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Abstract

Healthcare analytics is a branch of data science that examines underlying patterns

in healthcare data in order to identify ways in which clinical care can be improved

– in terms of patient care, cost optimization, and hospital management. Towards

this end, Clinical Decision Support Systems (CDSS) have received extensive re-

search attention over the years. CDSS are intended to influence clinical decision

making during patient care. CDSS can be defined as “a link between health obser-

vations and health-related knowledge that influences treatment choices by clinicians

for improved healthcare delivery”.A CDSS is intended to aid physicians and other

health care professionals with clinical decision-making tasks based on automated

analysis of patient data and other sources of information. CDSS is an evolving

system with the potential for wide applicability to improve patient outcomes and

healthcare resource utilization. Recent breakthroughs in healthcare analytics have

seen an emerging trend in the application of artificial intelligence approaches to

assist essential applications such as disease prediction, disease code assignment,

disease phenotyping, and disease-related lesion segmentation. Despite the signifi-

cant benefits offered by CDSSs, there are several issues that need to be overcome

to achieve their full potential. There is substantial scope for improvement in terms

of patient data modelling methodologies and prediction models, particularly for

unstructured clinical data.

This thesis discusses several approaches for developing decision support sys-

tems towards patient-centric predictive analytics on large multimodal healthcare

data. Clinical data in the form of unstructured text, which is rich in patient-

specific information sources, has largely remained unexplored and could be poten-

tially used to facilitate effective CDSS development. Effective code assignment for

patient clinical records in a hospital plays a significant role in the process of stan-

dardizing medical records, mainly for streamlining clinical care delivery, billing,

and managing insurance claims. The current practice employed is manual cod-

ing, usually carried out by trained medical coders, making the process subjective,

error-prone, inexact, and time-consuming. To alleviate this cost-intensive pro-
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cess, intelligent coding systems built on patients’ unstructured electronic medical

records (EMR) are critical. Towards this, various deep learning models have been

proposed for improving the diagnostic coding system performance that makes use

of patient clinical reports and discharge summaries. The approach involved multi

channel convolution networks and label attention transformer architectures for au-

tomatic assignment of diagnostic codes. The label attention mechanism enabled

the direct extraction of textual evidence in medical documents that mapped to

the diagnostic codes.

Medical imaging data like ultrasound, magnetic resonance imaging, computed

tomography, positron emission tomography, X-ray, retinal photography, slit lamp

microscopy, etc., play an important role in the early detection, diagnosis, and

treatment of diseases. Presently, most imaging modalities are manually inter-

preted by expert clinicians for disease diagnosis. With the exponential increase

in the volume of chronic patients, this process of manual inspection and interpre-

tation increases the cognitive and diagnostic burden on healthcare professionals.

Recently, machine learning and deep learning techniques have been utilized for

designing computer based analysis systems for medical images. Ophthalmology,

pathology, radiology, and oncology are a few fields where deep learning techniques

have been successfully leveraged for interpreting imaging data. Ophthalmology

was the first field to be revolutionized and most explored in health care. To-

wards this, various deep learning models have been proposed for improving the

performance of ocular disease detection systems that make use of fundoscopy and

slit-lamp microscopy imaging data.

Patient data is recorded in multiple formats, including unstructured clinical

notes, structured EHRs, and diagnostic images, resulting in multimodal data that

together accounts for patients’ demographic information, past histories of illness

and medical procedures performed, diseases diagnosed, etc. Most existing works

limit their models to a single modality of data, like structured textual, unstruc-

tured textual, or imaging medical data, and very few works have utilized multi-

modal medical data. To address this, various deep learning models were designed

that can learn disease representations from multimodal patient data for early dis-

ease prediction. Scalability is ensured by incorporating content based learning

models for automatically generating diagnosis reports of identified lung diseases,

reducing radiologists’ cognitive burden.

KEYWORDS: Clinical Decision Support Systems, Natural Language Pro-

cessing, Computer Vision,Machine Learning, Healthcare Informatics.
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Introduction and Background





Chapter 1

Introduction

Decision support is a crucial requirement in modern healthcare delivery systems.

