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ABSTRACT

Medical health providers use electronic health records (EHRs) to store information

about patient treatment to support patient care management and securely share health

information among healthcare organizations. EHRs have also been used in healthcare

research in problems such as patient phenotyping, health risk prediction, and medical

entity extraction. In this thesis, we focus on several important issues: (1) how to

convert natural text from medical notes to vector representations suitable for deep learning

algorithms, (2) how to help healthcare researchers select a patient cohort from EHRs, and

(3) how to use EHRs to identify patient diagnoses and treatments.

In the first part of the thesis, we present a new method for learning vector

representations of medical terms. Learning vector representations of words is an important

pre-processing step in many natural language processing applications. For example, EHRs

contain clinical notes that describe patient health conditions and course of treatment

in a narrative style. The notes contain specialized medical terminology and many

abbreviations. Learning good vector representations of specialized medical terms can

improve the quality of downstream data analysis tasks on EHR data. However, the

traditional approaches struggle to learn vector representations of rarely used medical

terms. To overcome this problem, we developed a neural network-based approach, called

definition2vec, that uses external knowledge contained in medical vocabularies. We

performed quantitative and qualitative analysis to measure the usefulness of the learned
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representations. The results demonstrate that definition2vec is superior to the state-of-the-

art algorithms.

In the second part of the thesis, we describe a new visual interface that helps

healthcare researchers select patient cohorts from EHR data. Process of identifying

patients of interest for observational studies from EHR data is known as cohort selection, a

challenging research problem. We considered a problem of cohort selection from medical

claim data, which requires identifying a set of medical codes for selection. However,

there are tens of thousands of unique medical codes, and it becomes very difficult for any

human to decide which codes identify patients of interest. To help users in defining a set

of codes for cohort identification, we developed an interactive system, called Medical

Claim Visualization system (MedCV), which visualizes medical code representations.

MedCV analyzes a medical claim database and allows users to reason about medical code

relationships and define inclusion rules for the selection by visualizing medical codes,

claims, and patient timelines. Evaluation of our system through a user study indicates that

MedCV enables domain experts to define inclusion rules efficiently and with high quality.

The third part of the thesis is a study of the definition of acute kidney injury (AKI),

which is a condition where kidneys suddenly cannot filter waste from the blood. AKI is

a major cause of patient death in intensive care units (ICU) and it is critical to detect it

early. Recently published KDIGO medical guideline proposed a clinical definition of AKI

using blood serum creatinine and urine output. The KDIGO definition was developed

based on the expert knowledge, but very little is known about how well it matches the

medical practice. In this study, we investigated publicly available EHR data from 47,499

ICU admissions to determine the concordance between the KDIGO definition and AKI

determination by the medical provider. We show that it is possible to find a formula using

machine learning with much higher concordance with the medical provider AKI coding

than KDIGO and discuss the medical relevance of this finding.
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CHAPTER 1

INTRODUCTION

Data mining is the process of discovering interesting knowledge or information from large

amounts of data. Electronic health records (EHRs) are complex large datasets describing

the health status and treatment of patients for each of their encounters with a health system.

EHRs contain both structured (i.e. lab values, medical diagnosis codes) and unstructured

data (i.e. medical note data). The primary purpose of EHRs is helping providers to better

manage patient care and exchange health information among healthcare organizations. In

addition to their primary purpose, EHRs have also been used to solving various medical

research problems such as patient phenotyping (Halpern et al., 2016a; Bai et al., 2018),

health risk prediction (Choi et al., 2016b,d), prediction of medical events (Choi et al.,

2016a; Bai and Vucetic, 2019), medical code extraction (Mullenbach et al., 2018), and

relation extraction between medications and adverse drug effects (Christopoulou et al.,

2020). In this research, we address three important research issues in EHR data analysis:

1) improving vector representations of medical terms with the help of external knowledge

such as medical vocabulary, 2) reducing human labor during the selection of patients for

retrospective studies with an interactive visual tool, and 3) identifying the onset of complex

medical conditions such as acute kidney injury.
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1.1 Improving Medical Term Embeddings Using UMLS Metathesaurus

Medical notes entered by medical staff in the form of free text are a particularly insightful

component of EHRs. There is a great interest in applying machine learning methods

on medical notes in numerous medical informatics applications (Banerjee et al., 2017;

Maldonado et al., 2017). Learning vector representations, or embeddings, of terms in the

notes, is an important pre-processing step in such applications. However, learning good

embeddings is challenging because medical notes are rich in specialized terminology, and

the number of available EHRs in practical applications is often very small.

In this research (Chanda et al., 2022), we propose a novel algorithm to learn

embeddings of medical terms from a limited set of medical notes. The algorithm, called

definition2vec, exploits external information in the form of medical term definitions. It

is an extension of a skip-gram algorithm (Mikolov et al., 2013) that incorporates textual

definitions of medical terms provided by the Unified Medical Language System (UMLS)

Metathesaurus (Bodenreider, 2004).

To evaluate the proposed approach, we used a publicly available Medical Information

Mart for Intensive Care (MIMIC-III) EHR data set (Johnson et al., 2016). We performed

quantitative and qualitative experiments to measure the usefulness of the learned

embeddings. The experimental results show that definition2vec keeps the semantically

similar medical terms together in the embedding vector space even when they are rare or

unobserved in the corpus. We also demonstrate that learned vector embeddings are helpful

in downstream medical informatics applications.

This research shows that medical term definitions can be helpful when learning

embeddings of rare or previously unseen medical terms from a small corpus of specialized

documents such as medical notes.
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1.2 Developing an Interactive Visualization System for Patient Cohort
Identification from Medical Claim Data

A medical claim is a summary of a patient’s visit used for billing purposes containing a

list of medical codes describing the patient’s conditions and treatments provided during

the visit. In addition to their primary billing purpose, medical claims have been used in

observational studies in medical research to examine a range of questions pertaining to

effectiveness and outcomes of medical treatments. A critical and time-consuming step in

observational studies is cohort identification (Nattinger et al., 2004; Winkelmayer et al.,

2005), which refers to identifying patients of interest for the study from the claims data

(Bleicher et al., 2012; Miller et al., 2009). We introduce software, called MedCV (Medical

Claim Visualization software), to assist practitioners during cohort identification. MedCV

enables users to define rules for the selection of patients by exploring and visualizing

medical codes, claims, and patient timelines. We evaluated our system through a user study

on a large-scale claim dataset. The results demonstrate that MedCV enables practitioners

to define inclusion rules very efficiently and with high quality.

1.3 Concordance between KDIGO Definition of Acute Kidney Injury and
Its Coding in Clinical Practice

Acute kidney injury (AKI) represents a sudden decrease in kidney function that should

be treated promptly to predict kidney failure. Currently, the accepted definition of AKI

is based on consensus-based criteria developed by the Kidney Disease Improving Global

Outcomes (KDIGO) initiative (Kellum et al., 2012). KDIGO guideline defines AKI based

on sudden increase in serum creatinine (SCr) in blood and sudden drop in urine output

(UO). Although the KDIGO criteria helped to define the AKI for epidemiological and

clinical research, the adoption of KDIGO criteria for clinical management of patients

with AKI and its utility in clinical practice is debated and not completely understood.
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To gain an insight, we study concordance between KDIGO AKI definition and ICD

coding of kidney injury by medical providers. Our retrospective study includes 47,499

ICU admissions between 2008 to 2019 covering 38,676 patients of Beth Israel Deaconess

Medical Center (Johnson et al., 2020). High degree of concordance between KDIGO and

ICD coding in MIMIC-IV admissions would indicate that KDIGO formula matched the

clinical understanding of AKI/AKF in Beth hospital during the study period. Moreover,

since KDIGO was proposed in 2012, it could be expected that the concordance was

stronger in years after 2012. Our results show that the concordance is relatively low

and that it is possible to train a machine learning algorithm to determine AKI from SCr

measurements with a much higher concordance than the KDIGO definition.

The thesis is organized as follows. We propose an approach in Chapter 2 that learns

medical term representations from EHR data by exploiting medical vocabularies. In

Chapter 3, we describe an interactive software that helps practitioner explore medical code

relationships for cohort identification. In Chapter 4, we study concordance between AKI

definition provided by KDIGO guidelines and AKI coding by a large healthcare provides.
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CHAPTER 2

IMPROVING MEDICAL TERM EMBEDDINGS USING
UMLS METATHESAURUS

2.1 Introduction

Health providers use Electronic Health Records (EHRs) to keep information about their

patient’s medical conditions and the procedures employed to treat them. While the primary

purpose of EHRs is operational and administrative, EHRs have been increasingly useful in

biomedical research studies such as patient phenotyping (Halpern et al., 2016a; Bai et al.,

2018), health risk prediction (Choi et al., 2016b,d), prediction of medical events (Choi

et al., 2016a; Bai and Vucetic, 2019), medical code extraction (Mullenbach et al., 2018),

and relation extraction between medications and adverse drug effects (Christopoulou

et al., 2020). Particularly, valuable parts of EHRs are medical notes, which are free

text created by the medical staff to provide insights about the condition and treatment

of patients. Extracting information and analysis of medical notes is an open machine

learning (ML) problem. A critical pre-processing step in modern approaches for medical

note analysis is medical term embedding, which refers to the representation of medical

terms as vectors. Medical term embeddings can be used as inputs for neural networks in

a range of predictive and descriptive tasks (Banerjee et al., 2017; Maldonado et al., 2017).
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An overall architecture of the predictive tasks are shown in Figure 2.1. In this paper, we

refer to a medical term as a single word (e.g., Parkinson) or a multi-word (e.g., Parkinson’s

disease) that is linked to an entry in a medical thesaurus, such as the UMLS Metathesaurus

(Bodenreider, 2004).

FIGURE 2.1: An overall architecture of the predictive model with clinical note as input.

Recent research has resulted in several methods for learning embeddings of medical

terms, diagnosis and procedure codes, medications, and lab tests (De Vine et al., 2014;

Choi et al., 2016e; Cai et al., 2018; Khattak et al., 2019). In particular, the skip-

gram model (Mikolov et al., 2013) is a popular choice for learning embeddings of

terms both from general-purpose corpora (e.g., Wikipedia) and from specialized corpora

(e.g., medical notes) (Bai et al., 2018; Choi et al., 2016e,c) due to its simplicity and

computational efficiency. The skip-gram and related embedding approaches, such as

fastText (Bojanowski et al., 2016), work well when a document corpus is large and when

terms that need to be embedded are frequent. However, there are many applications that

rely on relatively small corpora with an abundance of specialized terms and abbreviations

(Perotte et al., 2011; Coffman and Wharton, 2007; Crammer et al., 2007), where direct

application of the skip-gram model does not always result in high-quality embeddings.

The main contribution of this study is summarized as follows: we propose a new

algorithm, called definition2vec in this paper (Chanda et al., 2022), that is particularly

appropriate for learning embeddings of infrequent or unobserved medical terms from

a small corpus of medical notes. Our approach enhances the skip-gram algorithm by

exploiting textual definitions of medical terms from existing publicly available resources,
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such as the UMLS Metathesaurus. We demonstrate experimentally that our algorithm

provides useful embeddings of infrequent and unobserved medical terms and that those

embeddings can increase the quality of downstream medical informatics tasks.

2.2 Related Work

Learning embeddings of n-grams, words, terms, sentences, and paragraphs is an active

research topic due to the importance of embeddings in deep learning approaches for natural

language processing. Modern embedding algorithms draw inspiration from the well-

known distributional hypothesis, which states that words that occur in the same contexts

tend to purport similar meanings (Harris, 1954). An overview of traditional embedding

approaches is provided in (Turney and Pantel, 2010). More recently, starting from seminal

papers proposing skip-gram (Mikolov et al., 2013), GloVe (Pennington et al., 2014),

and fastText (Bojanowski et al., 2016) algorithms, many general-purpose and specialized

embedding algorithms were proposed both for processing text and various types of data

objects such as sequences and graphs (Grover and Leskovec, 2016). The skip-gram

algorithm (Mikolov et al., 2013) learns embeddings as a by-product of predicting context

words of a target word. FastText (Bojanowski et al., 2016) is an alternative approach that

treats words as sequences of n-grams that have their own embeddings and is sometimes

useful in finding representations of out-of-vocabulary words.

Studying specialized approaches for embeddings of medical terms and concepts has

been an active research area (Pakhomov et al., 2016; Bai et al., 2018; Wang et al., 2018;

Kalyan and Sangeetha, 2020). The work on learning UMLS concept representations from

medical notes and journals using the skip-gram algorithm (Choi et al., 2016e; De Vine

et al., 2014) is particularly relevant to this paper. A recent study (Chiu et al., 2016)

provides an extensive analysis of bio-medical word embeddings based on the skip-gram

architecture. Med2Vec (Choi et al., 2016c) is another relevant work that uses a two-layer
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neural network for learning embeddings of medical concepts from code occurrences and

clinical narratives about patient visits. The authors of (Beam et al., 2018) proposed cui2vec

that learns the embedding of UMLS Concept Unique Identifiers (CUIs) based on the

distribution of concept co-occurrences in clinical notes. A related approach is described in

(Cai et al., 2018) that focuses on temporal relations to embed medical concepts. It extends

the Continuous Bag of Words (CBOW) model (Mikolov et al., 2013) to develop a time-

aware attention approach for learning medical concepts. The research survey of Hahn et al.

(Hahn and Oleynik, 2020) provides a detailed overview of different medical information

extraction methods that rely on medical term embeddings.

Other studies used external knowledge sources in different ways to improve

embeddings and downstream predictive models (Maldonado et al., 2019; Zhang et al.,

2019). The authors in (Maldonado et al., 2019) combine UMLS Metathesaurus and

Semantic Network information to learn concept embeddings following the Generative

Adversarial Networks (GAN) framework (Goodfellow et al., 2014). Work in (Zhang

et al., 2019) uses the Medical Subject Heading (MeSH) term graph (Lipscomb, 2000)

to generate MeSH term sequences. While this previous work exploited known relations

between medical terms, in our work, we leverage medical term definitions through an

easy-to-implement and computationally efficient skip-gram extension.

