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Since the wide adoption of electronic health records (EHR) in 2010, many topics regarding the secondary 

use of the EHR received attention. The secondary use of EHR usually indicates repurposing the EHR data 

for research use, including information extraction, phenotyping, disease surveillance and forecasting, and 

policy making. Within this context, we ask how to use the EHR data to study the disease of interest, 

especially identifying new knowledge. In this work, we explored the secondary use of EHR from both 

unsupervised and supervised methods, exploring the potential of utilizing the EHR data to identify novel 

disease patterns and investigate disease etiology. In aim 1, we present an unsupervised approach for 

embedding high-dimensional EHR data at the patient level to help characterize patients and identify new 

disease patterns. Inspired by the modern language model architecture - transformers, with the attention 

mechanism - we use patient diagnosis and procedure codes as vocabularies and treat each patient as a 

sentence to perform the patient embedding. Using 34,851 medical codes for 1,046,649 longitudinal patient 

events, we performed embedding for 102,739 patients in the electronic MEdical Records and GEnomics 

(eMERGE) Network. In aim 2, we illustrated several downstream task applications of the patient 

embedding, especially providing insights into comorbidity patterns and the progressional trajectory of 



individual patients within certain diseases of interest. We demonstrated excellent performance in the 

prediction of future disease events (median AUROC = 0.87, one year within the future), and bulk-

phenotyping (median AUROC = 0.84). More importantly, we illustrated the use of patient vectors to reveal 

heterogeneity comorbidity patterns (disease subtypes) within a defined phenotype and captured their 

disease trajectory longitudinally. Our model is externally validated using the EHR dataset from the 

University of Washington, showing robustness and stable performance. These results paved the way for 

using representation learning in the EHR to characterize patients with certain diseases of interest and 

associated clinical outcomes that can promote disease forecasting performances and facilitate personalized 

medicine. In Aim 3, we utilized an EHR-derived and validated rule-based phenotyping algorithm to 

establish the cohort for identifying genetic risk factors for depression. We illustrated the application of 

genomic study using this EHR-derived algorithm to facilitate the study of disease etiology using genetics. 

We took a complex psychiatric disease -- depression, a leading cause of disability -- as an example, to study 

the genetic predisposition using data from the EHR. Large-scale genomic studies have identified common 

variants associated with depression. However, the complexity of the depression phenotype caused its 

suffering from inconsistent cohort definition and limited sample sizes. There is a need for a validated, 

automated EHR phenotyping algorithm that can accurately identify depression in the clinic. Here, we 

implemented a validated EHR phenotyping algorithm to construct a depression cohort (11,532 cases and 

39,631 controls, total n = 51,163) and conducted a genome-wide association study (GWAS) using this 

cohort. Our study reproduced previously identified genetic associations (PHF5A, KCNG2) with depression 

susceptibility. We also identified novel SNPs falling into the HLA region and the IGVH region, indicating 

an association between the immune function and depression phenotype. In addition, we also demonstrated 

the robustness of our phenotyping algorithm through genetic correlation analysis, using a large meta-

analysis of major depressive disorder as a standard. Together, this work served as a non-exhaustive but 

powerful demonstration of the use of the EHR data both in a supervised and unsupervised manner, to 

facilitate many downstream clinical applications, including phenotyping, comorbidity analysis, and 

genomics. 
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Chapter 1: Introduction 

1.1 Problem 

Electronic health records (EHR) have been widely adopted in the United States [1]. The “meaningful use” 

of EHR, released by the Department of Health and Human Services, aims to improve the quality and 

efficiency of care [2]. To also facilitate clinical research, the potential of the secondary use of EHR has 

been explored and drawn large attention in recent decades. One of the major topics is EHR-based digital 

phenotyping [3–5]. The electronic MEdical Records and GEnomics (eMERGE) consortium has launched 

Phenotype KnowledgeBase (PheKB) as a digital phenotyping knowledge base that engages multiple sites 

of large hospitals and universities to share their phenotyping algorithms developed using the EHR data 

[6,7]. Though most of the algorithms stored in PheKB are rule-based and validated by domain expertise, 

there are also efforts towards developing machine learning algorithms for EHR-based phenotyping. Various 

machine learning and deep learning methods are applied to build EHR-based phenotyping algorithms, 

including Support Vector Machines (SVM), random forests, logistic regressions, and neural network 

architectures [8–10]. These efforts are marching towards a better characterization of diseases and aim to 

build a better healthcare system. Currently, a crucial and challenging question is how to leverage the EHR 

data to help identify and characterize disease patterns. With the ideal solution, we can promote disease 

monitoring and clinical predictive tasks and ultimately build a better healthcare system. 

 

Representation learning is a powerful tool that can characterize existing and uncover novel disease patterns 

to facilitate the study of disease etiology, prevention, forecasting, and even heterogeneity analysis [11–14]. 

In the current era, the secondary use of EHR research heavily relies on existing domain knowledge from 

expertise [15–18]. Researchers in modern times are trying to find new patterns across the EHR data for 

different diseases [19]. There are existing findings using the EHR to unfold heterogeneity within a defined 

https://paperpile.com/c/ZBRJ6P/FR10
https://paperpile.com/c/ZBRJ6P/llk8
https://paperpile.com/c/ZBRJ6P/ChmD+HuBV+7oTV
https://paperpile.com/c/ZBRJ6P/rZ4l+mAAF
https://paperpile.com/c/ZBRJ6P/2OlW+vaOU+jjn7
https://paperpile.com/c/ZBRJ6P/eLpE+tm30+54ex+Figa
https://paperpile.com/c/ZBRJ6P/dITi+4I0V+eRu8+488U
https://paperpile.com/c/ZBRJ6P/drDD
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phenotype, revealing differences in comorbidities potentially linked with genetics, lifestyle, and 

environmental factors [20–22]. Representation learning has emerged as one crucial tool dealing with high 

dimensional EHR data to facilitate pattern recognition, heterogeneity analysis, and downstream prediction 

tasks. In the EHR, one patient can have multiple visits in a year or across different years, generating 

abundant diagnosis and procedure codes accompanied by numerous lab values and observations, making it 

difficult to summarize. One typical representation of patients utilizing the nature of the EHR data structure 

is through binary vector representation, indicating if patients have specific diagnoses, procedures, or labs. 

Under these circumstances, matrix decomposition becomes a convenient tool to encode patients into 

relatively lower numerical spaces [23]. Matrix decomposition, such as principal components analysis 

(PCA) and non-negative matrix factorization (NMF), is used to compress a large matrix of patients into a 

relatively smaller one, while preserving the relationship of the selected features, such as diagnosis, 

procedures, and labs. The output matrix is usually termed patient embedding. Besides traditional matrix 

decomposition, a specific deep-learning model adopted from the autoencoder has been implemented to 

perform the embedding task [24]. Apart from the purely data-driven method, some methods integrate 

medical entities to perform predictive tasks [25]. In short, without the obligation of cohort building or 

domain expertise to iteratively process the phenotyping tasks, various unsupervised methods are applied to 

identify unknown patterns of patients and diseases using the EHR data. 

 

Genetics is another area that can be greatly benefited from the adoption of the EHR [26–28]. The integration 

of genetics and EHR represents a powerful intersection of biology and technology, unlocking new frontiers 

in personalized medicine. EHRs provide a comprehensive digital repository of patient information, 

including demographics, medical history, laboratory results, and treatments. When combined with genetic 

data, this synergy allows researchers and clinicians to uncover the genetic underpinnings of certain refined 

phenotypes or diseases. The incredible large-scale and diverse data within the EHR enables population-

wide genomic studies, enabling thorough explorations into rare and complex diseases [27]. Further, by 

https://paperpile.com/c/ZBRJ6P/uHry+qhiQ+4BsZ
https://paperpile.com/c/ZBRJ6P/qe3R
https://paperpile.com/c/ZBRJ6P/IF0Y
https://paperpile.com/c/ZBRJ6P/MCah
https://paperpile.com/c/ZBRJ6P/gqUy+8wzQ+YYdz
https://paperpile.com/c/ZBRJ6P/8wzQ
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harnessing the combined potential of genetics and EHRs, researchers can accelerate discoveries that lead 

to improved healthcare outcomes and facilitate translational bioinformatics under the clinics [29,30]. 

1.2 Structure 

Chapter 1 serves as a broad introduction to the work, expanding from the research questions to each specific 

aim with a general summary of the contribution of this work. Chapter 2 provides a solid but non-exhaustive 

background for the readers to understand the work better. 

 

Then, from chapters 3 to 6, we focused on a data-driven, unsupervised representation learning of the EHR, 

to build modern tools to facilitate the study of diseases using EHR data. In chapter 3, we explored the 

potential of using medical diagnosis and procedures to construct patient vectors. In the first few sessions of 

this work, we represented each patient as a sentence, using the medical diagnosis and procedures codes as 

vocabularies to compose patient vectors. Moreover, we generated patient vectors in a longitudinal format, 

allowing investigation of a patient at a specific time point. In chapters 4 and 5, we showcase the language-

model-based EHR patient data embedding and utilize its power in bulk phenotyping, and future disease 

prediction. chapter 6 is a detailed exploration of novel comorbidity studies. In this chapter, we demonstrated 

that cluster groups within a certain defined phenotype can have different disease progression trajectories 

longitudinally, which is crucial for understanding the causality and etiology of disease subtypes. 

 

Then, from Chapter 7, we focused on illustrating a rule-based phenotyping algorithm for depression, a 

complicated psychiatric disease. We demo an EHR-based depression phenotyping algorithm to perform a 

genome-wide association study. This analysis revealed a practical use of manually developed phenotyping 

algorithms and served as a solid genetic validation of the algorithm. This chapter seems to be independent 

of the previous work. Nevertheless, this chapter is a refined analysis of the standard secondary use of EHR 

https://paperpile.com/c/ZBRJ6P/iUw6+tiym
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information to facilitate genomic studies. Though previous chapters are pioneer works and data-driven, this 

session presents the use of expertise-based methods to unravel the information from the EHR. 

1.3 Dissertation Aims 

In this dissertation, we explore the secondary use of EHR from both unsupervised and supervised methods, 

exploring the potential of utilizing the EHR data to identify novel disease patterns and investigate disease 

etiology. To identify novel patterns of diseases and investigate diseases' etiology, we approach this question 

with both an unsupervised approach and a supervised approach. We developed and assessed a language-

model-based unsupervised learning approach for disease pattern identification in Aim 1 and Aim 2. In Aim 

3, we utilized a supervised (rule-based) depression phenotyping algorithm to construct a cohort for 

identifying genetic risk factors, as connecting genetics with molecular functions can provide insights into 

disease etiology. 

1.3.1 Aim 1. To develop patient representation learning in EHR data using an 

unsupervised machine learning approach. 

One of the biggest challenges for EHR data analysis is high dimensionality and data sparsity, as the EHR 

is not designed for research purposes. The current use of EHR data requires domain expertise in using their 

knowledge to form specific hypotheses and perform certain types of analyses. To overcome the high-

dimensional curse, we first aim to develop an embedding algorithm representing patients in numerical space 

to perform downstream calculations. The majority of the current efforts and methods focus on matrix 

decomposition technologies for patient embedding utilizing EHR data (Becker et al. 2022). We propose a 

language-model-based embedding method, which utilizes the attention mechanism targeting patient 

embedding [31]. We will use the longitudinal EHR data, taking diagnosis codes, procedure codes, and 

medications as the basic building blocks for patients to perform the embedding.  

https://paperpile.com/c/ZBRJ6P/v4QN
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1.3.2 Aim 2. To identify comorbidity patterns and progression trajectory 

variations using the longitudinal patient embedding vectors.  

Comorbidity is crucial for personalized treatment and progression [32]. We use the embeddings to perform 

clustering analysis (Gaussian mixture model) and identify stable clusters within a single phenotype that can 

reflect their comorbidity heterogeneity. In this work, we use colorectal cancer (CRC) and systemic lupus 

erythematosus (SLE) as two instances, demonstrating the use of embeddings to identify heterogeneity of 

comorbidity patterns within a single phenotype. Furthermore, we show that using these longitudinal vectors 

of patients, we can identify different trajectories of disease progression and analyze the specific progression 

patterns and related health outcomes. We show that our patient embeddings can better characterize disease 

heterogeneity and facilitate personalized treatment. 

1.3.3 Aim 3. To perform a genome-wide association study (GWAS) for 

depression phenotype using rule-based phenotyping algorithm derived from 

the EHR.  

Depression is a complex phenotype with multifaceted constructs, including a wide range of symptoms, 

behaviors, and biological markers. We adopted the phenotyping algorithm for depression developed by the 

eMERGE consortium [33], performing Genome-Wide Association Studies (GWAS) to identify genetic 

risks associated with depression. In this work, we illustrate using an EHR-derived phenotyping algorithm 

to facilitate novel genomic discovery. Meanwhile, we use the genetic correlation and GWAS findings to 

compare and validate the rule-based depression algorithm. Further, with an interest in depression and 

immune phenotypes, we will focus on the Human Leukocyte Antigen (HLA) region, examining the 

immunological and inflammatory response aspect and providing new insights about the disease risk and 

potential etiologies. 

https://paperpile.com/c/ZBRJ6P/WtvU2
https://paperpile.com/c/ZBRJ6P/NpgI
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1.4 Contributions 

We explored the secondary use of EHR from both unsupervised and supervised methods, exploring the 

potential of utilizing the EHR data to identify novel disease patterns and investigate disease etiology. In the 

first two aims, our novel model architecture demonstrated an effective embedding of EHR data at the patient 

level and showcased a few downstream applications. To our knowledge, no multi-purpose flexible model 

has been developed, as most studies use complex model architectures focusing on a single downstream 

application. In the third aim, we took the traditional rule-based phenotyping approach, performed a genome-

wide association study, and illustrated the genetic validation of the algorithm. Together, this work served 

as a combination of an innovative approach (unsupervised approach) to data-driven EHR analysis, and a 

traditional guide (supervised approach) for genetic studies and rule-based phenotyping algorithm 

validations under the clinic. 

 

Many studies have developed novel models to fit the EHR data. Our approach utilizes modern neural 

network architectures, first addressing the security concerns by embedding patients into numerical space, 

which not only removes identifiable personal information but also overcomes the high-dimensional 

challenge of summarizing patient information. Consequently, these numerical vectors first serve as features 

for patients and then provide values in de-identifications and systematic visualizations. Aim 1 adopted the 

current state-of-the-art language model to perform patient-level embeddings [31]. In the evaluation phase, 

we ensured the embedded patient vector can reconstruct the original patient information (e.g., diagnosis 

code, procedure codes, medications, etc.). This step ensures the model quality of the embedding. 

 

Because the embedding utilizes an unsupervised learning method, the learned information about patients is 

not limited to existing understandings of expertise. In the development of medicine, many experiments 

serve to understand human diseases and study their progression and treatment. However, there are still 

many unknown disease patterns and unsolved puzzles. Unsupervised learning is a powerful tool that can 

https://paperpile.com/c/ZBRJ6P/v4QN
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capture delicate patterns which are not penetrable by humans. That is to say, unsupervised machine-learning 

models are much better at identifying patterns than humans [34]. Aim 2 revealed the value of the 

embeddings by performing several downstream tasks. We will first demonstrate that the embeddings can 

achieve great performance on standard but clinically meaningful tasks such as disease onset prediction and 

patient phenotyping. Then, we will illustrate its power in revealing unrecognized patterns within diseases 

or phenotypes and provide new insight into personalized medicine. 

 

Most importantly, this work exhibited a novel data-driven EHR approach to study disease patterns. To our 

knowledge, traditionally, researchers only explored a small fraction of the EHR data based on their needs 

or scope [15,35]. It is understandable, as EHR data analysis is usually expertise-driven, which means only 

people with domain knowledge are currently interested in exploring the research value of the EHR. Besides, 

accessing EHR requires a series of complicated administrative processes and intensive training to ensure 

data security, such as de-identification processes to protect patient privacy and data integrity. Thus, though 

EHR data might have great potential and research value, many barriers remain in front of the practical use 

of these data. Our work can provide another layer of safety to patients, as each is encoded into numerical 

spaces without revealing personal information.  

 

The third aim addressed the other side of the coin, using traditional rule-based (supervised) phenotyping 

algorithms to facilitate large-scale genomic studies, leveraging the EHR data. Besides the popularity of 

machine learning patient phenotyping algorithms, domain expertise uses EHR data to design rule-based 

algorithms that often integrate powerful knowledge and the most updated information. There are many 

examples of employing expertise-designed EHR phenotyping algorithms to facilitate genomic analysis. 

Aim 3 focuses on a complex disease, depression, which has been studied primarily as a psychiatric disease 

[36]. Our goal is to identify potential genetic risks for depression patients using GWAS. Specifically, 

utilizing the phenotyping algorithm and combined genotype data, we will explore the hypothesis that 

originated ages ago, explaining the immune-dysfunction component of depression, which sheds a new path 

https://paperpile.com/c/ZBRJ6P/5T2wB
https://paperpile.com/c/ZBRJ6P/dITi+NDvg
https://paperpile.com/c/ZBRJ6P/7XbCa
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toward aspect for us understanding depression for depression from a new perspective, providing values for 

both the study of etiology and the molecular pathways [37–39]. 

 

Together, this project served as an exploratory EHR data analysis, focusing on investigating novel disease 

patterns and disease etiology, leveraging modern deep learning techniques and traditional knowledge-based 

methods. We first applied the modern architecture of deep learning – language models to perform high-

dimensional numerical embeddings of patients using the EHR data. Then, we illustrated the practical use 

of these embeddings for standardized tasks such as disease onset prediction and patient bulk phenotyping. 

Specifically, we identified unexplored disease patterns using clustering analysis and patient comorbidity 

heterogeneity analysis. Last, to gain insights into disease etiology, we utilized a domain expertise-designed 

depression phenotyping algorithm from the EHR to construct the cohort and identify genetic risk factors. 