Through the analysis of a huge amount of patient data, the process enables the

generation of solutions or usable insights that can be used to improve patient

outcomes and healthcare process management. This process empowers clinicians,

patients, staff, and other individuals with knowledge and individual-specific infor-

mation at the right time to improve patient outcomes and healthcare processes. A

clinical decision support system (CDSS) is a computer system designed to assist

physicians in making clinical decisions during patient care (Berner, 2010). CDSS

can be defined as “a link between health observations and health-related knowledge

that influences treatment choices by clinicians, for improved healthcare delivery”.

CDSS is an automated system that assists doctors in making clinical decisions and

managing data, for a variety of purposes, like care quality improvement, diagnos-

tic error prevention, adverse event prediction, similarity based outcome prediction,

and so on.

Four key functions of electronic CDSS as defined by Perreault & Metzger (Per-

reault and Metzger, 1999) are listed below:

1. Administrative: CDSS can assist in tasks such as documentation, autho-

rization of procedures, procedure and test ordering, clinical and diagnostic

coding, and patient triage. CDSS may recommend a more refined selection

of diagnostic codes to assist clinicians in picking the most appropriate ones

(Mullenbach et al., 2018). A CDSS could be developed to solve inaccuracies

in ICD coding1. ICD is a medical coding taxonomy that is widely employed

to describe patients’ procedures and diagnostic conditions. CDSS could as-

sist stakeholders in quickly locating diagnostic codes, which is an essential

1International Statistical Classification of Diseases and Related Health Problems, online
https://www.who.int/standards/classifications/classification-of-diseases

1

https://www.who.int/standards/classifications/classification-of-diseases
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requirement for epidemiology, billing, and managing insurance claims.

2. Managing clinical complexity and details: CDSS could perform tasks such

as keeping patients on prescribed protocols, tracking orders (Agarwal et al.,

2018), referrals, follow-up, and preventive care (Njie et al., 2015). CDSS

has been found to improve adherence to clinical guidelines (Kwok et al.,

2009). This is significant since execution of standard clinical guidelines and

treatment pathways in practice is difficult due to poor clinician adherence

(Davis and Taylor-Vaisey, 1997; Cabana et al., 1999). It is quite difficult

for practitioners to study, comprehend, and implement new regulations in a

timely manner. However, the rules may be encoded literally in the CDSS.

Such CDSS may take several forms, including standardised order sets for a

targeted case, alerts to a specific procedure for the required patients, and

testing reminders. Additionally, CDSS may aid with patient management for

research/treatment protocols, monitoring and order placing, referral follow-

up, and assuring preventive care. CDSS may also alert doctors to contact

patients who have not adhered to care regimens or are due for follow-up, as

well as assist in identifying patients who meet certain criteria for research

study.

3. Cost control: CDSS is cost-effective for health systems by monitoring drug

prescriptions (Marcilly et al., 2011), clinical interventions (Calloway et al.,

2013), and preventing duplicate or unnecessary testing (Procop et al., 2015).

CDSS can also lower the cost of healthcare delivery by optimizing in-patient

length-of-stay (Dimagno et al., 2014), avoiding unplanned re-admissions

(Cox et al., 2016), suggesting low-cost medication alternatives (McMullin

et al., 2004; Kuperman et al., 2007). Additionally, CDSS may shorten the

time required to complete diagnostic procedures while also lowering such

procedures’ cost (Algaze et al., 2016). The CDSS could switch drug consul-

tations automatically and without errors, hence boosting providers’ safety,

decreasing effort, and lowering costs (Pruszydlo et al., 2012).

4. Decision support: CDSSs facilitate clinical diagnosis and treatment plan-

ning processes. They promote best practices, disease-specific guidelines, and

population health management. This is especially advantageous in locations

with a scarcity of established clinical professionals and a requirement for

systems that augment specialised diagnosis. Given the known prevalence of

diagnostic mistakes, especially in primary care (Singh et al., 2014), there is a
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lot of scope for CDSS to improve diagnostic decisions. By assisting in the se-

lection of the most suitable tests, an interventional CDSS for image ordering

can significantly reduce medical imaging utilization (Georgiou et al., 2011;

Blackmore et al., 2011). Several CDSS have shown diagnostic performance

comparable to that of human experts. CDSS can enable doctors to quickly

determine whether previously authorised treatment options are feasible for

a new patient, assisting in therapy selection (Valdes et al., 2017; McNutt

et al., 2018). CDSS can assist in population health monitoring (Amirfar

et al., 2011) by combining technologies for extracting latent patterns and

providing potentially actionable insights that can be used to help regulate a

population’s health and also influence public health policy.