2.3 Methods

In this section, we describe our proposed algorithm that learns the embeddings of medical

terms. We first define the problem and briefly introduce the baseline skip-gram algorithm

(Mikolov et al., 2013), which is the basis of our approach. Then, we describe our proposed

algorithm.
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2.3.1 Problem Definition

Let us suppose we are given a corpus of medical notes. We describe a single note N as

an ordered sequence of terms, N = {w1, w2, ..., wn}, where wi is a term from vocabulary

V and n is the length of the note. The size of the vocabulary is |V |. A term can be a

single word (e.g., Parkinson) or a multi-word (e.g., Parkinson’s disease). The objective

of term embedding is to represent each term from the vocabulary as a vector, such that

semantically similar terms have similar vectors.

FIGURE 2.2: The framework for the skip-gram algorithm.

2.3.2 Skip-gram Algorithm

The skip-gram algorithm for embedding (Mikolov et al., 2013) scans the terms in a note

and updates their vector representations based on their context. The context of a term is

typically defined as its neighboring terms in a sequence. Given the target term wt from

the corpus, the skip-gram algorithm creates term pairs consisting of the scanned term wt

and its context terms wi, and uses pairs pwt, wiq to update the likelihood of observing the

context term wi given the target term wt. The context of wt is defined as its neighboring

terms Cwt = (wt´2, wt´1, wt`1, wt`2), if the context size is 2. Context terms wi are selected

from Cwt . The log-likelihood of observing context terms for all the terms in the corpus is

defined as

L “
ÿ

t,wiPCwt

log ppwi|wtq, (2.1)
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where ppwi|wtq is the conditional probability of context term wi given the target term wt.

The skip-gram approach is illustrated in Figure 2.2.

In order to model ppwi|wtq, skip-gram assigns vectors Uw and Vw to term w from the

vocabulary. The dimension of both vectors is the same. The conditional probability is

defined as the following softmax function

ppwi|wtq “
eUwt .Vwi

ř

wjP|V | e
Uwt .Vwj

, (2.2)

where the dot product between two vectors is used to measure the similarity between two

terms. A gradient descent algorithm can be used to maximize the objective function of

equation (2.1). However, since the computational complexity of calculating equation (2.2)

is very high due to its denominator, skip-gram uses negative sampling where the log-

likelihood objective function is replaced with the negative sampling instantaneous loss for

each target word wt, defined as

Et “
ÿ

iϵCwt

p´ log σpUwt ¨ Vwi
q ´

ÿ

wjϵWneg

´ log σpUwt ¨ Vwj
qq, (2.3)

where

σpUwt ¨ Vwxq “
1

1 ` e´Uwt ¨Vwx
. (2.4)

Here, Wneg is a set of K so-called negative terms randomly sampled from the corpus.

Skip-gram uses a stochastic gradient algorithm to greedily maximize the instantaneous

loss. After the training is finished, vector Uw is used as an embedding for term w.

2.3.3 Our Proposed Method: Definition2vec

The proposed definition2vec algorithm enhances the skip-gram approach by exploiting

the textual definitions of medical terms available in public resources. Similar to skip-

gram, it scans the terms in a corpus and uses stochastic gradient descent to minimize the
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FIGURE 2.3: Architecture of the proposed definition2vec algorithm.

negative sampling instantaneous loss. However, when updating the embedding of a term,

definition2vec also accounts for embeddings from its definition.

Let us assume target term wt has its definition in a form of a word sequence Dwt = (d1

, d2, ..., dm), where di is the i-th definition word of wt and m is the length of the definition.

We denote zd as the vector representation of word d from the definition and U 1
wt

as the

definition-independent vector for the target term. We express the resulting target vector as

Uwt “
sqrtpfwtqU

1
wt

` β

ř

dPDwt
zd

|Dwt |

sqrtpfwtq ` β
. (2.5)

Here, fwt is the frequency of wt in the corpus and β is a hyperparameter. By using

equation 2.5, our goal is to obtain the embedding of wt that is influenced by its context and

definition. Figure 2.3 illustrates the proposed approach. If a term frequently occurs in the

corpus, its representation will be influenced more strongly by its contextual terms than its

definition words. However, if a term is rare or unseen in the corpus, its representation will

be heavily influenced by its definition words. Hyperparameter β determines the impact of

a term’s definition on its embeddings.

Our proposed algorithm scans the corpus term by term and constructs pairs of context

and target terms together with their corresponding negative pairs. It follows the negative

sampling idea of skip-gram and uses a stochastic gradient algorithm to minimize the

instantaneous loss. The updates of context term, target term, and definition word vectors
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are calculated as follows,

Vwx “ Vwx ´ α
dE

dpVwxq
(2.6)

dE

dpVwxq
“

dE

dpUwtVwxq

dpUwtVwxq

dpVwxq
(2.7)

U 1
wt

“ U 1
wt

´ α
dE

dpU 1
wt

q
(2.8)

dE

dpU 1
wt

q
“

ÿ

wxϵpwiYWnegq

dE

dpUwtVwxq

dpUwtVwxq

dpUwtq

dpUwtq

dpU 1
wt

q
(2.9)

zd “ zd ´ α
dE

dpzdq
(2.10)

dE

dpzdq
“

ÿ

wxϵpwiYWnegq

dE

dpUwtVwxq

dpUwtVwxq

dpUwtq

dpUwtq

dpzdq
(2.11)

where α is the learning rate.

After the training is finished, the target vector Uw becomes an embedding for term w.

As a by-product of the learning procedure, we also learn the embeddings of each definition

word.

Table 2.1: Statistics of discharge summaries in the MIMIC-III training data
# training notes 47,423
# of unique medical terms in training data 46,861
Average # of medical terms in a discharge summary 671
# of unique medical concepts in training data 29,740
Average # of medical concepts per discharge summary 364
Average # of definition words per medical concept 16
# of unique diagnosis codes in training data 6,717
Average # of diagnosis codes per discharge summary 11
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2.4 Evaluation

In this section, we start by explaining the data sets and data preprocessing. Then,

we describe the experimental design. Finally, we show and discuss the results of our

qualitative and quantitative evaluation.

2.4.1 Data Sets

In our experiments, we used two data sets. The first data set is the UMLS Metathesaurus,

which has textual definitions for a large number of medical terms. The second data set is

MIMIC-III, which contains EHR records of a large number of Intensive Care Unit (ICU)

patients with notes written in English.

UMLS Metathesaurus: Unified Medical Language System (UMLS) is a set of

files and software that integrates multiple medical vocabularies (Bodenreider, 2004).

UMLS Metathesaurus is the component of UMLS that maintains medical concepts

and their textual definitions which are linked to different medical source vocabularies

such as National Cancer Institute Thesaurus (NCIT) (Golbeck et al., 2003), Medical

Subject Heading (MeSH) (Lipscomb, 2000), Universal Medical Device Nomenclature

System (UMD) (Institute, 2018), Human Phenotype Ontology (HPO) (Robinson and

Mundlos, 2010) and Mondo Disease Ontology (MONDO) (Mungall et al., 2017). UMLS

Metathesaurus lists 188,050 concepts with at least one textual definition, each with its

Concept Unique Identifier (CUI). Each concept has one or more medical terms associated

with it, where each term has its String Unique Identifier (SUI). Each SUI can have one or

more Atomic Unique Identifiers (AUI) that link the term to its definition from a particular

source vocabulary. UMLS Metathesaurus has 773,692 SUIs. Although there are over 2.5

million medical concepts listed in UMLS Metathesaurus, in this study, we only consider

those with at least one definition because definition2vec requires them.

MIMIC-III: Medical Information Mart for Intensive Care (MIMIC-III) is a publicly
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available deidentified data set that contains EHRs of 41,127 ICU patients from Beth Israel

Deaconess Medical Center recorded between 2001 to 2012 (Johnson et al., 2016). This

data set contains both structured (medical codes, lab results) and unstructured (medical

notes) data. MIMIC-III contains several types of medical notes such as progress notes,

radiology reports, and discharge summaries. In this study, we only consider discharge

summaries prepared by a health provider at the conclusion of an ICU stay. There is a total

of 59,652 discharge summaries in MIMIC-III indicating that most patients have a single

EHR in the data set. In our study, we are also interested in ICD-9-CM diagnosis codes

(Organization, 2013) listed with each patient stay in the MIMIC-III data set. There is a

total of 6,717 unique diagnosis codes listed in the data set.

FIGURE 2.4: Illustrating a process for extracting definitions of medical terms.

2.4.2 Data Processing

Given a discharge summary, we performed several preprocessing steps illustrated in Figure

2.4. First, we removed digits and special characters, converted all characters into lower

case, and tokenized the text. Then, we used MetaMap v16.2 (Aronson and Lang, 2010)

to automatically match the tokens with UMLS CUIs. Each token can remain unmatched,

become directly matched to a medical concept, or become a part of a multi-word phrase

that is matched to a medical concept. If a matched concept is a multi-token such as
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“Parkinson disease” we concatenated the tokens into a single token by adding an

underscore special character such as “Parkinson disease”. Finally, we removed all

unmatched tokens, such that each discharge summary becomes a sequence of tokens

matched with medical concepts from UMLS Metathesaurus. This preprocessing procedure

matches the previous work (De Vine et al., 2014).

To find definitions of each matched token, we performed the following steps. First, we

identified the CUI of each matched token. Then, we found all AUIs corresponding to the

CUI, retrieved the medical term definition of each AUI, and concatenated the definitions.

Finally, we preprocessed the definition sentences to remove digits and special characters,

lowercase all characters, tokenize, and remove stop words and rare words. Figure 2.4

illustrates the process that starts from a discharge note and ends with a sequence of CUI-

matched tokens with their corresponding definitions.

2.4.3 Learning Medical Term Embeddings

After preprocessing the discharge summaries from MIMIC-III following the procedure

illustrated in Figure 2.4, each medical term in the resulting corpus is linked to its definition

sequence. In this subsection, we describe experimental design that was used to produce

embeddings by definition2vec and the baseline algorithms.

Our first step was to split the set of preprocessed discharge summaries randomly into

training, validation, and test sets. Similar to (Mullenbach et al., 2018), the resulting

training data set contained 47,423 notes from 36,998 patients, test data had 3,372 notes

from 2,755 patients, and validation set had 1,632 notes from 1,374 patients. One patient

can have their discharge notes in only one of the three subsets.

We used the training data set to learn the embeddings of medical terms. In this way,

we learned the embeddings of 46,861 medical terms corresponding to 29,740 medical

concepts. Some statistics about the training data set are listed in Table 2.1. We trained

definition2vec and the baselines on the preprocessed training data to learn medical term
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embeddings. We used Python Gensim implementation of three popular embedding

algorithms as baselines: GloVe 1, skip-gram 2, and fastText 3.

We used the same hyperparameters for all embedding algorithms: word context

neighborhood (or window size) = 5, embedding vector length (or feature size) = 100,

learning rate = 0.01, number of negative samples = 5. Those same parameters had been

used in previous research (Mikolov et al., 2013; Bai et al., 2017). All models were trained

for 10 epochs, which was sufficient for convergence.

Glove, skip-gram, fastText, and definition2vec embeddings are non-contextualized,

meaning that every term has a fixed vector representation. In contrast, recent research

resulted in contextualized embeddings, where vector representation of a given term

depends on the context in which it is mentioned. The most notable representative of

contextualized embeddings is BERT neural network (Devlin et al., 2018), which was

trained on a large corpus of general-purpose text. In particular, given an input text, the

final hidden layer of BERT provides a 768-dimensional embedding for every WordPiece

(Wu et al., 2016) token. Each word can be represented with the embedding of the first

WordPiece token of the word. Such embedding is contextualized. A recent study (Si

et al., 2019) found that the BERT contextualized embeddings can outperform context-

free embeddings from skip-gram, fastText, and GloVe in several downstream tasks.

Thus, in our experiments we compared BERT embeddings with the non-contextualized

embeddings.

To get BERT contextual-embedding of medical terms in a discharge note, we sent the

lowercased note to the BERT model and recorded the embedding of every medical term. If

the discharge note has more than 512 tokens, we first divided it into subsequences shorter

than 512 and concatenated medical term embeddings from all the subsequences.

1 https://radimrehurek.com/gensim/scripts/glove2word2vec.html
2 https://radimrehurek.com/gensim/models/word2vec.html
3 https://radimrehurek.com/gensim/models/fasttext.html
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We performed two types of studies to evaluate the baseline and our proposed term

embeddings, as explained next.

2.4.4 Downstream Evaluation: Predicting ICD-9-CM Diagnosis Codes

Our first evaluation was to use the embeddings in a downstream task of predicting ICD-

9-CM diagnostic codes for a given discharge summary. This is a multi-label classification

where the prediction model provides multiple outputs, one for each ICD-9-CM diagnosis

code. The employed prediction model was Convolutional Attention for Multi-Label

classification (CAML) (Mullenbach et al., 2018), which is a convolutional neural network

(CNN) with the attention mechanism. In CAML, each medical term from the pre-

processed discharge summary is converted to a vector according to its embedding and

provided as an input to the neural network. The output of CAML is a binary vector of

predictions of ICD-9-CM diagnosis codes.

For measuring the accuracy, we use “recall at 8”, micro-averaged (MIC) and macro-

averaged (MAC) F1, and area under the ROC curve (AUC), similar to the previous research

(Mullenbach et al., 2018). Recall at k (k = 8), is the fraction of correctly predicted ICD-

9-CM diagnosis codes among the k most confidently predicted codes. To calculate F1, we

must first calculate recall and precision. Recall is a fraction of true ICD-9-CM diagnosis

codes predicted by CAML. Precision is a fraction of true ICD-9-CM diagnosis codes

among the predicted codes. The F1 score is measured by the harmonic mean of recall

and precision. In MIC calculations, each pair (discharge note, code) is taken as a separate

prediction. Then, all predictions are used to calculate the F1 accuracy. On the other

hand, the MAC values are computed by first calculating F1 on each individual ICD-9-CM

diagnosis code. Then, the code-specific F1 accuracies are averaged to obtain the MAC F1

accuracy (Mullenbach et al., 2018). Compared to MIC F1 accuracy, the MAC F1 accuracy

places a higher emphasis on rare code predictions.
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We used the CAML implementation provided by the authors 4. We used the learned

embeddings of our proposed method and the three non-contextualized baselines as input

for CAML. The embeddings were not modified during CAML training. All trained models

had identical neural network architecture and the default hyperparameters given in the

original paper. Each CAML was trained on all available training data. We checked the

“recall at 8”, accuracy on the validation set after each epoch as stopping criteria. If the

“recall at 8” value did not increase after ten consecutive epochs, we stopped the training.