 

  

https://paperpile.com/c/ZBRJ6P/uSz0r+sGsyv+lxsKg
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Chapter 2: Background 

This chapter serves as a basic knowledge pool to help readers better understand the work we did to explore 

the secondary use of EHR from both unsupervised and supervised methods, exploring the potential of 

utilizing the EHR data to identify novel disease patterns and investigate disease etiology. The structure of 

this chapter can be divided into two parts. The first part starts from 2.1 EHR phenotyping and ends in 2.3 

Language model (including sub-chapter 2.3.1 Transformer model and attention mechanism). The first part 

prepares the reader for the first two aims of this dissertation, which are described from chapter 3 to chapter 

6. The second part starts from 2.4 genetics, precision medicine, and the potential of EHR-facilitated 

genome-wide association study (GWAS), to the very end of chapter 2. The second part adds all the 

preliminary knowledge and history of the third aim, described in chapter 7.  

2.1 EHR Phenotyping 

EHR is an abundant and rich place full of potential for biomedical research. One of the critical tasks within 

the application and study of the EHR is called digital phenotyping (or EHR phenotyping). Digital 

phenotyping utilizes information on patient data from the EHR to define or characterize patients into 

groups, cohorts, or a phenotype [3,40]. Before the wide adoption of machine learning technology, 

conventional digital phenotyping leverages knowledge from domain expertise that manually searches 

patterns in diagnoses, procedures, medications, clinical notes, sometimes radiology reports, etc.  

Conventional digital phenotyping algorithms often are in the form of pseudo-code, including descriptive 

text and flow charts illustrating the steps of algorithms. While machine learning algorithms are mostly 

composed of computer programs and specific statistical models with selected features from the EHR to 

compute the probability that patients have a phenotype or not. With the advent of more efficient machine 

learning algorithms and great computational power, bulk-learning, or high-throughput phenotyping has 

come to the attention. Bulk-learning, or high-throughput phenotyping are tasks that include using a great 

https://paperpile.com/c/ZBRJ6P/988g+ChmD
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amount of EHR data and features to perform patient characterizations that can output thousands of 

phenotypes. Though the conventional phenotyping approach requires a great effort and manual process, 

which usually goes through iterations of correction to produce the final pseudo-code for a phenotyping 

algorithm, the performance is comparable to and sometimes even outperforms modern machine learning 

approaches, making it still a popular choice in phenotyping tasks. 

2.2 Representation learning 

Representation learning is a method that can be categorized into unsupervised machine learning. The core 

concept of representation learning is to learn the representation of data [13]. For example, image 

compression algorithms that can compress a large image into a smaller size but retain the crucial features 

of the original image, is a form of representation learning. Besides, modern representation learning can also 

be applied to abstract objects, such as words, sentences, and paragraphs. Word representation learning, 

commonly known as word embedding, is a method that can represent each word into a high-dimensional 

numerical space [41,42]. Through these embeddings, words that have similar meanings or co-occurred 

oftenly usually form patterns, such as having closer Euclidean distances [42]. Some models went a step 

further and performed sentence embeddings that projected each sentence into a high-dimensional numerical 

space so that sentences with similar meanings have a closer Euclidean distance. 

 

2.2.1 Neural network 

Nowadays, due to both the advancement of computational power and the efficient design of backward 

propagation functions, the neural network has become one of the biggest achievements in the field of 

machine learning and artificial intelligence [43]. A neural network is a computational model inspired by 

biological neural networks in the human brain processing information. It consists of interconnected nodes, 

or "neurons," organized into layers. Neurons are the basic computing elements within the neural network. 

https://paperpile.com/c/ZBRJ6P/54ex
https://paperpile.com/c/ZBRJ6P/sMiu+Juf7
https://paperpile.com/c/ZBRJ6P/Juf7
https://paperpile.com/c/ZBRJ6P/E6zu
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Typically, a neuron receives one or multiple inputs from other neurons in the previous layer, processes 

them, and produces an output, which is directed to other neurons as inputs. The processing typically 

involves a weighted sum of the inputs followed by an activation function. Mathematically, the computation 

process within a single neuron is a simple linear function, illustrated below: 

 

With W as an array indicating weight parameters, x an array representing inputs from previous layers, b as 

the bias term. As we know, any combination of linear functions can also be represented in a single linear 

function. Thus, a neural network without activation functions is not complex enough and can be just 

represented as a linear equation, losing the meaning of building a complex neural network.  

 

While the activation function can have many forms, depending on the need and sometimes data type. Some 

common activation functions include sigmoid, tanh, ReLu (rectified linear unit). The activation function a 

is added to the output y, to ensure an non-linear transformation of the neuron, illustrated as below: 

 

A typical function of a can be ReLu, which simply takes the maximum value between the output y and 0, 

illustrated below: 

 

Neurons, as described above, form layers together, and each layer is connected to the neighboring layers, 

to transmit the computational signals. Usually, the first layer is called the input layer, and the last layer is 

the output layer. The in-between layers are usually hidden and not of main interest, thus called hidden 

layers. Hidden layers can range from a few to tens and hundreds, depending on the complexity of the neural 

network design. 

 

To make the neural network model trainable, the weight parameter w within each neuron will be adjusted 

in each training step. During the training, all computations flow from left to right and ultimately will yield 

an output value from the output layer. Then, the discrepancy between the model output value and the true 
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value is measured, called loss. There are numerous loss functions to compute the loss, with each fit into 

different scenarios of model training and data type. Typically, for binary label prediction (1 versus 0), the 

model will adopt a binary entropy loss function. While the mean squared error function is commonly used 

for continuous value prediction (similar to regression tasks).  

 

After calculating the loss of a model, backpropagation will be applied to tune the weight parameter W of 

each neuron in a backward fashion (right to left) [44,45]. The backpropagation algorithm is a crucial 

component of neural networks. It is no exaggeration to state that the significant success of modern neural 

networks is largely attributable to the elegance of the backpropagation algorithm. As previously illustrated, 

neurons are interconnected to produce outputs, necessitating the adjustment of each neuron's weight W to 

align computed results more closely with actual results. Backpropagation facilitates this feedback loop from 

the calculated output to each neuron's weight. Specifically, it calculates the differences between the 

expected and computed outputs (the loss) and then derives gradients with respect to each neuron's activation 

function. This process indicates the direction in which the weights should be adjusted to minimize the loss 

and bring the computed output closer to the expected output. You might notice that the derivative only tells 

us the direction we need to go (and a certain magnitude, yes) but with no certainty, the model will arrive at 

a global minimal point that perfectly minimizes the loss. Therefore, a learning rate η is usually introduced 

in the model to adjust the magnitude of weight change during each iteration of backpropagation. For 

example, and updated weight W* is calculated by (where L indicate loss):  

 

Another common question neural networks face is that, since the parameter update (weights) are 

somewhat arbitrary, it is never guaranteed to achieve a real global minimum. In fact, there is no need for a 

neural network to achieve a global minimum, as it can almost efficiently reach extremely close local 

minimal loss, which is good enough. This property is also a great proof of the versatility and flexibility of 

neural networks. 

https://paperpile.com/c/ZBRJ6P/cCiC+9Vr7
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2.2.2 Deep learning 

Deep learning is a subset of machine learning that involves the use of neural networks with many layers, 

often referred to as deep neural networks. These networks are capable of learning from large amounts of 

data, identifying patterns, and making decisions with minimal human intervention. 

 

Initially, deep learning consists of three basic neural network types, including dense neural network (DNN, 

sometimes also called feed-forward neural network), convolutional neural network (CNN), and recurrent 

neural network (RNN). Three of each have different applications and focuses. DNN is the most traditional 

neural network that is similar to what we've mentioned in the above session, which consists of densely 

connected neurons in each layer and can be used to perform regression or classification tasks. CNN is 

efficient in image processing, as it applies filters that can learn detailed structure and features of a picture, 

which has been widely implemented in computer vision. RNN is intrinsically different from DNN and 

CNN, with a complicated model architecture specifically developed for sequence data. 

 

Within the most recent decade, some novel model variations came to our sight. Autoencoder, a DNN-based 

symmetric neural network, is developed to perform compression and embedding tasks with the power of 

learning non-linear features. Transformer, a novel attention-mechanism-based language model built upon 

feed-forward neural networks, surpassed RNN in computational efficiency due to its parallel input options. 

The transformer is demonstrated to be superior in several downstream tasks, specifically in pairwise 

translations. 

2.2.3 Autoencoder model 

An autoencoder is a type of artificial neural network used for unsupervised learning. Its primary purpose is 

to learn efficient codings of input data, typically for dimensionality reduction or feature learning [46,47]. 

Typically, an autoencoder consists of an encoder and a decoder. The encoder compresses the input data into 

https://paperpile.com/c/ZBRJ6P/f15m+In6b
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a lower-dimensional representation called the "latent space" or "bottleneck". The decoder takes the latent 

space and reconstructs the original input data. Autoencoders are powerful tools in unsupervised learning, 

capable of learning efficient representations of data (in the latent space) for various tasks. Their ability to 

compress and reconstruct data makes them versatile for applications in dimensionality reduction, feature 

learning, denoising, anomaly detection, and more [46]. 

2.3 Language model 

A language model is a computational model designed to understand, generate, and manipulate human 

language. These models are crucial in a variety of natural language processing (NLP) tasks, including text 

generation, translation, summarization, and sentiment analysis. The primary goal of a language model is to 

predict the likelihood of a sequence of words and to generate coherent text. 

 

Back in that time, language models were developed and mostly used to analyze discretized text data, such 

as the use of N-grams [48,49]. Gradually, more complicated statistical language models have been 

developed, such as latent Dirichlet allocation (LDA), used for topic analysis [50]. However, the above 

methods represent each word as a simplified token and usually ignore the sequential relationship of words 

in sentences or paragraphs. 

 

Until recently, the word embedding technique advanced, and more complicated language models utilizing 

neural networks have been developed. Word embedding is a numerical representation of words that tries to 

encode information about words into the numerical space [41,42]. In fact, word embedding is no new 

concept and has been a study topic from distributional semantics since 1950 [51,52]. That is to say, though 

word embedding nowadays is usually performed by deep neural networks, old techniques exist for word 

embedding tasks and heavily rely on statistical language models. Popular word embeddings using neural 

networks including Glove and Word2Vec, which are trained based on large internet text and public 

https://paperpile.com/c/ZBRJ6P/f15m
https://paperpile.com/c/ZBRJ6P/OR61+dkwR
https://paperpile.com/c/ZBRJ6P/LPit
https://paperpile.com/c/ZBRJ6P/sMiu+Juf7
https://paperpile.com/c/ZBRJ6P/UUhy+rKzH
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resources across all domains. The beauty of word embeddings can be illustrated in the figure below, where 

words with similar meanings are clustered tightly within the numerical space. Sometimes, some word 

embeddings can represent analogy in arithmetic ways, known as the famous "king - man = queen - woman" 

example [42]. There are also specific domain word embedding models, such as Med-BERT, which are 

optimal for downstream tasks within the medical domain [53]. 

 

Nowadays it is common to use neural networks with a tremendous number of parameters to train language 

models -- known as large language models, LLM --, with the help of efficient word embeddings as input. 

Famous LMM includes BERT, GPT, and so on. However, before we jump into the large language model 

era, we need to mention the sequence model, a specific type of neural network for dealing with sequential 

data, including Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM) models [54,55]. 

These neural networks are extremely complicated and very computationally intensive, due to the nature of 

feeding the input sequentially. However, these models have achieved state-of-the-art performance and were 

prominent until the advent of the transformer model [31]. 

 

Transformers initially introduced in "Attention is all you need", designed for pair-wise sentence translation, 

invented the attention mechanism, allowing a sequence of specific length as input which achieved a huge 

computational efficiency improvement compared to RNN-like models [55]. Moreover, the attention 

mechanism was then found to have the ability to capture crucial feature interactions among words. Thus, 

without any doubt, the transformer becomes the new king in the modern language model field. 

 

Language models are nowadays popular in many fields and are also widely used in the clinical domains 

[56,57]. Language models can be used to extract information from clinical text, detect symptoms, or build 

predictive models for certain clinical outcomes [58]. Most importantly, Language models have achieved 

several notable challenging medical tasks and inspired novel model development within the medical field 

[53,59]. 

https://paperpile.com/c/ZBRJ6P/Juf7
https://paperpile.com/c/ZBRJ6P/KUhF
https://paperpile.com/c/ZBRJ6P/F42o+Fqjz
https://paperpile.com/c/ZBRJ6P/v4QN
https://paperpile.com/c/ZBRJ6P/Fqjz
https://paperpile.com/c/ZBRJ6P/EnVa+PlQQ
https://paperpile.com/c/ZBRJ6P/fVCs
https://paperpile.com/c/ZBRJ6P/Gej0+KUhF
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2.3.1 Transformer model and attention mechanism 

The detailed transformer model architecture can be found in the original work "Attention Is All You Need" 

[31]. We will give a short introduction of the model architecture to prepare for the utilization of the attention 

mechanisms in the following sessions. In general, the model consists of an encoder part and a decoder part. 

As the transformer model is designed for pair-wise translation, the inputs are a pair of sentences in different 

languages, while the output is a probability matrix that denotes the probability of words in corresponding 

positions of the sequence. The encoder is composed of six identical layers, within each, two sub-layers. The 

two sub-layers include a self-attention layer and a feed-forward neural network layer. 

 

The attention mechanism (i.e. the self-attention layer) utilizes matrix operations to compute the “attention 

score” that captures the relationship between input features. The mathematical formula of the attention 

function is: 

 

 

 

As we can see, there are three crucial players, matrix Q (query), K (keys), and V(values). These three 

vectors are derived from the inputs and are optimized during the training. The dk variable represents the 

dimension of K (keys), and we can see that the formula above is scaled by this parameter to avoid a large 

dot product causing vanishing gradient issue.  

 

The above attention function is then termed "attention head", which are concatenated together to form multi-

head attention. The mathematical representation is given below: 

 

 

https://paperpile.com/c/ZBRJ6P/v4QN
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While each headi is: 

 

 

The number of attention heads is denoted by the parameter h. In the original work, the author defined h = 

8 to train the transformer. 

 

After illustrating the above detail, please refer to the Figure 1 of the original manuscript to have a closer 

inspection of how the multi-head attention mechanism is used for both the encoder and decoder to perform 

the pair-wise translation work. Though the original work is designed to perform pair-wise sentence 

translation through the cooperation of the encoder and decoder function, the encoder and decoder 

architecture have evolved later to fit other tasks of interest. 

 

BERT -- bidirectional encoder representation from the transformer, is a novel model that stacks the encoder 

of the transformer model to perform conceptualized word embedding [31,60]. Through this example, 

researchers gained a deeper understanding of the encoder architecture, realizing how the "latent space" 

produced by the encoder can maintain crucial information from input, serving as an embedding itself. 

 

2.4 Genetics, precision medicine, and the potential of EHR facilitated 

genome-wide association study (GWAS) 

GWAS is one of the most successful tools in modern genetic trait association studies. GWAS emerged 

about two decades ago and has identified many disease and gene associations. Nowadays, diseases are 

widely known to have an association with genetic factors, and some of them are caused by single gene 

mutations (monogenic), called Mendelian diseases. However, many complex traits/diseases are associated 

with multiple genetic factors (polygenic), and can also be influenced by environmental and behavioral 

https://paperpile.com/c/ZBRJ6P/v4QN+R2IE


 18 

factors. Unlike Mendelian diseases, complex diseases are polygenic, which indicates that each gene only 

contributes to a small effect of disease onset. 

 

GWAS study scans the whole genome to identify associations between single nucleotide polymorphisms 

(SNP) and traits of interest. As complex diseases have polygenic properties, the effect size of each SNP is 

too tiny and thus usually requires a large amount of data to reach genome-wide significance. 

 

To reach populational level genetic studies that can further increase the power of GWAS analysis, EHR 

and large biobanks are indispensable. In 2006, the United Kingdom started the UK Biobank project in the 

long term, aiming to facilitate large population-level genetic predisposition diseases study. Likewise, 

approved by President Obama, the United States launched the All of Us Research Program, aiming to collect 

health data from at least a million people within the United States, to accelerate large population-level 

diseases and genetic association studies. All the above efforts are laying the foundations for a future of 

precision medicine that accounts for individual-level variabilities. 

 

Precision medicine is an innovative approach to medical treatment that takes into account individual 

variability in genes, environment, and lifestyle for each person. Precision medicine aims to tailor medical 

care and interventions to the uniqueness of individuals, as opposed to the traditional "one-size-fits-all" 

approach. Genetics is one of the major focuses of precision medicine. Researchers have identified many 

causal variants (usually single nucleotide level variations) for human diseases, such as BRCA1 and BRCA2 

for breast cancer [61]. Numerous efforts have been put into the clinic to provide early mammograms and 

on-time prevention of patients carrying such variants, as the carriers have higher risks of developing cancers 

than normal populations. 

 

https://paperpile.com/c/ZBRJ6P/7L4R
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2.5 EHR-derived rule-based phenotyping algorithm 

To better implement precision medicine in the clinic, large population genetic studies are necessary to 

unfold genetic variants that contribute to disease risks, especially for complex traits when multiple genes 

are associated with disease risks but have small effect sizes. Therefore, identifying a large population with 

a defined phenotype at high quality becomes a demanding task. 

 

Traditionally, to conduct a GWAS analysis, researchers need to recruit participants and collect DNA from 

them. However, it is challenging for individual studies to recruit a significant number of participants to 

simulate a population-level genetic study. 

 

Electronic health records (EHR), a system within the hospital that documents information from all 

encountered patients, raised an opportunity. If all hospitals started to collect DNA from their patients and 

build a large bio-repository for all this data, the sample size could easily reach a populational level. The 

University of Pennsylvania and some pioneers have launched this ambitious action of building a paired bio-

repository for the EHR system [62,63]. An important question next is how we accurately identify patients 

with certain phenotypes from such a large hospital cohort. 

 

This is where digital phenotyping tasks gained attention. Digital phenotyping, also known as computational 

phenotyping, utilizes computer programs to analyze digital information from the EHR in order to assess 

whether a participant meets the criteria for specific phenotypes. The eMERGE network started an initiative 

called PheKB, short for Phenotype KnowledgeBase, which stores the pseudo-code or documentation of 

computational phenotyping algorithms [6]. Though PheKB majorly documents rule-based phenotyping 

algorithms, novel machine-learning algorithms have also been implemented to perform phenotyping tasks. 

