure 4.la illustrates the structure of vanilla 

RNN. This network structure is especially efficient to apply traditional learning algorithm 
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such as gradient descent (GD) by performing back-propagation through time. However, for 

applications with very long time lags (many steps between the signal and the output), the 

learning algorithm may suffer from the problem of exploding or vanishing gradients. In the 

next section, we will describe one approach to address this issue. 

4.2.2 Long Short-Term Memory 

In order to address the problem of exploding or vanishing gradients, Hochreiter and Schmid

huber proposed a variant of RNN called Long Short-Term Memory by enforcing a "con

stant error carousel" within special units [21]. These special units are memory units and the 

information stored in these units are controlled by a gated structure. Figure 4.lb provides 

a graphical illustration of LSTM unit. Typically, at a time step t, beside the hidden unit ht, 

LSTM has dedicated memory cells Ct. The information in memory cells Ct is controlled 

by "forget gate" ft and "input gate" it. 

As we can observe in Figure 4.lb, there is a straight line connecting Ct-I and Ct. This 

allow the information from previous memory cells can be moved forward to be stored again 

in the current memory cells, depending on the values of previous hidden units and current 

inputs. The following set of equations of LSTM unit at time step tis shown as follow: 

ft = CJ (WJXt + U fht-1 + bt) (forget gate) 

It = CJ (Wixt + U iht-1 + b i) (input gate) 

Ct= tanh (WcXt + Ucht-1 + be) (candidate memory) 

Ct = ft* Ct-1 +it* Ct (current memory) 

Ot = CJ (Waxt + U 0 ht-1 + b0 ) (output gate) 

ht = Ot * tanh(Ct) (current hidden state) 

50 



4.2.3 Time-Aware Long Short-Term Memory 

LSTM has been proven to work very well in my applications. However, one assumption 

in LSTM model (and also vanilla RNN) is that observation is regularly sampled at each 

time step. For sequence data with few missing values, one can extend the dimension of 

input X t to encode whether there is missing values in the input. However, for applications 

that involve clinical observations such as patient's lab test results, the time gaps between 

consecutive observations are multiple days/weeks/months/years. This makes the approach 

of encoding missing values within the input X t infeasible as there are too many missing 

values in comparison with actual observations. In addition, the time gaps between observa

tions do carry the signal in themselves. For example, in clinical applications, patient who 

have fewer lab tests within a certain time span may indicate that he/she has good health 

and therefore does not require to take lab tests regularly. On the other hand, patient who 

has lab tests more often within a certain period may indicate he/she has some clinical prob

lems and doctors need to monitor his/her physiological markers more frequently. With the 

lack of proper representation of time lapse between consecutive observations in LSTM net

works, Time-Aware LSTM (T-LSTM) is proposed by Baytas et al. [5] to address this issue. 

Figure 4. lc shows the structure of T-LSTM unit. 

In T-LSTM, the previous memory cells Ct is decomposed into short-term memory Cf 
and long-term memory C f. Only the short-term memory interacts with the time gap 6 t 

to adjust for the time lapse since previous observation. In particular, the non-increasing 

function g() is first applied on 6 t to penalize for the time passed since previous observation. 

The quantity g(t:..t) now becomes a multiplier to adjust for short-term memory C f. The 

longer time passed since previous observation, the less amount of short-term memory is 

kept to use in the next calculation. 

Beside the decomposition of previous memory cells and the interaction between short-
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term memory and time lapse f::l t, the structure of T-LSTM is exactly the same with LSTM. 

The detailed formulations of T-LSTM is shown as follow : 

C f_ 1 * g(t:..t ) (discounted short-term memory) 

C t-1 - C f_1 (long-term memory) 

T ~ S
C t- i + Ct-i (adjusted previous memory) 

Ct = tanh (WcXt + U ch t-1 + h e) (candidate memory) 

Ct = ft * C t-1 + it * Ct (current memory) 

h t = Ot * tanh(C t) (current hidden state) 

4.2.4 Time-Aware Long-Short Term Memory Autoencoder 

With T-LSTM unit as a building block, it is possible to map complex patient longitudinal 

profile into an embedded space by using an auto-encoder structure and analyze disease 

stratification in this embedded space. In Baytas et al. 's study [5], T-LSTM Auto-encoder is 

represented by two components including one encoder and one decoder. The illustration of 

T-LSTM auto-encoder is shown in Figure 4.2. In this figure, the structure of encoder and 

decoder are exactly the same except that the T-LSTM unit in the decoder has another set of 
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Figure 4.1 : Illustrations of three RNN structures: Vanilla RNN, LSTM and T-LSTM 
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Figure 4.2: T-LSTM Auto-encoder 

learnable parameters W;;;/ and b;;;/ to produce outputs from the hidden unit: 

In formulation of T-LSTM Auto-encoder, we use the superscript< e >and < d > to dis

tinguish the parameters of encoder and decoder respectively. In T-LSTM Auto-encoder, the 

hidden unit and memory unit output from encoder are subsequently passed into the decoder 

so that it can reconstruct the original longitudinal observations in reverse chronological or

der. In particular, each T-LSTM unit in the decoder receives two inputs - (1) time gap from 

previous observation 6.t and (2) the current observation x t; and outputs the prediction of 

previous observation Xt-l· For the first time step in the decoder, we define the previous 

observation is a zero vector and time gap from previous observation is zero. The differ

ence between the output prediction Xt and actual observation X t is the training signal that 

gradient-based learning algorithm can use to back-propagate the error through the decoder 

and encoder and learn to update the model's parameters. 

54 



4.3 Representation of Longitudinal Profiles in T-LSTM 

Auto-encoder 

As illustrated in Figure 4.2, the hidden unit h ,te> and memory unit C ,te> at the last time 

step of the encoder will be fed into the decoder as the initial hidden unit and memory 

unit, i.e. h ~d> and C ~d> . Although both hidden unit h?> and memory unit C ,te> are 

passed from encoder to decoder, in the original paper of Baytas et al. [5], only the hidden 

unit h ,te> is used as the representation of the input longitudinal profile. This raises a 

question whether the hidden unit alone is sufficient to represent the longitudinal profile 

and whether the memory unit1 should be part of the representation. In this section, we 

investigate different possible representations of a longitudinal profile using T-LSTM Auto

encoder and determine the most probable representation of longitudinal profiles. 

To simplify our analysis, we only consider longitudinal profile in which each observa

tion has one real value. This is also similar to our application of analyzing Chronic Kidney 

Disease that disease progression is monitored via one primary clinical marker - eGFR that 

measures kidney function. In order to judge the quality of the embedded representations 

of longitudinal profiles, we will use synthetic datasets that we know in prior the underly

ing mechanism of generating data. In particular, we used three synthetic datasets in the 

experiment to determine the role of hidden unit and memory unit in representing longitudi

nal profile. In each of these three synthetic datasets, there are four clusters of longitudinal 

profiles and each cluster contains 50 irregularly sampled time series2
. Each time series 

belonging to a cluster is sampled by first sampling the t value that represents the time an 

observation is made and the x value is then sampled by following the underlying line that 

1in this section, for the sake of brevity, we use "hidden unit/ memory unit" as a short form of "hidden unit 
I memory unit at the last time step of encoder". 

2we use the two terms "longitudinal profile" and "irregularly sampled time series" interchangeably in this 
chapter 
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Synthetic dataset 1 Synthetic dataset 2 Synthetic dataset 3 
Cluster 1 x = (4/ 219)t + 60 + E x = (4/ 219)t + 20 + E X = 60 + E1 where E1 rv N(0 , 10) 
Cluster 2 x = 60 + E x = (4/ 219)t + 40 + E y = 60 + E2 where E2 N(0 ,20)rv 

Cluster 3 x = (-4/ 219)t + 60 + E x = (4/ 219)t + 60 + E X = 60 + E2 where E3 rv N(0 ,30) 
Cluster 4 x = (-8/ 219)t + 60 + E x = (4/ 219)t + 80 + E X = 60 + E2 where E4 rv N(0 ,40) 

where E ~ N(0 , 14) 

Table 4.1: Summary of three synthetic datasets 

control the behavior of the cluster as showing in Table 4.1. The first sample of a time series 

is always at time 0 and time gap for subsequent sample is computed by sampling from 

Poisson distribution with mean value 50, i.e. 6.t ~ Poisson(>. = 50). This means that 

the time gap between consecutive observations is approximate 50 time steps. When time 

step exceeds 1095, we stop sampling from the series. Figure 4.3 shows the visualization 

of our synthetic datasets. As can be observed in both the Figure 4.3 and the Table 4.1, our 

synthetic datasets are prepared in a way that each cluster has only one difference from the 

other within the same dataset. In particular, for synthetic dataset 1, each line in the cluster 

has the same x-intercept and same level of variation and the only difference is the slope. 