For definition2vec, we tuned β value by exploring different values i.e. 1, 2, 5, 10, 20, 50,

and 100. Based on the validation data, we obtained the best results for β = 10. The CAML

model had 2,690 outputs with sigmoid neurons, corresponding to all ICD-9-CM diagnosis

codes with frequency ě10 in our training data.

To evaluate the contextualized BERT embeddings, we also used the same CAML

architecture and training procedures. The only difference was the dimensionality of the

embeddings, which was 768 for BERT versus 100 for the non-contextualized embeddings.

The results in Table 2.2 show accuracy measured on test data. It can be observed that

definition2vec is more accurate than the baselines on the F1 MAC measure, while it is

comparable to skip-gram and fastText on other accuracy measures. We note that the F1

MAC accuracy gives a larger weight to rare ICD-9-CM diagnosis codes than the F1 MIC

measure.

The results also show that BERT contextualized embeddings are not better than the

non-contextualized definition2vec embeddings. We think that the main reason is that

BERT was pre-trained on large general-purpose corpus while the definition2vec and the

other baseline methods (i.e., GloVe, skip-gram, and fastText) were trained on a specialized

discharge note corpus.

4 https://github.com/jamesmullenbach/caml-mimic
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Table 2.2: Accuracy of ICD-9-CM diagnosis code prediction using large training data set
(predicting top 2,690 ICD-9-CM diagnosis codes having frequency ě10 in training data)

Model AUC F1
MIC MAC MIC MAC R@8

BERT 0.9580 0.8769 0.4516 0.0932 0.3922
GloVe 0.9703 0.8888 0.4727 0.1126 0.3938
skip-gram 0.9790 0.9316 0.4995 0.1333 0.4147
fastText 0.9794 0.9340 0.4950 0.1372 0.4168
definition2vec 0.9794 0.9350 0.5065 0.1489 0.4173

2.4.5 Downstream Evaluation: Predicting ICD-9-CM Diagnosis Codes using Small
Training Data

In many medical informatics applications, the available corpus is much smaller than the

MIMIC-III data set. Our hypothesis is that definition2vec is very appropriate for small data

scenarios where most of medical terms are not observed often enough to enable baseline

algorithms to learn good embeddings.

We repeated the CAML experiments described in the previous subsection using smaller

training data sets. In particular, we created four training data sets by randomly sampling

1,000, 2,000, 5,000, and 10,000 discharge summaries from the training data. We trained

definition2vec and the baselines (GloVe, skip-gram, fastText) on the small data sets for 40

iterations to learn concept embedding with the same parameters as before (window size =

5, feature size = 100, learning rate = 0.01, and number of negative samples = 5).

After learning the representations of medical terms, we trained a CAML model in the

same manner, using the full training data set. We only predicted ICD-9-CM diagnosis

codes that occurred at least 10 times in the training data set. For each size of training data,

we used validation to determine the best choice for β in definition2vec from among the

following choices; β = 1, 2, 5, 10, 20, 50, and 100. We found β “ 50 gives the best results

for 1,000 and 2,000 data sets, β “ 20 is the best choice for the 5,000 data set, and β “ 10

for the 10,000 data set.

Table 2.3 shows CAML accuracy for each data set. For all four small training data
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sets, definition2vec outperforms the baselines on all metrics. The difference between

definition2vec and the baseline methods is particularly large on the two smallest training

data sets (1,000 and 2,000) and the difference reduces on the two largest training data

sets (5,000 and 10,000). Therefore, Table 2.3 results strongly support our hypothesis that

definition2vec is particularly useful on small corpora.

In addition, we found that larger β in definition2vec were appropriate for smaller

training data sets and vice versa. This result supports our hypothesis that if a term is

rare or unseen in the training corpus, its representation should be heavily influenced by its

definition words.

2.4.6 Semantic Similarity Evaluation: 3 Human Labeled Data Sets

Several studies (De Vine et al., 2014; Wang et al., 2018) used similarity scores between

pairs of medical concepts or terms to evaluate learned embeddings. For the evaluation of

our learned embeddings, we used three different data sets as described below.

Pedersen data set: Pedersen (Pedersen et al., 2007) provides a data set of 30 UMLS

medical term pairs with semantic similarity judgments by 3 physicians and 9 clinical

terminologists.

Pakhomov data set: This data set (Pakhomov et al., 2011) consists of 101 clinical

term pairs whose similarity was determined by 9 medical coders and 3 physicians from

Mayo Clinic.

UMNSRS data set: The UMNSRS data set (Pakhomov et al., 2010) has 566 medical

term pairs. Each medical term pair has a semantic similarity score determined by 8 medical

residents from the University of Minnesota Medical School.

For this experiment, we treated all strings in the three data sets as medical terms and

we matched them with our embeddings. To compare the embeddings, we measured the

cosine similarity between them and calculated the Pearson correlation coefficient between

the cosine similarity scores and the scores by the human experts. Some medical terms
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Table 2.3: Accuracy of ICD-9-CM diagnosis code prediction using small training data sets
(UT: number of unique medical terms, DC: number of ICD-9-CM diagnosis codes, PDC:
number of predicted ICD-9-CM diagnosis codes occurring at least 10 times in training
data, SG: skip-gram, D2V: definition2vec)

1,000 data set
UT: 9,632 DC: 1,351 PDC: 138

Model AUC F1
MIC MAC MIC MAC R@8

GloVe 0.8240 0.6919 0.1546 0.0266 0.3560
BERT 0.8368 0.7212 0.1675 0.0341 0.3588
SG 0.8409 0.7426 0.1440 0.0320 0.3797
fastText 0.8414 0.7720 0.1968 0.0711 0.4001
definition2vec 0.8587 0.7958 0.2583 0.0985 0.4323

2,000 data set
UT: 13,551 DC: 1,932 PDC: 272

Model AUC F1
MIC MAC MIC MAC R@8

GloVe 0.8505 0.7512 0.2175 0.0500 0.3306
BERT 0.8636 0.7731 0.2022 0.0466 0.3431
skip-gram 0.8709 0.7873 0.2050 0.0312 0.3455
fastText 0.8722 0.7929 0.2059 0.0362 0.3539
definition2vec 0.8891 0.8338 0.2915 0.1055 0.3985

5,000 data set
UT: 19,601 DC: 3114 PDC: 500

Model AUC F1
MIC MAC MIC MAC R@8

GloVe 0.9122 0.8386 0.2829 0.0805 0.3997
BERT 0.9198 0.8389 0.3016 0.1013 0.4063
skip-gram 0.9439 0.9002 0.4274 0.2056 0.4621
fastText 0.9468 0.9053 0.4291 0.2081 0.4663
definition2vec 0.9475 0.9066 0.4314 0.2108 0.4696

10,000 data set
UT: 26,738 DC: 4,186 PDC: 1100

Model AUC F1
MIC MAC MIC MAC R@8

GloVe 0.9496 0.8761 0.4257 0.1355 0.4352
BERT 0.9427 0.8743 0.3680 0.0970 0.3827
SG 0.9604 0.9105 0.4539 0.1796 0.4445
fastText 0.9613 0.9128 0.4554 0.1847 0.4472
definition2vec 0.9613 0.9136 0.4564 0.1875 0.4488
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Table 2.4: Pearson correlation coefficient for semantic pair similarity
Data set GloVe skip-gram fastText definition2vec
Pedersen 0.2963 0.4297 0.6256 0.6468
Pakhomov 0.1712 0.5310 0.5732 0.5888
UMNSRS 0.2182 0.6058 0.6188 0.6392

from the three data sets do not exist in the vocabulary of our learned embeddings. Thus,

we used 25, 67, and 306 medical term pairs from the three semantic similarity data sets,

respectively. Since BERT is a contextual embedding model that provides different vectors

for the same term in different contexts, we did not include this model as a baseline for this

experiment. Table 2.4 shows the Pearson correlation coefficients for definition2vec and

baseline methods. The results indicate that definition2vec better reflects the underlying

semantic relationships between the medical terms.

2.4.7 Semantic Similarity Evaluation: UMLS Semantic Types

UMLS semantic network has 127 different semantic types such as “drug”, “virus”,

“disease”, and “procedure”, which categorize medical concepts and reveal the

relationships between them. We labeled each of the embedded medical terms into one

of the 127 classes. Then, we applied a k-means clustering algorithm with k “ 127

on the embeddings learned from the full training data set. We used normalized mutual

information (NMI) to evaluate the purity of the clusters with respect to their semantic

network labels. A high NMI value indicates that the clusters are pure and contain a limited

set of semantic types in each cluster.

Table 2.5 compares the NMI values obtained with four different embedding algorithms.

Clusters obtained with GloVe embeddings have the lowest conformity with semantic

labels. Clusters obtained with definition2vec embeddings show the largest conformity.

The clusters obtained with fastText were similar to definition2vec’s, with slightly less

conformity. The results indicate that definition2vec is successful in keeping similar

medical terms close together in the learned vector space.
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Table 2.5: Cluster NMI value for different models
Model NMI value
GloVe 0.1339
skip-gram 0.2130
fastText 0.2834
definition2vec 0.3054

Table 2.6: Showing top 10 nearest neighbor terms for “heart attack” in definition2vec
and skip-gram

Large data set Small data set
definition2vec skip-gram definition2vec skip-gram
blockage blocked artery myocardial infarctions pain
heart muscle blockage acute mi cough blood
heart attacks heart blockage infarction scheduling
heart blockage heart muscle hemorrhagic stroke aortic aneurysms
blocked heart blocked heart myocarditis abuse substance
heart block diagnosis heart muscles hypertensive crisis providers
block heart blood clots lung myocardial skip
slow heart rate heart function restrictive caregiver
slow heart rate heart function cardiomyopathy caregiver
heart function slow heart rate ischemic change substance abuse

problem
myocardia myocardial ischemia cell phone

infarction mi

2.4.8 Qualitative Evaluation

We learned definition2vec and baseline embeddings on the full training data set (47,423

summaries) and on the smallest training data set (1,000 summaries). Then, we searched

the nearest neighbors in the embedding space for a range of medical terms. For a given

medical term, we found its 10 nearest neighbors based on the cosine similarity between the

embeddings. For example, Table 2.6 shows the nearest neighbor terms of “heart attack”

based on learning from the full and the smallest training data sets. For the full data set, both

definition2vec and skip-gram provide similar results, with “blockage”, “heart muscle”,

“heartblockage”, and “slow heart rate” in the results of both methods. However,

the results based on the smallest training data set are different. definition2vec finds
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Table 2.7: Showing top 10 nearest neighbor terms for “bipolar disorder” in definition2vec
and skip-gram

Large data set Small data set
definition2vec skip-gram definition2vec skip-gram
schizophrenia schizophrenia depression armour
schizoaffective schizoaffective psychosis parkinson
disorder disorder disease
major depression depression asthma sildenafil
paranoid schizophrenia major depression hyperlipidemia addison

disease
bpad bpad neuropathy ckd
psychotic disorder multiple personality diabetic amenorrhea

disorder neuropathy
bipolar affective seizure dyslipidemia renal carcinoma
disorder disorder
mood disorder mood disorder hypertension obesity

hypoventilation
syndrome

bipolar illness pervasive developmental malignant oa
disorder hypertension

bipolar mood disorder paranoid schizophrenia anxiety esophageal
dilatation

“myocardial infarctions”, “acute mi”, “hemorrhagic stroke”, and “hypertensive

crisis”, which are all the concepts related to “heart attack”. On the other hand, skip-

gram finds “pain”, “cough”, “blood”, “scheduling”, “skip”, and “cell phone”, which are

not as closely related to “heart attack”.

Table 2.7 shows another example with the nearest neighbors of “bipolar disorder”.

Similar to the previous example, definition2vec and baseline embeddings result in similar

neighborhoods when trained on the full training data set. For example, the top neighbors

for both methods are “schizophrenia”, “schizoaffetive disorder”, “bpad”, and “mood

disorder”. However, the results obtained by learning on the smallest training data set are

different. definition2vec finds several concepts that are related to the “bipolar disorder”,

such as “depression”, “psychosis” and “hyperlipidemia”, while the nearest neighbors

found by skip-gram are less related, such as “armour”, “parkinson disease”, and “ckd”
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Table 2.8: Showing top 10 nearest neighbor terms for two OOV terms, “nicotine
replacement therapy” and “gastric pains” in definition2vec

nicotine replacement therapy gastric pains
nicotine replacement stomach ache
smoking cessation therapy stomach pain
nicotine patches feeling bloated
nicotine transdermal patch pain esophagus
cessation smoking gastrointestinal pain
nicotine dependence esophageal pain
nicotine addiction abdominal pains
quitting smoking low ache
nicotine lozenges low pains
dependence nicotine gi pain

(abbreviation of “chronic kidney disease”). From these results, we can conclude that

definition2vec provides similar embeddings to skip-gram when both are trained on the

full training data set, while it seems to be superior when the training data set is small.

2.4.9 Qualitative Evaluation: Out-Of-Vocabulary (OOV) Medical Terms

There might be many important medical terms that do not occur in the training data, but

have definitions in UMLS Metathesaurus. Since definition2vec learns word embeddings

through medical term definitions, it can calculate the embeddings of OOV terms by taking

the average of their definition word embeddings. For example, in Table 2.8 we show the

top 10 neighbors of “nicotine replacement therapy” and “gastric pains” which do not occur

in the full training data set. definition2vec properly finds “nicotine replacement”, “smoking

cessation therapy”, “nicotine patches” among the nearest neighbors of the OOV “nicotine

replacement therapy” term. Similarly, it properly identifies neighbors of the OOV term

“gastric pains”. These results show that definition2vec can find the proper embeddings

of OOV medical terms using definition word embeddings. This puts definition2vec at an

advantage over Glove and skip-gram, which cannot provide embeddings for OOV terms. It

also has an advantage over fastText, which relies purely on n-gram embeddings to calculate
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the embeddings of OOV terms.

2.5 Discussion

Often in practice, a document corpus is too small for training language models and is

only useful for learning embeddings of the most common terms. To address this issue,

we extended the skip-gram algorithm to incorporate the definitions of medical terms from

external publicly available resources. In our case, we relied on the UMLS Metathesaurus

as the external source. We note that the proposed definition2vec algorithm allows other

sources of medical term definitions, including web resources such as Wikipedia.