Machine learning algorithms are generally faster and require less iterative process of laborious manual 

evaluation, compared to traditional rule-based phenotyping algorithms [9,64]. However, there is no 

https://paperpile.com/c/ZBRJ6P/TBnb+z1oW
https://paperpile.com/c/ZBRJ6P/rZ4l
https://paperpile.com/c/ZBRJ6P/vaOU+12Gy
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evidence of any performance differences between these two methods [9]. As a result, both are widely 

adopted and applied in the research domain.  

  

https://paperpile.com/c/ZBRJ6P/vaOU
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Chapter 3: Language Models for Patient Embedding 

3.1 Overview 

Broadly, this dissertation explores the secondary use of EHR from both unsupervised and supervised 

methods, exploring the potential of utilizing the EHR data to identify novel disease patterns and investigate 

disease etiology. To start, we focused on designing tools leveraging modern computational models to study 

disease patterns. To uncover novel disease patterns in the EHR, we proposed modern deep learning models, 

specifically language models, to approach this question. Our goal here, as stated in Aim 1(to develop patient 

representation learning in EHR data using an unsupervised machine learning approach), is to build a patient 

embedding model by adopting language models that represent patients in numerical space, alternatively, 

also called patient representation learning. 

 

Patient representation learning, also can be called patient embedding, is a numerical representation of 

patient information using data from the EHR [11]. Patient embedding can learn and encode rich information 

about individuals, depending on the scope of features included within the embeddings. But still, what level 

of the information can be recovered and how accurate it is are heavily dependent on the quality of the patient 

embedding models. Though patient embedding, similar to word embedding or sentence embedding, is an 

abstract work that is not generally understandable at first glance, it has huge potential, especially powerful 

in the big data era. In this work, we will use patient representation learning and patient embedding 

interchangeably for convenience. 

Patient embedding as an innovative way of unsupervised learning using EHR data, can capture nuances of 

patients and further facilitate the understanding of patient heterogeneity and fine-tune cohort building [14]. 

It is crucial to explore new features and heterogeneity to refine a phenotype and gain new insights to 

understand the comorbidity within, which can provide insight into personalized medicine. Moreover, 

https://paperpile.com/c/ZBRJ6P/eLpE
https://paperpile.com/c/ZBRJ6P/Figa
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patient embedding can learn new patterns that are hard to capture simply through manual effort, as 

nowadays big data is intrinsically complex and high-dimensional. For example, a research group has 

explored the heterogeneity of a defined phenotype, using traditional topic-modeling techniques, latent 

Dirichlet allocation (LDA), and Poisson Dirichlet model (PDM) to perform patient clustering and identify 

survival discrepancies within clusters [14]. 

Though the concept of patient embedding is utterly fresh, modern neural network models emerged and 

demonstrated the power of patient embeddings. For instance, besides the traditional embedding method, 

autoencoder neural network architecture has been employed to perform a patient embedding task on almost 

all EHR features, from diagnosis, procedures, medications, and labs to clinical notes and basic 

demographics of patients [11]. Moreover, more advanced models, such as convolutional neural networks 

(CNN) and customized multilevel prediction from a sequence of events have been developed to perform 

medical embeddings, showing a growing interest and attention within the field [12,65]. The next step is to 

gauge the downstream applications within the clinical context. 

At the present time, several neural network architectures have been developed and proven to show progress 

in various kinds of health-related tasks, both supervised and unsupervised [66,67]. Specifically, transformer 

attention mechanisms have surpassed the traditional sequence models, such as recurrent neural networks 

(RNN) and some of their variations (GRU, LSTM), both in efficiency and performance in downstream 

tasks within the natural language processing (NLP) field [60,68].  Several novel model architectures are 

built upon attention mechanisms, including GTP, BERT, and variations of BERT (such as Med-BERT, 

Bio-BERT) [53,59]. Though language models such as BERT are initially built for general use purposes, 

variations like Med-BERT demonstrated language models within a specific domain (for here the medical 

domain). Moreover, though language models are initially designed for processing text, they can be adopted 

for various purposes that only require the input data to be a sequence. Therefore, we adopted the transformer 

model with patient visits as sequences to perform the embedding. 

https://paperpile.com/c/ZBRJ6P/Figa
https://paperpile.com/c/ZBRJ6P/eLpE
https://paperpile.com/c/ZBRJ6P/aLES+tm30
https://paperpile.com/c/ZBRJ6P/EEWD+s2xw
https://paperpile.com/c/ZBRJ6P/IgoJ+R2IE
https://paperpile.com/c/ZBRJ6P/KUhF+Gej0
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In this session, we will describe the development of our patient embedding model and the initial results 

achieved through the patient embedding model. We will discuss the model performance and analyze the 

results to provide insight into future direction and downstream applications of patient embedding models. 

This session serves as the core of the first six chapters, as the model itself is responsible for producing 

meaningful patient embeddings. 

3.2 Related Work 

Till now, there are not many patient embedding works within the community. However, several models 

and concepts that arose are similar to patient embeddings. Since 2016, after the work of Miotto et al. [11], 

many others have used traditional clustering or topic-modeling techniques to perform patient heterogeneity 

analysis using EHR data [14,69]. Recently, advanced and complicated models were developed according 

to customized needs and served different clinical purposes. Landi et al developed a convolutional neural 

network framework, based on the previous work in 2016, to characterize patients of subgroups, focusing 

on 8 complex traits [12]. Choi et al. utilizing sequences of visits and levels of symptoms to treatment, 

developed a multilevel medical embedding using the EHR [65]. Ramsy et al. developed Med-BERT, which 

built upon the BERT model but specifically focused on the clinical domain to facilitate disease prediction 

[53]. As mentioned, almost all the work above are specific forms of patient representation learning or patient 

embedding that are tuned according to their needs. In this work, we adopt some basic concepts and follow 

the most traditional patient embedding models mostly similar to the work from Miotto et al. to develop our 

patient embedding models. Besides these traditional concepts, our model will be focusing on a new aspect 

that no other has tried before – focusing on the progression of disease and comorbidities to perform a 

longitudinal patient embedding. 

 

Numerous efforts are exploring different methods of EHR embeddings, including traditional matrix 

factorization, autoencoder-based neural networks, and graphical representations (see Preliminary study 

https://paperpile.com/c/ZBRJ6P/eLpE
https://paperpile.com/c/ZBRJ6P/Figa+r9xd
https://paperpile.com/c/ZBRJ6P/tm30
https://paperpile.com/c/ZBRJ6P/aLES
https://paperpile.com/c/ZBRJ6P/KUhF
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session). However, most existing tools have two issues: 1. Lack of consideration of longitudinal properties 

of the EHR. Most of the methods mentioned above (excluding some graphical representation methods) do 

not reflect the property that EHR data is naturally longitudinal, hence ignoring the fact that events in the 

EHR happen in a sequence of specified orders. Without encoding the longitudinal information, the 

embedding would lose the details about the timing of events. For example, a 30-year-old patient diagnosed 

with diabetes who developed COPD at age 60 is dissimilar to a 58-year-old diabetic patient who developed 

COPD at age 60. 2. Most contemporary famous embedding methods fail to unravel the relationships among 

features (i.e., diagnosis, procedures, medications.). It is reasonable to believe that diagnosis codes, 

procedure codes, lab values, and medications are usually associated, meaning that they tend to cluster and 

form patterns. Decoding the relationship among these features is meaningful, which can further help 

perform patient-level EHR embeddings. 

 

In this work, we address the above two issues by introducing language-based patient embeddings using the 

EHR data. First, to account for the longitudinal nature of the EHR data, we perform a longitudinal 

embedding of patients, meaning that for each discrete time point, we will produce a patient vector to 

represent the specific status of the patient at each time point. We propose to use the year as the discrete unit 

of EHR events, performing the embeddings that summarize the one-year events of a patient into a vector. 

This method, on one side, improves the quality of embedding by including the longitudinal feature; on the 

other side, it provides chances to analyze the progression of phenotypes by examining the changes in 

longitudinal vectors. Second, to capture meaningful relationships among features, we adopted the 

autoencoder and transformer architecture to perform the pre-embedding of features and allow features to 

serve as the basic building blocks for patients. Using our method, we show drastic improvements in the 

quality of embeddings and demonstrate its great potential for many downstream tasks, including patient 

topic modelings to identify new patterns, patient bulk phenotyping to classify patients and disease onset 

predictions. 
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3.3 Methods 

In this section, we describe the detailed model architecture, data, and preprocessing included to build a 

complete patient embedding model.  

3.3.1 Embeddings of diagnosis and procedures 

To start, we first perform the embeddings of vocabulary, which are codes of diagnoses and procedures. The 

embedding of vocabulary is inspired by word representation (or word embedding) [42]. Neural language 

models usually take embedded words (numerical representations of words) as basic elements for each 

sentence. We designed an autoencoder neural network architecture for the embedding of diagnoses and 

procedures, as the goal is to perform a simple compression task of diagnoses and procedures regarding their 

onset frequency across human life. For instance, across a lifetime of patients, age-related disease would 

have a distribution of onset frequency skewed towards the late half-life, usually after the age of 60. While 

pediatric disease or teenage disease would rise early and diminish with time. For each diagnosis and 

procedure code, we represent their onset frequency in a 1x4320 array, indicating its onset frequency across 

patients from age 0 to 90, with each cell representing roughly 0.021 years, which equals 7.3 days (thus, 

roughly a week). To this end, we generated a matrix of 34,851x4320 size, with 34,851 unique diagnosis 

and procedure codes represented in their onset frequency. 

 

We adopted a simple variational autoencoder neural network to perform the embedding of diagnosis and 

procedure codes. The model architecture is composed of three layers of dense neural network in the 

beginning, followed by a mean parameter z_mean and variance parameter z_sigma. We then stacked the 

three layers of the dense neural network after the parameter layer to form a symmetric model architecture. 

This is because the symmetric architecture in autoencoders is known to reduce overfitting, as the number 

of parameters drop. We selected the size of z_mean to be 50, as a good starting point that does not require 

large computational power but still retains enough information for downstream tasks. 

https://paperpile.com/c/ZBRJ6P/Juf7
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We trained this model with Adam optimizer with default parameters of beta1 and beta2, learning rate 1e-7, 

and batch size of 64 (Figure 3.1). During the training, 5% of the training data is split and used as a validation 

set to evaluate the loss. The model is trained for 100 epochs and reaches a steady reconstruction loss and 

similarity loss. The embedded 50-dimensional codes are then served as vocabularies in the transformer 

model to construct patient vectors.  

3.3.2 Transformer based patient embedding 

The embedding of diagnosis and procedure codes in the previous session serves as the basic building block 

of the patient event. A patient event is defined by all the diagnosis and procedure codes sequentially in a 

certain year for a patient. Therefore, for individual patients, there could be multiple patient events, as long 

as the EHR contains patient visits across different years. In this case, we perform embedding of each patient 

event, using the transformer model architecture. Like any language models, the transformer model takes 

sentences that are represented by embedded vocabularies as input. In this work, each patient event can be 

seen as an independent sentence, with embedded diagnosis and procedure codes as vocabularies. The 

traditional transformer model architecture can be seen in [60,68]. Here we adopted the basic model 

architecture and represented the model in Figure 3.1. For this task, we did not include the positional 

embeddings for each code, as we binned all codes for each patient happening within a year into a single 

vector, we do not meticulously require a specific positional encoding of codes within a specific year. We 

use the hyperparameter L = 6, H = 10, diff = 2048, and d = 200. The pre-trained embeddings of codes from 

the autoencoder serve as vocabularies. In the preprocessing step, we bin each patient’s codes by year, and 

for each year, we create a vector of codes to represent the temporal patient vector. The maximum vector 

length is set to be 250, considering that in one year, most patients should receive less than 250 codes from 

the hospital. For all 102,740 available patients, only 0.25% have more codes than 250 in a year, which is 

rare and might only happen to extremely severe patients. For patients having codes less than 250, we apply 

zero padding to the sequence and mark it as a special padding token. In total, there are 1,046,649 patient 

https://paperpile.com/c/ZBRJ6P/IgoJ+R2IE
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vectors for 102,740 patients. The goal of this transformer model is to reconstruct the codes of patients. 

During the training process, we masked 20% of the codes in each vector and let the model reconstruct the 

full sequence of vectors. We trained this model with Adam optimizer with beta1 = 0.9, beta2 = 0.98, epsilon 

= 1e-9, and a scheduled learning rate gradually decreased to 0.002 at step 10,000. The batch size is set to 

32, reducing the computation memory load. Again, 5% of the data is split and used as validation to evaluate 

the loss during the training.  

3.3.3 Sentence-BERT based patient embedding 

As the output of the transformer model is a multi-dimensional vector, instead of a one-dimensional 

representation of arrays, we adopted the sentence-BERT (SBERT) based model to perform the dimensional 

reduction that is specifically tuned on two downstream tasks. Similar to the S-BERT model, we also built 

our model architecture that can take two patients as input while giving two binary outputs. The first binary 

output of our model denotes whether the two vectors of patients belong to the same patient 

(is_same_patient). The second output predicts if one patient event is chronologically the following event 

of another patient event (is_next_event task). The detailed model architecture is included in Figure 3.1. For 

this task, we first build a global average pool, taking the embedding layer from the transformer model as 

input (Figure 3.1). Note that we feed two embedded patient events at one time for this model. We then 

added a feed-forward structure of a pre-embedding layer and a 50-dimensional embedding layer to compute 

the complex interactions of the embedded sequence (Figure 3.1). We use two different loss functions to 

optimize the two tasks mentioned above (is_same_patient and is_next_event). The goal of the 

is_same_patient task is to minimize the mean square distance between two 50-dimensional embedded 

vectors, as an evaluation of the vector distance in geometric space. While the is_next_event task is optimized 

by a 2-layer feed-forward neural network constructed by concatenating the embedding of two vectors, this 

might allow learning of complicated relationships among two vectors. We only used two layers of feed-

forward structure to avoid overfitting and to ensure it learned meaningful functions according to the theory 

that two layers of neural networks can simulate any form of continuous function. During the training, we 
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randomly formed pairs of patient vectors as input and trained until no improvement (loss decrease). We 

repeated the training process a few times, considering the variation due to the randomness of parameter 

initialization. We found the model performance peaked at 5000 steps during training with a learning rate = 

3e-4. 

 

Figure 3.1 Illustration of the model architecture 

 

3.3.4 Data 

Patient EHR data from the eMERGE Network (n = 102,740) were used for training and building the patient 

embedding models. These included basic demographics (birth decade, gender, race, and ethnicity), patient 

diagnosis codes (ICD-10 and ICD-9), procedure codes (CPT-4), and age at diagnosis. The UW EHR data 

(n = 840,000 available patients) served as a validation set. Besides the same data elements mentioned above 

(birth decade, gender, race, ethnicity, diagnoses, and procedures), UW included hospital mortality data, 

which is then used to evaluate the survival differences among clusters. 
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3.3.5 T-distributed stochastic neighbor embedding (TSNE) 

TSNE, which stands for t-Distributed Stochastic Neighbor Embedding, is a machine learning algorithm 

used for dimensionality reduction and visualization of high-dimensional data. Developed by Laurens van 

der Maaten and Geoffrey Hinton, t-SNE is especially effective at projecting complex data structures into 

low-dimensional spaces while preserving local relationships between data points [70].  

 

TSNE works a little bit differently than the traditional matrix decomposition method, which oftentimes uses 

a linear combination of features (such as PCA). TSNE took a probability approach, which calculates the 

probability of similarity between points using a Gaussian distribution in high-dimensional space and a 

Student’s t-distribution in low-dimensional space (visualization space). Then, TSNE iteratively optimizes 

the layout of points in the lower-dimensional space by minimizing the Kullback-Leibler divergence 

between the high-dimensional similarity distribution and the low-dimensional similarity distribution. 

3.3.6 Softwares, versions and code availability 

The patient embedding model is implemented through tensorflow version 2.3.0, with mostly the high-level 

API tensorflow.keras, version 2.4.0. Models were trained using an NVIDIA 2060-Super GPU with 8 GB 

RAM. The code for running the model and synthetic data are available at the GitHub repo 

https://github.com/suxian06/language-model-based-patient-embedding/tree/main. Data analysis using 

TSNE, PCA, GMM, and BIC was implemented through the scikit-learn version package 0.24.2 in Python. 

Logistic regression and analysis of variance (ANOVA) were implemented using statsmodels, version 

0.12.2. Plots were generated using Matplotlib version 3.4.3, Seaborn 0.11.2. The online interactive charts 

were generated using Altair version 5.0.1. Survival analyses (Kaplan-Meier plot and Log-rank test) were 

performed using the scikit-survival packages in Python, version 0.14.0. Log-rank test used in differentiating 

the subgroup survival were also based on the scikit-survival package (compare_survival function). 

https://paperpile.com/c/ZBRJ6P/41CD
https://github.com/suxian06/language-model-based-patient-embedding/tree/main
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Standardization, numerical operations, and data cleaning are done with numpy version 1.23.0 and scipy 

version 1.6.2. 

3.4 Results 

3.4.1 Model performance evaluation 

After the three model components, each patient event is represented by a 1x50-dimensional array. The 

embedded patient event vectors for a single patient are a numerical representation of all the diagnosis and 

procedure information of a patient, with partial information about their relative onset time throughout the 

life of the patient. We embedded all the patients from the eMERGE Network into this numerical space and 

aimed to perform downstream tasks in the following chapters. To start, we represented all embedded 

patients in a two-dimensional space using T-distributed stochastic neighbor embedding (TSNE, Figure 3.2). 

In Figure 3.2, we observed that the axis of TSNE-1 is driven by patient age, while the axis of TSNE-2 

represents great gender differences. The results pointed out two major factors in all the modern analyses, 

as age and sex are always included in various clinical models as covariates. 
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Figure 3.2 Two-dimensional TSNE representation of patient embedding. Left panel is colored by 

patient age (the darker the older) and the right panel is colored by patient gender (pink to female, 

blue to male) 

 

 

To quantitatively evaluate the model performance and understand how well the information is preserved, 

we performed two tasks to ensure the quality of the embedding. First, to evaluate how well the information 

is preserved, we feed the embedded patient event vector into the transformer model (the second component 

of the three-step model architecture) and evaluate whether the embedded patient event vector can recover 

the original diagnosis and procedure codes. Second, to ensure the embedded patient vector tuned in the last 

model step can distinguish different patients (is_same_patient) and recognize the next event 

chronologically (is_next_event), we performed a random selection of patient events and evaluated the 

performance on both tasks. The result is presented in Table 3.1. 