For synthetic dataset 2, all lines within each cluster have the same slope and same level of 

variations while different clusters have different x-intercepts. For synthetic dataset 3, all 

clusters are basically horizontal lines with different levels of noises. 

Because in all three synthetic datasets, there are only one distinctive difference between 

clusters (slope for synthetic dataset 1, intercept for synthetic dataset 2 and noise level for 

synthetic dataset 3), the dimension of hidden unit (and also memory unit) is set to 2 as it is 

enough to capture the underlying differences between clusters, given that T-LSTM Auto

encoder is able to capture this sole difference in the model. The two-dimensional hidden 

space in hidden unit (and also in memory unit) allows us to visualize the distribution oflon

gitudinal profiles and inspect the alignment of the representations with their ground-truth 

clusters. Figure 4.4 shows visualization of the representations of individual longitudinal 
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Figure 4.3: Visualization of three synthetic datasets 
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profiles in three datasets after being trained for 20 , 000 epochs. This visualization provides 

some interesting insights regarding the role of hidden units and memory units at the last 

time step in the encoder as longitudinal profile representations. 

As mentioned earlier, the only difference between four clusters in synthetic dataset 1 is 

the slope of the underlying line. As we can see in figure 4.4a and figure 4.4b, the distribu

tion of profile representations does align with the ground-truth clusters, and this alignment 

is more visible in memory units than in hidden units. To quantify the alignment of rep

resentations in memory units / hidden units with the ground-truth clusters, we compute 

the silhouette coefficients [55] with ground-truth cluster assignments and distance metric 

between two longitudinal profiles is the Euclidean distance between their embedded rep

resentations. In Silhouette coefficient, the quality of individual data point in a clustering 

result with respect to a cluster assignment is quantified by the cluster tightness and degree 

of separation between neighboring clusters. The value of silhouette coefficient ranges from 

-1 to 1 in which higher value indicates better cluster assignment. The overall quality of a 

clustering result can be measured as the average of the set of individual Silhouette coef

ficients. Table 4.2 shows the average silhouette coefficient when 3 types of longitudinal 

representations are used: (1) only hidden unit, (2) only memory unit and (3) both hidden 

and memory unit. As shown in Table 4.2, for synthetic dataset 1, memory unit is much 

better in distinguishing four different clusters in comparison with hidden unit. When using 

both hidden unit and memory unit, the clustering quality is still much better than hidden 

unit while only suffer minor reduction in clustering quality measured by average silhouette 

coefficient in comparison with memory unit. 

For synthetic dataset 2 in which four clusters only differ by the intercept of the under

lying line, we can observe in Figure 4.4c and 4.4d that there are clear clustering patterns in 

the visualization of longitudinal representation by memory unit and hidden unit. It is worth 

to notice that for representation by hidden unit as shown in Figure 4.4c, the difference be-
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Representation Synthetic dataset 1 Synthetic dataset 2 
Hidden unit 0.0548 0.6169 
Memory unit 0.4906 0.4769 
Hidden and memory unit 0.4858 0.4812 

Table 4.2: Average Silhouette coefficient when using ground-truth cluster membership 

tween clusters only concentrate in dimension 2 while values in dimension 1 are almost the 

same for each individual longitudinal profile. On the other hand, when looking at repre

sentation by memory unit as shown in Figure 4.4d, there are clear four clusters spanning 

in both two dimensions of memory unit. When judging quantitatively the distinguishing 

power of hidden unit and memory unit, we also use the average silhouette coefficient as 

similar to synthetic dataset 1. As shown in Table 4.2, for synthetic dataset 2, all three types 

of representations are very well-aligned with the cluster ground-truth as their average sil

houette coefficient is very high (the lowest value is 0.4769 for the case of using memory 

unit as representation). These average silhouette coefficients show that both hidden and 

memory unit are well-suited for representing the longitudinal profile, as both of them can 

capture well the differences in the x-intercept between clusters. 

For synthetic dataset 3 in which the difference between clusters is the level of noise, 

we can see in Figure 4.4e that representations by using hidden unit do not provide any 

clear clustering patterns. On the other hand, in Figure 4.4f, we can observe that most of 

data points of cluster 1 ( cluster with lowest level of noise) concentrates in the center of the 

space while data points of cluster 4 (cluster with highest level of noise) scatter along the 

periphery of the space. For cluster 2 and 3, they are blended in some degree between center 

and the periphery of the space. This is an interesting observation as the level noise tends to 

play a role in determining the position of the longitudinal profile in latent space of memory 

unit. 

From the examination of the representations of longitudinal profiles in three different 
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60 



synthetic datasets, we can see that memory unit does play an important role in distinguish 

different cluster. In a situation as in synthetic dataset 2, using hidden unit as representa

tion does provide better distinguishing power between clusters. Therefore, in subsequent 

experiments with real clinical datasets, we use both hidden unit and memory unit as the 

representation for longitudinal profile. 

4.4 Experiments with Chronic Kidney Disease 

In this section, we apply T-LSTM Auto-encoder to explore the distribution of Chronic 

Kidney Disease longitudinal profiles in the latent space and investigate how the embedded 

representations provide better insights about the progression of CKD. In section 4.4.1, we 

will briefly describe two CKD datasets that we will use in the experiments. In section 4.4.2, 

we determine an appropriate dimension of hidden unit (and also memory unit) for T-LSTM 

Auto-encoder to represent the embedded patient profile. In section 4.4.3, we investigate the 

reconstruction of original longitudinal profiles output from the decoder of T-LSTM Auto

encoder and see how the inputs and outputs are related to each other. In section 4.4.4, 

we assess the embedded representations of longitudinal profiles after being learnt from T

LSTM Auto-encoder and identify interesting and unusual longitudinal CKD progressions 

enabled by these latent representations. 

4.4.1 Chronic Kidney Disease datasets 

In our experiments, we use two real-world Chronic Kidney Dissease (CKD) datasets ex

tracted from two larger clinical datasets: (1) DARTNet dataset [ 48] and (2) MIMIC-III 

dataset [27]. From the original datasets, we only consider patients having stage 3 Chronic 

Kidney Disease with more than ten eGFR observations and clinical records spanning more 

than one year to include in our experiments. Figure 4.5 shows the preprocessing steps 
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Original patient set 
DARTNET dataset: 69,817 patients 
MIMIC III dataset: 46,520 patients 

I 
Invalid birth year and sex 

value 

Excluded 
Excluded Number of creatinine 

records < 1 I 
Excluded 

I Invalid data records 

"Preprocessed" patients 

Having eGFR values less than 60 for 
more than three months 

ExcludedObservation duration < 1 
ExcludedI year Number of serum creatinine I 

records < 10 

Final CKD cohort 
DARTNET dataset: 7,142 patients 
MIMIC III dataset: 3,082 patients 

Figure 4.5 : Preprocessing process to obtain CKD cohorts 

that we performed to obtain CKD cohorts, which is similar to earlier study of Luong and 

Chandola [ 40]. 

4.4.2 Dimension of hidden units 

One of the key hyper-parameter of T-LSTM Auto-encoder is the dimension of hidden unit 

(and also memory unit). This determines the representations of longitudinal profiles after 

being learned from T-LSTM Auto-encoder. In earlier section when we perform experi

ments with synthetic datasets, we have selected 2 as the dimension of hidden/memory unit 

as it is enough to capture the variability in our synthetic datasets which are designed specif

ically with one difference between different clusters. However, in the real-world clinical 

datasets, there are many factors that can affect the progression of a longitudinal clinical 

profile. Therefore, choosing an appropriate dimension for our embedded representations is 
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not a trivial task. In earlier study of Baytas et al. [5], authors did choose hidden dimen

sion to be two for the case of synthetic dataset while they did not provide a clear criterion 

for choosing the hidden dimension when applying T-LSTM Auto-encoder on real clinical 

dataset. In this section, we attempt to provide a rigorous process to determine dimension 

of hidden unit for clinical datasets. 