Our experiments show that definition2vec results in better medical term embeddings,

especially when the size of a document corpus is small. This could be particularly useful

in applications (Perotte et al., 2011; Coffman and Wharton, 2007; Crammer et al., 2007)

where it is not feasible to have a large corpus, such as when the corpus is from a specialized

medical practice, is related to the treatment of a rare medical condition, or is written in a

rare language. Definition2vec could also be applicable to non-medical domains such as

the embeddings of legal terms or specialized terms used in various scientific domains.

Recent advances in contextualized embedding represented by neural networks such as

ELMo (Embedding from Language Models) (Peters et al., 1802) and BERT (Bidirectional

Encoder Representations from Transformers) (Devlin et al., 2018) allow embeddings to

depend on the context of each term’s occurrence. Although recent studies (Si et al., 2019;

Chanda, 2021; Deb and Chanda, 2022) found that the BERT contextualized embeddings

can be superior to context-free embeddings from skip-gram, fastText, and GloVe in some

applications, our results indicate that in a small and specialized corpus setting it does

not have to be the case. Another recent paper (Ji et al., 2021) also reported that BERT

embeddings did not improve prediction accuracy on a medical code prediction task.

We believe that this is because BERT is trained on general-purpose corpus that does
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not provide sufficient information to capture useful representations of highly specialized

medical terms.

2.5.1 Limitations

The proposed study has some limitations. For example, there are versions of BERT

specialized for medical text, such as ClinicalBERT (Alsentzer et al., 2019), which was

fine-tuned on all MIMIC-III medical notes. However, ClinicalBERT was not appropriate

for our experiments, because we wanted to compare embeddings that could be learned

on very small subsets of MIMIC-III. Thus, we had to constrain our evaluation to BERT

contextualized embeddings.

Moreover, the presented experiments relied on MetaMap to match the text with

medical concepts. MetaMap does not provide perfect coverage of medical terms, most

often due to spelling mistakes or non-standard jargon or abbreviations. To enable

matching of non-standard term variants, it might be helpful to consider character-level

embedding neural networks trained to reconstruct, or mimic, an embedding from a word-

level embedding model (Ha et al., 2020).

2.6 Conclusions

In this paper (Chanda et al., 2022), we proposed a new algorithm, definition2vec, which

learns medical term embeddings by combining a data set of discharge summaries and

definitions of medical terms. We evaluated the learned embeddings by comparing their

usefulness when predicting medical codes from discharge summaries and how closely

they match semantic similarities between medical terms. Our results indicate that

definition2vec is particularly useful in downstream task when the training data set is small.

Moreover, the medical term definitions are especially beneficial for the embedding of

rarely seen or out-of-vocabulary medical terms. Hence, the proposed method can be useful

for analysis of rare medical conditions and treatments from EHR data.
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CHAPTER 3

DEVELOPING AN INTERACTIVE VISUALIZATION
SYSTEM FOR PATIENT COHORT IDENTIFICATION

FROM MEDICAL CLAIM DATA

3.1 Introduction

Health providers generate medical claims that list patient diagnosis and treatment for each

patient visit for billing purposes (Figure 3.1). A diagnosis or a treatment is typically

represented with one or more medical codes defined by a medical ontology. There are

several standard medical code ontologies that are used for medical claims, such as the

International Classification of Diseases (ICD) and the Current Procedural Terminologies

(CPT) ontologies. Each medical code has its unique ID and a short description (e.g., ICD-

9-CM code 8521 is described as “Local excision of lesion of breast”). Given the wide

range of human diseases and the ways in which they are treated, the number of unique

medical codes is large. For example, there are over 70,000 codes in ICD-10-PCS (the

10th ICD revision) ontology of medical procedures and slightly below 70,000 codes in

ICD-10-CM ontology of medical diagnoses. Thus, it is almost impossible for any human

to comprehend a list of code IDs in a medical claim, and even medical practitioners find it

challenging to understand what happened during a visit simply by reading the definitions
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of medical codes listed in a claim for that visit.

FIGURE 3.1: A sample medical claim data of a hospitalized patient

In addition to billing purposes, the medical claim data have been commonly used in

retrospective studies in medical research to examine a range of questions pertaining to

effectiveness and outcomes of medical treatments, such as in patient phenotyping (Warren

et al., 2002; Halpern et al., 2016b) and in risk and mortality prediction (Yan et al., 2005;

Klabunde et al., 2000; Krumholz et al., 2006; Warren et al., 2016). A critical and time-

consuming step in retrospective studies is cohort identification (Nattinger et al., 2004;

Winkelmayer et al., 2005), which refers to the process of identifying all patients with

a particular property, such as patients receiving a particular type of therapy (Bleicher

et al., 2012; Miller et al., 2009). Cohort identification requires a researcher to specify an

inclusion criterion in a programmatic way that scans the medical claims and accurately

identifies the patients. This task typically boils down to defining a set of codes that

correspond to a particular diagnosis or a procedure. Cohort identification from large-

scale medical claim databases which might consist of hundreds of thousands of patients

and tens of millions of claims is challenging because the number of unique medical codes

is extremely large (tens of thousands) and it is therefore very difficult for any human to

define a query that identifies patients of interest with good coverage (not missing patients

of interest) and precision (not including unrelated patients).

An illustration of difficulties that medical researchers face during cohort identification

is the identification of chemotherapy treatment of cancer patients. Based on inclusion

rules published in (Bleicher et al., 2012), there are 7 distinct CPT codes describing
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“Ductography/galactography” including 19030 (“Injection procedure only for mammary

ductogram or galactogram”), 76086 (Mammary ductogram or galactogram, singleduct,

radiological supervision and interpretation), and 77054 (“Mammary ductogram or

galactogram, multiple ducts, radiological supervision, and interpretation”), but not

including other codes with similar ID such as 76080 (“Radiologic examination, abscess,

fistula or sinus tract study, radiological supervision, and interpretation”). The anecdotal

evidence based on our discussion with multiple research groups involved in retrospective

studies with claims data indicates that cohort identification is the most time-consuming

step that can last for weeks. It typically consists of keyword searches and manual scanning

of medical ontologies coupled with scanning and manual examination of individual claims

from a database of claims using custom-made and ad-hoc database searches. Those efforts

often require teams consisting of physicians who can interpret the claims and programmers

who can assist physicians in searching a database and writing ad-hoc code.

The contribution of our work is visualization software that helps medical researchers

and clinicians define inclusion criteria that identify patients receiving a specific type of a

medical treatment from medical claims data. In particular, we provide a visual interface

that is able to show medical codes that are semantically similar to a query medical code.

For example, if a user enters a single code for chemotherapy, our software is able to show

other codes that either often co-occur with the query code in a claim, indicating synergistic

procedures, or that are mutually exclusive but occur in similar types of claims, indicating

alternative procedures for patient treatment. To obtain information about the relationship

between pairs of codes our software relies on a popular machine learning algorithm for

data embedding called word2vec (Mikolov et al., 2013). Our software is designed to make

it easy for non-technical expert users to explore and select medical codes for inclusion

by benefiting from tabular and scatter plot representations of codes, claims, and patient

timelines.

We make three major contributions in this study. First, we propose two different
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metrics to describe medical code similarity. Second, we derive a design space with

a task-driven approach for medical domain experts to analyze medical code for cohort

identification. Finally, we evaluated our software with help from expert users to quantify

how helpful our interface is during cohort identification.

3.2 Related Work

3.2.1 Medical Event Analysis

In medical and statistical research based on the electronic health records and claims data,

medical events are considered as a sequence of events and visualized and analyzed using

sequence mining approaches to analyze patient health status (Wang et al., 2011; Tao

et al., 2012; Kwon et al., 2016). Peekquence (Kwon et al., 2016) is a visual tool that

mines medical event sequences using a popular sequential pattern mining approach, SPAM

(Ayres et al., 2002) and presents patient event sequence aligned with respect to the mined

pattern. The authors of (Tao et al., 2012) summarize patient timeline through a visual

interface. To understand how the variations in sequences of events can impact medical

outcomes, an exploratory visual system is discussed in (Gotz et al., 2014) for clinical

episode analysis.

Medical claim data relies on tens of thousands of medical codes, where many codes are

used rarely but have significant meaning in describing patient health status and treatment.

For this reason, learning vector representations of medical codes became popular in

healthcare research studies (Choi et al., 2016b; Nguyen et al., 2018; Choi et al., 2016e;

Bai et al., 2018, 2019). For example, the authors of (Choi et al., 2016b) proposed CSM

method that learns ICD code vectors from health records using skip-gram model (Mikolov

et al., 2013) and authors of (Nguyen et al., 2018) used medical code representations to

learn vector representation of a patient. In a recent work (Bai et al., 2019), the authors

modified skip-gram model (Mikolov et al., 2013) to learn different types of medical codes
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(i.e. ICD, CPT) jointly. However, this previous research (Choi et al., 2016b; Nguyen et al.,

2018; Choi et al., 2016e; Bai et al., 2018, 2019) on vector representations of medical codes

did not support human in the loop exploration.

3.2.2 Visualization of Medical Data

Recent research contributed several approaches that aid understanding of patient health

status from health records by visualizing event series in timeline (Zhang et al., 2018; Gotz

et al., 2019; Krause et al., 2015b). Type 1 diabetes treatment was analyzed in (Zhang et al.,

2018), where different temporal event sequences are visualized as time series. Temporal

event visualization of patient health data was also proposed in (Gotz et al., 2019) for

interactive exploration.

Other research groups proposed visual tools to analyze event sequences of multiple

patients to understand medical treatment (Wongsuphasawat et al., 2011; Monroe et al.,

2013; Krause et al., 2015a; Rogers et al., 2019). For example, LifeFlow (Wongsuphasawat

et al., 2011) provides an aggregated view on EHRs to detect patient treatment. EventFlow

(Monroe et al., 2013) is another tool for simplifying patient records and allowing

alignments on arbitrary points in time. Careflow (Perer and Gotz, 2013) aggregates patient

event sequences by common event occurrences to find frequently observed progression

patterns. Medical event embedding is used in Guoet. al. (Guo et al., 2018) for visual

progression analysis by dividing the hospital visit into seven stages. Another research

work (Krause et al., 2015a) discussed patient cohort identification tool that used rule

based query to specify temporal constraints. A user needs domain knowledge to specify

such constraints to identify a cohort. Composer is a visual tool (Rogers et al., 2019)

developed to help orthopedic surgeons dynamically define treatment patterns using clinical

parameters (PROMIS score (Cella et al., 2010)) in patient medical histories to analyze

patient-reported outcomes. However, unlike this paper, previous research focused on

aggregating multiple patient event sequences to visualize commonalities, but did not
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explore inclusion criteria for cohort identification.

3.3 Model Task Abstraction

The research goal of our design study is finding a group of patients who have undergone

the same type of treatment. For this reason, we need to discover a set of medical codes that

are used for a specific kind of treatment. From a large-scale dataset, the task of searching

related medical codes for a treatment is challenging.

To define the similarity of medical codes we rely on word2vec approach (Mikolov

et al., 2013) that represents codes as vectors such that codes that occur in similar

types of medical claims have similar representation (Choi et al., 2016e; Bai et al.,

2018, 2019). We also define similarity using the Pointwise Mutual Information (PMI)

(Turney and Pantel, 2010) that defines codes as similar if they often co-occur in claims.

There is a mathematical relationship between PMI and word2vec similarity measures

(Pennington et al., 2014). Importantly, word2vec is different from PMI because it defines

as similar both the codes that co-occur and codes that are mutually exclusive. Since

both co-occurrence codes and context codes are important to know for patient treatment

identification, we use both metric in our system.

To design a visual system that can help users analyze the relationships between

different medical codes and select appropriate codes identifying the treatment, we

consulted physicians at a partner cancer center during a period of over 2 years and followed

an iterative software process model (Munzner, 2009) that required meeting domain experts

to get their feedback about problem definition and design task analysis. The design tasks

are listed below:

• T1: Allow custom queries on claim data. Real world medical claim data uses

thousands of unique medical codes. To focus on a specific disease or procedure

type, the software should support users to set their customized query and discover
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data about a specific application.

• T2: Interactively and visually explore related codes. To provide an easy and

quick overview about code similarity, the software should show a list of related

codes in visual space.

• T3: Allow users to filter out results by several criteria. The task (T2) would

display different types of metrics to evaluate medical code similarity. However, a

user might only be interested in some specific criteria. The software should provide

different filtering options to the user.

• T4: Visualize the relationship between medical claims. Users should be

interested to know about a claim and its recorded medical codes. The software

should also show claim data in a projected vector space.

• T5: Visually explore patient timelines. To have a detailed view of a patient, the

software should provide a patient timeline to visualize the history of a patient to

users.

• T6: Identify medical codes for inclusion criteria for cohort selection Finally,

the users will be interested to select a code for inclusion based on the analysis and

expert knowledge. The software should allow user to record his final selected codes.

It should also provide an option to show patient cohort size for the selected codes.

3.4 Method Overview

3.4.1 Skip-gram Method

Word2vec Mikolov et al. (2013) has been used in medical informatics to represent medical

words and codes as low dimensional vectors, or embeddings Choi et al. (2016b); Nguyen

et al. (2018); Choi et al. (2016e); Bai et al. (2018, 2019); Chanda et al. (2022). In our
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FIGURE 3.2: Skip-gram model architecture is shown for a claim data [The claim code
description is presented in a box where ICD-9 diagnosis and CPT codes are marked in
black and blue colors, respectively.]

application, Word2vec model (skip-gram variant) treats every claim as a document and

every code in a claim as a word. Let us suppose we have a document of claims where a

claim is a sequence of codes, N = {... ct´2 , ct´1, ct, ct`1, ct`2, ...}. Then, the skip-gram

model scans the code sequence and makes pairs consisting of the scanned code and its

context code and learns the likelihood of observing the context code ci for the scanned

code ct, where context Cct = (ct´2, ct´1, ct`1, ct`2), with context size 2 and ci P Cct . The

log-likelihood of observing ci for ct is defined as

L “
ÿ

ciPCct

log ppci|ctq, (3.1)

where P(ci|ct) is the conditional probability of observing context code ci for the given

scanned word ct. The model is explained in Figure 3.2 with an example claim.

If U is a matrix of the scanned code embeddings and V is the matrix of the context

code embeddings, where U , V P R|Vword|ˆf and f is the embedding dimension, then the

conditional probability is defined using softmax function as

ppci|ctq “
eUct .Vci

ř

cjP|Vcode| e
Uct .Vcj

(3.2)

where Uct and Vci are vectors of codes ct and ci, respectively. A stochastic gradient

algorithm is used to maximize the objective function to learn the scanned and context
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vector representations for all the codes in the dataset (Mikolov et al., 2013). The cosine

distance of the learned vector representation is used as a similarity score between two

codes. The high cosine distance value means two codes are very related and they share

similar context.