Table 3.1 Performance of reconstructing original diagnosis and procedure codes. 

 median mean 

precision 0.958 0.917 



 32 

recall 0.937 0.895 

 

The model achieved incredible results on the reconstructing original diagnosis and procedure codes task. 

As it is known that the attention mechanism can capture feature relationships very well, it is no surprise 

that both median and mean precision and recall are almost above 0.9. However, as the attention mechanism 

was originally designed for pairwise language translation, the length of the sentence, for here, is the length 

of the patient event, might influence the performance. As hypothesized, we did observe a performance 

difference in the length of the patient event, represented by the number of codes within each patient event 

(Figure 3.3) 

 

Figure 3.3 Performance (precision and recall) differences in patient events with different numbers of 

codes. 

A-B. Precision (A) and recall (B) based on the numbers of codes binned into ranges in each patient 

event (x-axis). 

C-D. Same relational plot of A-B but in continuous manner without binning numbers of codes into 

ranges. 
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For the S-BERT model performance evaluation, we randomly selected 500 patients to form pairs within 5 

iterations, to evaluate the performance on is_same_patient and is_next_event. In total, we evaluated 29,587 

events within the eMERGE dataset. The detailed results are included in Table 3.2. The model achieved 

reasonable results, with an accuracy of 0.797±0.0016 for is_same_patient and 0.769±0.011 for is_next_event. 

Note that 500 patients forming random pairs might not sound representative enough, but the number of events 

evaluated (n = 29,587) is not trivial. Moreover, the standard deviation of performance within each iteration here 

is extremely low, indicating a robust performance. 
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Table 3.2 Evaluation of the is_same_patient and the is_next_event performance for the sentence-

embedding model 

 is_same_patient is_next_event 

Accuracy  0.797±0.0016 0.769±0.011 

 

3.4.2 External validation using local UW EHR data 

One of the common barriers and limitations of deploying machine learning mode is that most models are 

evaluated internally, without external validation. To address this issue, we collected the EHR data at the 

University of Washington (UW) from 2000 to 2020, including n = 840,000 patients as external sources of 

validation to assess our model’s validity and robustness. We will evaluate the models based on three of the 

downstream tasks, including high-throughput phenotyping, disease onset prediction, and heterogeneity 

analysis. 

 

First, albeit not comparable to the performances on the eMERGE dataset (Table 3.1), the transformer model 

trained on the eMERGE data still earned a reasonable performance in sequence recovery tasks running on 

UW patients, with a mean and median precision of 0.862 and 0.903, respectively. The mean and median 

recall are 0.852 and 0.896 (Table 3.3). Next, the performance of the sentence embedding model has an 

accuracy of 0.796±0.0023 in the is_same_patient task and 0.742±0.0042 for the is_next_event task on the 

UW dataset (Table 3.4). This result is interesting as it is comparable to the performance on the training set 

(eMERGE), and we can conclude that the performance is ideal for external validation (Table 3.4). Together, 

this evidence indicates that the transformer model can achieve great success in patient embedding internally 

and is also generalizable with the external UW cohort. 
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Table 3.3 External validation of the is_same_patient and the is_next_event performance for the 

sentence-embedding model using the UW cohort 

 median mean 

precision 0.903 0.862 

recall 0.896 0.852 

 

Table 3.4 Evaluation of the is_same_patient and the is_next_event performance for the sentence-

embedding model using the UW cohort 

 is_same_patient is_next_event 

Accuracy  0.796±0.0023 0.742±0.0042 

 

3.5 Conclusion 

In conclusion, to study complex patterns within diseases, we designed this language-model-based patient 

embedding method, representing patient information from the EHR into numerical space. This is the first 

step in our exploration of the secondary use of EHR from both unsupervised and supervised methods, 

exploring the potential of utilizing the EHR data to identify novel disease patterns and investigate disease 

etiology. This step serves as a starting point for diving deep into diseases of interest and patient 

stratifications, which we will demonstrate in the following chapters (Chapter 4-6). 

 

In this chapter, aligned with the goal in Aim 1 (to develop patient representation learning in EHR data using 

an unsupervised machine learning approach), we developed a novel patient embedding method working 

with the EHR data. We integrated 3-step model architectures to achieve this complicated task and 
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demonstrated a few downstream applications. Qualitatively, we showed that the embeddings can reveal 

gender and age differences on the TNSE-1 and TSNE-2 axis. Quantitatively, we evaluated the model 

performance both internally and externally. We demonstrated that the model, especially the last two 

components, can accurately reconstruct information from the embeddings (Table 3.1 and Table 3.2). 

Though the external model performance on the UW EHR data dropped, the metrics score (Table 3.3 and 

Table 3.4) is still satisfying, experimentally demonstrating the robustness of our model. An interesting point 

is that we did notice a drastic difference in the model performance on various lengths of patient vectors 

(Figure 3.3). This variation is related to the attention mechanism. The attention mechanism is designed for 

pairwise translation, where a sentence usually consists of a proper number of words. Therefore, when a 

patient sequence sparsely contains very few codes, the model lacks a strong co-occurrence pattern to recover 

the original codes. 

 

We noticed a trend of more complicated model architectures and downstream applications within the 

development of this new area, indicating a promising future for EHR representation learning. For example, 

other studies have explored the potential of representation learning to characterize diseases using the EHR 

with various machine learning architectures [11,12,14,53,71]. Most of these studies use different metrics 

and disease annotations, making it challenging to compare the performances side-by-side. Among them, 

our model used a novel vocabulary embedding strategy to represent the diagnosis and procedure codes in 

the onset frequency domain. Our model showed more effortless components of embedding (only diagnosis 

and procedure codes and high computational efficiency) but still achieved vigorous performances. To our 

knowledge, we are the first group using a complex source of EHR data across 12 sites to perform the 

representation learning, leading to a thorough and more generalized patient representation model. 

Additionally, we seem to be the only group that examined the model performance externally, validating the 

results using a local UW EHR dataset. 

 

https://paperpile.com/c/ZBRJ6P/eLpE+tm30+Figa+KUhF+2tHno
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Mining information from the EHR has become a crucial topic for several advanced downstream 

implementations, such as disease prediction, patient phenotyping, and personalized medicine [19,72]. In 

the following chapter, we will examine several crucial downstream tasks and demonstrate the use cases of 

the patient embeddings.  

https://paperpile.com/c/ZBRJ6P/gRfWz+drDD


 38 

Chapter 4: High-throughput Phenotyping 

4.1 Overview 

This chapter is the second step of our explorations of the secondary use of EHR from both unsupervised 

and supervised methods, which leads to the utilization of the EHR data to identify novel disease patterns. 

In this chapter and the following chapter (Chapter 5), we focus on a demonstration of patient embedding 

applications in classic clinical tasks. These two chapters (Chapter 5 and Chapter 6) bridge Aim 1 (to develop 

patient representation learning in EHR data using an unsupervised machine learning approach) and Aim 2 

(to identify comorbidity patterns and progression trajectory variations using the longitudinal patient 

embedding vectors), serving as a prelude and quality assessment of traditional clinical tasks before 

transitioning to the exploratory analysis of novel disease patterns in Chapter 6. Here, we start with 

phenotyping in this chapter, as one of the crucial cohort-building methods, showing how patient embedding 

enables automated high-throughput phenotyping. 

 

With the wide adoption of the EHR system in the United States, EHR phenotyping has become one of the 

most crucial and standard research topics within this field.  

EHR phenotyping, by definition, is the use of EHR data to digitally define if a patient has a specific trait of 

interest or not. EHR phenotyping uses available information from the EHR system, including diagnosis, 

procedures, labs, medications, observations, and sometimes clinical notes. EHR phenotyping has many 

promising downstream applications, including facilitating genome-wide association study (GWAS) using 

EHR-defined phenotypes and performing clinical trials with EHR-defined cohorts.  

The detailed use of EHR data sometimes relies on existing knowledge and domain expertise, as commonly 

seen in manual or rule-based phenotyping algorithms. The manual or rule-based phenotyping approach has 
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achieved great success in the field. The eMERGE network, combines efforts across more than ten clinical 

sites, gathering data and publishing more than 60 phenotyping algorithms, stored in pheKB. 

However, the manual or rule-based phenotyping approach is heavily laborious and known to be iterative in 

development. Recently, a growing number of machine learning approaches appeared within the community 

aiming to reduce the laborious and potentially boost performance. Machine learning algorithms use the 

same EHR data and incorporate both supervised and unsupervised approaches to dealing with phenotyping 

tasks. Though some studies have shown some promising performance using machine learning, no 

significant performance boost compared to manual or rule-based algorithms is found. 

4.2 Related Work 

High-throughput phenotyping can largely accelerate clinical and translational research using data from the 

EHR. Nowadays, efforts of high-throughput phenotyping can be divided into rule-based and machine-

learning-based. Rule-based methods are developed through iterative processes with large manual effort 

from expertise with clinical knowledge. One of the successful examples of rule-based high-throughput 

phenotyping is phecodes, which directly maps ICD codes to about 1800 unique phenotypes, and 

demonstrates its use in phenome-wide association study (PheWAS) [73]. The machine-learning-based 

approach is more commonly used in high-throughput phenotyping, due to the superior ability in identifying 

complex patterns. Several approaches have been reported, including mostly supervised and semi-supervised 

approaches. For example, PheCAP is a semi-supervised approach that utilizes structured and unstructured 

data processed by natural language processing techniques to perform phenotyping [74]. Another similar 

approach uses active learning to demonstrate improvement in phenotyping tasks [75]. Though increasingly 

complicated approaches are taken to address these issues, the major focus of high-throughput phenotyping 

is to provide an automated framework for labeling participants [76]. The biggest concern for these tasks is 

that the gold-standard definition of a phenotype and data sources vary, making the direct comparison of 

algorithms extremely challenging. 

https://paperpile.com/c/ZBRJ6P/I53g
https://paperpile.com/c/ZBRJ6P/Emv8
https://paperpile.com/c/ZBRJ6P/yAfJ
https://paperpile.com/c/ZBRJ6P/kk2l
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4.3 Methods 

4.3.1 Compute mean vector for each patient. 

High-throughput phenotyping is a strategy to output a wide range of possible phenotypes for an individual. 

In this work, we perform the high-throughput phenotyping using the embedded patient vector as features. 

For each patient (patientk), we first computed the mean of vectors (meanVectork) across all time points (t) 

within individual patients (patientk), resulting in a single vector for each patient. 

   

4.3.2 Build a logistic regression model for each phenotype 

Then for each phenotype (phenotypei) defined using phecodes, we encoded it into binary representation. If 

a patient has phenotypei, we encode the outcome to be 1, otherwise 0. Then for each phenotype phenotypei, 

We build logistic regression models using these vectors to discern whether patients exhibit a specific 

phenotype or not, as defined by phecodes. For each model and each phenotype, 20% of the data is used to 

evaluate the performance (test set) and 80% of the data is used for training. 

 

The step-by-step illustration is in Figure 4.1. 

Figure 4.1 Step-by-step illustration of high-throughput phenotyping. 
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4.3.2 Mapping ICD10 and ICD9 codes to phecode 

The mapping between ICD9 and ICD10 diagnosis codes to phecodes is done by referencing the PheWas 

website https://phewascatalog.org/ through the phecodes mapping panel, counting at least one presence of 

diagnosis code as qualifying phenotypes. This step is critical to remove redundancy and too detailed 

granularity annotated by ICD9 and ICD10 codes. After mapping, we obtained 1855 unique phenotypes 

defined by phecodes. 

4.4 Results 

4.4.1 High-throughput phenotyping using eMERGE data 

For the high-throughput phenotyping task, we report the performance in general and also illustrate the 

performance by disease categories. As mentioned above 80% of the data is used for training, and the 

evaluation is performed on 20% of the test set. In general, we made predictions on 1855 distinct phenotypes, 

defined by PheCode and achieved a good performance. The mean area under the receiver operating curve 

(AUROC) for the 1855 distinct phenotypes is 0.84, indicating a good model fit (Figure 4.2). Moreover, 

when breaking down by disease categories, the performance in each disease category is similar, with the 

https://phewascatalog.org/
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best AUROC = 0.90 for pregnancy complications and the least AUROC = 0.77 for congenital abnormalities. 

These results together, suggest the patient embedding is robust and not biased towards any disease 

categories and can achieve great performance in high-throughput phenotyping task. 

 

Figure 4.2 Performances on high-throughput phenotyping. Top right showing the boxplot of AUROC 

and bottom showing the relationship between sample size (case/control ratio) and AUPRC. On the 

right each boxplot represents AUROC distribution categorized by disease class according to 

phecodes. 

 

 

4.4.2 External evaluation using local UW EHR data 

To achieve a more unbiased quality assessment of the trained model, we applied the model, trained using 

eMERGE data, to data extracted from the local UW EHR and evaluated its performance on high-throughput 
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phenotyping. The UW data comprises 840,000 patients, spanning from 2000 to 2020 (3.3.4 Data). Although 

the data collection periods for UW and eMERGE are nearly identical, there are some discrepancies. First, 

the eMERGE data includes all lifetime diagnosis and procedure codes for individuals, providing a more 

complete reflection of medical history, whereas the UW EHR data only covers up to 20 years of history per 

individual. Additionally, the UW data, sourced from a West Coast population, likely differs in 

environmental, behavioral, and cultural factors, which can influence medical patterns. Nevertheless, we 

believe that if our model is trained with a representative sample of patients, it should demonstrate robust 

performance on the UW dataset, despite these potential population variations. 

 

For the evaluation step, we also applied the same strategy, building a logistic regression model for each 

phenotype and using 80% for training while retaining 20% for evaluation (4.3.2 Build a logistic regression 

model for each phenotype). 

 

For the evaluation step, we applied the same strategy by building a logistic regression model for each 

phenotype, using 80% of the data for training and retaining 20% for evaluation (4.3.2 Build a logistic 

regression model for each phenotype). Detailed results are presented in Figure 4.3. The model achieved a 

median AUROC of 0.83 for the high-throughput phenotyping tasks, only 0.01 lower than the performance 

on the eMERGE dataset. This result is highly consistent with the eMERGE data, with the highest AUROC 

observed for pregnancy complications, while congenital anomalies ranked as the second lowest. The 

performance is robust and surprisingly stable for an external evaluation. 

 

Figure 4.3 External evaluation of the performances on disease onset prediction. The left panel shows 

the boxplot of AUROC categorized by disease class according to phecodes. The left panel shows the 

relationship between sample size (case/control ratio) and AUPRC.  
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4.5 Conclusion 

In this chapter, we explored the ability of patient embeddings for high-throughput phenotyping, addressing 

the objective of Aim 1 (to develop patient representation learning in EHR data using an unsupervised 

machine learning approach). We demonstrate that a simple linear combination of the embedded features 

can manage to get a good performance on high-throughput phenotyping tasks. In this chapter, we explored 

the secondary use of EHR from an unsupervised method, exploring the potential of patient embedding 

utilizing the EHR data to identify novel disease patterns. 

 

As the embedding (the mean vector) conceptually represents the trajectory of a patient in the EHR, high-

throughput phenotyping is similar to the extraction of information at a specific time point. Thus, we need 

to be aware that for particular patients, there is a potential for a dominant phenotype across the trajectory 

that hinders the granularity and performance of high-throughput phenotyping. 
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One interesting fact is that this method is data-driven and thus not limited to existing knowledge for EHR-

based risk prediction and can uncover new disease patterns. Some studies even use multiple models and 

allow paralyzation learning to perform semi-supervised learning, taking advantage of the data-driven 

method. 

 

An important aspect we noticed is that most machine learning applications have not been robustly evaluated 

externally. In this session, we utilized the UW cohort from 2000 to 2020 to perform an external evaluation. 

Even though the data source, sample sizes, and the distribution of codes are all different (the UW cohort 

only spans 20 years, while eMERGE cohort extracts lifetime codes for individual participants), the external 

performance is great, demonstrating the robustness of our model. 

 

In the subsequent chapter (Chapter 5), we will apply patient embeddings in another classic clinical task -- 

disease onset prediction, following a similar format to the current chapter. 
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Chapter 5: Disease Onset Prediction 
 

5.1 Overview 

This chapter, similar to the previous one, focused on a traditional clinical task -- disease onset prediction -

- before transitioning to the exploratory analysis of novel disease patterns in Chapter 6. These two chapters 

together provided illustrations of patient embedding on canonical clinical tasks with thorough quantitative 

assessment and validations, designating the fulfillment of Aim 1 (to develop patient representation learning 

in EHR data using an unsupervised machine learning approach) and establishing a solid ground for the road 

to Aim 2 (to identify comorbidity patterns and progression trajectory variations using the longitudinal 

patient embedding vectors). In this chapter, we continue the exploration of the secondary use of EHR from 

an unsupervised approach, which paved the way for utilizing EHR data to identify novel disease patterns. 

 

Forecasting diseases in the future is always a crucial task, as early diagnosis of disease usually means on-

time treatment and better clinical outcomes. In the current era, disease diagnosis relies on clinical 

symptoms, observations, lab tests, and sometimes radiology findings. With the advancement of genomic 

technology, researchers are building novel risk prediction tools based on genetics, such as polygenic risk 

scores, to predict the risk of getting a specific disease. Modern genetics has proved great power in 

identifying high-risk patients and providing more effective prevention. However, genetic risk predictions 

are not always sufficient, especially for complex diseases that arise from interactions between lifestyle, 

environment, and genetics. For example, the AUROC of polygenic risk score on colorectal cancer and many 

other complex traits can barely surpass 0.6, indicating that the variance is not solely captured by genetics. 

One of the most crucial tasks in the clinic is to predict whether a disease will occur or not in the future, 

given the current information. Several works started to use complicated EHR data to forecast the future. 

Reasonably, the sign of the onset of a future disease might already be hidden within the current information 
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system. Using the currently available information from the EHR to predict the future is feasible at a certain 

point. 