As mentioned earlier, T-LSTM Auto-encoder optimizes the reconstruction error. In 

other words, the reconstructed time series output from the decoder should be as close as 

possible to the original time series input to the encoder. Therefore, one criterion to estimate 

the quality of T-LSTM Auto-encoder is via the overall reconstruction error. As T-LSTM 

Auto-encoder optimizes this quantity directly using mini-batch Adam optimizer, the overall 

reconstruction error should decrease over many epochs during the training phase. However, 

one should note that this training phase is guided by the reconstruction error, and overfitting 

may occur. In other words, the T-LSTM Auto-encoder may provide very small overall 

reconstruction error for a training set but it may fail to provide good reconstruction of time 

series for a new set of longitudinal profiles (validation set) that have not been trained before. 

For this reason, we use 4-fold cross-validation to determine the appropriate dimension 

of hidden/memory unit. In particular, the longitudinal profiles in each dataset are split into 

four parts. T-LSTM model is trained on each three parts (training set) while being validated 

on the remaining part (validation set). The root-mean-square error (RMSE) between the 

reconstructed values and original values in the validation set is the measure for quality of 

T-LSTM Auto-encoder. The lower ofRMSE in validation set, the better quality of T-LSTM 

Auto-encoder is as it can be able to generalize well to unseen data. Finally, the overall 

RMSE is computed by using the RMSE computed for each fold in the cross-validation 

. llRMSE 1✓RMSE2+ ··· +RMSE2 4process, 1.e. overa = 4 • 

We perform the above 4-fold cross validation on DARTNet and MIMIC-III datasets and 

vary the dimension of hidden/memory unit across following values { 22 
, 23 , 24 

, • • • , 29 }. In 
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Figure 4.6: Overall RMSE of validation set with respect to different dimension of 
hidden/memory unit 

this experiment, we train T-LSTM Auto-encoder with 500 epochs. Figure 4.6 shows the 

overall RMSE of validation set with different values of hidden/memory dimension. For 

MIMIC-III dataset, we can observe in Figure 4.6b that 64 is the optimal value for dimension 

of hidden/memory unit as the reconstruction error starts increasing after 64, signaling that 

T-LSTM Auto-encoder starts suffering from overfitting. For DARTNet dataset, the overall 

RMSE keeps decreasing as we increase the dimension of hidden/memory unit, indicating 

that overfitting is not a problem in this situation. However, as we can observe in Figure 4.6a, 

the overall RMSE decreases rapidly until reaching dimension of value 64 and becomes 

saturated for dimension values larger than 64. Based on the above observations, we choose 

64 as the dimension of hidden/memory unit when applying T-LSTM Auto-encoder on two 

CKD datasets in subsequent experiments. As we discuss earlier in Section 4.3, we will use 

both hidden and memory unit at the last time step of encoder to represent a longitudinal 

profile. Therefore, the dimension of our longitudinal profiles derived from T-LSTM Auto

encoder is 128 including 64 dimensions from hidden unit and another 64 dimensions from 

memory unit. 

64 



4.4.3 Outputs of decoder 

As we described earlier, the outputs of decoder in T-LSTM Auto-encoder are actually the 

prediction of the original values in the longitudinal profile in reverse chronological order 

(see Figure 4.2 and Section 4.2.4). T-LSTM Auto-encoder attempts to minimize the over

all reconstruction error, i.e. the difference between the outputs of decoder and the original 

time series . One of the expectations when applying T-LSTM Auto-encoder into Chronic 

Kidney Disease is that the disease progression reconstructed from the model should be 

able to capture the same progression of the original longitudinal profile. In this section, 

we investigate the reconstructed time series obtained from outputs of the decoder and ob

serve how similar they are to the original time series. Figure 4.7 shows the outputs of the 

decoder in comparison with the original longitudinal data for three particular patients in 

each dataset. As we can observe from the figure, the reconstructed time series from outputs 

of decoder can capture the long-term progression in patient CKD profile. In addition, for 

some particular time stamps in which the original CKD profile experience sudden jump in 

eGFR value, we can observe that the reconstructed time series have smoother transitions 

from one time step to another time step. In other words, we can view output of decoder 

in T-LSTM Auto-encoder as a denoising summarizer that can capture the trends in CKD 

progression while simplifying the time series by reducing short-term variance. 

In order to verify this observation to the whole dataset, we perform a statistical test to 

see whether the variance of the reconstructed time series is significantly smaller than the 

variance original time series. We first compute the variance in original time series and in re

constructed time series for each patient profile. After that, we use the pairs of variances, one 

for each patient in the dataset to perform at-test to test whether there is a significant larger 

amount of variance from the original time series in comparison with the reconstructed one. 

The p-values of this t-test are both less than 2.2 x 10-15 for both DARTNet and MIMIC-III 
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Figure 4.7: Visualization of reconstructed time series in comparison with original time 
series. Three typical patient profiles in DARTNet dataset are shown in Figure (a)-(c) while 

three patient profiles in MIMIC-III dataset are shown in Figure (d)-(f) 
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dataset. This shows that the variance of reconstructed time series is significantly less than 

variance in the original time series, which confirms our observation. 

4.4.4 Embedded representation 

In this section, we investigate the embedded patient profiles obtained by using T-LSTM 

Autoencoder. As described in Section 4.4.2, each patient profile is actually represented 

by a 128 dimensional vector. When analyzing the progression in CKD, it is important to 

detect patients with interesting and un-usual disease progressions. In other words, this task 

can be viewed as detecting outlier time series from a dataset of many irregularly sampled 

time series. By applying T-LSTM Auto-encoder, each of the longitudinal profile has been 

transformed into a vector of fixed dimension. Each dimension in this embedded represen

tation is an encoding of complex temporal features of the original longitudinal profile. One 

way to extract the outlier from this set of longitudinal profile is to look at each individual 

dimension and check for the value that is farthest from the mean value of this dimension. 

In our experiment, by following this approach, we have found a set of few longitudinal pro

files that they contain extreme values (farthest from the mean of a particular dimension) in 

multiple dimensions. Figure 4.8 shows the set of individual profiles that contain "outliers" 

in multiple different dimensions. From this figure, we can identify some of the uniqueness 

in those longitudinal profiles. 

First observation we have in Figure 4.8 is that extreme length of the sequence can cause 

the embedded representation to have extreme values. In fact, patient *476 and *598 have 

two longest sequences in DARTNet dataset with 107 and 102 eGFR readings respectively. 

Similarly, patient *33 and *18 are two longest sequences in MIMIC-III dataset with 877 

and 655 eGFR readings respectively. 3 

3On average, a patient profile in DARTNet dataset has only 15.8 eGFR observations while a patient in 
MIMIC-III dataset has only 49 .8 observations. 
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The high fluctuation in consecutive eGFR readings may also be a contributing factor 

to cause the extreme values. In particular, patient profiles in Figure 4.8c is highly un

usual in the sense that eGFR readings fluctuate in a very wide range between O (severe 

kidney damage) and 100 (healthy kidney function). This can be a result of incorrect reading 

values by mistakes of input software when entering inputs to the EHR system. We can 

also observe the fluctuation in Figure 4.8e of patient *18. This patient profile has highly 

fluctuated observations over a long period of time. However, the range of fluctuation for the 

observations of this patient is not as extreme as previous patient. Therefore, we suspect that 

the measurement error instead of input error is the cause of this fluctuated observations. 

Another interesting profile is of patient *14 in Figure 4.8f. This patient has a stable 

eGFR readings over the course of more than 100 days and then unexpectedly experiences 

a sudden increase in eGFR to more than 100 in the last few days of his/her records. This 

is an interesting case as his/her course of disease is different from our understanding of 

CKD disease progression. Normally, kidney function in CKD patient deteriorates over 

the time and as a result, eGFR values will decrease over the time. However, this patient 

experiences a sudden improvement in eGFR readings, to a level of normal person with 

healthy kidney function, which is contrary to normal CKD disease progression. Therefore, 

this patient is a good candidate to further study his/her course of disease progression, which 

can subsequently help us expand our knowledge about CKD. 

4.5 Discussion 

One thing to note in T-LSTM Auto-encoder is that its training time is highly dependent on 

the characteristics of training datasets. It is worth to note that T-LSTM Auto-encoder is 

trained on Adam optimizer [30] and each step of the optimization requires the training time 

series to have the same length. For this reason, we have to split the training data into many 
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day day 

(a) Patient *476 in DARTNet (b) Patient *598 in DARTNet (c) Patient *534 in DARTNet 
dataset with extreme values in dataset with extreme values in dataset with extreme values in 

15 different dimensions 11 different dimensions 7 different dimensions 

,.. 
day day 

(d) Patient *33 in MIMIC-III (e) Patient *18 in MIMIC-III (f) Patient *14 in MIMIC-III 
dataset with extreme values in dataset with extreme values in dataset with extreme values in 

16 different dimensions 15 different dimensions 7 different dimensions 

Figure 4.8: Few individual CKD profiles which embedded representation have extreme 
values in multiple diffemet dimensions. Patients in Figure (a)-(c) are in DARTNet dataset. 