CDSS have been classified and subdivided into a variety of categories, based

on factors such as intervention time and delivery mode. Regardless, CDSS can be

commonly classified as knowledge based systems or non-knowledge based systems

(Berner, 2010). Knowledge based systems try to emulate an expert clinician/hu-

man’s thinking using a set of if-then-else rules. Rules may be developed based on

literature, practice, or patient-directed evidence. For example, a clinician might

have suggested drug Y when a particular drug X is prescribed, based on a set of

rules that were previously provided. Non-knowledge based systems are built using

statistical pattern recognition, artificial intelligence based approaches (machine

learning, deep learning) that extract the knowledge (recognizes the pattern) from

electronic health records (EHR) during the training phase and automatically make

decisions during the inference phase, thus eliminating the need for and dependency

on predefined and complicated rules.

As the availability of EHR data abounds, CDSSs have been increasingly inte-

grated into the modern healthcare system’s workflow, allowing healthcare stake-

holders to efficiently receive and act on system-generated recommendations. EHRs

are seen as a significant step in streamlining the storage, management, and trans-

mission of patient data in hospitals. The EHR comprises vital multimodal patient

information such as medical history, diagnosis, prescriptions, treatment plans,

vaccination dates, allergies, imaging, and laboratory test results. EHRs can be

structured or unstructured with respect to the nature of the data. A structured

EHR contains patient data in a predefined, consistent format, typically in the form

of rows and columns (e.g., relational data or csv files), with keywords identifying

and evaluating data values. The structured EHR includes numerical factors such

as age, gender, height, weight, and the results of laboratory tests. In contrast, un-
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structured patient data lacks discrete organization; free-form files, textual clinical

notes, discharge summaries, scanned documents, and medical images are the most

common types of unstructured data accessible in hospital settings. Around 80%

of healthcare data remains unstructured and untapped after it is created, mainly

due to the challenges of modelling the abundant latent knowledge available. Given

the ever-increasing patient population every day, manual storage, search, retrieval,

and analysis are highly cost-intensive, often inexact, time-consuming, and error-

prone. It is crucial to develop intelligent CDSSs that could leverage the valuable

information contained in unstructured healthcare data. This thesis, in general,

focuses on the design and development of non-knowledge based CDSSs using mul-

timodal unstructured healthcare data with an emphasis on administrative and

decision support tasks.

1.1 Unstructured Multimodal Medical Data

Most healthcare data, whether generated by machines or humans, is unstructured

in nature. Machine-generated data includes biosignal data from patient moni-

tors in operating rooms and critical care units as well as information gathered by

numerous medical imaging equipment. Additionally, wearable health monitoring

gadgets create a wealth of data. Human-generated data comprises recordings of

interactions between patients and healthcare practitioners, either in text, audio, or

video formats. Free text clinical notes recorded by doctors and nurses while moni-

toring the condition of patients, as well as discharge summaries, are also examples

of human-generated unstructured data. Unstructured data may be represented

in a variety of ways and stored/recorded in myriad formats necessitating human

analysis and processing by healthcare experts. The enormous volume of gener-

ated textual data every day in hospitals are manually analyzed for making clinical

decisions and plan the treatment, epidemiology, billing, and managing hospital re-

sources. Given the breadth and volume of available healthcare unstructured data,

current data management approaches will no longer sufficient and will pose a slew

of challenges. Some of them are discussed in detail next.