3.4.2 PMI Method

Pointwise mutual information (PMI) (Turney and Pantel, 2010) measures the likelihood

that two codes co-occur in the same claim and compares it with how likely are they to

co-occur if they were independent. Let us suppose, ci and cj are two codes in our medical

claim dataset. Then, the PMI between the codes is defined as

PMIpci, cjq “ log
P pci|cjq

P pciq
, (3.3)

where P(ci | cj) is the conditional probability of observing code ci given code cj and P(ci)

is the marginal probability of seeing ci in the whole data. The probabilities are calculated

based on the count of co-occurrence of the codes in dataset. Let us suppose the counts of

code ci and cj in dataset are ni and nj , respectively. The code pair co-occurs in the claims

nij times and the total number of times the two codes co-occur is n. Then, the probabilities

can be calculated as

PMIpci, cjq “ log
P pci|cjq

P pciq
“ log

nij{nj

ni{n
“ log

nij.n

ni.nj

(3.4)

The PMI value is useful to understand code relationships. The high PMI value means that

two codes occur together in a same claim more frequently than we would expect if they

are independent.
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FIGURE 3.3: A screenshot of MedCV with four views: (a) Query view: user writes a
query, such as a patient treatment or a medical code, (b): Table view: shows a ranked
list of related medical codes based on two different metrics, (c) Projection view: displays
medical code relationships in a 2D view responsive to user interaction, (d): Selected code
view: keeps a record of medical codes selected by the user.

3.5 Our Proposed System: MedCV

MedCV is an open source browser-based interactive visualization software for physicians,

medical researchers, and code interpreters that is built with JavaScript and D3.js library

(Bostock et al., 2011). The main interface of our visual system, MedCV, is shown in Figure

3.3 that incorporates A) Query view, B) Table view, C) Projection view, and D) Selected

code view. We also have two other views, E) Claim view and F) Patient view that opens in

a separate window as shown in Figure 3.5. For our software design, we follow the popular

graphical user interface design guideline “Overview first, zoom and filter, then detail-on-

demand” (Shneiderman, 1996). A user will see the first four views at the beginning and

the next two will open based on the user’s demand.

3.5.1 Interface Overview

Query view: To take user’s input query and allow to set different parameters (design

task T1), our system provides the query view, Figure 3.3(a). As a query, a user can type
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a treatment or diagnosis name or a medical code. As discussed before, medical claims

contain both ICD-9 and CPT codes and users have an option to select which types of code

they are interested in exploring. Based on the user’s query, our system provides a set of

codes in both projection view and table list view that are related to the query code based

on the cosine similarity distance.

Projection view: This view visualizes relationships between codes (T2). From the

learned word2vec representations of medical codes (Mikolov et al., 2013), our system

finds the top nearest neighbors of the given query code and provides a 2-dimensional t-SNE

(Maaten and Hinton, 2008) projection of code vectors that allows users to explore the code

relationships. The projection view is shown in Figure 3.3(c). Different colors are used to

group codes based on ICD-9 or CPT code hierarchy. When the mouse hovers over a circle,

concise information with code description, frequency, and PMI value is shown for the

corresponding code. This interface also allows user to filter codes by clicking on the legend

icon (T3). The underlined code in the projection view draws attention to neighboring

codes with low PMI values (ď1) and high word2vec similarity. The underlined codes are

interesting because low PMI indicates that two codes occur in the same types of claims

but do not commonly occur in the same claims.

Table view: The table view is an alternative way to inform users about the word2vec

distance, PMI frequency values, and description of each code (T2). There are three types

of frequency in the table. PF is the number of times a code occurs in patient. CF is the

number of times a code occurs in the claim dataset, while BCF is the number of times

the query code and the code in table row occur in the same claim. The table rows have

exactly the same color as the color of code circled in the projection view. Moreover, the

table view comes with sorting and filter by code options that further help the user with the

design task (T3). Figure 3.4 presents a filter option of the table view.

The table view has a column, “select”, that provides three options to a user, such as

add, do not add, and explore. If the user thinks the code is related to the query code and
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FIGURE 3.4: Showing table panel with code filtering option for “965”.

wants to add it as an inclusion criterion, the “add” is selected. After adding the code, it

will be listed in the selected code view table. If a user thinks code is not related to the

given query, “not add” will be selected, which fades the row in the table view. If “explore”

is selected, a new window opens that allows the user to observe example claims containing

this code.

As a researcher, the user would be interested to know more detail by observing actual

claims. For this purpose, the “explore” option of the “select” column would help user to

see claim view and patient view.

Claim view: The claim view shows fifty randomly selected claims in a t-SNE (Maaten

and Hinton, 2008) projection that contains the code selected in the table view, as shown in

Figure 3.5. We use the vector of primary code in a claim to represent a claim as a vector

for the t-SNE projection. The claim view enables a user to explore the claim distance in

projected space and also to show some real claim data with code descriptions (T4).

In addition, a user would be interested to know about a patient for a specific claim to

gain a better understanding of the claim. Our system also shows a patient timeline view

when a user clicks on a claim circle in the claim view.

Patient view: The patient view presents a complete claim history of a selected patient,

as shown in Figure 3.5. The x-axis shows time and the y-axis shows the primary diagnosis

of a patient. The selected claim is shown in blue color in the figure. An expert user

would focus on this point and look at the past and future claims to understand the health
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FIGURE 3.5: Claim view and patient view: Claim view shows 50 example claims for
recently selected code by a user from table view; Patient view presents timeline for the
selected claim from claim view. Here, user selects claim #48 from claim view and patient
view shows the patient timeline of the selected claim #48 and highlights in blue circle.
The ICD-9 diagnosis and CPT codes are marked with prefix “d ” and “h ”, respectively.

conditions of the patient and better reason about the selected claim (T5).

Selected code view: Whenever a user decides to add a code from the table view as an

inclusion criteria for the given query, the code is listed in this view (T6). After completing

a user study, this list would be the final result for a given query or patient treatment. At

the below of the selected code list view, the total size of patient and claim cohort is also

shown for the selected code.

3.5.2 Interaction and Workflow

A video demonstration of MedCV is available at online 1 and below we present a brief

overview of the workflow of our system.

A user will interact with the above mentioned views to discover inclusion criteria for

a cohort. The workflow of the different views is shown in figure 3.6. A user starts from

the query view and then, she finds related code results in scatter and table views. After

analyzing code results, she can add codes as inclusion criteria in the table view by selecting

“add” option from the “select” button. The selected code will show in the selected code

view. However, if a user is interested to see some example claims for a code, she can go to

claim view from the table by selecting “explore” option, as shown in figure 3.4. From the

1 https://vimeo.com/721257633
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FIGURE 3.6: The workflow of our proposed MedCV software

claim view, the user can also observe the patient view of a selected claim. After examining

the claim and patient view, the user would back on the table view to decide whether she is

interested to add the code or not. Finally, the selected code view shows the final selected

codes for cohort identification.

3.6 Evaluation

To evaluate our system, we performed a user study (Lam et al., 2011) to understand if the

users believe that it helps them to define inclusion rules for cohort identification task and

if they are confident that their rules are good.

3.6.1 Dataset

We used a public synthetic dataset from DE-SynPUF 2 that is provided by Centers for

Medicare and Medicaid Services (CMS). This dataset contains three types of visit data

(inpatient, outpatient and carrier claims) during three years (2008-2010). Although the

dataset is synthetic, previous research indicates that it still captures some important

properties about the actual patient population it has been derived from (Cai et al., 2018;

Paudel et al., 2017). We extracted 66 million daily claims about 1 million synthetic

patients. Each record is a set of ICD-9 and CPT codes. There are a total of 14,838 unique

2 https://www.cms.gov/Research-Statistics-Data-and-Systems/Downloadable-Public-Use-Files/SynPUFs
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ICD-9 diagnosis codes, 7,195 unique ICD-9 procedure codes, and 11,565 unique CPT

codes.

3.6.2 Training and Implementation

We trained word2vec (skip-gram approach) 3 and PMI 4 on this synthetic dataset. We used

all the default parameters for the training (i.e. vector length = 100, learning rate = 0.01,

epoch = 40, and number of negative samples = 5), other than the window size, which is

set to a large number to include all codes in a claim as context. We used MySQL and PHP

in back-end to load the training data. Moreover, JavaScript and D3.js is used for front-end

development.

3.6.3 Baseline

To evaluate the quality of medical code selection, we used gold standard mappings for

procedures related to breast cancer treatments that were manually derived by clinical

researchers (Bleicher et al., 2012). For each of breast cancer treatments, a list of the

corresponding CPT and ICD-9 procedure codes is provided (the detailed code lists are

provided in the Appendix of (Bleicher et al., 2012)).

3.6.4 User study

In our user study, we asked users to identify a breast cancer treatment such as excisional

biopsy, mastectomy, or chemotherapy. Our observations of users had two objectives. One

was to understand how users interact with the software. Another way was to see how

their code selection after only a few minutes of using the software compares to the gold

standard, which took domain experts several weeks to compile through a manual selection

process.

3 https://radimrehurek.com/gensim/models/word2vec.html
4 https://radimrehurek.com/gensim/models/phrases.html
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Participants: We recruited four medical experts (three females, and one male) to

use our software and perform a use case study. Three of them were researchers from a

cancer research center who work in medical data analysis fields and very familiar with

medical codes. We had another experts from a medical hospital who is a physician and

also experienced in patient data analysis. Three of the users have more than 5 years of

expertise with claims data, medical codes, and cohort selection; one user has one year of

experience in these tasks.

Tasks and procedures: We prepared an introductory document and video to explain

the goals and tasks of our software to the users. We encouraged our users to “think-aloud”

during the sessions. We recorded each session for future analysis.

User 1: Our first user was interested in chemotherapy and selected CPT code 96409

(“chemotherapy administration”). She looked at the projection view at first and she easily

identified the highlighted query code and neighbor codes of 96409. She found the mouse

hover option useful to see code description, frequency, and PMI values. She selected the

legend icon to filter out codes with prefix 964 from the projection view (T3). From the

code descriptions and cosine distance values, she decided to add codes with prefix 964

to the selected code list. She used the table view to add codes of the 964 group, such as

96409, 96411, 96413 as shown in Figure 3.3.

Next, she focused on the codes with prefix 965. She used the filter option of the table

view to see only codes that start with 965, as shown in 3.4. She then added 96540 and

96542 to the selected list based on the cosine distance, even though they had low frequency.

However, she was not sure about code 96523 (“irregular drug delivery device”), because

the code description did not seem related to chemotherapy although it had good cosine

distance and PMI values.

In this situation, she was really interested to see some examples of code 96523 in actual

claims (T4). Hence, she clicked the “explore” from the select option of the table view and

opened the claim view, as shown in Figure 3.5. She hovered with the mouse over claim
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circles in claim view to see medical codes listed in it. In addition, she wanted to learn about

the patients who had that claim. Thus, she clicked on a claim, and our system showed the

patient timeline for the selected claim (T5). The Figure 3.5 shows the patient of claim 48.

The mouse hover option also shows claim codes of each visit day in patient timeline. After

observing the patient timeline she focused on claims that had cancer as the main diagnosis

(the “Neoplasms” line in the patient view), and noted that code 96523 did not show up

in almost any of the claims. After analyzing the claim and patient view, our user decided

“not to add” this code in the inclusion criteria. She said this view is really useful to go

in-depth. Next, she also checked other codes, but she did not find anything worth adding

to the inclusion criteria. Finally, she concluded her task by selecting 16 codes as inclusion

criteria for chemotherapy treatment (T6).

User 2: User 2 was interested in finding a cohort for “local excision of breast”

treatment. He entered ICD-9 procedure codes, 8521 for local excision of breast and

selected CPT codes to see related codes of the query code. He observed the software result

and found couples of CPT codes such as 19120, 19295, 19296, 76098, 19290, 38525, and

19316 that are related to the given code.

Then, he sorted the table list based on the PMI values. Then, he noticed that he selected

76098 (“x-ray exam breast specimen”) and 19290 (“place needle wire breast”) CPT codes

before, but the codes had very low PMI values. After checking the PMI values, he changed

his mind and deleted codes 76098 and 19290 from the selected code list. Finally, he

was happy with his 5 selected codes. He said that he felt PMI value is more useful than

cosine distance value in cohort identification because PMI is calculated based on the co-

occurrence of codes.

User 3: Our third user also selected chemotherapy treatments for her user study. She

liked the projection view. She studied not only cosine distance and PMI value but also

code frequencies. After a long observation and careful analysis, she selected a total of 11

codes as inclusion criteria for the cohort identification. She stated that the “select” and
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“filter” options were the most important features of our MedCV system for her.

User 4: Our fourth user started with a different CPT code, 96411 (“chemotherapy IV

push”). She found the third frequency value of the table view interesting since it reveals

the co-occurrence of the query code and the corresponding table row code. Our fourth user

was also not sure about 96521 and 96523. She said these codes are challenging for cohort

identification. She used the claim view and patient timeline to analyze these codes. She

eventually decided not to add any code from the 965 prefix group. She believed the idea

of using underlined text for the code that has low PMI value (ď1), is useful, as shown in

Figure 3.3(c) for code 82378. She finally selected 11 codes for the cohort identification.

3.6.5 Comparing with Gold Standard Data

For the “chemotherapy” treatment, there are 21 codes listed in the gold standard. All four

participants identified at least 10 codes, ranging from 11 to 16. None of the participants

selected a code that was not in the list. This is an impressive result, considering that 4 of

the codes in the gold standard did not occur in more than 10 claims in the dataset.

For the “local excision of breast” treatment, the gold standard included 3 CPT codes.

Our participant found all 3 CPT codes and selected 2 additional codes that were not in

the gold standard. After our consultation with the authors of Bleicher et al. (2012), we

concluded that those 2 additional codes are indeed related to biopsy or excision of breast

(i.e. 19316 “suspension of breast”, 38525 “biopsy/removal lymph nodes”). Thus, we do

not consider the selection to be incorrect.