Patients in Figure (d)-(f) are in MIMIC-III dataset. 

batches, and each batch contains the set of time series that have the same length. We then 

apply mini-batch Adam optimization to train the model. This causes the training process 

to be dependent on the training dataset. In particular, for a dataset with many sequences 

having the same length, the training process will be efficient if it can take advantage of 

parallel computation when training multiple sequences together in each batch. On the 

other hand, for a dataset with many sequences having very different lengths (which is true 

for many longitudinal clinical datasets), the training process is reduced to a similar form of 

stochastic gradient-based optimization as most of the batches contain only one sequence. 

One may use the embedded representations of CKD patients learnt by T-LSTM Auto

encoder to identify the clustering patterns in the latent space. As the embedded represen

tations are in high dimensional space (128 dimensions), we need to perform some dimen

sional reduction methods such as PCA or t-SNE to visualize the distribution of patients in 
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2D space. However, when we visualize the embedded CKD representations in 2D space 

using PCA and t-SNE, we did not observe any clear clustering patterns of patients in the 

2D visualization. We will further analyze the clustering patterns of patient embedded rep

resentations in our further study. 

In principle, T-LSTM Auto-encoder can be used for longitudinal data with multi-dimensional 

observation. In our analysis CKD, there is only one dimensional observation is used for 

analysis: eGFR - a main clinical marker of CKD. One may extend the model to have multi

dimensional observation by including other health indicators such as blood pressures, mea

sures ofliver functions, measures of body cholesterol level, etc. However, such an extended 

model may have to deal with missing values in the observation. For example, a patient who 

has observation of eGFR on a particular day may not have blood pressures and other clin-

ical markers measured on the same day. In a study of Che et al. [9], authors proposed a 

modification of GRU architecture - another RNN variation that has been showed to per

form comparably with LSTM - to handle missing values in clinical observations. However, 

the focus of Che et al.'s study is supervised learning in which it attempts to predict future 

events. In our future works, we will further study the capability of T-LSTM Auto-encoder 

to represent missing values in the observation vector. 

Med2Vec [11] and Wave2Vec [67] are two earlier studies that attempt to learn the rep

resentation of clinical observations by using unsupervised learning. In particular, both 

Med2Vec and Wave2Vec are inspired by Skip-gram model [45]. In the context of Natural 

Language Processing, the latent representations of words are learnt in a way that maxi

mizes their co-occurrences with their nearby words. For clinical longitudinal dataset, both 

Med2Vec and Wave2Vec consider that the sequence of hospital visits for each patient is 

analogous to the sequence of words in a sentence in which we can learn the embedded 

representation of a hospital visit or a patient clinical observation by maximizing the co

occurrence of the current observation with few other observations prior to or after the 
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current one. However, instead of providing the embedded representations for the entire 

sequence of clinical observations like in the case of T-LSTM Auto-encoder, Med2Vec and 

Wave2Vec only give an embedded representation for each clinical observation in the se

quence. 

In another study of Schulam and Arora [59], authors have attempted to map irregular 

sampled clinical time series into latent space by assuming patient's clinical observations 

follow Gaussian Processes. This study of Schulam and Arora focused on understanding 

whether there are a small number of degrees of freedom (dimensions of the latent space) 

that can explain the differences in the progressions of patient. In principle, T-LSTM Auto

encoder can also be used to map the whole sequence of clinical observations into a small 

dimensional latent space, but at the expense of the higher reconstruction error. In addition, 

for the case of Chronic Kidney Disease, in our experiment with T-LSTM Auto-encoder, 

although the embedded representations of CKD patients do not yield any clear clustering 

patterns in the latent space, we can use these learnt representations to identify un-usual and 

interesting profiles of CKD for further analysis as shown in Section 4.4.4 

4.6 Conclusion 

In this chapter, we have discussed various aspects of T-LSTM Auto-encoder as a model to 

project longitudinal profiles into a latent space and its use on analyzing disease progres

sion in Chronic Kidney Disease. With synthetic datasets, we have demonstrated that we 

should use both the memory and hidden unit at the last time step of the encoder as the 

representation of longitudinal profile. In real-world CKD datasets, we have presented an 

approach of using cross-validation to determine the dimension of hidden/memory unit in 

T-LSTM Auto-encoder with reconstruction error as the primary signal for estimating the 

quality of the model. In addition, we observed that the outputs of the decoder after being 

71 



trained on CKD datasets in overall are smoother time series in comparison with their input 

counterparts while they still capture the trends expressed in the original inputs. Finally, 

we use the embedded representations of patient eGFR longitudinal profiles learnt from T

LSTM Auto-encoder to identify un-usual and interesting CKD profiles. The longitudinal 

profiles obtained by this experiment are candidates for two further analyses: (1) validate 

whether their inputs are correctly entered or not, and (2) in case the inputs are correctly 

entered, what is the underlying mechanism that causes the un-usuality in the observations 

and whether we can enhance our understanding of CKD by understanding these un-usual 

profiles. 
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Chapter 5 

Cluster Evaluation Metric 

Longitudinal disease subtyping is an important problem within the broader scope of compu

tational phenotyping. In this chapter, we discuss several data-driven unsupervised disease 

subtyping methods to obtain disease subtypes from longitudinal clinical data. The methods 

are analyzed in the context of Chronic Kidney Disease, one of the leading health problems, 

both in the US and worldwide. To provide a quantitative comparison of the different meth

ods, we propose a novel evaluation metric that measures the cluster tightness and degree 

of separation between the various clusters produced by each method. Comparative results 

for two significantly large clinical datasets are provided, along with key insights that are 

possible due to the proposed evaluation metric. 

5.1 Introduction 

With the increasing availability of Electronic Health Records (EHR) data for research and 

analysis, computational phenotyping has become an emergent and significant topic in the 

area of Health Informatics [23]. One approach that has been explored in the context of 

computational phenotyping is to identify groups of patients that exhibit similar disease 
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Figure 5 .1: Disease progression profiles (Estimated Glomerular Filtration Rate) of two 
patients suffering from Chronic Kidney Disease (CKD). Data obtained from DARTNet 

database [ 48]. 

progression as captured by the clinical observations present in EHR data. Many recent 

papers in this area have formulated the task of subgroup identification as an unsupervised 

clustering problem [25]. The objective is to cluster patients into groups based on their lon

gitudinal EHR data, such that each cluster represents a distinct disease progression which 

can then be studied to identify a common disease mechanism (a phenotype). 

However, applying standard clustering algorithms, such ask-means, to EHR data is not 

straightforward. The primary reason is that most of these algorithms require a similarity 

metric to compare the data for a pair of patients. If one analyzes disease progression in 

terms of a single disease marker, the problem will become a time series clustering task [37]. 

Given that such time series are typically sparse, irregularly sampled, and misaligned, (see 

Figure 5 .1 for an example) applying standard time series similarity measures such as cross

correlation, Dynamic Time Warping (DTW), etc., are ill-suited in this context. 

In other words, we want to cluster the patients into groups with similar disease progres

sion and further identify the underlying mechanism in each cluster. Few methods have been 
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proposed to solve this clustering problem. In particular, Schulam et al. proposed Proba

bilistic Subtyping Model (PSM) [61], a disease progression model that can probabilistically 

assign patient into clusters (disease subtypes, phenotypes) by analyzing the patient lab mea

surements and explaining away the effect of different covariates. Luong and Chandola [ 40] 

also introduced a k-means clustering approach to cluster patients based on their disease pro

gressions. Singh et al. [63] followed another approach that imputes the missing values in 

the irregularly sampled time series and used traditional time series clustering method such 

as Partition Around Medoid (PAM) to group the patient longitudinal profiles into clusters. 

In another study, Baytas et al. [5] used a sequence model called T-LSTM Auto-encoder 

to project the set patient longitudinal profiles into an embedded space and apply k-means 

clustering to cluster the embedded representations. Although these methods can give rea

sonable clustering results, they all require the number of clusters to be known in advance. 