1.1.1 Text Interpretation

Clinical text data include significant medical jargon, abbreviations and misspelt

words. Currently, most such textual observations are manually reviewed by trained

experts and healthcare professionals to make clinical decisions. Few sample medi-
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cal notes from MIMIC-III (Medical Information Mart for Intensive Care) database

(Johnson et al., 2016), comprising over 40, 000 patients’ data, are listed in Table

1.1. As can be seen, each note is long (dots are used to clip many sentences from the

original text), often contains spelling mistakes, and contains lot of medical jargon

to indicate procedures and terminology that medical professionals use. Consider

the diagnostic or procedural code assignment task that is mainly used for billing,

and managing insurance claims. Based on clinicians’ free-text notes and other

patient records such as discharge summaries, doctors’ notes, nursing notes, and

other relevant sources, trained professional medical coders employed by the Med-

ical Records Department(MRD) in hospitals, transcribe patient records into a set

of appropriate medical diagnostic codes (from a potentially large number of choices

of over 15, 000 codes). These medical coders utilize their medical domain expertise

along with a plethora of coding rules and terminologies to facilitate mapping of

a patient record to many diagnostic codes (one-to-many). Manual assignment of

such codes is often subjective, error-prone, inexact, and time-consuming.

Table 1.1: Types of unstructured medical notes - samples.

Note category Text

Radiology

(CHEST

PORTABLE

AP)

CLINICAL INDICATION: Central venous catheter placement. Com-

parison is made to previous study of one day earlier. There has been

interval placement of a left subclavian central venous catheter which

terminates at the junction of the left brachiocephalic vein and superior

vena cava. No pneumothorax is identified. The cardiac silhouette re-

mains enlarged. There are bilateral pleural effusions and adjacent areas

of increased lung opacification as well as lower lobes. . . . IMPRESSION:

Central venous catheter terminates at confluence of left brachiocephalic

vein and superior vena cava. No pneumothorax . . . .

Nursing progress

note

Sinus tachycardia Short PR interval Possible anterior infarct - age unde-

termined Left atrial abnormality Inferior T wave changes are borderline

Repolarization changes may be partly due to rate Low QRS voltages

in limb leads Since previous tracing of [**2103-7-27**], no significant

change

continued . . .



6 Chapter 1. Introduction

. . . continued

Note category Text

Radiology

(CHEST

PORTABLE

AP)

Cancer (Malignant Neoplasm), Hepatic (Liver) Assessment: Patient is

more lethargic yesterday & today than he was on . . . . Action: He was

made DNR/CMO tonight, per agreement of family. Response: Plan:

Acute coronary syndrome (ACS, unstable angina, coronary ischemia)

Assessment: Patient had acute SOB, midsternal chest pain, feeling that

he was going to die @ [**2016**] when he rolled in bed onto bedpan &

had BM. . . . Action: Given 100% high flow neb, 0.5 NTP & 0.25mg IV

morphine. EKG done during SOB. Response: Pain & SOB relieved. No

changes on EKG . . .

Pharmacy care

note

Pharmacy Note Plasmapheresis effect on cyclophosphamide and mesna

Patient scheduled to receive Total Plasma Pheresis on . . . Pre-Mesna

and ondansetron should not be started until after the pheresis is com-

plete. Final Recommendation: If patient receives TPP on . . . (off day of

cyclophosphamide) could consider giving mesna 500 mg q3 hrs times 3

doses post pheresis. Any remaining mesna would be removed with phere-

sis. Continuous bladder irrigation with sodium chloride 0.9% could also

be used to treat hemmoragic cystitis.

Discharge sum-

mary

Admission Date: . . . Discharge Date: . . . Date of Birth:. . . Sex: MService:

Cardiac SurgeryCHIEF COMPLAINT: Chest pain, 3-vessel disease on-

catheterization.HISTORY OF PRESENT ILLNESS: The patient is a

66-year-oldmale transferred from [**Hospital6 33**] to the [**Hospital1

346**] status post catheterization,revealing 3-vessel cardiac disease.The

patient presented to . . . tothe point that he had chest pain with min-

imal exertion.PAST MEDICAL HISTORY:1. Known coronary artery

disease, status postcatheterization 10 years ago at [**Hospital1 **].2.

Heavy smoker.3. Hypertension.4. Gastroesophageal reflux disease/pep-

tic ulcer disease.5. Wegener granulomatosis with complete resolution.6.

Glaucoma. PAST SURGICAL HISTORY: . . . HOSPITAL COURSE: . . .