In this work, we will use the embedded patient vectors are features to perform disease onset prediction tasks 

for 1855 distinct phenotypes defined by PheCode. The intuition behind this is that certain diseases are 

enriched with specific comorbidities. This means that if the embedded patient vector captures the co-

occurrence pattern of diseases, we would be able to predict the short future given the current information. 

5.2 Related Work 

Disease onset prediction is a common and crucial task, which can be rephrased as risk prediction. There are 

many methods for disease onset/risk prediction. Nowadays, using genetic data to predict disease risk has 

become very popular. It is common and accurate to use genetic markers for Mendelian disease. However, 

the performance drops when predicting complex diseases/traits that are not monogenic, even with the help 

of polygenic risk scores.  

 

In the current era, EHR data contains rich information for individuals in a longitudinal manner, which can 

be helpful for future disease predictions. The Deep Patient has utilized almost all data types from the EHR 

to perform patient embeddings and further applied the embeddings to predict future diseases [11]. 

 

Med-BERT, pre-trained embedded medical vocabularies, is also used for disease predictions under the 

context of EHR. This work is conceptually refreshing, as it leverages medical vocabularies in a semantic 

way to perform disease predictions [53]. 

 

Several other works utilize the semantics of medical vocabularies to build language models that can perform 

disease prediction tasks [65,77,78]. In this case, our models are embedded based on the medical code 

frequency, instead of semantic vocabularies, which are the core differences from others. We believe that 

https://paperpile.com/c/ZBRJ6P/eLpE
https://paperpile.com/c/ZBRJ6P/KUhF
https://paperpile.com/c/ZBRJ6P/aLES+jke7+5140
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the onset frequency of codes can better capture the longitudinal pattern, thus providing better performance 

in disease onset predictions. 

5.3 Methods 

5.3.1 Build logistic regression model for each phenotype. 

Both disease onset prediction and bulk phenotyping are classification tasks in this work. In disease onset 

prediction, for each phenotype, we collected all longitudinal vectors of patients and split them into before 

the onset versus after the onset group. Then, the concept is very similar to high-throughput phenotyping 

work, where we used the longitudinal vectors to build a logistic regression classifier to perform 

classification tasks for the two groups of vectors. For example, for each disease i, for j in 1…50, xj represents 

numerical features drawn from the embedding (embedding size of 50), the logistic regression prediction 

whether the disease i is already presented in the longitudinal vector or not: 

 

The step-by-step illustration is included in Figure 5.1. We also applied logistic regression for the sensitivity 

analysis with different years as onset thresholds. Instead of splitting vectors into two groups, we only 

included the longitudinal vectors that are 1 year, 3 years, or 5 years before the disease onset, to perform the 

prediction task. 
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Figure 5.1 Step-by-step illustration of disease onset prediction. 

 

5.4 Results 

5.4.1 Disease onset prediction performance on eMERGE data 

Disease onset prediction, as seen in the above method session, is similar to the high-throughput phenotyping 

task. However, the disease onset prediction is conceptually more challenging and clinically more critical. 

Predicting future disease onset requires prior knowledge and baseline risk assessment of individuals, with 

the potential of accumulating risks during aging. In this session, we will demonstrate the use of patient 

embedding to predict future disease onset. The motivation and foundation behind this is that the patient 

embeddings are learned longitudinally with the diagnosis and procedure vocabulary embedded in the onset-

frequency domain. We believe this would boost the performance of disease onset prediction. 
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For this task, we again report the performance in general and also illustrate the performance by disease 

categories, similar to what we have done in high-throughput phenotyping. As a standard, we used 80% of 

the data for training and then evaluated 20% of the untouched test set. The mean AUROC for the 1855 

distinct phenotypes is 0.87, indicating a good model fit (Figure 5.2). For each disease category, the best 

AUROC is 0.93, for pregnancy complications and the least AUROC is 0.82 for congenital abnormalities. 

Consistently, the performance in each disease category is smooth and even, without any drastic differences.  

 

Figure 5.2 Performances on disease onset prediction. Top right showing the boxplot of AUROC and 

bottom showing the relationship between sample size (case/control ratio) and AUPRC. On the right 

each boxplot represents AUROC distribution categorized by disease class according to PheCodes. 

 

Considering adding sensitivity analysis, and distinguishing results. 
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5.4.2 External evaluation using UW local EHR data 

The external evaluation session of the disease onset prediction is similar to the high-throughput phenotyping 

task. In a short summary, we build individual regression models for each phenotype and use 80% as the 

training set while evaluating the 20% hold-out set (5.3.1 Build logistic regression model for each 

phenotype). 

 

The detailed performance is summarized in Figure 5.3. We achieved a median AUROC of 0.84 on disease 

onset tasks, across all 1855 phenotypes, with only 0.003 lower than the performance on the eMERGE 

dataset. This tiny performance drop in the UW datasets is reasonable, as the model usually over-fit the 

training data at a certain point. Still, the performance is robust and surprisingly stable for an external 

evaluation. The evaluation task here successfully demonstrated the great performance of the model on an 

external dataset. Additionally, the performance on the external dataset is stable across all categories of 

phenotypes, similar to the training data, showing the steady performance of our model. 

 

Figure 5.3 External evaluation of the performances on disease onset prediction. The left panel shows 

the boxplot of AUROC categorized by disease class according to phecodes. The left panel shows the 

relationship between sample size (case/control ratio) and AUPRC.  
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5.5 Conclusion 

This and the previous chapter together, fulfilled the goal of Aim 1 (to develop patient representation 

learning in EHR data using an unsupervised machine learning approach), with a thorough demonstration of 

phenotyping and disease onset prediction tasks, serving as an excellent quality assessment of patient 

embeddings. These two chapters both focused on tasks that can be quantitatively evaluated, where solid 

and robust performance ensures the quality of patient embeddings. In Aim 2 (to identify comorbidity 

patterns and progression trajectory variations using the longitudinal patient embedding vectors), shown in 

the following chapter (Chapter 6), we will perform exploratory analysis and evaluate the results based on 

existing knowledge. By now, we explored the secondary use of EHR from an unsupervised approach, which 

will lead the way for identifying novel disease patterns. 

 

Disease onset prediction is crucial for several reasons. First, it allows on-time detection or risk assessment 

to initiate early diagnosis and treatment, which is known to be beneficial for many conditions. Second, 
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automation in disease onset prediction can largely decrease the burden of physicians and establish a better 

healthcare system for using artificial intelligence. 

 

As stated before, the embedding (the mean vector) conceptually represents the trajectory of a patient in the 

EHR. Plus, the transformer model is specifically tuned to predict the next year's code given the current year. 

Therefore, we expect the model to excel, especially in disease onset prediction tasks. 

 

As we anticipated, the model reached a slightly better performance compared to high-throughput 

phenotyping. The reason is stated above, as we specifically tuned the model to be good at capturing the 

patient's longitudinal trajectory. 

 

During the evaluation of the UW cohort, we observed reasonably good performance overall. As mentioned 

before, the UW cohort is drastically different from the eMERGE cohort (the training cohort) in almost every 

aspect. Thus, the results demonstrated the external robustness of our model, indicating great potential for 

deployment. 

 

This chapter, together with the previous chapter, meets the objective of Aim 1 (To develop patient 

representation learning in EHR data using an unsupervised machine learning approach) and provides a 

thorough model assessment. In the following chapter, we will dive deep into novel disease patterns 

explorations using patient embeddings. 
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Chapter 6: Heterogeneity Analysis in Disease Progression 
 

6.1 Overview 

In previous chapters, we produced patient embeddings based on our novel language-model-based method. 

Here, we dive deep into uncovering novel disease patterns based on the heterogeneity of patients within 

certain diseases of interest. The results from previous chapters consolidated our confidence in the 

embedding quality, especially with demonstrations of two traditional clinical tasks, phenotyping, and 

disease onset prediction. In this chapter, our goal aligned with Aim 2 (to identify comorbidity patterns and 

progression trajectory variations using the longitudinal patient embedding vectors), focusing on studying 

the heterogeneity of patients within a predefined phenotype (here using CRC and SLE as two examples) 

and investigating progressional discrepancies. This chapter is the last step we took, exploring the secondary 

use of EHR from the unsupervised approach and uncovering novel disease patterns within the EHR data. 

While the next chapter will mainly focus on the study of disease etiology. 

 

Patients are all different in all aspects. For example, depression, as a psychiatric disease, can have different 

effects on patients depending on the circumstances. Sometimes, depression lasts around days and patients 

recover soon. In severe cases, clinical depression can even cause patients to hurt themselves or commit 

suicide. Generally, this rule applies in all diseases and phenotypes, that each phenotype or disease should 

not be considered as a simple binary measurement.  

The above is known as internal heterogeneity for a single specific phenotype. More specifically, not only 

do patients themselves demonstrate different manifestations, but their clinical outcomes can be drastically 

different. A typical example is COVID-19 patients with comorbidities such as type-II diabetes are usually 

more severe. 
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However, most commonly, the study of medicine focuses usually on a single phenotype of their interest 

while ignoring comorbidities. Within the big data era, more and more data from the EHR is now available 

to unleash the potential of studying how diseases form clusters and influence the clinical outcomes of each 

other. 

Until the most recent decade, researchers started to explore the heterogeneity of previously defined 

phenotypes and uncovered novel distinct patterns within the previously well-defined phenotypes. These 

works demonstrated the power of unsupervised machine learning in pattern recognition and opened a new 

and interdisciplinary field -- the study of comorbidity and its influences on clinical outcomes. 

In this work, we will utilize the embedded patient vectors to perform unsupervised clusters and reveal 

heterogeneity within a single phenotype. We will characterize each cluster group and identify their key 

attributions to represent their unique clinical features and explore related clinical outcomes. 

6.2 Related Work 

There are not many studies that focus on illustrating the heterogeneity of diseases, as it usually requires a 

large amount of data and noticeable patterns. Most recently, with the advancement of unsupervised machine 

learning and big data, some studies have explored the potential of identifying heterogeneity cluster groups 

within the diseases of their interest. 

 

A group in early 2020 used an unsupervised learning method, Latent Dirichlet Allocation (LDA), and a 

generative probabilistic model called the Poisson Dirichlet Model (PDM) to study the cluster of 

osteoporosis, dementia, and COPD in the EHR. They identified survival differences and a few 

demographics among these cluster groups. This group focused on three complex diseases and used an 

unsupervised approach to demonstrate phenotype discrepancies [14]. 

 

https://paperpile.com/c/ZBRJ6P/Figa
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Just a few months later, the group designed Deep Patient, applied another unsupervised approach, and 

studied eight different complex diseases, identifying cluster groups within pre-defined phenotypes. Their 

work utilized a convolutional neural network plus an autoencoder to perform a patient embedding process 

before clustering. However, their work had little discussion on the clinical outcomes or other characteristics 

besides some level of comorbidities within the clusters [12]. 

 

In sum, the field of identifying heterogeneity within a defined phenotype is still new. Most studies still 

focus on a single phenotype without further consideration of the internal discrepancies of patients. 

However, the above studies have explored and identified certain variations of individuals within a certain 

phenotype. As individuals do encounter a certain amount of diseases and gain a wide variety of phenotypes, 

we reason these internal differences are crucial and can provide value for personalized medicines. 

6.3 Methods 

6.3.1 Clustering patients using Gaussian Mixture Model (GMM) 

We use GMM to perform the cluster based on the 50 features of the embedded patient vector. GMM is a 

mixture model that uses a combination of multiple Gaussian densities to interpret the given distribution. 

GMM is parametric, which can be seen as a weighted combination of Gaussian distribution. Similarly, K-

means clustering is another clustering algorithm, but non-parametric, without any specific assumptions 

about the data distribution. Here, we adopt GMM for the clustering task because the output layer of 

embedding uses sigmoid functions. Thus, a cluster of patients is a mixture of sigmoid signals, which can 

be approximated by a mixture of Gaussians. The parameter estimations for a GMM are computed iteratively 

using Expectation-Maximization (EM) algorithm or Maximum A Posteriori (MAP) estimation. 

https://paperpile.com/c/ZBRJ6P/tm30
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6.3.2 Defining the reasonable cluster number using Bayesian Information Criteria 

(BIC) 

In theory, given a finite number of data points, there would be numerous numbers of models to fit the data. 

To select the ideal model (i.e., the best model) that fits the data, statisticians have developed many model 

evaluation or comparison metrics. Akaike Information Criteria (AIC) and Bayesian Information Criteria 

(BIC) are two commonly used metrics to compare model fit. AIC, developed by Japanese statistician, 

Hirotsugu Akaike, uses the likelihood function of a model L and the numbers of estimated parameter k to 

compute the AIC.  

While BIC, developed based on AIC by Gideon E. Schwarz, is very similar to AIC but added a greater 

penalty term on increased sample size.  

Though there is no formal statement on which is better to use, we choose BIC in our work, as we 

hypothesize that adding a penalty term on sample size should fit better as we include more data points. 

We use BIC to select the ideal number of clusters. For a possible number of cluster groups (here, we define 

from a minimum of 2 clusters to a maximum number of 10 clusters), we experiment from the minimum to 

maximum numbers of clusters and record their BIC score. Usually, we reasonably select the lowest BIC 

score as the ideal number of clusters. However, sometimes if the BIC score of cluster number 5 is barely 

the same as cluster number 6, we will simply avoid over-diving our samples by choosing the smaller number 

of clusters, in this case, cluster 5. We will demonstrate the use of BIC in the result session. 

6.3.3 Compute phenotype enrichment using logistic regression model 

We performed comorbidity analysis within a single phenotype to reflect the heterogeneity. GMM is used 

to first group samples into clusters. We chose the number of clusters based on the Bayesian information 

criteria (BIC).  
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To characterize the distinct feature within each cluster group, we performed logistic regression for each 

comorbidity (defined by PheCode), including the cluster (using one versus the rest), age of onset, sites, 

gender, ethnicity, and race as covariates to predict the comorbidity.  

Theoretically, this step could be placed by simply computing the concurrences between phenotypes using 

Fisher's exact test. However, the dataset we used is from the eMERGE network, which collected data from 

more than 10 clinical sites. There is potential ascertainment bias and differences within each site. Thus, we 

implemented the logistic regression model and accounted for various covariates to test the enriched 

phenotypes within each cluster. 

We retrieved phenotypes that are significantly associated with each cluster and used these phenotypes as 

cluster-associated comorbidities to characterize each cluster group. Statistically, we adjusted for multiple 

tests (n = 1,855 comorbidities) using Benjamini-Hochberg adjusted p-values < 2e-5 as the significance 

level. 

6.3.4 Principal component analysis of longitudinal embeddings 

To understand and decompose the variation of the longitudinal progression in specific phenotypes, we first 

used principal component analysis (PCA) to linearly reduce the dimension of the longitudinal vector.  

PCA is a powerful statistical technique widely used in the fields of modern data analysis. The primary goal 

of PCA is dimensionality reduction. PCA transforms high-dimensional data into a lower-dimensional 

representation, using a linear combination of existing features. After PCA transformation, the original data 

is represented in predefined numbers of principal component (PC) space, for example, PC1 and PC2. Due 

to the orthogonality property of the transformation, PCs are naturally orthogonal to each other, with PC1 

explaining most of the variances. 
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Mathematically, PCA can be conducted using singular value decomposition (SVD), a matrix operation 

method. SVD decomposes a given metric into three metrics, denoted as X=UΣV, with X as the original 

metric. In the decomposed matrix, V is the principal component (also known as eigenvectors).   

6.3.4 Analysis of variance (ANOVA) 

Analysis of variance (ANOVA) is done first by fitting a linear regression model including sex, age of onset, 

site, and race as covariates, using clusters to predict the first three PCs, respectively. Then, according to the 

linear mode's results, ANOVA performed F-tests to evaluate the null hypothesis that all groups have the 

same mean by comparing the mean square between (MSB) and mean square within groups (MSW). Where: 

 

And 

 

 

Where SSB indicates sum square between and SSW indicates sum square within groups. Below is the 

formula of calculating SSB and SSW given k groups and n samples in total (with ni indicates sample size 

in group i). 
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6.4 Results 

In the result session, we will present the study on two phenotypes, including systemic lupus erythematosus 

(SLE) and colorectal cancer (CRC). This session will provide a detailed characterization of these two 

phenotypes and discuss clinical features and potential impact. 

6.4.1 Systemic lupus erythematosus heterogeneity and comorbidity differences 

Systemic lupus erythematosus (SLE) is a chronic autoimmune disease that can affect multiple organs and 

tissues in the body (that’s why it is called systemic), including the skin, joints, kidneys, brain, and other 

internal organs. Current medical knowledge can fully dissect the exact cause of SLE, but it is believed to 

involve a combination of genetic, environmental, and hormonal factors. The severity of SLE can vary across 

patients. There is no cure for SLE now. Treatment usually targets the symptoms, trying to reduce the 

inflammation and thus reduce the self-tissue damage.  
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Figure 6.1 Bayesian Information Criteria (BIC) curve for model selection. (a, b) for eMERGE cohort 

and (c, d) for the UW cohort  

 

In this work, we performed GMM clustering on systemic lupus erythematosus (SLE) patients (n = 1806). 

We identified 4 clusters according to BIC and observed a wide range of disease patterns within these 

clusters (Figure 6.1). Cluster 0 has the lowest onset age (median onset age = 37) among all other groups 

and is associated with epilepsy. Cluster 1 has the highest median onset age (median onset age = 57) and is 

joint with skin cancer and eye diseases, such as glaucoma, cataracts, dermatochalasis, etc. Evidence shows 
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that SLE patients can develop cataracts and many other eye diseases [79,80], and some might be due to 

medications [80]. Cluster 2 has a median onset age similar to cluster 0 (median onset age = 40) and is 

enriched in pregnancy complications, including hemorrhage in early pregnancy, miscarriage, stillbirth, etc. 

Cluster 2 also has signs of infertility, irregular menstrual cycle, and developmental disorder (Figure 6.2). 