In many cases, there is no clear evidence to choose the number of clusters, thus, hindering 

the use of these methods in practice. In addition, we also need to decide a set of basis or 

requirements that we can use to assess the quality of a clustering result obtained from a 

particular disease subtyping model. As a result, there is a rising need for a quantitative and 

objective approach to judge the quality of clustering result. In particular, given a clustering 

assignment, we need to measure the "goodness-of-fit" of individual patient profile. In this 

chapter, we address these challenges by introducing a quantitative evaluation metric that 

can help us evaluate quality of the clustering result, both globally as a set of patient profiles 

and locally as an individual patient profile. 

In the literature of clustering evaluation [68, Chapter 17], there are two main approaches 

to evaluate the clustering result. One is external evaluation in which we use external infor

mation such as ground-truth of cluster assignments or other external characteristics asso

ciating with the subjects being clustered to evaluate the purity of each cluster with respect 

to those characteristics. Another alternative approach is internal evaluation in which we 
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measure the clustering result by the tightness of each cluster as well as the degree of sep

aration between neighboring clusters. In the context of longitudinal disease subtyping, 

external evaluation of clustering result can be done by examining the distribution of di

agnosis codes or medications or demographics of patients assigned to a specific cluster. 

However, there is a lack of internal evaluation of disease subtypes, in the sense of cluster's 

tightness and degree of separation between clusters. Our approach aims to fill this missing 

piece by introducing an internal evaluation metric that can judge the quality of clustering 

result in terms of cluster's tightness and degree of separation between clusters. 

In traditional clustering settings, Silhouette coefficient is a common quantitative mea

sure of the quality of clustering result [55]. However, this measurement cannot be used di

rectly to evaluate the clusters of disease progression. Therefore, in this chapter, we develop 

a longitudinal Silhouette coefficient (abbreviate as longSil) based on the concept of Silhou

ette coefficient, which can help us evaluate the clustering result. It is the key contribution 

in this chapter. This evaluation metric also allows us to perform a large-scale comparative 

study for multiple subtyping methods in the context of Chronic Kidney Disease. 

The remainder of the chapter is structured as follows. In Section 5.2, we discuss the ex

isting evaluation approaches that have been used to evaluate quality of longitudinal disease 

subtypes and explain why we need a new evaluation metric. In Section 5.3, we propose 

an evaluation metric, longSil, to assess the quality of longitudinal disease subtypes. In 

Section 5.4, we provide details of various longitudinal disease subtyping methods that we 

will use for comparison. In Section 5.5, we present experimental results obtained by using 

our evaluation metric to assess the performance of different subtyping methods. In Sec

tion 5.6, we further discuss the advantages and limitations of our proposed metric. Finally, 

in Section 5.7, we give a conclusion of our study. 
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5.2 Background 

In this section, we further explain the need of an evaluation metric for longitudinal disease 

subtypes by examining evaluation approaches that have been done in prior studies and 

identifying the missing piece that we plan to fill in this chapter. 

A most common way that people have used to evaluate the resulting disease subtypes 

is to characterize disease progressions in each subtype and align those progressions with 

existing medical understanding of the specific disease [40, 41, 59, 61, 63]. This charac

terization of disease subtypes often includes narrative descriptions of general trends in the 

subtypes as well as numerical quantities such as rate of increase/decrease and baseline val

ues. However, besides providing readers better understanding of the discovered subtypes, 

this characterization approach does not provide enough evidence for the purpose of evalu

ating whether a disease subtype is distinctively different from the others and worth further 

analysis on its clinical relevance. 

Another evaluating approach often found in prior studies is by examining the prediction 

power of the proposed model [5, 40, 60, 61]. It is important to note that although most 

disease subtyping methods are unsupervised learning models, as they need to take into 

account the temporal dependency between observations as well as patient covariates, they 

can be effectively used as prediction models. Evaluating the prediction power of a model 

can help us assess whether the model correctly capture the characteristics of data. However, 

from a perspective of evaluating quality of resulting disease subtypes, the prediction power 

may not reflect the quality of subtypes in terms of differences between subtypes as well as 

how distinctive a subtype is in comparison with others. 

In order to capture the difference between one subtype and the others, prior studies 

have used statistical test to check whether one subtype is significantly different from the 

others [5, 41, 59]. These tests use external data such as demographic information or other 

77 



clinical markers that have not been used in learning the disease subtypes. This approach is 

useful to understand how a subtype disease is different from others and allows us to have 

more evidence to further investigate on interesting disease subtypes. The only missing 

piece in this approach is that it only works with external data. It is important to note that 

sometimes we are more interested in evaluating the disease subtypes using the original data 

itself rather than the external data. Therefore, the main theme of this chapter is to propose 

an evaluation metric of longitudinal disease subtypes by using the original data itself. 

5.3 Evaluation Metric 

In this section, we discuss an evaluation metric to validate the clusters of longitudinal 

patient profiles output from any disease subtyping methods. First, in Section 5 .3.1, we 

briefly review the concept of Silhouette coefficient and its role in assessing clustering result. 

In Section 5.3.2, building on top of Silhouette coefficient, we define longSil coefficient and 

provide a formulation for it. 

5.3.1 Review of Silhouette coefficient 

Silhouette coefficient was first introduced by Rousseeuw in 1987 as a graphical aid to val

idate the clustering result [55]. Since then, it has been used substantially as a validation 

technique to evaluate the quality of clustering result. In the formulation of Silhouette coef

ficient, every data point being clustered is evaluated by two measures: (1) tightness - how 

close a data point is with respect to all other data points in same cluster and (2) degree of 

separation - how far away a data point is from the closest neighboring cluster. 

In particular, given a set of n subjects with corresponding cluster assignments, Silhou

ette coeffient measuring the quality of cluster placement for each individual i is computed 

as s( i ) = m:~~~(i)~li)) where the tightness a(i ) is measured as the average distance from i 
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to all other subjects in the same cluster and the degree of separation b(i) is measured as the 

shortest average distance from i to any clusters different from its own cluster. In the above 

formulation, the range of a Silhouette coefficient is between -1 and 1. s(i ) > 0 means 

that the subject i is closer to its assigned cluster than its closest neighboring cluster. On 

the other hand, s( i ) < 0 indicates that subject i is closer to the neighboring cluster than its 

own - an indication of incorrect cluster placement for subject i. When s ( i) = 0, the subject 

i lies on the border between its own cluster and its closest neighboring one. Therefore, 

Silhouette coefficient can be used as a validation measure for clustering placement of each 

individual subject i in the dataset. 

Beside the use of inspecting clustering quality for each individual subject in the dataset, 

Silhouette coefficient can also be used to assess the overall clustering result by computing 

the average Silhouette coefficient across all subjects. As a result, for any clustering re

sult, we can compute its average Silhouette coefficent and use it to quantify the quality of 

clustering result. 

5.3.2 longSil coefficient 

Although Silhouette coefficient works reasonably well for traditional clustering results, it 

cannot be easily translated to evaluation of longitudinal disease subtypes because of an 

assumption of a distance metric between any pairs of subjects. In clinical datasets, the 

laboratory measurements are sparse and irregularly sampled (see Figure 5.1). As a result, 

given two longitudinal patient profiles, there is no trivial way to compute the distance be

tween them. Therefore, we propose an alternative metric, denoted as longSil - longitudinal 

Silhouette coefficient to assess quality of longitudinal disease subtypes. 

In order to avoid computing pairwise distance between longitudinal patient profiles, one 

may note that in the measure of tightness a(i ) and degree of separation b(i ) for individual i , 
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we actually compute the relative distance between subject i and sets of many other subjects. 

This allows us to take an alternative definition of tightness a(i) and degree of separation b(i) 

based on the distance between a longitudinal patient profile and a set of multiple profiles. 

In prior study of Luong and Chandola [ 40], the authors computed the distance between 

a longitudinal profile and a cluster by representing a cluster of multiple profiles as a com

mon regression line and compute the total of square vertical distances between clinical 

observations and corresponding values in the regression line. In this chapter, we follow a 

similar strategy of representing a set of multiple longitudinal profiles as a regression line. 

However, instead of using the total of square vertical distances as a measure of distance, we 

use the average of square vertical distances between observations and corresponding values 

on regression line. This allows the contribution of each observation in patient profile to be 

treated equally across different patients. 

Given a dataset of clinical observations, we denote n i as the number of observations 

of lab measurement that patient i takes. The vector of observations of patient i is denoted 

as X i = [xi,1, · · · , Xi,ni f while t i = [ti,1, · · · , t i,n J T is the vector of corresponding times

tamps. 

Given a clustering result of N patients into K clusters, we denote c(i) E {1, · · · , K} 

as the cluster that the patient i is assigned to. We also define C(i) = {1 , · · · , K} \ c(i) as 

the set of clusters that patient i is not assigned to. 