3.6.6 Expert Interview and Feedback

We also validated the utility of MedCV by recording the subjective feedback of our

expert users. At the end of each user session, we asked a set of structured questions to

understand how users felt about their interaction with MedCV. We asked them whether

the tool allowed them to make reliable judgments about their task. Based on their answers
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and their behavior during the experiment, we group the user feedback into the following

categories:

i) Effectiveness in cohort selection: All of our users thought that MedCV is effective

in finding related codes and displaying code similarity based on different metrics. Showing

examples of claim data and patient timeline also played an important role in effective

decision making. However, our second user believed that there should be subsequent

validation methods using other data, such as demographics and survival, that would further

inform users in code selection.

ii) Human-computer interaction: Our participants appreciated the level of

interaction and flexibility that we allowed them to search codes and analyze their similarity.

Our third participant found that the filter option is really helpful in finding code and saving

time. She commented that “This filter option helps to save time and look over all of the

group codes together very easily”. The users liked the tooltips text on user interaction that

shows additional information of a user action. They said this option helps them to get the

necessary information quickly and easily.

iii) Advantages over the state of the art: Our expert users believe the visual system

has many advantages over the current state of the art. Using this tool, users can easily

avoid the large scale data handling problems. They thought the tool is useful in finding

related medical codes and analyzing them for patient cohort selection. It also presents

patient timeline to understand patient health status and consequences of claim data. Our

fourth user liked the patient view the most and she commented that “I like the timeline

aspect in the patient view the most. It tells me what happened to a patient if he had the

claim or any claims related to the claim”.

iv) Potential for adoption: The users believe the tool has potential for extensions

such that it could be adopted to related tasks. For example, our first participant worked in

cost-effectiveness studies in the medical domain and she believes our software could be

a potentially useful tool in this research field. She said - “it could potentially be useful
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to categorize claims as either attributable or non-attributable to a particular diagnosis for

studying costs of care.” Similarly, our fourth user works on prostate cancer data analysis.

She is also interested to see how our software would work on her research data.

v) Shortcomings: Our expert users also noted some points that they think we should

consider for further improvements. Our second participant observed that there is a learning

curve to become familiar with the software, but once that is reached, it is easy to use. For

this reason, we create an introductory video that explains the functionality of our software

with a sample user study. For our third user, the t-SNE plot was not clear. She could not

understand the code relationships from the plot. Our fourth user told us that the underlined

code text of the projection view for low PMI should be highlighted in a different way, so

that the user would be interested to explore the code. After her comment, we highlight the

underline code text with a blue colored circular border.

In our question set, we asked users to fill out 15-question survey where Q1-Q10 are

objective and Q11-Q15 are subjective questions. The questions are designed to investigate

how our MedCV tool helps from the visualization wise, method wise, and feature wise. In

the question set, users rate different views of MedCV on a scale from 1 to 10. Similarly,

we also requested them to rate our visual tool on different criteria, such as effectiveness,

flexibility, advantages, and future adoption. Figure 3.7 shows the average feedback score

of our expert users on software designs and performance. The result tells us that most

of the users believe table view plays an important role in design tasks, while some of

them found the scatter plot view confusing. At the same time, users were confident about

the effectiveness, advantages, and future adoption of our software. However, we need to

improve the flexibility options, so that expert users can perform exploratory analysis even

more efficiently and with less cognitive load. In future, we will find more expert users as

volunteers for testing our MedCV tool and getting feedback to improve the current version.
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FIGURE 3.7: Expert users feedback on survey questions

3.7 Conclusions

In this paper, we described a visual tool, MedCV that aims to assist researchers and

clinicians to define inclusion criteria for patient cohort identification from medical claim

data. We demonstrated that the visualization of codes, claims, and patient timelines

positively impact the reasoning of domain experts during the cohort identification task.

For the evaluation of our software, we conducted with multiple expert users to perform

user studies and we reported the qualitative results. Future research will consider ways

to enable users to analyze patient demographic information in addition to medical claims.

It will also focus on integrating our software with statistical tools used in retrospective

studies to produce a one-stop resource available to medical researchers working with

medical claims data.
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CHAPTER 4

CONCORDANCE BETWEEN KDIGO DEFINITION OF
ACUTE KIDNEY INJURY AND ITS CODING IN

CLINICAL PRACTICE

4.1 Introduction

Acute kidney injury (AKI) represents a sudden decrease in kidney function characterized

by the accumulation of urea and other waste products, imbalances in extracellular volume

and electrolytes, and reduced urinary output (Palevsky, 2020; Lameire et al., 2021).

Clinical manifestation of AKI spans a continuum of kidney diseases from decreased

glomerular filtration rate and reduced kidney function to complete organ failure (Palevsky,

2020; Levey et al., 2020; Lameire et al., 2021; Kellum et al., 2021). The current clinical

definition of AKI recognizes that smaller reductions in kidney function that do not result

in overt organ failure are of substantial clinical relevance and are associated with increased

morbidity and mortality; thus, the term AKI has largely replaced acute renal/kidney failure

(ARF/AKF) (Palevsky, 2020; J. et al., 2020).

Although the etiology and pathophysiology of AKI vary, the condition occurs

commonly in critically ill hospitalized patients and is associated with increased morbidity,

mortality, and medical costs (Griffin et al., 2020; Hoste et al., 2018; Kellum et al.,
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2021). Traditionally, clinical conditions underlying AKI have been categorized as prerenal

(due to decreased renal perfusion pressure), intrinsic renal (pathology of the kidney

vessels, glomeruli, or tubules-interstitium), or postrenal (obstruction of urinary flow). The

primary cause of AKI in hospitalized patients, accounting for about 45% of AKI cases,

includes acute tubular necrosis (ATN) from ischemia related to sepsis, hypotension, or

exposure to nephrotoxic medication such as antibiotics, imaging contrast, ACEi/ARB, and

non-steroid anti-inflammatory medication (Griffin et al., 2020; Erdbruegger and Okusa,

2018). Prerenal disease due to hypervolemic (heart failure with reduced ejection fraction,

decompensated liver disease, use of medications causing vasoconstriction or affecting

renal flow) or hypovolemic state (acute hemorrhage, diarrhea) accounts for an additional

25% of AKI cases (Erdbruegger and Okusa, 2018). Furthermore, hospitalized patients

often have additional risk factors and comorbidities for AKI, such as older age, male

sex, diabetes, heart failure, and hypoalbuminemia (Hoste et al., 2018). Because both the

presence and severity of AKI are associated with worse outcomes, including increased

mortality, increased length of hospital and ICU stay, a requirement for dialysis, and an

increased risk of subsequent chronic kidney disease, improvements in early detection of

AKI can lead to appropriate management and better patient outcomes.

Early and accurate detection of AKI still presents a diagnostic challenge due to a

variety of clinical presentations and a lack of uniformity in criteria defining AKI. Patients

with AKI may present with typical signs and symptoms of reduced kidney function, such

as edema, hypertension, and/or decreased urinary output. However, some patients with

AKI may lack overt clinical symptoms and a loss of kidney function is detected only

by the laboratory tests (Fatehi and Hsu, 2017). Serum creatinine (SCr) is a biomarker

most commonly used in clinical practice as a surrogate for kidney excretory function

and remains the only lab value used in formal definitions of AKI (Fatehi and Hsu, 2017;

Kellum et al., 2021). Currently, the accepted definition of AKI is based on consensus-

based criteria sequentially developed by the Kidney Disease Improving Global Outcomes
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(KDIGO) initiative (Kellum et al., 2012; Levey et al., 2020; Lameire et al., 2021). Criteria

for AKI include a sudden decrease in glomerular filtration rate manifested by an increase

in serum creatinine or decrease in urine output (oliguria) within 48 hours to 7 days, with

the severity (stage) of AKI determined by the severity of increase in serum creatinine or

oliguria. Specifically, KDIGO guidelines (Kidney Disease: Improving Global Outcomes

Work Group 2012) define AKI as follows

• increase in serum creatinine by ě 0.3 mg/dL within 48 hours, or

• increase in serum creatinine to ě 1.5 times baseline, which is known or presumed

to have occurred within the prior seven days, or

• urine volume ă 0.5 mL/kg/hour for six hours.

Using the same KDIGO criteria AKI is staged as follows

• Stage 1: Increase in serum creatinine to 1.5 to 1.9 times baseline, or increase in

serum creatinine by ě 0.3 mg/dL, or reduction in urine output to ă0.5 mL/kg/hour

for 6 to 12 hours

• Stage 2: Increase in serum creatinine to 2.0 to 2.9 times baseline, or reduction in

urine output to ă 0.5 mL/kg/hour for ě 12 hours

• Stage 3: Increase in serum creatinine to 3.0 times baseline, or increase in serum

creatinine to ě4.0 mg/dL, or reduction in urine output to ă0.3 mL/kg/hour for ě24

hours, or anuria for ě12 hours, or the initiation of kidney replacement therapy, or, in

patients ă 18 years, decrease in estimated glomerular filtration rate (eGFR) to ă35

mL/min/1.73 m

Current KDIGO criteria evolved from previous efforts to define AKI. RIFLE (Risk,

Injury, Failure, Loss, and End Stage Renal Disease) criteria were initially proposed by

the Acute Dialysis Quality Initiative (ADQI) in 2004 and used a 50% increase in serum
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creatinine or 25% decrease in eGFR as a threshold for the lowest severity or “risk”

stage and the increasing stages of disease severity were labeled “injury,” “failure,” “loss,”

and “End Stage Renal Disease” (Bellomo et al., 2004). Between 2005-2007, Acute

Kidney Injury Network (AKIN) Classification System proposed the terminology of AKI

to represent the entire spectrum of acute renal failure, eliminated RIFLE’s Loss and ESRD

stages and eGFR criteria, and given studies showing mortality associated with small

increases in creatinine included absolute increase in serum creatinine of ě 0.3 mg/dl, a

ě 50 % percentage increase in serum creatinine, or a reduction in urine output of less than

0.5 ml/kg/hr as a criteria for Stage 1 AKI (Mehta et al., 2007). Therefore, the current

KDIGO AKI definition built on the AKIN criteria specifying the timing of increase in SCr

of either 0.3 mg/dl within 48 hours or a 50% increase within 7 days.

Harmonized definition of AKI using KDIGO criteria improved epidemiological and

clinical research allowing for consistent definition of population inclusion criteria and/or

endpoints for clinical studies (Palevsky, 2020; Birkelo et al., 2022). The research allowed

for evaluating the burden of disease in the critically ill patients and in the community, risk

factors and outcomes (Hoste et al., 2018). KDIGO has been used in several papers as the

ground truth for AKI (Kate et al., 2016; Li et al., 2018; Sun et al., 2019). Other papers

report on prospective and retrospective studies that indicate that KDIGO can be used as a

predictor of outcomes, including mortality (Bıyık et al., 2016).

However, there are a number of challenges with the KDIGO definition of AKI.

Specifically, KDIGO AKI criteria do not distinguish between the multiple etiologies that

cause AKI (Palevsky, 2020) and using urine output to define or stage AKI is not based on

robust evidence (Palevsky, 2020) and it is impractical to use outside of ICU. Perhaps the

biggest limitation is that the KDIGO formula can be interpreted and/or implemented in

numerous ways (Wiersema et al., 2020). Because kidney function using KDIGO criteria

is assessed based on change in baseline SCr, in patients presenting with AKI who do not

have a baseline measurement of Scr, KDIGO formula cannot be applied (Palevsky, 2020).
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Several workarounds have been proposed to best approximates the true baseline creatinine

value, including using the first presenting SCr measurement (ad-hoc working group of

ERBP: et al., 2012) or an average of creatinine values measured 7 to 365 days prior to

hospitalization (Siew et al., 2012). Beyond clinical practice where access to baseline

SCr is likely impractical, Guthrie et al found that there is wide variation and a lack of

transparency in how KDIGO AKI definition is applied in clinical and epidemiological

research (Guthrie et al., 2021) which reduces the ability to generalize and compare results

across different studies.

Although the KDIGO criteria helped to define the AKI for epidemiological and clinical

research, the adoption of KDIGO criteria for clinical management of patients with AKI

and its utility in clinical practice is debated and not completely understood (Birkelo et al.,

2022). Interestingly, in critical care, renal function is only one of the organs evaluated to

quickly understand a patient’s overall functional status. In that setting, a simple SOFA

score is routinely used to assess the performance of neurologic, blood, liver, kidney, and

blood pressure/hemodynamics to describe a sequence of complications in the critically ill.

Renal component of SOFA score does not use KDIGO AKI criteria and is instead based on

SCr threshold with the lowest score (best functional status) of 1 assigned at SCr threshold

of 1.2-1.9 mg/dL and the highest score of 4 at SCr threshold of ą 5.0 mg/dL. Similarly,

the official diagnosis and procedure codes (ICD-9 and ICD-10) do not recognize AKI.

The codes closest to AKI are a group of codes with prefix 584 in ICD-9 and prefix N17 in

ICD-10 that refer to acute kidney failure.

To gain an insight into the clinical uptake of KDIGO criteria for the diagnosis of AKI,

we study concordance between KDIGO AKI detection and ICD coding of kidney injury

by medical providers. Our retrospective study includes 47,499 ICU admissions between

2008 to 2019 covering 38,676 patients of Beth Israel Deaconess Medical Center (Johnson

et al., 2020). High degree of concordance between KDIGO and ICD coding in MIMIC-

IV admissions would indicate that KDIGO formula matched the clinical understanding of
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AKI/AKF in Beth hospital during the study period. Moreover, since KDIGO was proposed

in 2012, it could be expected that the concordance was higher after 2012.

4.2 Methods

This section describes the cohort for this study and the methods used to analyze the data.

4.2.1 Cohort Selection

Fourth edition of the Medical Information Mart for Intensive Care (MIMIC-IV) is a de-

identified medical data set that contains electronic health records of BIDMC intensive care

unit (ICU) patients between 2008 and 2019 (Johnson et al., 2020). This data set records

various types of patient health information, such as patient demographics, charted events,

lab events, procedures, and ICD-9 or ICD-10 codes. One patient could have a record for

multiple admissions and each admission might contain one or more visits to ICU. There is

a total of 69,619 ICU visits in 64,975 admissions of 50,048 patients. Our cohort included

FIGURE 4.1: Selecting population from MIMIC-IV dataset

adult patients (ageě18) who have at least two serum creatinine (SCr) measurements and at

least one urine output (UO) during the admission, have recorded weight, have exactly one

ICU admission during the admission, and have no record of renal transplant at discharge
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Table 4.1: ICD code description for AKI
ICD-9 Code description
code
584 Acute kidney failure
584.5 Acute kidney failure with lesion of

tubular necrosis
584.6 Acute kidney failure with lesion of

renal cortical necrosis
584.7 Acute kidney failure with lesion of

renal medullary [papillary] necrosis
584.8 Acute kidney failure with other

specified pathological lesion in kidney
584.9 Acute kidney failure, unspecified
ICD-10 Code description
code
N17 Acute kidney failure
N170 Acute kidney failure with lesion of

tubular necrosis
N171 Acute kidney failure with lesion of

renal cortical necrosis
N172 Acute kidney failure with

medullary necrosis
N178 Other acute kidney failure
N179 Acute kidney failure, unspecified

(ICD codes for identifying renal transplant are given in the Appendix). The resulting

cohort (Cohort-1) consists of 47,499 admissions covering 38,676 patients.