Though still unclear, numerous studies have tried to dissect the relationship between lupus and pregnancy 

complications and identified hormone-level abnormalities [81,82]. Cluster 3 has a median onset age of 44 

and is associated with renal diseases, including renal osteodystrophy, end-stage renal disease, chronic 

kidney diseases, etc. SLE is known to be a systemic disease, and cluster 3 reflects its systemic involvement 

in kidney disorder. When aggravated, it can lead to kidney failure. Using CRC and SLE as two case studies, 

we show that patient vectors can reveal distinct comorbidity patterns. Even within a single phenotype, there 

are diverse patterns of comorbidities. Thus, further evaluation and personalized care plan is required to 

improve healthcare. 

 

Figure 6.2 Clustering analysis identified subgroups with distinct comorbidity patterns in Systemic 

lupus erythematosus patients (n = 1806) from the eMERGE cohort. 

A. TSNE plot of patient vectors colored by cluster groups defined using Gaussian Mixture Model 

(GMM) with optimal Bayesian Information Criteria (BIC). 

B. Box plot showing distribution of age of onset for individual SLE cluster groups. 

C. Comorbidity pattern enrichment plot grouped by disease classes (in x-axis) within each cluster 

group (represented by color). The y-axis indicates the log odds ratio of the comorbidity enrichment. 

Only statistical significant results are shown (p < 2e-5) after Bonferroni correction. Colored texts 

are used to highlight the top results within each cluster group. 

https://paperpile.com/c/ZBRJ6P/vWml5+fIMzb
https://paperpile.com/c/ZBRJ6P/fIMzb
https://paperpile.com/c/ZBRJ6P/APwXS+U2vDg
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6.4.2 Colorectal cancer heterogeneity and comorbidity differences 

Comorbidity, the simultaneous presence of two or more diseases or medical conditions, has a profound 

impact on an individual’s care plan, quality of life, and mortality [32]. Using the summed-up embedding to 

represent individual patients, we show that within a well-defined single phenotype, the comorbidity status 

formed different clusters, showing heterogeneity in comorbidity patterns (Figure 6.3). Using colorectal 

cancer (CRC) patients (identified using phecode 153) as an example (n = 2837), we identified 4 clusters 

https://paperpile.com/c/ZBRJ6P/WtvU2
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according to the Bayesian Information Criterion (BIC) using Gaussian Mixture Models (GMM) (Figure 

6.1). To characterize the comorbidity patterns within each cluster group, we fitted logistic regression models 

using one cluster group versus the rest strategy adjusted for age of onset, race, ethnicity, and sites (see 

Methods). Cluster 2 (median onset age = 51) has the youngest age of onset and is strongly associated with 

HIV infection (PheCode = 071) and a few pregnancy complications, representing a subgroup of female 

patients with immunodeficiency phenotypes. This association between HIV and CRC is not new and is 

more prevalent in women in a pooled result from 3 studies [83–86]. Cluster 1 (median onset age = 62) is 

associated with secondary malignant neoplasm, which reflects cancer pleiotropy and late-stage cancer 

patients with metastasis [87,88]. Cluster 0 (median onset age = 60) is enriched in genitourinary and 

endocrine diseases, including disorders of lipoid metabolism, menopause issues, and menorrhagia issues. 

Though endocrine and metabolic disease might be risk factors for CRC, and vice versa, a study has also 

shown a greater risk of CRC patients developing endocrine and metabolic diseases [89,90]. Cluster 3 

(median onset age = 72) group is the latest onset group, which has a strong pattern of the circulatory system 

and endocrine diseases, including atrioventricular block, valve heart disease, mitral valve diseases, 

diabetics, and hyperlipidemia. This cluster group aligns with existing findings that CRC patients have an 

increased risk of developing cardiovascular disease and heart failure [91,92]. 

 

Figure 6.3 Clustering analysis identified subgroups with distinct comorbidity patterns in colorectal 

cancer patients (n = 2837) from the eMERGE cohort. 

A. TSNE plot of patient vectors colored by cluster groups defined using Gaussian Mixture Model 

(GMM) with optimal Bayesian Information Criteria (BIC). 

B. Box plot showing distribution of age of onset for individual CRC cluster groups. 

C. Comorbidity pattern enrichment plot grouped by disease classes (in x-axis) within each cluster 

group (represented by color). The y-axis indicates the log odds ratio of the comorbidity enrichment. 

https://paperpile.com/c/ZBRJ6P/qrJCX+MoPWO+f2qnV+PZ88K
https://paperpile.com/c/ZBRJ6P/zZevE+Gvd0a
https://paperpile.com/c/ZBRJ6P/A3CqI+ruAry
https://paperpile.com/c/ZBRJ6P/X6634+MAJcK
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Only statistical significant results are shown (p < 2e-5) after Bonferroni correction. Colored texts 

are used to highlight the top results within each cluster group. 
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6.4.2 Validation using EHR data from University of Washington 

In this session, we report the heterogeneity analysis on the local UW EHR data, serving as an external 

validation. The goal of this session is to see to what extent we can reproduce the identified cluster groups. 

The reproducible results of the cluster group on another dataset (UW local EHR data) can demonstrate the 

stability of these cluster groups and support these clinically meaningful features for further studies.  

 

We again utilized SLE and CRC as examples, aiming to reproduce the similar results we observed in the 

eMERGE dataset. In the UW validation cohort, we identified 4 clusters of SLE enriched for different 

comorbidities (Figure 6.4). Cluster 2 (median age of onset = 44) enriched with pregnancy complications, 

genitourinary, and a few mental disorders, has a relatively early onset age and is highly similar to what we 

identified in the eMERGE cohort. Cluster 0 (median age of onset = 48) is associated with 

endocrine/metabolic (such as diabetes, overweight, and obesity). Cluster 3 (median age of onset = 56) is 

associated with the circulatory system (Atrioventricular block, Cardiac defibrillator in situ, Heart failure, 

etc.), genitourinary (Chronic Kidney diseases, End stage renal disease, Anemia in chronic kidney disease, 

etc.), and a few neoplasms (Malignant neoplasm of bladder, Cancer of bladder). Cluster 1 (median age of 

onset = 42) does not have a unique pattern enrichment of comorbidities. In short, we identified 4 clusters 

of SLE in the UW cohort, with three having distinct disease patterns. Two cluster groups have identical 

properties to what we have found in the eMERGE dataset, including pregnancy-complication-associated 

lupus (Cluster 2) and Renal-associated lupus (Cluster 3). Additionally, with available survival data in the 

UW cohort, we compared the 10-year overall survival among different cluster groups (Figure 6.4D). Among 

these comorbidity groups, cluster 1, which showed no comorbidity enrichment, has the lowest survival rate 

in 10 years. We reason that the low survival rate might partially be explained by a higher proportion of 

males in cluster 1 compared to other clusters (odds = 2.54, p = 1.42e-14). Though not widely reported, we 

observed a lower life expectancy in male SLE patients vs. females. Then, we noticed that cluster 2 also 

showed a relatively lower survival rate than Cluster 3 (FDR = 8.01e-4). This result might imply that 
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pregnancy-complication-associated lupus patients might need more follow-up and on-time treatment to 

improve their health outcomes and life expectancy. One national study also found that SLE women have 

20-fold higher maternal death [81]. Clusters 0 (Diabetes-associated SLE) and Cluster 3 (Renal-associated 

SLE) showed a better survival status, which also has a relatively late onset age, representing late-stage SLE 

when patients age since SLE usually involves multiple organ-level dysfunctions. 

Figure 6.4 Clustering analysis identified subgroups with distinct comorbidity patterns in SLE 

patients (n = 2546) from the UW validation cohort. 

A. TSNE plot of patient vectors colored by cluster groups defined using Gaussian Mixture Model 

(GMM) with optimal Bayesian Information Criteria (BIC). 

B. Box plot showing distribution of age of onset for individual CRC cluster groups. 

C. Comorbidity pattern enrichment plot grouped by disease classes (in x-axis) within each cluster 

group (represented by color). The y-axis indicates the log odds ratio of the comorbidity enrichment. 

Only statistical significant results are shown (p < 2e-5) after Bonferroni correction. Colored texts 

are used to highlight the top results within each cluster group. 

 

https://paperpile.com/c/ZBRJ6P/APwXS
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We also discovered 4 clusters of CRC in the UW cohort (Figure 6.5). Likewise, one cluster (cluster 2, the 

median age of onset = 54.5) that has a relatively younger age of onset is enriched in infectious diseases 

(HIV infection, Viral hepatitis C, etc.) and a few mental disorders (Bipolar, Suicidal ideation or attempt, 

Mood disorder, etc.), identical to cluster 2 from the eMERGE cohort. Cluster 0 (median age of onset = 65) 

from the UW cohort is similar to cluster 3 from the eMERGE cohort, as both showed phenotype enrichment 

in circulatory systems (Atrioventricular block) and endocrine/metabolic diseases. Moreover, cluster 1 

(median age of onset = 61) from the UW and eMERGE cohorts are both enriched in secondary malignant 

neoplasm, specifically, cancer of the liver and intrahepatic bile duct. Together, these results provided 

compelling evidence that our findings from the training cohort (the eMERGE cohort) are stable and can be 

validated using the UW cohort externally. Again, analyzing the 10-year overall survival difference (Figure 

6.5D), we found cluster 2 enriched in infectious diseases and mental disorders showed a significantly lower 

overall survival probability than the other 3 clusters. Searching through existing literature, though there are 

a few discussions about HIV and colorectal cancer risk, only one report used a meta-analysis method 

investigating the mortality rate of CRC patients with HIV with non-significant results, partially due to 

inadequate cases (n = 194) [83]. One report also found HIV-infected cancer patients with elevated mortality 

rates [93]. Our findings provide extra evidence supporting these research works and demonstrate the 

potential of uncovering new patterns in clinical outcomes among patients. Also, given that most research 

currently lacks the consideration of comorbidity patterns in outcome prediction and personalized medicine, 

our data shows that comorbidity patterns can provide crucial information in patient care and life expectancy. 

Figure 6.5 Clustering analysis identified subgroups with distinct comorbidity patterns in CRC 

patients (n = 3673) from the UW validation cohort. 

A. TSNE plot of patient vectors colored by cluster groups defined using Gaussian Mixture Model 

(GMM) with optimal Bayesian Information Criteria (BIC). 

B. Box plot showing distribution of age of onset for individual CRC cluster groups. 

https://paperpile.com/c/ZBRJ6P/qrJCX
https://paperpile.com/c/ZBRJ6P/1RLMs
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C. Comorbidity pattern enrichment plot grouped by disease classes (in x-axis) within each cluster 

group (represented by color). The y-axis indicates the log odds ratio of the comorbidity enrichment. 

Only statistical significant results are shown (p < 2e-5) after Bonferroni correction. Colored texts 

are used to highlight the top results within each cluster group. 

 



 71 

6.4.3 Progressional analysis of CRC patients in the eMERGE cohort 

Another question we thought to ask is do these patients form clusters at the moment we saw them. Or do 

those cluster groups reveal different trajectories that lead them to what they are now? To understand this, 

we further evaluated the potential of using longitudinal embedding vectors to study the progression of 

diseases. We used CRC (PheCode 153) as an example, using all available patients with 10-year longitudinal 

vectors after a diagnosis of CRC (n = 110). We first performed Principal Components Analysis (PCA) on 

the longitudinal vectors, trying to decompose the changes in disease progression and analyze the variance. 

We included the first three PCs, which composed 51% of the explained variances (Figure 6.6). Using 

analysis of variance (ANOVA), including the age of onset, race, gender, site, and clusters as covariates, we 

found that PC1 and PC2 are explained majorly by the cluster groups we identified using GMM (see session), 

then the age of onset, gender, sites, and races (Figure 6.6A, B). And PC3 is explained mainly by sites 

(Figure 6.6B). This result suggests that the variation in disease progression longitudinally is also captured 

by the clusters, indicating that individual cluster groups also have a different disease progression track, 

meaning that the cluster groups we identified can project the disease trajectories. To understand the 

differences in progression, we then analyzed the emerging phenotypes following the onset of the disease, 

revealing substantial differences among cluster groups (refer to Figure 6.6C). Besides the consistent 

occurrences of "Malaise and fatigue" and "Other anemias" across all four clusters, a few phenotypes were 

also present in three out of four clusters. These included "Essential hypertension," "Gastrointestinal 

hemorrhage," "Other symptoms of the respiratory system," "Benign neoplasm of the colon," and 

"Abdominal pain." The remaining emerging phenotypes displayed radical variations across all four clusters, 

indicating distinct progression trajectories and varied comorbidity patterns.  

 

Given the substantial disparities in the progression of the four clusters, we investigated their disease patterns 

before the onset of the CRC. Our investigation revealed their initial divergence, as illustrated in Figure 6.7. 

However, these disparities are not particularly prevalent; the maximum frequency across all four clusters is 
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merely 21%. This frequency can subsequently escalate to as high as 55% after the onset of the disease. 

Together, these findings imply that disease progressions exhibit a high degree of heterogeneity, yet they 

still manifest discernible patterns in terms of comorbidities. This observation indicates varying disease risks 

and underscores the potential for personalized medicine approaches. 
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Figure 6.6. Longitudinal analysis revealed progressional differences within each cluster group in 

CRC. 

 



 74 

Figure 6.7 Comorbidity differences and prevalence before the onset of CRC across each cluster. 

 

6.4.4 Online deployment of the EHR phenotype clustering 

As we demonstrated the validity of these analyses using two phenotypes as examples, with external 

validation from UW EHR data, we deployed the clustering analysis of many other phenotypes online, for 
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others to investigate further topics of interest. The web-deployment is currently hosted on 

https://ehrcluster.web.app/.  

6.5 Conclusion 

Here, with a comprehensive exploration in Aim 2 (to identify comorbidity patterns and progression 

trajectory variations using the longitudinal patient embedding vectors), we utilized the patient embedding 

with clustering analysis to study the heterogeneity within CRC and SLE, answering the question of studying 

disease patterns using EHR data. These analyses revealed novel disease heterogeneity patterns with 

meaningful clinical interpretations and literature support. Though some of these novel patterns are not 

commonly observed and the associated overall mortality is not validated to be causal, these results serve as 

pioneer studies for further interrogation of the complex relationships, which can finally be utilized in 

personalized medicine. At this point, we have explored the secondary use of EHR using unsupervised 

learning and demonstrated the use of the EHR data to identify novel disease patterns, which is the first and 

major part of the thesis goal. 

 

In this chapter, we explored the use of patient embedding to analyze patient progression trajectory and 

comorbidity heterogeneities. There is a long hold of doubt as to why individuals respond differently to 

treatment and exhibit discrepancies in symptoms and comorbidities, even though they are diagnosed with 

the same disease. Here, we utilized this unsupervised clustering method to analyze the discrepancies and 

revealed several differences in patients with the same diseases, including age of onset, comorbidities, 

progressions, and mortality. 

 

In disease comorbidity analysis, we applied cluster algorithms and detected distinct comorbidity patterns 

within CRC and SLE. Additionally, we reproduced similar cluster results and revealed distinctions in 

overall survival in the UW cohort. In the progression analysis, we show that each cluster is associated with 

https://ehrcluster.web.app/
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distinct phenotype gain, which suggests that the cluster groups are progressively different, meaning that we 

are not capturing a static moment but a continuous variation. 

 

Together, these results suggest that partitioning patients into different subgroups can help identify 

disparities in disease progression and critical health outcomes using EHR data. Though more efforts are 

needed to understand the complex comorbidity relationship, implementing an intelligent clinical decision 

support system to facilitate personalized medicine is feasible, leveraging the abundant patient data within 

the EHR. For instance, when the system notices that an HIV patient has recently been diagnosed with CRC, 

which is an extremely high risk, an early warning can inform the severity of the co-occurrence of these two 

phenotypes. This system can help identify urgency and achieve early treatment to increase life expectancy. 

Besides actions in clinical application, identifying comorbidity patterns within a phenotype might indicate 

pathological or etiological similarities between co-occurring phenotypes. These comorbidity patterns can 

facilitate fundamental scientific advances in identifying molecular signatures of diseases. 

 

To provide a more comprehensive atlas of this analysis, we deployed an online visualization of the cluster 

analysis for almost 1000 different phenotypes online, allowing individual researchers to explore and study 

based on their expertise. We believe this can further drive our understanding of disease heterogeneity to the 

next level. 

 

In this chapter, we addressed the objective of Aim 2 (to identify comorbidity patterns and progression 

trajectory variations using the longitudinal patient embedding vectors) and finally demonstrated the use of 

patient embeddings to uncover novel disease patterns. In the following chapter, we will focus on Aim 3 (to 

perform a genome-wide association study (GWAS) for depression phenotype using rule-based phenotyping 

algorithm derived from the EHR), studying disease etiology using EHR data. 
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Chapter 7: EHR derived Depression phenotyping 

algorithm and GWAS 

 

7.1 Overview 

 

In all previous chapters, we explored the secondary use of EHR from the unsupervised method and assessed 

the potential of utilizing the EHR data to identify novel disease patterns. This chapter will illustrate a 

supervised approach (rule-based method) to study disease etiology. The previous chapters outlined a 

pioneering approach using patient embeddings to identify novel disease patterns, fully addressing the 

objectives of Aim 1 (to develop patient representation learning in EHR data using an unsupervised machine 

learning approach) and Aim 2 (to identify comorbidity patterns and progression trajectory variations using 

the longitudinal patient embedding vectors). To explore disease etiology, the EHR offers a rich source of 

patient data. Commonly, disease etiology encompasses behavioral, genetic, and environmental factors. 

Extensive evidence has already established numerous genetic associations with various diseases. Aligned 

with Aim 3 (to perform a genome-wide association study (GWAS) for depression phenotype using rule-

based phenotyping algorithm derived from the EHR), in this chapter, we focus on constructing a refined 

depression cohort using an EHR-derived phenotyping algorithm to investigate genetic risk factors. In this 

work, we explored the secondary use of EHR from both unsupervised and supervised methods, exploring 

the potential of utilizing the EHR data to identify novel disease patterns and investigate disease etiology 

 

As we mentioned before, for the time being, machine learning algorithms don't ensure a lead when 

compared to traditional rule-based phenotyping algorithms. Machine learning algorithms provide the 

benefit of high-throughput processes, as it is intrinsically automatic. However, for complex diseases, 

machine learning can fall off, as the discovery and the definition of such complex diseases are still evolving 
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with the gain of new medical knowledge. For instance, psychiatric diseases are becoming more complicated 

as they involve sophisticated interactions among environment, genetics, and lifestyles. 