Each cluster k is represented by a regression line using all observations of all patients 

assigned to it. This regression line of cluster k is formulated as fk(t) = ~;=1 f3? )<I>1(t) 

where <I> (·) = {<I> 1 ( ·) , · · · , <I> L ( ·)} is the set of L basis functions and J3 (k ) = {/3?), · · · , f3t )} 

is the set of corresponding coefficients. For a vector of input timestamps t i E JRni of pa

tient i, we denote <I>(ti) = [<I> 1 (ti), · · · , <I>L(ti)] E JRnix L as a matrix in which lth column 

is obtained by applying basis function <I> 1( ·) to each element of vector t i . 

With the above notations, we define the tightness for patient profile i with respect to its 
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own cluster a(i) as the average of the square of vertical distance between observations and 

corresponding values in the regression line: 

(5.1) 

In the above formula, t3 (c(i) ) is the vector of coefficients of basis functions for the set of 

patients belonging to the same cluster of patient i (excluding patient i). 

We also define the degree of separation for patient profile i as the closest distance from 

it to all other clusters that it is not assigned to: 

(5.2) 

Using these two new formulations of a(i ) and b(i ), the long Sil coefficient for patient 

profile i is defined similar to Silhouette coefficient: 

. . b(i ) - a(i ) 
(5.3)longSil(i) = max(a(i), b(i )) 

Similar to Silhouette coefficient, longSil coefficient also ranges between -1 and 1 with 

higher value indicates better clustering quality. 

5.4 Longitudinal Subtyping Methods 

In this section we discuss four longitudinal subtyping methods that we will evaluate in 

the experiments including: (1) Probabilistic Subtyping Model (PSM) [61], (2) Tempo

ral K-means [40], (3) Spline Induced Clustering [63] and (4) Time-Aware LSTM Auto

encoder [5]. These methods all have a set of patient longitudinal profiles as inputs. In 

particular, a patient longitudinal profile is defined as a set of clinical measurements and 

81 



corresponding timestamps of these measurements. In the context of Chronic Kidney Dis

ease, we consider eGFR as a main clinical measurement. For PSM, an additional input it 

has is gender information which is used as covariate for modeling patient disease progres

sion. Furthermore, we also need to provide a number of subtypes for these three subtyping 

methods so that they can partition a set of patients into clusters. Output of these four meth

ods are partitions of patients in which each cluster contains patients with similar disease 

progression. In case of PSM, it returns probabilistic assignments of patients into clusters. 

One can effectively convert these probabilistic assignments into partitions by assigning 

patients into cluster in which has highest probability. 

5.4.1 Probabilistic Subtyping Model (PSM) 

Schulam et al. [61] first introduced this method to identify disease subtypes by "explaining 

away" other effects. In particular, this method models patient disease progression as a com

bination of few separate effects. At a population level, there is covariate effect that captures 

the effect of various types of patient covariates such as gender, age group or smoking be

havior. Within the scope of this chapter, we only consider gender as a relevant covariate 

to include in the model. At an individual level, there are individual long-term effect and 

individual short-term effect. Long-term effect is used to model individual long-term health 

condition. On the other hand, a temporary health condition that may affect clinical mea

surements is modeled as short-term effect. We also have disease subtype effect, which is 

modeled to capture the effect of disease subtype in which many patients share similar dis

ease progression. The overall disease progression is obtained by adding all aforementioned 

effects. As a result, a probabilistic inference problem is solved by using an Expectation

Maximization approach. 
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5.4.2 Temporal K-means 

Luong and Chandola [ 40] proposed this algorithm as a variant of k-means clustering method 

to cluster patients with similar disease progressions. The algorithm starts with initializa

tion step by randomly assigning patients into k clusters. After that, it iteratively performs 

two steps: (1) update step - using current cluster assignments to compute the cluster and 

(2) assignment step - assigning patients into closest clusters. The algorithm stops when 

it converges or maximum iteration is reached. Although the temporal k-means and orig

inal k-means have substantial overlap, temporal k-means has two main differences from 

the original k-means algorithm: (1) the "cluster centroid" is computed as a regression line 

fitted by using all observations of all patients currently assigned to the cluster and (2) the 

distance between a longitudinal patient profile and cluster is measured by the sum of square 

of vertical distance between observations and the corresponding values in the regression 

line which represents the cluster. This total vertical distance is also the quantity which the 

algorithm optimizes in their objective function. The temporal k-means can also be viewed 

as a hard-clustering version of PSM when only the subtype effect is in consideration. 

One can notice that the quantity in objective function of temporal k-means is similar to 

the quantity a(i ) in equation (5.1), except that quantity a(i ) in equation (5.1) uses the aver

age instead of the sum as in temporal k-means. As a result, almost all longSil coefficients 

computed from the result of this method are greater than zero. However, the k-means al

gorithm, in their formulation, doesn't attempt to optimize the separation between clusters, 

which sometimes return clusters with little difference. 

Similar to the experiment setting in Luong and Chandola's study [40], in our experi

ment, ten cubic b-spline basis functions are used with an addition of intercept term. The 

knots are chosen based on quantiles of the set of all timestamps in the dataset. The tempo

ral k-means algorithm is run with three different random initializations and the best result 
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among the three is returned. For each random initialization, the algorithm is run until con

vergence achieves or when the number of iteration exceeds 100. 

5.4.3 Spline Induced Clustering 

Singh et al. [63] introduced this method to cluster patient disease progression while com

pensating for missing values which are common in EHR data. By applying data augmen

tation, missing values in time series of clinical observations are imputed. The algorithm 

starts with an estimation of values of clinical marker over the full range of observations 

by implementing a statistical spline regression. By transforming the longitudinal disease 

profile into a continuous curve using spline regression, there is an estimation of clinical 

marker at every point in time. 

Because time series clustering methods require observations to be present at equal dis

tances, the imputed value in a time series was computed from the spline regression in a 

consistent interval. Next, a dissimilarity matrix between different patient profiles is com

puted. Each entry in this matrix is obtained by calculating dissimilarity between two time 

series of imputed values with Euclidean distance as the distance metric. 

Using this dissimilarity matrix, Partitioning Around Medoids (PAM) clustering algo

rithm was used to obtain clusters of time series. PAM is a clustering method similar to 

K-means. However, PAM works with medoids which represent the dataset in groups while 

K-means works with centroids which are artificially created entities that represent clusters. 

The PAM algorithm partitions the dataset of n objects into k clusters by minimizing the 

distance between points assigned to a cluster and a point evaluated as the center of the 

cluster (medoid). 
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5.4.4 Time-Aware LSTM Auto-encoder 

Baytas et al. [5] attempted to summarize the longitudinal patient profiles by projecting 

them into a latent space and perform k-means algorithm with the new embedded represen

tations of patients. The underlying model of this approach is Time-Aware Long Short-Term 

Memory (T-LSTM) - a variant of recurrent neural networks which focuses on modeling se

quences. The embedded representation is obtained by using two T-LSTM structures, one 

for encoding patient clinical observations into a latent space and one for decoding this rep

resentation in order to reconstruct the original clinical observations. The parameters of the 

model are trained so that the reconstruction error is minimized. This is an auto-encoder 

approach in which longitudinal patient profile is encoded into a latent space and later being 

reconstructed from the latent representation. In the experiments, we use the hidden unit at 

the last time step of the decoder to represent the patient profile as given in the original study 

of Baytas et al. [5]. In addition, the dimension of hidden unit in T-LSTM Auto-encoder is 

set to be 64 as suggested in Chapter 4. 

5.5 Experiments 

In this section, we present our experimental results with different subtyping methods. In 

particular, Section 5.5.1 explains the datasets that we will use in our experiments. Next, in 

Section 5.5.2, we qualitatively evaluate longSil in four typical clustering results, each with 

a subtyping method to see if this measure reflects well the quality of clustering results. 