UO measurements are unreliable, which makes it difficult to use UO in KDIGO

criteria. There are only 7,949 admissions in Cohort-1 with at least one UO measurement

during each hospitalization day. There are only 2,405 admissions with at least one UO

measurement during each 6-hour time window of the ICU stay. Thus, we decided to create

Cohort-2 from Cohort-1 by retaining only the 38,082 admissions with at least one UO

measurement during each day of ICU stay. Figure 4.1 summarizes the inclusion criteria

for Cohort-1 and Cohort-2. We extracted the following information for each admission:

log of UO and SCr measurements, admission and discharge times and dates, mortality in
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hospital, ICD procedure and diagnosis codes, and ICU type. We note that the exact date of

admission is obfuscated due to de-identification, such that a year of admission is mapped

to a year range (there are four ranges: 2008-2010, 2011-2013, 2014-2016, 2017-2019).

4.2.2 AKI Diagnosis Codes

As explained in the introduction, ICD-9 and ICD-10 diagnosis codes do not contain term

“acute kidney injury.” Terms “acute kidney injury” (or AKI) and “acute kidney failure”

(or AKF) have been used interchangeably in the literature and clinical practice (Palevsky,

2020; J. et al., 2020). Previous research has explicitly used the ICD-9 and ICD-10 codes

for AKF as indication of AKI diagnosis (Keddis et al., 2012; Vlasschaert et al., 2011; Li

et al., 2009; Jamal et al., 2020). Following this previous research, we use codes listed in

Table 4.1 to identify patients diagnosed with AKI. There are 13,176 admissions (27.7%)

in Cohort-1 with AKI diagnosis.

4.2.3 KDIGO Implementation

The Kidney Disease Improving Global Outcomes (KDIGO) (Kellum et al., 2012) uses two

criteria based on increase in SCr and one criterion based on UO. If at least one of the three

criteria is satisfied, KDIGO detects AKI in a patient. As noted in the previous research

(Wiersema et al., 2020), there are multiple ways to implement KDIGO criteria depending

on the definition of SCr baseline and use of UO values. Since MIMIC-IV does not list

any SCr values prior to admission (excluding a small subset of patients with a previous

recorded admission), we had to rely only on SCr values recorded during the admission.

We implemented three versions of KDIGO previously recommended in (Wiersema et al.,

2020):

I1 can be applied on Cohort-1 and Cohort-2 data. It uses the two SCr criteria and

ignores the UO criterion from KDIGO. For every SCr measurement, it compares the

measurement to the previous SCr measurements during the last 48 hours (criterion 1) and
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FIGURE 4.2: Showing confusion matrix for KDIGO and ICD AKI

the last 7 days (criterion 2). It uses the first SCr value in a 7-day window as the baseline

(criterion 2). If there are no SCr measurements during the time window, the criterion

is ignored. If AKI is detected by either criterion for any SCr measurement, the whole

admission is labeled as AKI according to KDIGO.

I2 differs from I1 by the definition of baseline; instead of the first SCr measurement

within a 7-day window it uses the lowest SCr within the window (Coca et al., 2007).

I3 can be applied on Cohort-2. It differs from I1 by including criterion 3 that uses

UO, which was modified as recommended in (Wiersema et al., 2020) to consider 24-hour

window instead of the 6-hour window:

• (criterion 3) Urine volume ă 0.3 ml/kg/h for 24 hours

4.2.4 Concordance Analysis

The main objective of this paper is to study concordance between the hospital-provided

AKI ICD diagnosis (Section 4.2.2) and KDIGO AKI definition (Section 4.2.3). To study

the concordance, we calculate 2 ˆ 2 confusion table illustrated in Figure 4.2, where rows

correspond to KDIGO AKI definition and columns to ICD AKI diagnosis. The four

elements of the confusion table are 1) True Positives (TP): count of admissions where

both KDIGO and ICD recognize AKI, 2) False Positives (FP): count of admissions where

AKI is predicted by KDIGO but AKI ICD is not listed, 3) False Negatives (FN): count

of admissions where AKI is not predicted by KDIGO but AKI ICD is listed, and 4) True
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Negatives (TN): count of admissions where neither KDIGO nor ICD recognize AKI.

We calculate the following concordance measures from the confusion table:

Accuracy “
TP+TN

TP+FP+TN+FN
(4.1)

Precision “
TP

TP+FP
(4.2)

Recall (or TPR) “
TP

TP+FN
(4.3)

F1 “
2 ˆ pP ˆ Rq

pP ` Rq
(4.4)

FPR “
FP

FP+TN
(4.5)

Accuracy is a fraction of admissions where KDIGO and ICD agree. F1 measures a

balance between precision (fraction of KDIGO AKI positive admissions agreed by ICD)

and recall or true positive rate (TPR) (fraction of ICD AKI positive admissions agreed by

KDIGO). False positive rate (FPR) is a fraction of ICD AKI negative admissions agreed

by KDIGO AKI.

4.2.5 Prediction of ICD AKI from SCr

In order to get a better insight into concordance between KDIGO criteria and ICD AKI

coding, we trained several models to predict ICD AKI coding from SCr measurements.

We created the following three variables from the SCr time series:

[KDIGO-I]: Maximum increment of SCr during any 48 hour period. We note that

if KDIGO-I is larger than 0.3 at any point during the hospital visit, KDIGO criterion 1

detects AKI.
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[KDIGO-R]: Maximum SCr increase ratio during any 7 day period. We note that

if KDIGO-R is larger than 1.5 at any point during the hospital visit, KDIGO criterion 2

detects AKI.

[maxSCr]: Maximum SCr during the whole hospital stay.

We used logistic regression (LR) and decision tree (DT) models with different

combinations of the three SCr variables to predict ICD AKI. We randomly divided Corpus-

1 admissions into train, validation, and test sets with 70-15-15 proportion, respectively.

To train DT, we used the post pruning method on the validation data. Other

hyperparameters for LR and DT were the default choices in sklearn Python package 1.

Table 4.2: Concordance between ICD AKI and different implementations of KDIGO.
TP FP FN TN Acc Prec Recall FPR F1

(%)
Population: 47,499

I1 7,397 6,411 5,779 27,912 74.3 0.53 0.56 0.19 0.55
I2 7,589 7,939 5,587 26,384 71.5 0.48 0.57 0.23 0.53

Population: 38,082
I1 6,405 5,676 4,435 21,566 73.4 0.53 0.59 0.21 0.55
I3 7,906 13,106 29,34 14,136 57.8 0.37 0.72 0.48 0.49

4.3 Results

4.3.1 Concordance for Different KDIGO Implementations

The first two rows of Table 4.2 compare KDIGO implementations I1 and I2 on Cohort-

1 data. We can see that implementation I1 results in slightly higher concordance.

Concordance between ICD AKI and KDIGO implementation I1 shows that there are

sizeable FP (6,411) and FN (5,779) disagreements, relatively low accuracy 74.3%, similar

precision (0.53) and recall (0.56), and 0.55 F1.

The last two rows of Table 4.2 compare KDIGO implementations I1 and I3 on Cohort-

2 data. We can see that implementation I1 results in a significantly higher concordance. It
1 https://scikit-learn.org/stable/
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is interesting to observe that implementation I3 (which adds UO-based criterion 3) resulted

in a much higher number of KDIGO AKI positives (7,906+13,106) than implementation

I1 (6,405+5,676). However, most of the KDIGO AKI positives added by I3 were FP (did

not agree with ICD AKI), which resulted in decreased concordance.

Based on the results in Table 4.2, in the rest of the paper, we will use KDIGO

implementation I1 (that uses the first SCr in the 7-day window as the baseline) and will

focus on Cohort-1. I1 implementation of KDIGO detected 13,808 (7,397+6,411) AKI

admissions with prevalence of 29.08% on Cohort-1.

Table 4.3: Statistics of clinical variables and outcomes in different subgroups: average
number of SCr measurements, average SOFA renal score, percent of admissions with
administered vasopressor, average hospital length of stay, average ICU length of stay, and
percent of in-hospital mortality. (Here, vaso. = vasopressor, mort. = mortality, dial. =
dialysis)

Total ICD + ICD - KD + KD - TP FP FN TN
LOS 8.7 11.0 7.8 12.5 7.2 13.9 10.9 7.3 7.1
LOS 3.4 4.4 2.9 5.1 2.7 5.8 4.2 2.6 2.7
ICU
# SCr 10.9 15.9 9.0 17.8 8.1 21.0 14.0 9.6 7.8
SOFA 0.58 1.48 0.22 1.2 0.3 1.76 0.55 1.13 0.15
renal
Dial. (%) 1.5 4.7 0.2 4.3 0.3 7.6 0.6 1.0 0.2
Vaso. (%) 33.1 42.0 29.8 51.3 25.5 51.1 51.6 30.4 24.6
Mort. (%) 8.2 16.7 5.0 16.9 4.6 23.0 10.0 8.6 3.8

4.3.2 Analysis of TP, FP, FN, TP Admissions

This subsection provides analysis of the four concordance groups. From Table 4.3, we

observe that admissions with ICD AKI diagnosis have longer stay in hospital (11.0 versus

7.8 days) and ICU (4.4 versus 2.9 days) with more SCr measurements (15.9 versus 9.0).

They have much higher in-hospital mortality (16.7% versus 5.0%). There is much larger

incidence of dialysis treatment (4.7% versus 0.2%) and slightly larger use of vasopressor

(42.0% versus 29.8%). We report vasopressor use because vasopressor therapy is used for
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AKI but also for heart failure, low blood pressure problems, and sepsis.

Table 4.3 also lists (Sequential Organ Failure Assessment) (SOFA) renal score

calculated from the maximum SCr during the first ICU day as follows:

If max SCr ą 5.0, then score 4,

If 3.5 ă max SCr ď 5.0, then score 3,

If 2.0 ă max SCr ď 3.5, then score 2,

If 1.2 ă max SCr ď 2.0, then score 1,

If max SCr ď 1.2, then score 0.

It can be seen that SOFA renal scores are much higher in ICD positives (1.48 versus

0.22), indicating reduced kidney function upon ICU admission.

Comparison of AKI positive and negative admissions based on KDIGO criteria shows

that positives have much higher in-hospital mortality (17.0% versus 4.9%), longer length

of stay in hospital (12.6 versus 7.1 days) and ICU (12.6 versus 7.1 days), and higher use of

vasopressor (51.3% versus 26.0%). Interestingly, the difference in SOFA renal score is not

as large (1.2 versus 0.4) as between AKI positives and negatives based on ICD diagnosis.

Among the four concordance groups, it is evident that TP admissions had the most

severe cases, with the highest mortality, length of stay, SOFA renal scores, and the highest

incidence of dialysis. FP admissions had slightly higher mortality and LOS but lower

SOFA renal scores than FN admissions. Finally, TN admissions had the lowest mortality

and SOFA renal scores.

Table 4.3 reveals interesting relationship between SOFA renal scores, KDIGO criteria,

and AKI diagnosis by ICD. To gain further insight, Figure 4.3 compares distributions of

first and maximum SCr of each admission in the four concordance subgroups and the

whole Cohort-1. Each boxplot shows minimum (bottom tick), first quartile (bottom of the

box), median (orange line), mean (green dashed line), third quartile (top of the box), and

maximum (top tick).

As expected, the maximum SCr is higher than the first SCr in TP and FP admissions
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FIGURE 4.3: The distribution of first SCr and maxSCr value in different subgroups of
Cohort-1

because the increase in SCr triggers KDIGO criteria. TP admissions had the highest first

SCr (median 1.40 and mean 1.83), and substantially higher maximum SCr (median 2.30

and mean 2.85) than the other three subgroups. Unlike TP, the first SCr for FP admissions

was relatively low (median 0.90 and mean 1.01), with the maximum SCr (median 1.20

and mean 1.39) not substantially higher than the first SCr. In 3,409 of the 6,411 FP

admissions, SCr remained below 1.2 (corresponding to SOFA renal score 0), and in 2,332

FP admissions, maximum SCr was between 1.2 and 2 (corresponding to SOFA renal score

1).

The difference between the first and maximum SCr in TN and FN admissions was

negligible (mean increased from 0.87 to 0.93 in FN and from 1.83 to 1.88 in TN). This

result is expected because KDIGO is not triggered when there is a lack of significant SCr

increase. However, it is important to observe that the first SCr values in TN (mean 1.83)

were substantially higher than the first and maximum SCr values in FP (mean 1.01 and

1.39). In 72.2% of the FN admissions, the first SCr value was also the maximum SCr
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value.

The FN and FP results in Figure 4.3 strongly indicate that the maximum SCr value

during the hospital stay was strongly correlated with AKI diagnosis provided by the

hospital in Cohort-1. The next subsection shows machine learning results aimed at better

understanding the relationship between KDIGO criteria and ICD AKI diagnosis.

Table 4.4: Results of different predictive models for hospital-based AKI diagnosis (cohort-
1: 47,499)

Features TP FP FN TN Acc% Prec Recall FPR F1
I1 - 1,092 947 902 4,184 74.05 0.53 0.55 0.18 0.54
LR maxSCr 1,171 253 823 4,878 84.90 0.82 0.58 0.05 0.68

[1.78]
DT1 maxSCr 1,611 694 383 4,437 84.88 0.69 0.80 0.13 0.74

[1.35]
DT maxSCr 1,487 525 507 4,606 85.52 0.73 0.75 0.10 0.74
DT KDIGO 871 286 1,123 4,845 80.22 0.75 0.43 0.05 0.55

-I,R
DT KDIGO 1,503 514 491 4,617 85.89 0.74 0.75 0.10 0.75

-I,R,
maxSCr

4.3.3 Prediction of Hospital-based AKI Diagnosis from SCr

Table 4.4 compares concordance of several machine learning models with hospital-based

ICD AKI coding. LR refers to logistic regression on maxSCr variable. DT 1 refers to a DT

using maxSCr variable with a single question of type “is maxSCr larger than a threshold?”