 

Depression is a pervasive mental health disorder. Depression usually has symptoms of feeling sad, loss of 

interest, and other cognitive and even physical symptoms. Depression affects millions of individuals 

worldwide and can cause significant personal suffering, impaired functioning, and socioeconomic burden 

[94]. Current research suggests that depression is a complex and multifaceted disease. The etiology of 

depression includes an interaction of genetic, environmental, and psychological factors [95][96]. While 

environmental stressors and psychosocial factors have been extensively studied, genetic factors have 

emerged as key contributors to the susceptibility and development of depression [97]. 

Genome-wide association study (GWAS) is one of the approaches to uncovering the genetic basis of 

complex psychiatric disorders, including depression [98]. GWAS enables a comprehensive exploration of 

the entire genome, scanning thousands of genetic markers in large cohorts of individuals with depression 

and controls. These studies have identified a large number of genomic regions associated with depression 

susceptibility, implicating various biological pathways, including neurodevelopment, neurotransmission, 

and immune response [97][99]. Nonetheless, the effect sizes of the identified variants have been modest, 

indicating that depression is likely influenced by a multitude of genetic variants, each conferring a small 

effect size. 

Understanding the genetic basis of depression is of great importance and clinically meaningful. First, 

genetics can provide crucial insights into the underlying biological mechanisms, potentially leading to the 

development of more targeted and effective therapeutic interventions. Second, genetic studies can help 

identify individuals at higher risk of developing depression, facilitating early detection and intervention. 

Lastly, the genetic exploration of depression can contribute to reducing the stigma associated with the 

disorder by emphasizing its biological nature. 

https://paperpile.com/c/ZBRJ6P/Mhmwu
https://paperpile.com/c/ZBRJ6P/LfbD4
https://paperpile.com/c/ZBRJ6P/2LCoP
https://paperpile.com/c/ZBRJ6P/sOrTN
https://paperpile.com/c/ZBRJ6P/5baYM
https://paperpile.com/c/ZBRJ6P/sOrTN
https://paperpile.com/c/ZBRJ6P/6c5x5
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For decades, studies have attempted to link depression with immune dysfunctions [100]. Until most 

recently, researchers recognized the interplay between depression, chronic stress, and weakened immune 

responses [101]. These findings start to show that the impact of depression does not stay merely within the 

psychiatric domain but is more systemic. The Human Leukocyte Antigen (HLA) region, also known as the 

Major Histocompatibility Complex (MHC), is a crucial genetic complex located on the short arm of 

chromosome 6 in humans. This region plays a fundamental role in the immune system by encoding a set of 

cell surface proteins that are essential for the recognition of self and non-self antigens. The HLA system is 

highly polymorphic, meaning that there is a vast diversity of HLA alleles within the human population. 

 

The primary function of the HLA molecules is to present antigens to T cells, a critical step in the immune 

response. Antigens are molecules that the immune system recognizes as foreign, such as those derived from 

pathogens like bacteria or viruses. HLA molecules, which are expressed on the surface of nearly all 

nucleated cells in the body, bind to these antigens and present them to T cells for inspection. With the 

advance of sequencing technology and knowledge about the human genome, the study of the HLA region 

has identified many associations between HLA alleles and immune-related diseases. 

Most of the GWAS studies have used diagnosis codes or expertise-based manual effort to build the cohort, 

due to a lack of a unified phenotyping method [102][103]. Thus, it is crucial to build a standard phenotyping 

algorithm to identify depression in the clinical environment. In this study, we aim to contribute to the 

growing body of knowledge on the genetic basis of depression by conducting a GWAS on an EHR-derived 

depression cohort using data from the eMERGE Network [7,104]. By employing state-of-the-art genetic 

and functional analysis tools, we identified and annotated novel genetic variants in the MHC-II and IGHV 

regions associated with depression susceptibility. We will focus on the molecular mechanisms of depression 

and link it with genetics.  

7.2 Related Work 

 

https://paperpile.com/c/ZBRJ6P/Fdxrx
https://paperpile.com/c/ZBRJ6P/qQhsM
https://paperpile.com/c/ZBRJ6P/yqX3t
https://paperpile.com/c/ZBRJ6P/Xvmaq
https://paperpile.com/c/ZBRJ6P/mAAF+7dyze
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Depression is characterized as a psychiatric disease. However, some clinical evidence linked immune 

response and chronic inflammation phenotypes to depression. Back in 1993, a meta-analytic review 

unraveled the relationship between clinical blood markers and depression, showing a decreased 

proliferative response of lymphocytes to mitogens, natural killer cell activity, and several white blood cell 

populations [100]. A recent study using polygenic risk score (PRS) of depression also identified a strong 

association between white blood cell counts and the PRS [105]. It is becoming more accepted that 

depression as a psychiatric disease can affect the immune system. A few genetic studies identified genetic 

variations associated with depression risks [97,102]. We will evaluate the depression genetic risk linking, 

specifically within the HLA region, using the eMERGE data.  

 

The study of diseases relies heavily on expertise within the domain to provide insights and usually requires 

a great effort to collect, characterize, and define a curated cohort. The eMERGE consortium designed and 

implemented an EHR-based depression phenotyping algorithm, using various diagnoses, procedure codes, 

medications, and a series of strict rules to facilitate the study of depression [6,106]. To our knowledge, this 

is the first EHR-based depression phenotyping algorithm. Enabling a systematic and clean EHR-based 

phenotype can enhance community awareness and improve the reproducibility of genetic findings by 

providing a unified phenotyping algorithm for complicated phenotypes. As a psychiatric disorder with 

various levels of symptoms, depression is commonly underdiagnosed [107]. In some severe cases, 

depression can be lethal [108]. Contemporary studies revealed that depression involves many aspects, 

including the immune system, neurological disorder, and genetics. In this work, we will first use the 

depression phenotype to conduct a Genome-Wide Association Study (GWAS) to 1). Replicate existing 

genetic risks of depression to evaluate the validity of the EHR-based depression algorithm. And 2). Identify 

potential new genetic risks to explore the complicated molecular mechanisms of depression. 

 

7.3 Methods 

 

https://paperpile.com/c/ZBRJ6P/Fdxrx
https://paperpile.com/c/ZBRJ6P/REYTn
https://paperpile.com/c/ZBRJ6P/yqX3t+sOrTN
https://paperpile.com/c/ZBRJ6P/Eps4k+rZ4l
https://paperpile.com/c/ZBRJ6P/BZpqF
https://paperpile.com/c/ZBRJ6P/03tdo
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7.3.1 Data collection and cleaning  

We used eMERGE phase I-III imputed genotype data and the curated EHR-based depression phenotypes 

to perform the GWAS analysis. The combined ancestry data contains around 50k samples of European, 

African, and Asian ancestry participants. The phenotype data is collected from PheKB, available at 

https://phekb.org/node/1095/implementations-table. The GWAS analysis combined all three depression 

phenotypes (non-major depression, major depression, and major depression with psychosis) as cases, due 

to insufficient sample sizes when breaking down. 

7.3.2 Genotyping and Imputation 

Genotypes for all participant samples from eMERGE-I, eMERGE-II, and eMERGE-III were imputed using 

the Michigan Imputation Server, using the Haplotype Reference Consortium reference panels [109] [110] 

(HRC1.1). Most samples were genotyped with the Human 660 Quad. Other genotyping platforms included 

the CytoSNP-850K BeadChip, the OmniExpress chip, the Affymetrix 6.0 array, and the Illumina MEGA. 

7.3.3 Genetically determined ancestry (GDA) 

The genetic determined ancestry is inference from the PCA results. We performed PCA analysis on all 

participant samples from eMERGE-I, eMERGE-II and eMERGE-IIIusing the PLINK 2.0 software [111]. 

Variants with >= 0.05 MAF, missingness of <= 0.1 and LD-pruned R2 threshold of 0.7 were included. The 

genetically determined ancestry (GDA) was defined by K-means clustering of Principal Component (PC) 

1 and PC2 and three groups (corresponding to African ancestry, Asian ancestry and European ancestry) 

were identified.   

7.3.4 GWAS analysis  

The GWAS analysis included the following covariates: 1. Decade of birth (rounded as integer); 2. Median 

BMI; 3. Sex; 4. Principal components (PC) 1 through 10; and 5. eMERGE site. We performed logistic 

https://phekb.org/node/1095/implementations-table
https://paperpile.com/c/ZBRJ6P/Y9mc6
https://paperpile.com/c/ZBRJ6P/Ywlq5
https://paperpile.com/c/ZBRJ6P/ohrAk
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regression-based association analyses for the case/control binary phenotype (general depression versus 

control) with the additive genotypic model of SNP genotypes coded as 0, 1, or 2 copies of the effective 

alleles using PLINK 2.0 [112]. The regional LD plot of the index SNP was created using the LDassoc web-

based tool [113]. For ancestry-specific GWAS analysis (European, African American, and Asian ancestry), 

we used ancestry-specific PCs as covariates and kept other covariates unchanged. Following the initial 

stratified analyses, an additional logistic regression-based association analysis was performed in the 

European sample using the index SNP as a covariate to determine whether this SNP was truly driving the 

risk association. 

7.3.5 HLA imputation 

The HLA genotype imputation is done by implementing the HIBAG [114] R package with GRCH37 

references with default parameters. We obtained three MHC-I class molecules (HLA-A, HLA-B, HLA-C) 

and four MHC-II class molecules (HLA-DRB1, HLA-DQA1, HLA-DQB1, HLA-DPB1). 

7.3.6 HLA molecule association study 

We narrowed down the HLA region and tried to identify if there are links between depression phenotypes 

and specific HLA molecules. The eMERGE I-III genotyped data contains imputed HLA genotypes using 

the HIBAG software for around 100k samples. We used all available samples from the eMERGE I-III 

genotyped patients to perform HLA-association analysis to identify HLA molecules (including class I and 

class II molecules) associated with depression susceptibility. We used logistic regressions to evaluate the 

association between each available HLA molecule and depression cases, controlling for age, sex, sites, and 

genetic ancestry. 

https://paperpile.com/c/ZBRJ6P/7B2ta
https://paperpile.com/c/ZBRJ6P/3OrOi
https://paperpile.com/c/ZBRJ6P/V4Eiv
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7.3.7 Genetic correlation analysis 

Genetic correlations are calculated using the tool LDSC [115]. Genetic correlation is a way of measuring 

how genetically correlated two different cohorts are, given the summary statistics of GWAS data. We 

computed the genetic correlation between all depression samples, major depression samples, non-major 

depression samples, and a large meta-analysis of major depression cohorts [97]. We use this method to 

validate our EHR-derived depression phenotypes and demonstrate the high genetic similarity between an 

existing large meta-analysis cohort and our cohort. 

7.4 Results 

7.3.1 GWAS analysis of combined ancestry  

In total, 11,532 cases and 39,631 controls are included in the combined ancestry GWAS analysis. We 

observed minor differences in the age distribution between cases and controls in both the combined cohort 

(students’ t-test = -2.67, P = 7.47e-3) and the European cohort (students’ t-test = -3.43, P = 5.88e-4). In 

addition, we found a higher median body-mass index (BMI) (students’ t-test, P = 9.42e-192) and a higher 

proportion of females in depression cases (odds = 2.04, P = 2.05e-234, combined ancestry; odds = 2.03, P 

= 1.92e-196, European cohort). This gender discrepancy is consistent with the well-known female 

predominance in the prevalence of with the current documentation and understanding of depression 

[116][117][118]. Researchers explored social and household factors in animal models to explain the 

discrepancies in depression rates in gender [117]. Existing opposite-sex twin research excluding genetic 

factors identified different sensitivity levels between women and men in social factors such as interpersonal 

relationships and goal-oriented factors [119].  

 

In the combined ancestry analysis (Figure 7.1), we identified two known genes, PHF5A and KCNG2 (with 

suggestive P < 1e-5, Table 7.1) that were previously are associated with depression (in GWAS of including 

unipolar depression, major depressive disorder, and bipolar disorder, derived queried from the GWAS 

https://paperpile.com/c/ZBRJ6P/WxkZ
https://paperpile.com/c/ZBRJ6P/sOrTN
https://paperpile.com/c/ZBRJ6P/C5BZy
https://paperpile.com/c/ZBRJ6P/7C8GU
https://paperpile.com/c/ZBRJ6P/9EMwZ
https://paperpile.com/c/ZBRJ6P/7C8GU
https://paperpile.com/c/ZBRJ6P/aBXs8
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catalog) in both European and combined ancestry analysis [120]. Given that our sample size is limited 

compared to most large depression cohort GWAS studies, re-identifying existing genes supports the validity 

and practical use of the EHR-based depression phenotyping algorithm [102,121]. In African ancestry 

GWAS (n = 3950), we also re-identified three genes, including SGCZ, ASIC2, and ZC3H7A (Table 7.1) 

with suggestive P < 1e-5 that are associated with depression [102,122–124]. For Asian ancestry, limited by 

a small sample size (n = 583), we did not re-identify any known associations. 

 

Figure 7.1 Manhattan plot of the combined ancestry GWAS analysis. 

 

Table 7.1 Re-identified genes that are associated with depression from GWAS catalog 

          P<1e-5 in bold text 

Gene 

 

Reported traits  SNP (in this 

study) 

P-value 

(Combined) 

P-value 

(European) 

P-value 

(African) 

P-value  

(Asian) 

PHF5A Unipolar 

depression [125] 

rs11705068 P=9.90e-10 P=2.28e-9 P=0.057 P=0.45 

KCNG2 Unipolar 

depression 

[121,126], 

rs35615281 P=1.30e-5 P=7.00e-7 P=0.84 P=0.26 

https://paperpile.com/c/ZBRJ6P/dYWQh
https://paperpile.com/c/ZBRJ6P/yqX3t+tahbp
https://paperpile.com/c/ZBRJ6P/yqX3t+2Y0td+ecyVn+SWX3j
https://paperpile.com/c/ZBRJ6P/751IL
https://paperpile.com/c/ZBRJ6P/tahbp+qBH1v
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Major 

depressive 

disorder [127] 

ASIC2 Unipolar 

depression 

[102,122] 

rs16968234 P=1.96e-4 P=0.27 P=8.80e-7 NA (constant 

allele) 

SGCZ Unipolar 

depression 

[102,123], 

Depressive 

symptom 

measure [123],  

rs1383411 P=0.027 P=0.48 P=3.11e-7  P=0.43 

ZC3H7A Unipolar 

depression [124] 

rs11644981 P=0.01 P=0.16 P=2.33e-6 P=0.88 

 

7.3.2 GWAS analysis of European ancestry 

The European ancestry GWAS analysis contains 9730 cases and 32,785 controls, which make up the 

majority of combined ancestry analysis. Besides identifying previously known associations, we also 

identified two new loci in the combined and European ancestry analysis that had not been reported 

previously in both the combined and European ancestry analysis (Figure 7.2).  

 

https://paperpile.com/c/ZBRJ6P/KTh7v
https://paperpile.com/c/ZBRJ6P/2Y0td+yqX3t
https://paperpile.com/c/ZBRJ6P/ecyVn+yqX3t
https://paperpile.com/c/ZBRJ6P/ecyVn
https://paperpile.com/c/ZBRJ6P/SWX3j
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Figure 7.2 Manhattan plot of the European ancestry GWAS analysis. 

 

 

In the following analysis, we focus on this strong association between the depression phenotype and several 

within the human leukocyte antigen (HLA) region (Figure 7.2) in the European cohort. In the European 

ancestry analysis, 18 SNPs reached genome-wide significance (P < 5e-8), and 11 of them (top 3 listed as 

rs202207567, P=2.34e-15; rs28772724, P=8.1e-15; rs114031016, P=6.03e-15) fell in between the HLA-

DRB5 and HLA-DRB1 genes, which belong to the MHC Class II region. Detailed summary statistics for 

the leading SNPs within the MHC Class II region are available in Table 7.2.  

 

Table 7.2. Genome-Wide significant SNPs summary statistics on MHC-II region 

Chr SNP Ref Alt BP(hg19) MAF Logistic European P-

value  

OR (95% CI) 

Logistic Combined P-

value  

OR (95% CI) 

6 rs202207567  C T 32512533 0.13 (T) 2.33e-15 

0.80 (0.68-0.93) 

2.55e-16 

0.81 (0.70-0.94) 

6 rs28772724 G T 32509357 0.14 (T) 8.19e-15 

0.80 (0.69-0.94) 

3.23e-15 

0.82 (0.72-0.94) 
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6 rs114031016 C T 32520035 0.13 (T) 6.03e-13 

0.81 (0.70-0.95) 

4.73e-14 

0.83 (0.72-0.95) 

6 rs113568276 G A 32513127 0.13 

(A) 

1.53e-12 

0.82 (0.70-0.95) 

4.00e-13 

0.83 (0.72-0.95) 

6 rs111365964 T G 32517646 0.13 

(G) 

1.93e-12 

0.82 (0.70-0.95) 

7.47e-13 

0.83 (0.73-0.94) 

6 rs76965357 T C 32509778 0.15 

(G) 

4.13e-11 

0.83 (0.73-0.96) 

5.33e-12 

0.85 (0.75-0.96) 

6 rs112587701 T A 32514041 0.16 (T) 1.43e-9 

0.85 (0.74-0.97) 

1.38e-10 

0.86 (0.76-0.97) 

 

The linkage disequilibrium (LD) plot of the index SNP (rs202207567, color in blue, Figure 7.3) and 

surrounding SNPs showed a red color gradient indicating the regulatory potential of each SNP, annotated 

by FORGEdb [128]. The third SNP rs114031016 and 5th SNP rs111365964 showed a high potential for 

regulatory functions, scoring 7 and 8, respectively. Additionally, searching in the Genotype-Tissue 

Expression (GTEx) portal, we found multiple tissue expression quantitative trait loci (eQTL) associated 

with four leading SNPs (rs113568276, rs112587701, rs28772724, rs111343881). Various MHC-II class 

molecule eQTLs (HLA-DQA2, HLA-DRB6, HLA-DQA1, HLA-DRB1, HLA-DQB2, HLA-DQB1) are highly 

significantly associated with these 4 SNPs (Figure 7.4). We colored the tissue type by Whole Blood versus 

the other, as most MHC-II class molecules are expressed by antigen-presenting cells (APCs) circulating in 

the blood. We found that the strongest P-value eQTLs are usually the Whole Blood tissue type in the GTEx 

portal, supporting the immune regulation aspect of depression phenotypes. The second peak of SNPs within 

chromosome 14 has a leading one with p = 3.66e-8 (rs4774137), falling into a region of the IGHV genes. 