Finally, in Section 5.5.3, we use our proposed quantitative evaluation metric to compare 

the performance of different subtyping methods. 
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5.5.1 Data 

The datasets we use in this chapter are subsets of two larger datasets, called DARTNet [ 48] 

and MIMIC-III [27]. From these datasets, we extract sets of patients having Chronic Kid

ney Disease (CKD) - a rising health problem in both the US and worldwide. As CKD is 

a chronic disease with heterogeneous disease progressions, extracting the longitudinal dis

ease subtypes will enable further research on the underlying mechanism of each subtype 

and subsequently tailor the treatment for each subtype. In CKD, one main indicator of dis

ease severity is estimated Glomerular Filtration Rate (eGFR) that measures the condition 

of the kidney [46]. The eGFR value can be estimated using the CKD-EPI equation which 

takes into account serum creatinine measure as well as patients' age, sex and race [34]. In 

our experiment, a longitudinal profile of a patient is a set of observations of eGFR values 

with the corresponding timestamps. Figure 4.5 shows an outline of preprocessing steps to 

obtain CKD cohort in DARTNet and MIMIC-III datasets which is similar to one in the 

study of Luong and Chandola [ 40]. This preprocessing step results in patient cohorts of 

7, 142 patients and 3, 403 patients in DARTNet and MIMIC-III datasets respectively who 

have stage 3 CKD during their hospital records. 

5.5.2 Qualitative evaluation of longSil 

In this section, we inspect some typical subtyping results and see how longSil coefficient 

reflects the quality of the results. 

Temporal K-means with 2 clusters on DARTNet dataset 

The resulting subtypes obtained by performing Temporal K-means on DARTNet dataset 

with k = 2 is shown in Figure 5 .2a. In the figure, cluster 1 has higher eGFR values in com

parison with cluster 2. In fact, the mean of eGFR values across all observations in cluster 
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1 is 53.6 while the corresponding mean for cluster 2 is 34.5. The two resulting clusters 

as shown in Figure 5.2a seems to have both qualities that we consider in the evaluation 

of clustering result: tightness and separation. The two clusters are both tight in capturing 

similar progressions. In addition, they are distinctive from each other. This observation is 

then reflected in the distribution of longSil as shown in Figure 5.2b. In this figure, almost 

all patients have positive longSil value which indicates that they are assigned into correct 

clusters. This is because the objective function in Temporal K-means has a step that di

rectly optimizes for the tightness of cluster. In particular, the assignment step of Temporal 

K-means assigns the patient into a cluster such that the total sum of square of vertical dis

tance between observations and the corresponding values in the regression line of cluster is 

minimized. 
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Figure 5.2: Subtyping result output from Temporal K-means with k = 2 in DARTNet 
dataset 

PSM with 6 clusters on MIMIC-III dataset 

In this experiment, we evaluate the clustering result of PSM with 6 clusters on MIMIC

III dataset and assess how the qualitative clustering evaluation is reflected in quantitative 

measure longSil. The resulting subtypes obtained by PSM is shown in Figure 5.3a. As we 

can observe from the figure, within each cluster, the longitudinal profiles vary widely and 

there is no clear trend in each cluster. In addition, based on the clustering result as shown 
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in Figure 5.3a, there is no clear distinction to distinguish one cluster against another. 

As explained earlier, PSM is a probabilistic model in which subtyping effect is only 

a component of the model. Beside this subtyping effect, there are other effects including 

demographic effects as well as individual effects coupled within the model. Therefore, the 

resulting subtypes as shown in Figure 5.3a may not represent clear trends of progressions 

inCKD. 

In Figure 5.3b, the distribution of longSil for this clustering result is shown. In the 

figure, there are many negative values of longSil coefficients which signals that many lon

gitudinal profiles are closer to other cluster rather than its own. This leads to an overall low 

average longSil coefficient in the result. From this experiment, we see that average longSil 

coefficient can be used as a gauge for quality of clustering result. 
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Figure 5.3: Subtyping result output from PSM with k = 6 in MIMIC-III dataset 

Splince Induced Clustering with 6 clusters on MIMIC-III dataset 

In this experiment, we use Spline Induced Clustering to cluster CKD patient profiles into 

four clusters. Figure 5.4a shows the resulting clusters obtained by this method. Similar 
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to the case of PSM with 6 clusters shown in Section 5.5.2, the resulting clusters do not 

exhibit any clear trends of progressions in CKD. In addition, the clusters are also not well 

separated. This may suggest that the missing value imputation step in Spline Induced 

Clustering may fail to estimate the missing values in patient trajectories and consequently 

leads to poor clustering result. 

The corresponding longSil coefficients of this clustering result are shown in Figure 5 .4b. 

This reflects well the quality of our clustering result with many negative longSil values and 

the overall negative value of average longSil coefficient. 
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Figure 5.4: Subtyping result output from Spline Induced Clustering with k = 6 in 
MIMIC-III dataset 

T-LSTM Auto-encoder with 4 clusters on DARTNet dataset 

We now examine another clustering result obtained by using T-LSTM Auto-encoder to 

project longitudinal patient profiles into the latent space and use these embedded represen

tations to perform K-means clustering with 4 clusters to obtain clusters of patient profiles. 

Figure 5.5a shows the CKD profiles of four clusters. One can observe from this figure that 
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although the four clusters are highly overlapped with similar overall trends, the trajectories 

of CKD profiles in each cluster are tight and follow a similar trend. In other words, one 

may judge that this clustering result has high cluster tightness while suffering from low 

degree of separation between clusters. This observation can also be seen in Figure 5.5b 

that shows the distribution of longSil coefficients for the set of CKD patients. Overall, the 

average longSil coefficient is positive with many individual longSil coefficient are positive 

indicating the majority of CKD are assigned to their closest clusters while there is also a 

set of patients with negative longSil coefficients that are probably incorrectly assigned to 

the clusters because of overlapping clusters. 
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Figure 5.5: Subtyping result output from T-LSTM Auto-encoder with k = 4 in MIMIC-III 
dataset 

5.5.3 Quantitative comparison of different subtyping methods using 

longSil coefficient 

In previous section, we have observed how well longSil coefficient can capture the quality 

of clustering result in terms of cluster tightness and degree of separation between clusters. 

Furthermore, the overall distribution of longSil can be summarized by average longSil co-

90 



efficient, which captures the overall quality of a clustering result. In this section, we further 

use this average long Sil coefficient to compare the clustering results of four methods as de

scribed in Section 5.4. In our experiment, we let the number of subtypes span from 2 to 15 

and compute the average longSil coefficient for each case. 
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Figure 5.6: Comparison of three longitudinal disease subtyping methods with different 
number of clusters in terms of average longSil cofficient 

Figure 5 .6 shows the comparison between four longitudinal disease subtyping methods 

in terms of their average longSil values in two datasets (DARTNet and MIMIC-III). As 

a reminder, higher value of average longSil coefficient indicates better result, in terms of 

overall cluster's tightness and degree of separation. Moreover, average longSil coefficient 

below zero may indicate overall incorrect placement of patient profiles. 

As we can observe from Figure 5.6, Temporal K-means consistently has better results 

in comparison with the others, in both datasets, across different number of clusters. This is 

not surprising as Temporal K-means shares some common computational objectives with 

longSil - our evaluation metric. Temporal K-means directly optimizes for cluster tightness 

by assigning patient profile into the closest cluster. In addition, both Temporal K-means and 

longSil represent the cluster by a regression line using all observations of patient profiles 

assigned to it. Therefore, Temporal K-means always achieves positive values for average 

longSil coefficients as shown in Figure 5.6. 

91 



DARTNet MIMIC-III 
Number of patients 7, 142 3, 082 

Number of eGFR records 113, 097 153, 471 
Average eGFR records per patient 15.8 48.8 

Average time span of clinical records of a patient 1744.4 days 826.4 days 

Table 5.1: Some differences between cohort in DARTNet and MIMIC-III dataset 

Regarding performance of PSM in this comparison, one may observe that it performs 

well in DARTNet dataset with positive average longSil coefficients but it fails to obtain 

good results in MIMIC-III dataset. This contrasting performance between two different 

datasets may originate from the differences between two datasets. Table 5.1 highlights 

some differences between patient cohort in DARTNet and MIMIC-III datasets. In particu

lar, the cohort in MIMIC-III dataset has significantly fewer number of patients in compari

son with one in DARTNet dataset. In addition, the average of eGFR records per patient in 

MIMIC-III dataset is 45.6 while its counterpart in DARTNet dataset is only 15.8. More

over, the average time span of clinical records in MIMIC-III dataset is much shorter (788.4 

days) in comparison with DARTNet dataset (1 , 744.4 days). Therefore, having fewer pa

tients, having more eGFR observations per patient, and having shorter time span in clini

cal records are the three potential causes to the undesirable results of PSM in MIMIC-III 

dataset. 

In our comparison, the only method that has consistent negative values of average 

longSil coefficients across two datasets is Spline Induced Clustering method. Probably 

the approach of imputing missing values by using spline regression is not suitable for CKD 

datasets as observations are sparse and the amount of observations need to be imputed is too 

many which results into poor estimation of the patient eGFR progressions and subsequently 

poor clustering result. 