Three DT rows refer to DTs grown and pruned with three different combinations of SCr

variables. We note that all the results are calculated on test data, which are 15% of

randomly selected Cohort-1 admissions.

The results show that the three machine learning models trained only with maxSCr

variable achieve much higher concordance than KDIGO criteria. Moreover, DT trained on

KDIGO-I and KDIGO-R variables achieves slightly higher but comparable concordance to

KDIGO. Finally, adding KDIGO-I and KDIGO-R to maxSCr increases DT concordance
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only slightly compared to DT trained only on SCr. There results strongly suggest that SCr

is a superior predictor of hospital-based AKI diagnosis compared to KDIGO criteria.

The number in parenthesis in LR and DT1 models is decision threshold for maxSCr

variable. The threshold for LR was determined as maxSCr value that results in LR output

0.5 (equal probability of positive and negative AKI). The threshold for DT1 is available

explicitly from the first question. If maxSCr is higher than the threshold the machine

learning model is predicting AKI. The result shows that 1.78 threshold results in better F1

score than 1.35 threshold (0.74 versus 0.68) indicating better balance between precision

and recall. Higher threshold results in higher precision but lower recall. We note that

both thresholds are between 1.2 and 2.0, which corresponds to SOFA renal score 1. ROC

FIGURE 4.4: ROC curve for a single feature with (TPR, FPR) points for three decision
tree and three stages of I1 KDIGO implementation. [ROC AUC score are 0.91 and 0.88
for LR with maxSCr during hospital and first day of ICU, respectively]

curve analysis is a useful tool for jointly studying True Positive Rate (TPR) or recall and

False Positive Rate (FPR) of different prediction models. While some models, such as

DT provide a single combination of TPR and FPR values, other models provide different

combinations depending on threshold. In particular, the orange line in Figure 4.4 shows
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how TPR and FPR change as maxSCr threshold is increased from a very small to a very

large value. This particular plot is called the ROC curve. The green line shows the ROC

curve for SCr1 (referring to SCr diring first ICU day). The dotted blue line represents the

ROC curve of a random classifier. A good model should have an ROC curve that is higher

than the blue line and is as close to TPR = 1 and FPR = 0. In addition to ROC curves,

Figure 4.4 also contains TPR and FPR combinations for KDIGO and three DT models.

We can observe that maxSCr ROC curve is superior to SCr1 curve. KDIGO is

significantly below the orange ROC curve, which again indicates its lower concordance

with hospital-based AKI diagnosis. DTs that use maxSCr variables lie almost exactly on

the orange ROC curve, while DT that uses KDIGO variables is below it.

4.3.4 Does Concordance Differ Based on ICU Type?

Six types of ICUs cover more than 95% of all MIMIC-IV ICU admissions: MICU

(Medical ICU), CVICU (Cardiac Vascular ICU), MISICU (Medical/Surgical ICU), SICU

(Surgical Intensive Care Unit), TSICU (Trauma Surgical Intensive Care Unit), and CCU

(Coronary Care Unit). Table 4.5 and 4.6 summarizes concordances of different models on

test data from Cohort-1 for each of those six types of ICU.

The results show that for all 6 types of ICU, KDIGO concordance is always

significantly lower than for maxSCr variable. Looking at the F1 scores, KDIGO had the

smallest concordance on CVICU (0.42) and TSICU (0.46) and the highest concordance

on CCU (0.63). DT1 achieved the highest F1 concordance on MICU (0.81) and MISICU

(0.80).

4.3.5 Does Concordance Change Over Time?

Table 4.7 shows the concordance between the KDIGO definition and hospital-based AKI

diagnosis over time, calculated for four different year ranges. It can be seen that accuracy

and F1 score improved over time, from 0.53 during 2008-2010 to 0.62 during 2017-2019.
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Table 4.5: Results of different predictive models on ICU unit types (MICU, CVICU,
MISICU)

Method Features TP FP FN TN Acc Prec Rec FPR F1
MICU
(10,008)

KDIGO - 270 135 330 767 69.0% 0.66 0.45 0.14 0.53
LR maxSCr 417 79 183 823 82.5% 0.84 0.69 0.08 0.76

[1.4]
DT1 maxSCr 496 122 104 780 84.9% 0.80 0.82 0.13 0.81

[1.25]
DT maxSCr 493 122 107 780 84.7% 0.80 0.82 0.13 0.81
DT KDIGO 290 105 310 797 72.3% 0.73 0.48 0.11 0.58

-I, R
DT KDIGO 486 108 114 794 85.2% 0.81 0.80 0.12 0.81

-I, R, max
CVICU
(8,356)

KDIGO - 145 357 33 719 68.9% 0.28 0.81 0.33 0.42
LR maxSCr 81 29 97 1047 89.9% 0.73 0.45 0.02 0.56

[2.13]
DT1 maxSCr 122 56 56 1020 91.0% 0.68 0.68 0.05 0.68

[1.75]
DT maxSCr 93 38 85 1038 90.1% 0.70 0.52 0.03 0.60
DT KDIGO 83 42 95 1034 89.0% 0.66 0.46 0.03 0.54

-I, R
DT KDIGO 93 38 85 1038 90.1% 0.70 0.52 0.03 0.60

-I, R, max
MISICU
(8,151)

KDIGO - 244 105 269 605 69.4% 0.69 0.47 0.14 0.56
LR maxSCr 341 54 172 656 81.5% 0.86 0.66 0.07 0.75

[1.45]
DT1 maxSCr 398 82 115 628 83.8% 0.82 0.77 0.11 0.80

[1.25]
DT maxSCr 398 82 115 628 83.8% 0.82 0.77 0.11 0.80
DT KDIGO 227 64 286 646 71.38% 0.78 0.44 0.09 0.56

-I, R
DT KDIGO 398 82 115 628 83.8% 0.82 0.77 0.11 0.80

-I, R, max
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Table 4.6: Results of different predictive models on ICU unit types (SICU, TSICU, CCU)
Method Features TP FP FN TN Acc Prec Rec FPR F1

SICU
(7,200)

KDIGO - 131 127 82 740 80.6% 0.50 0.51 0.15 0.55
LR maxSCr 104 32 109 835 86.9% 0.76 0.48 0.03 0.59

[1.96]
DT1 maxSCr 157 75 56 792 87.8% 0.67 0.73 0.08 0.70

[1.45]
DT maxSCr 110 35 103 832 87.2% 0.75 0.51 0.04 0.61
DT KDIGO-I, R 76 35 137 832 84.0% 0.68 0.35 0.04 0.46
DT KDIGO 119 43 94 824 87.3% 0.73 0.55 0.04 0.63

-I, R, max
TSICU
(5,530)

KDIGO - 99 150 80 777 79.2% 0.39 0.55 0.16 0.46
LR maxSCr 95 29 84 898 89.7% 0.76 0.53 0.03 0.62

[1.88]
DT1 maxSCr 143 109 36 818 86.8% 0.56 0.79 0.11 0.66

[1.35]
DT maxSCr 88 25 91 902 89.5% 0.77 0.49 0.02 0.60
DT KDIGO-I, R 63 33 116 894 86.5% 0.65 0.35 0.03 0.45
DT KDIGO 88 25 91 902 89.5% 0.77 0.49 0.02 0.60

-I, R, max
CCU
(5,522)

KDIGO - 260 150 143 552 73.4% 0.63 0.64 0.21 0.63
LR maxSCr 257 63 146 639 81.0% 0.80 0.63 0.08 0.71

[1.85]
DT1 maxSCr 335 116 68 586 83.3% 0.74 0.83 0.16 0.78

[1.45]
DT maxSCr 335 116 68 586 83.3% 0.74 0.83 0.16 0.78
DT KDIGO-I, R 220 64 183 638 77.4% 0.77 0.54 0.09 0.64
DT KDIGO 335 116 68 586 83.3% 0.74 0.83 0.16 0.78

-I, R, max

Although this might be an indication that KDIGO definition started to be noticed in clinical

practice, the machine learning model results paints a different picture.

Table 4.8 shows concordances for three types of DT models, where a separate DT
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Table 4.7: Concordance between ICD AKI and KDIGO AKI (I1 implementation) over the
years

Year # Adm. # ICD TP FP FN TN Acc F1
AKI (%)

2008-10 14,207 4,497 2,330 1,897 2,167 7,813 71.3 0.53
2011-13 13,184 3,414 1,859 1,873 1,555 7,897 74.0 0.52
2014-16 12,268 3,115 1,806 1,697 1,309 7456 75.5 0.55
2017-19 7,840 2,150 1,402 944 748 4,746 78.4 0.62
Total 47,499 13,176 7,397 6,411 5,779 27,912 74.0 0.55

Table 4.8: Results of DT in different year ranges of MIMIC-IV database
KDIGO Year Adm. AKI maxSCr KDIGO-I,R KDIGO-I,
Period R, maxSCr

Acc. F1 Acc. F1 Acc. F1
(%) (%) (%)

Before 2008-10 14,207 4,497 83.86 0.75 76.78 0.54 83.4 0.74
During 2011-13 13,184 3,414 86.55 0.74 80.03 0.51 86.65 0.73
After 2014-16 12,268 3,115 87.83 0.73 82.18 0.52 87.56 0.73
After 2017-19 7,840 2,150 88.35 0.80 81.55 0.62 88.35 0.80

model was trained on admissions from each year range. The table shows the change

in concordance of three DT models over time. F1 concordance of DT using KDIGO

variables increases from 0.54 during 2008-2010 to 0.62 during 2017-2019. This increase

in concordance is almost identical to KDIGO definition. However, F1 concordance of DT

using maxSCr variable increased from 0.75 during 2008-2010 to 0.80 during 2017-2019.

Moreover, addition of KDIGO variables to maxSCr did not result in increased concordance

of DT model in any of the four year ranges. If KDIGO definition had increased recognition

in clinical practice, we would expect the KDIGO variables to be increasingly helpful in

improving concordance compared to DT that only uses maxSCr variable.

4.4 Conclusions

In this study, we analyzed the concordance between KDIGO definition of AKI and its

coding clinical practice of a large hospital system in Boston covering the period from
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2008 to 2019. Our results show that the concordance is relatively low and that it is possible

to train a machine learning model with a significantly higher concordance than KDIGO

definition. That machine learning formula and our analysis of false positives and negatives

reveals that it is more likely that AKI is recognized in clinical practice when the SCr is

higher than a threshold rather than when the large change in SCr occurs. We believe that

our study will improve the understanding of the differences between KDIGO definition of

AKI and its coding in the scientific community and clinical practice.

4.5 Additional Results

We ran some additional experiments to our study on concordance between KDIGO

definition on acute kidney injury (AKI) and its coding (Chapter 4). For example, we

ran one experiment where we used the maxSCr during the first day of ICU as feature in

different models and we have a population of 46,869 admissions with that. The results are

given in Table 4.9. We find the threshold of LR and DT1 is 1.56 and 1.25, respectively,

which is close to SOFA renal score 1.

We also used the SOFA renal as a predictive formula where a patient is denoted as

AKI if the maxSCr value satisfies the SOFA renal condition. We consider four predictive

formula for the four SOFA condition scuh as SOFA1, SOFA2, SOFA3, SOFA4, and the

results are shown in Table for 4.9. The SOFA1 has 83% accuracy and 0.71 F1 score which

is comparable to the LR where the trained model’s threshold was 1.56. We also report the

lab values and outcomes for the six ICU unit types in the last six columns of Table 4.10.

We observe that 70.3% patients of the CVICU had vasopressor therapy. The CVICU unit

also has a shorter ICU stay and smaller mortality rate than the other ICU units.

We used a list of medical codes for renal transplant patient detection (Schroeder et al.,

2014; Tschida et al., 2013), as shown in Table 4.11.
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Table 4.9: Results of different predictive models for hospital-based AKI diagnosis (Here,
cohort: 46,869, FT: features, MSCr = maxSCr)

Method FT TP FP FN TN Acc Prec Rec FPR F1
LR MSCr 1,018 261 900 4,852 83.4% 0.79 0.53 0.05 0.63

[1.56]
DT1 MSCr 1,392 570 526 4,543 84.4% 0.70 0.72 0.11 0.71

[1.25]
DT MSCr 1,255 441 663 4,672 84.3% 0.74 0.65 0.08 0.69
SOFA1 MSCr 1,517 793 401 4,320 83.0% 0.65 0.79 0.15 0.71

ě 1.2
SOFA2 MSCr 681 119 1,237 4,994 80.7% 0.85 0.35 0.02 0.50

ě 2
SOFA3 MSCr 180 20 1,738 5,093 75.0% 0.90 0.09 0.003 0.16

ě 3.5
SOFA4 MSCr 54 9 1,864 5,104 73.3% 0.85 0.02 0.001 0.05

ě 5

Table 4.10: Statistic of clinical variables and outcomes in different ICU units
Variables Total MICU CVIU MSIU SIU TSICU CCU

(47,499) (10,008) (8,356) (8,151) (7,200) (5,530) (5,522)
LOS 8.7 8.2 8.2 9.3 9.4 10.0 7.3
LOS ICU 3.4 3.2 2.8 3.0 3.7 3.9 3.2
# SCr 10.9 11.21 10.36 11.69 10.99 11.27 10.9
SOFA renal 0.58 0.76 0.48 0.68 0.43 0.41 0.84
Dialysis 1.5% 2.5% 1.1% 1.3% 1.3% 1.2% 1.9%
Vasopressor 33.1% 27.5% 70.3% 24.2% 21.8% 28.6% 31.3%
Mortality 8.2% 10.7% 2.2% 11.0% 8.3% 7.9% 9.9%
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Table 4.11: ICD code description for renal transplant
ICD-9 Code description
code
55.6 Ulcerative enterocolitis.
55.61 Renal Autotransplantation
55.69 Ulcerative colitis, unspecified
99681 Complications of transplanted kidney
V420 Kidney replaced by transplant
00.91 Transplant from live related donor
00.92 Transplant from live non-related donor
00.93 Transplant from cadaver convert
CPT Code description
code
50380 Under Renal Transplantation Procedures
50365 Renal allotransplantation

implantation of graft;
with recipient nephrectomy.

50360 Renal allotransplantation
implantation of graft;
excluding donor and
recipient nephrectomy.
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