These are the immunoglobulin heavy chain variable region genes, crucial for recognizing foreign antigens 

and initiating immune responses. Further, We identified multiple eQTLs of this SNP (rs4774137) in the 

GTEx data portal. Together, we identified the HLA region and immunoglobulin heavy chain regions that 

are associated with depression and reached a genome-wide significance.    

 

https://paperpile.com/c/ZBRJ6P/CPFjq
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Figure 7.3 LD plot for the index SNP rs202207567 in European ancestry 

The blue dot indicates the index SNP rs202207567 and other SNPs are colored in a red gradient 

indicating their R2 (darker color indicates higher R2) relative to the index SNP. The numerical values are 

calculated scores indicating the regulatory function of individual SNP, ranging from 0 ~ 10, with a higher 

value indicating a higher probability of having regulatory functions.
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Figure 7.4 eQTLs for the four leading SNPs identified from GTEx 

Each plot shows a tissue-wise eQTL plot with the x-axis indicating negative log10 p-values and the y-axis 

indicating corresponding genes. Each dot on the plot represents a specific tissue eQTL, with red dots 

emphasizing blood tissue, where most immune cells are circulating. 
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7.3.3 HLA association study on European ancestry 

Based on the 11 SNPs we found in the MHC-II region, we performed association analysis on the European 

ancestry cohort, controlling for age, sex, median BMI, and sites, trying to identify HLA alleles associated 

with depression risk. We tested 236 HLA-alleles, including both MHC-I and MHC-II classes (HLA-A, HLA-

B, HLA-C, HLA-DPB1, HLA-DQA1, HLA-DQB1, and HLA-DRB1). 19 alleles showed a P-value < 0.05, 

but none were significant after Bonferroni multiple tests correction (Table 7.3). Interestingly, 13 out of the 

19 alleles are MHC class I molecules, including 8 HLA-C alleles and 5 HLA-B alleles, with some appearing 

in high frequencies (HLA-B:0702 23.7%, HLA-C:0702 25.4%). The remaining 6 alleles are MHC class II 

molecules, including DQA1, DPB1, and DRB1. Though no significant alleles passed multiple test 

corrections, these results are suggestive, given that we have a relatively small sample size stratifying by 

each HLA molecule.  

Table 7.3 Top hits of HLA association analysis summary statistics 

Alleles Coefficient P-value Fractions Fractions_in_dep_cohort 

DQA10601 0.500750 0.002938 0.010476 0.005341 

C0801 1.179089 0.005699 0.004193 0.000716 

C0403 1.933369 0.006234 0.000764 0.000269 

B1516 0.882931 0.010447 0.007251 0.001134 

DPB11901 0.292013 0.010545 0.009914 0.012473 

DRB10803 0.464834 0.011019 0.005089 0.004595 

C0304 0.085561 0.015342 0.136042 0.147913 
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DQB10504 0.584281 0.015477 0.002066 0.002477 

B0702 -0.069634 0.016198 0.210997 0.237609 

C0501 -0.080481 0.019164 0.143233 0.168561 

C0702 -0.064044 0.022312 0.230240 0.254230 

DRB11102 0.444519 0.025331 0.018419 0.003909 

C0303 0.087626 0.033760 0.091582 0.106675 

B4701 0.359414 0.038906 0.004205 0.005252 

B4001 0.081300 0.040594 0.093111 0.116134 

C1403 1.217580 0.042057 0.001111 0.000358 

DQA10302 0.131090 0.044974 0.027605 0.034076 

B3543 2.447207 0.048754 0.000621 0.000090 

C1203 0.083981 0.049371 0.084344 0.097335 

 

7.3.4 Genetic correlation validation of the phenotyping algorithm 

To further assess the validation of our EHR-based depression phenotyping algorithm, we performed a 

genetic correlation analysis using LD score regression (LDSC) focusing on European ancestry, where we 

have sufficient samples [129]. The genetic correlation was made by comparing our algorithm to a large 

meta-analysis of 135,458 cases and 344,901 controls [97]. The summary statistics were downloaded from 

the PGC website. We found that the combined phenotype (all three types of depression, major depression 

https://paperpile.com/c/ZBRJ6P/EHFH9
https://paperpile.com/c/ZBRJ6P/sOrTN
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with psychosis, major depression, and non-major depression) had the highest genetic correlation with the 

meta-analysis (rg = 0.7419, sd =0.1347, p-values = 3.6158e-08). At the same time, major depression ranked 

second, with rg = 0.681, sd = 0.1474, and p-values = 3.827e-06. The least correlated phenotype is non-

major depression, which had rg = 0.6551, sd = 0.1845, and p-values = 0.0004 (Table 7.4). These results 

indicate that our algorithm is also genetically valid and aligned very well with previously published large 

cohort analysis. Notably, the highest correlation between all depression (combined all three phenotypes) 

and the meta-analysis raised the potential that some existing major depression phenotyping algorithms 

might also include some non-major depression participants. 

 

Table 7.4. LDSC regression for genetic correlation analysis 

phenotype rg se z-score p 

All depression 0.7419 0.1347 5.5087 3.6158e-08 

Major depression 0.681 0.1474 4.6206 3.827e-06 

Non-major depression 0.6551 0.1845 3.5505 0.0004 

 

7.5 Conclusion 

 

To this end, we have explored the secondary use of EHR from both unsupervised and supervised methods, 

demonstrating the potential of leveraging the EHR data to identify novel disease patterns and  investigate 

disease etiology. In this chapter, we addressed the objective in Aim 3 (To perform a genome-wide 

association study (GWAS) for depression phenotype using rule-based phenotyping algorithm derived from 
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the EHR ) and explored the genetic risk factor as a disease etiology for depression. We presented the use 

of a rule-based depression phenotyping algorithm from the EHR, constructed a cohort, and performed 

genome-wide scanning to identify genetic risk factors. This is the last chapter before the conclusion chapter 

(Chapter 8), which we marked as the last step of investigating disease patterns and disease etiology. 

 

Depression is a mental health disorder characterized by persistent feelings of sadness, hopelessness, 

worthlessness, and a lack of interest in previously enjoyable activities. Depression can not only affect mood, 

behavior, and physical wellness but also interfere with daily activities, work, and relationships. Depression 

is typically diagnosed based on symptoms and medical history and is most known as a psychiatric disease. 

Only with the advances in genomic technology, the links between depression and genetic predisposition 

started to receive attention in the community [102],[97,130]. Yet, to carefully characterize a depression 

cohort is challenging. Much existing research relies on medical diagnosis codes or expertise-based 

screening processes. In this study, we implemented an EHR-based depression phenotyping algorithm, 

characterizing depression phenotypes across 12 sites in the eMERGE cohort, and conducted a GWAS. Our 

analysis validated the robustness of the EHR-based depression algorithm and yielded new results linking 

the depression phenotype with the immune system, expanding our current understanding of depression. 

 

Our study has a few limitations. Firstly, the study's sample size is notably restricted (n = 42,515, EU), which 

falls short in contemporary genome-wide association studies (GWAS) for depression, which often 

encompass significantly larger cohorts to boost statistical power. Furthermore, we lose the granularity in 

characterizing the depression cohort, as the sample size is too small to segregate phenotypes into non-major 

depression, Major Depressive Disorder (MDD), and MDD with psychosis. Secondly, our phenotyping 

algorithm employed a stringent temporal criterion (180 days) to delineate events and encode outcomes as 

categorical values. This approach, while enhancing specificity, may overlook borderline cases and fail to 

capture the full spectrum of depression severity. A more optimal design is to incorporate the Patient Health 

https://paperpile.com/c/ZBRJ6P/yqX3t
https://paperpile.com/c/ZBRJ6P/k1bj9+sOrTN
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Questionnaire-9 (PHQ9) score and encoding outcome as continuous variables reflecting the likelihood or 

severity of depression, thereby augmenting the detection power. 

 

Identification of MHC-II region SNPs and the IGHV region SNPs for the susceptibility of depression shed 

light linking these two phenotypes. The MHC-II region is one of the most polymorphic regions in the human 

genome. The MCH-II region is highly diverse because of the extensive genetic variation it exhibits, and the 

diversity is crucial for the recognition of various antigens, including pathogens like bacteria, viruses, and 

other foreign invaders. Genes within the MHC-II region encode cell surface proteins that present antigens 

to T cells, thus regulating the immune response, which is crucial for the immune system and plays a 

significant role in the adaptive immune response. The IGHV region genes are also polymorphic, which 

encode the variant domain of the heavy chain of immunoglobulin, also called antibodies. MHC-II proteins 

are mostly expressed on antigen-presenting cells (APCs) such as dendritic cells, macrophages, and B cells. 

These cells are involved in capturing, processing, and presenting antigens to helper T cells (CD4+ T cells). 

IGHVs are most functioning in activated B cells during the production of antibodies. Though the two 

regions are responsible for different functions, they all link to the immune response against pathogens. 

 

There are previously identified genetic loci in the HLA region and depression phenotypes [131],[132],[122]. 

Besides, an early meta-analysis of clinical data revealed a decreased white blood cell count in depression 

patients [100]. Thus, existing evidence points to the strong association between immune dysfunction and 

depression phenotypes. However, it is still unclear the mechanisms and functional links between depression 

and the immune system. One explanation for this is that the wide range of symptoms of depression might 

directly be a reflection of immune dysregulation, given the genetic links, rendering the depression 

phenotype as a result of immunity. Another aspect would focus on the psychiatric part of depression, 

indicating that the occurrences of depression symptoms and progressions would lead to a series of immune 

function dysregulation and chronic inflammation. Or it could be simply bi-directional. 

 

https://paperpile.com/c/ZBRJ6P/QpXBg
https://paperpile.com/c/ZBRJ6P/8GlRn
https://paperpile.com/c/ZBRJ6P/2Y0td
https://paperpile.com/c/ZBRJ6P/Fdxrx
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Together, our study identified genetic variants from the MHC-II region and the IGVH region that confer 

the susceptibility of depression in European ancestry, using an EHR-based phenotyping algorithm designed 

by the eMERGE consortium. Our analysis links depression with immune functions in genetics, supporting 

previously identified chronic inflammation features of depression and shedding new light on understanding 

the mechanisms of depression. Future research is needed for more deterministic causal inferences on these 

two components. It is becoming more clear that depression is not only a psychiatric disease, it has not only 

a complicated and wide range of symptoms but also affects multiple systems of the body, including the 

immune system.  

 

In summary, this chapter concludes by completing the individual aims and demonstrating methods for 

studying novel disease patterns and disease etiology. In the next chapter (Chapter 8), we will summarize 

this work and briefly discuss future research directions. 
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Chapter 8: Conclusion 

 
This chapter summarizes the primary contributions of this work, including the presented methodologies 

and empirical findings. It also presents future directions for continuing this research and plans for 

maximizing the impact of the resources created. 

 

8.1 Summary 

 

In this work, we explored the secondary use of EHR from both unsupervised and supervised methods, 

exploring the potential of utilizing the EHR data to identify novel disease patterns and investigate disease 

etiology. We split the objectives in each aim, 1) To develop patient representation learning in EHR data 

using an unsupervised machine learning approach; 2) To identify comorbidity patterns and progression 

trajectory variations using the longitudinal patient embedding vectors; 3) To perform a genome-wide 

association study (GWAS) for depression phenotype using rule-based phenotyping algorithm derived from 

the EHR. In this section, we will discuss each aim and their unique contributions, highlighting their 

significance not only to our objectives but also to the broader field. 

 

The main contribution of this work will be illustrated in three unique aspects. The first one is the design of 

a novel neural network model architecture that achieved robust and outstanding performance in several 

downstream tasks. This neural network utilizes creative embeddings of disease onset frequency, calculated 

based on the eMERGE dataset, including 100k participants. The frequency-based embeddings are different 

from the commonly used semantic embeddings of diagnosis or procedure vocabularies, as we reason that 

the co-occurrences of disease and procedures matter more than the semantics. Due to this innovative 

approach, our model exhibited the power of multi-purposing, exhibiting excellent performances across 

different downstream tasks. 
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The second major contribution of this work is the identification of patient heterogeneities under certain 

well-defined phenotypes. Since the discovery of complex diseases, researchers have become aware that 

complicated interactions among genetics, behaviors, and environmental factors together determine the risk 

for certain diseases or phenotypes. However, nowadays it has become more clear that complex diseases are 

even more sophisticated, and patients vary in a wide degree of spectrum.  For example, SLE patients can 

have their disease induced by certain drugs or exposure to chemical toxins, exhibiting at different levels of 

severity with distinct comorbidities (such as renal disease or cataracts). A comprehensive understanding of 

these discrepancies within a defined phenotype can further facilitate and achieve efficient precision 

medicine and personalized treatment. Our models unfolded the internal heterogeneities using SLE and CRC 

as two examples, demonstrating not only a static moment but a difference in the progression trajectory. 

 

The third major contribution of this work is the demonstration of genetic studies using EHR-derived 

phenotyping algorithm, as a secondary use of EHR data retrospectively. To efficiently perform large 

genomic studies as a secondary use of the EHR data, accurate phenotyping algorithms are essential. We 

examined the depression phenotyping algorithm developed jointly by Kaiser Permanente and the University 

of Washington through genetics studies. Through GWAS analysis, we reproduced known disease-gene 

connections, meanwhile yielding novel associated SNPs within the HLA and IGVH region. We also 

observed a high genetic correlation between a large meta-analysis cohort and the cohort produced by our 

depression phenotyping algorithm, as extra validation of our phenotyping algorithm. 

 

Our model has a few notable limitations. First, our model only included diagnosis and procedure codes as 

embedding building blocks, lacking medications, lab values, observations, and clinical notes due to the 

limitation of data sources. Without these variables, our model might lose certain meaningful information 

and limit the downstream analysis on medications, labs, etc. Besides, we used phecodes as surrogate 

phenotypes. Though phecodes have demonstrated their efficiency in large-scale EHR-based genetic studies, 

they might lack granularity and not be appropriate for some complicated phenotypes, such as 
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depression[133]. Last, our patient data drawn from the eMERGE consortium might contain potential 

ascertainment bias during patient recruitment, meaning that there might be population structures that can’t 

represent the general population of the United States. However, on the other hand, with only diagnosis and 

procedure codes available, our model still demonstrated great performances in several downstream 

analyses, such as bulk phenotyping, disease forecasting, comorbidity pattern study, and progression 

analysis. This is not surprising, as diagnoses and procedures are the most crucial information within the 

EHR for many downstream tasks. Though phecodes are new and still in development, there is evidence that 

phecodes can reproduce genetic findings and serve as a great proxy for phenotypes. To adjust the potential 

biases caused by individual sites, we always included sites as covariates in our statistical analysis. Most 

importantly, we demonstrated the external validity of our model using the UW dataset and exhibited the 

robustness of performances with experimentally reproduced stable disease patterns invariant of cohorts. 

 

In summary, this work demonstrated the potential of the secondary use of EHR, which has drawn huge 

attention in recent decades. We touched on several aspects of the secondary use of EHR, including 

phenotyping patients, predicting health outcomes, identifying disease subgroups, and trajectory 

(progression) analysis, through an unsupervised patient representation learning method. We then illustrated 

the use of an EHR-derived rule-based depression phenotyping algorithm to conduct a GWAS study, which 

further paved the road for the use of the EHR to unleash large populational-level genetic studies. 

 

8.1 Future work 

 

In this work, we explored the secondary use of EHR from both unsupervised and supervised methods, 

exploring the potential of utilizing the EHR data to identify novel disease patterns and investigate disease 

etiology. In this section, we will discuss future research regarding machine learning methods (regarding 

Aim 1, to develop patient representation learning in EHR data using an unsupervised machine learning 

approach and Aim 2, to identify comorbidity patterns and progression trajectory variations using the 

https://paperpile.com/c/ZBRJ6P/hZmHU
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longitudinal patient embedding vectors); and rule-based (Aim 3, to perform a genome-wide association 

study (GWAS) for depression phenotype using rule-based phenotyping algorithm derived from the EHR) 

methods, respectively. 

 

In the latter part of Aim 1, we show that the advantages of the machine learning-based method lie in 

automation and massive parallel tasking ability. We demonstrated the use of patient embeddings in high-

throughput phenotyping and disease onset prediction automatically without the interference of human labor. 

Moving forward, we show that our fine-tuned model using SBERT can perform clustering analysis to 

identify novel disease patterns that are potentially clinically important (e.g. hospital mortality). These tasks 

can be vastly benefited from automated processes using machine learning tools. 

 

Regarding Aim 1, for future studies, researchers can focus on each of these single tasks to refine the model 

and adopt novel methods from computer science and deep learning fields to further improve the model 

performance and generalizability across different EHR systems. More practically, researchers can further 

investigate the health outcome of interest and use the embedding method to analyze discrepancies in health 

outcomes and identify clinically actionable items that benefit the patients. 

 

For Aim 2, the analyses revealed complex internal heterogeneity of patients within a predefined 

phenotype/disease. In the future, researchers can carry out cross-sectional or even randomized control 

studies to rule out confounding variables and identify genuine connections between the heterogeneity of 

patients and important clinical outcome 

 

In Aim 3, we utilized the rule-based phenotyping algorithm to create a refined depression cohort using the 

EHR data. For rule-based (expert-driven) methods and genetics, we propose two promising research 

directions. First, domain knowledge can support feature engineering for phenotyping, as traditional rule-

based approaches often outperform machine learning in complex phenotyping tasks. By integrating domain 
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expertise, future studies can develop advanced feature engineering techniques to enhance phenotyping 

accuracy and provide complementary support for machine learning algorithms. Second, the extensive 

phenotypes derived from EHR data can facilitate the development and validation of polygenic risk scores 

(PRS). Given that many diseases are influenced by multiple genetic variants, these phenotypes could 

significantly advance the understanding of complex diseases and their genetic underpinnings. 
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