Among the four methods we used in comparison, T-LSTM Auto-encoder is the only 
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method that does not attempt to group patients based on their disease progressions directly. 

Instead, it models the temporality in the sequences of eGFR observations and focuses 

on finding embedded representations such that they can reconstruct well the original se

quences. The representations are later used as inputs of K-means algorithm to find groups 

of patients that are close to each other in the latent space. It is interesting to examine 

whether the proximity in the latent space also reflects the proximity in CKD progressions 

between different patients. As shown in Figure 5.6, in both DARTNet and MIMIC-III 

dataset, T-LSTM Auto-encoder actually represents well the clusters of CKD progressions 

with positive longSil coefficients for number of clusters from 2 to 10. As number of clus

ters increases, the performance deteriorates. When the number of clusters exceeds 8, the 

average longSil coefficient becomes negative as the quality of clustering result no longer 

reflects well the progression of eGFR values. 

5.6 Discussion 

The derived longitudinal disease subtypes obtained from subtyping methods are usually 

difficult to analyze, especially when we want to assess its clinical relevance for further 

analysis. As shown in the experimental results in Section 5.5, our proposed evaluation 

metric gives a good indication of quality of clustering result. It reflects well the cluster 

tightness and degree of separation between clusters. It allows us to quickly identify inter

esting sub-groups of patients that are tight and highly distinctive from other patients. This 

can be used as an augmentation for traditional cluster evaluation to detect group of patients 

with interesting disease progressions. 

When using longSil to compare different models, it is important to note that we inher

ently assume the set of basis functions that represents the disease progressions of patients 

within a cluster. In our experiment, we use splines as the set of basis functions. However, 
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depending on different datasets and different diseases, other set of basis functions may be 

better used. In addition, in our evaluation metric, we only use the progressions of one 

clinical marker to evaluate the quality of clustering result. In many diseases, the disease 

progressions are complex with many underlying factors including demographic, pheno

typic physiological characteristics of patients. This requires a more complex evaluation 

process to identify whether disease subtypes are clinically relevance. 

Beside the use of evaluating the quality of subtyping result obtain from a subtyping 

method, longSil can also be used as a tool to diagnose different problems of the results. 

In particular, by examining the distribution of degree of separation or cluster tightness, 

algorithm designer can have better understanding of their subtyping model and have a better 

idea of improving the model. 

S.7 Conclusion 

In this chapter, we have introduced a new quantitative and objective evaluation metric that 

can assess the quality oflongitudinal disease subtypes. This evaluation metric can capture 

both the notion of cluster's tightness as well as the degree of separation between different 

clusters. Moreover, the distribution of individual long Sil coefficients can also be visualized 

as a graphical aid for validating longitudinal disease subtypes. Using this proposed evalu

ation metric, we have performed a comparison between four available longitudinal disease 

subtyping methods including Probabilistic Subtyping Model, Temporal K-means, Spline 

Induced Clustering and Time-Aware LSTM Auto-encoder. The experiments show that our 

proposed evaluation metric reflects well the quality of result obtained from a subtyping 

model and allows us to gauge performance of different subtyping models when applying 

for Chronic Kidney Disease datasets. 
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Chapter 6 

Conclusion and Future Works 

In the first chapter, we have described the big picture of computational phenotyping in 

which our end goal is to provide personalized medicine for each individual patient based 

on his/her biological characteristics. At the point of writing this dissertation, this grand end 

goal is still far from our reach, partly due to our limitation of harnessing the vastness of 

medical data in our possession. While this dissertation does not attempt to reach this grand 

goal, it provides necessary computational tools to tackle the challenge of longitudinal dis

ease subtyping - a small but important branch of computational phenotyping. In particular, 

we have examined three different approaches to solve the problems of clustering patients 

based on their disease progression and perform experiments in the context of Chronic Kid

ney Disease. First, we apply Probabilistic Subtyping Model (PSM) to probabilistically 

assign patients into clusters based on their subtyping effects. Second, we propose a tem

poral k-means algorithm to cluster the longitudinal patient profiles into clusters. Third, we 

examine the uses of T-LSTM Autoencoder, apply it on CKD datasets and subsequently use 

the resulting latent representations of longitudinal patient profiles to identify profiles with 

unusual disease progressions. Finally, we propose an evaluation metric called longSil to 

assess the quality of longitudinal disease subtypes obtained from any subtyping method. 
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As discussed in Chapter 5, we have two main approaches to evaluate the quality of 

the resulting clusters obtained from any subtyping method: (1) external evaluation and (2) 

internal evaluation (see Chapter 5 for details). These two approaches look at the disease 

subtyping problem from an unsupervised learning perspective. However, it is also possible 

to evaluate the quality of resulting clusters via their prediction power. As an example, we 

can perform clustering on the first 75% observations in each patient longitudinal profile and 

use the clustering assignments to perform prediction on the remaining 25% observations. 

This approach is similar to what we have done in Section 3.3.4. In order to do that, beside 

a clustering method to cluster the set of patients into different partitions, it also requires 

us to have a full disease progression model that can provide prediction over the extended 

period beyond the training data. All of three clustering models we examined in this dis

sertation, including PSM, Temporal K-means and T-LSTM Auto-encoder are capable of 

perform prediction. In our future works, we will further investigate the prediction power of 

these three disease subtyping models and understand how leveraging the disease subtypes 

obtained from the models can help us have better prediction of disease progression. 

All the approaches that we examined in this dissertation only use single clinical marker 

(eGFR) to represent the disease progression. In reality, looking at multiple clinical markers 

is expected to give a more complete picture of disease progressions as well as understand

ing disease comorbidities. We can further expand all the approaches that mentioned in 

earlier chapters to cope with multiple clinical marker. In particular, in the original study of 

Schulam et al. [61], the authors briefly discuss how to expand the model to handle multi

ple clinical markers. For the case of temporal k-means, one can always expand the error 

function (3.1) to allow contributions of multiple clinical markers and give appropriate cor

responding weight for each clinical marker. For the case of T-LSTM Autoencoder, the 

model itself has already been designed for multiple clinical markers. 

With these longitudinal disease subtyping tools available to use, perhaps it is time for 

96 



us to expand our reach by combining the longitudinal profiles represented by laboratory 

clinical measurements with other components of medical data such as medical notes, med

ical diagnoses and medical images. Probably we can now start using a combined model to 

characterize the disease progressions. Such a holistic approach will require the model to 

comprehensively represent different types of medical data in a unified representation and 

then characterize patients based on this new representation. 

It is also worth to mention that although all computational tools we examined in this 

dissertation are built for analyzing clinical longitudinal data, they are also applicable for 

many other applications. As a use case to show the potential use of one of the computational 

tools in different application contexts, we present an application of T-LSTM Autoencoder 

for insider threat detection using the same technique provided in Chapter 4. 

6.1 An alternate use case for the proposed methods 

In chapter 4, we have discussed an application of T-LSTM Autoencoder [5] on Chronic 

Kidney Disease. Specifically, we project a set of longitudinal profiles of clinical observa

tions into a latent space and use this new representation to identify profiles with unusual 

trajectories. Instead of providing the longitudinal profiles of clinical observations as input 

to the model, we can use the profiles of individual activities (encode as a numerical vector) 

within an agency or an organization and the model can tell us which profiles have unusual 

trajectories which we can further inspect to identify insider threats. 

With the potential of using this model for insider threat detection, the main challenge is 

how to represent individual activities at a particular moment as a numerical vector. There 

are many forms of activities that we can capture, such as card swipe at entrance, queries 

committed to systems, account login, etc. Individual activities at a particular time stamp 

can be represented as one-hot encoding. 

97 



Another form of activities that are popular in database system is SQL queries committed 

to the system. Such a SQL query can be a normal activity to retrieve relevant information 

for daily usage. However, an insider threat may use his/her privilege to access certain parts 

of database system to perform data harvesting or illicitly collect information that are be

yond normal usage. In such cases, it is essential to represent SQL queries in a way that 

can capture the query intents. There have been several studies that attempt to represent the 

SQL queries into numerical vectors and use them to analyze query intents [31, 32]. Using 

the SQL representation in these results, we can provide T-LSTM Auto-encoder with longi

tudinal profiles of SQL activities so that it can project activity profiles into a latent space 

and we can subsequently use this latent space to identify profiles with unusual trajectories 

as candidate for further inspection of insider threat. 
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