1.1.2 Image Interpretation

The images obtained in a clinical setting are often captured by a technician and

may include a variety of undesirable artefacts resulting in poor diagnostic quality,

necessitating re-scans and repeated patient visits. Consider the disease prediction
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task utilizing the imaging data, imaging modalities present significant challenges

due to the diverse textures, overlapping lesions, and diversity within the screening

population. Currently, the majority of imaging data is examined and analyzed

manually by experienced physicians and licensed professional for disease diagnosis.

The decision making may also involve consideration of previous medical history,

past procedures and other characteristics. Often decision-making is subjective,

resulting in a significant degree of inter-and intra-physician variability in diagnosis.

For instance, when a physician analyses an image several days later, they may

diagnose it differently than they did before, or there may be discrepancies in

opinion when the same image is evaluated by numerous physicians with varying

domain expertise. Physicians’ preferences for the appearance and quality of the

image can change over time and can also differ. Scaling manual interpretation

to an ever-growing patient population is likewise a challenge. There are several

imaging modalities for every medical domain, and each modality has many more

variants for each disease. Additionally, a single image may be related with several

diseases. Table 1.2 lists a few examples of fundoscopy images used for detection of

various chronic ocular diseases (COD) in the Ophthalmology domain, taken from

the ODIR-5K dataset (ODIR, 2019).

Table 1.2: Sample fundoscopy images used for ophthalmological examination.

Image category Images

Diabetic retinopathy

Dry age-related macular de-

generation

continued . . .
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. . . continued

Image category Images

Wet age-related macular de-

generation

Cataract

Pathological myopia

1.1.3 Multimodal Interpretation

For in-depth diagnosis, physicians often rely on a patient’s data from multiple

sources, such as lab test reports, clinical history notes, and imaging data. When

one considers the amount of skill necessary to comprehend a single modality of

data in detail, it is almost impossible for a single physician to master all modali-

ties. Table 1.3 lists a few examples of chest X-ray images and the corresponding

findings in the form of textual reports. For e.g., a radiologist is trained specifically

to interpret radiological images but does not have as much knowledge of surgery or

specialized fields like Ophthalmology. While a pathologist is well versed in pathol-

ogy slide interpretation, he or she is often unaware of how to analyse cardiology

ECGs. This demonstrates the need of involving diverse group of specialists in

the analysis of patient multimodal data in order to develop an appropriate treat-
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ment strategy. The problem is exacerbated in rural areas where people find it

hard to have access to domain specialists in addition to shortage of primary care

physicians. Consider the case of radiologists providing the findings of the X-ray

images in the form of textual reports. For almost all diseases, radiology is the

principal disease management tool. This increases the cognitive burden of radi-

ologists due to the manual effort required to assess and report a large number of

patient population. Table 1.3 lists a few examples of radiology X-ray images and

the corresponding findings in the form of textual reports (extracted from Indiana

University dataset (Demner-Fushman et al., 2016)).

Table 1.3: Sample radiology images and the corresponding report.

X-ray report Image

“The heart, pulmonary XXXX and mediastinum are within nor-

mal limits. There is no pleural effusion or pneumothorax. There

is no focal air space opacity to suggest a pneumonia. There are

degenerative changes of the thoracic spine. There is a calcified

granuloma identified in the right suprahilar region. The aorta

is mildly tortuous and ectatic. There is asymmetric right apical

smooth pleural thickening. There are severe degenerative changes

of the XXXX.”

“The lungs are clear. The heart and pulmonary XXXX are nor-

mal. The pleural spaces are clear. Mediastinal contours are nor-

mal.”

“The lungs are clear. There is no focal airspace consolidation.

No pleural effusion or pneumothorax. Heart size and mediastinal

contour are within normal limits. There are degenerative changes

of the spine.”

continued . . .
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. . . continued

X-ray report Image

“The lungs are hyperaerated suggestive of chronic obstructive pul-

monary disease. No focal lung consolidation. No pleural effusion.

No definite pneumothorax. Heart is not enlarged. Postsurgical

changes with mediastinal clips and XXXX XXXX.”

1.1.4 Data Retrieval and Storage

Given the large volumes of unstructured data generated during healthcare delivery,

effective processing and storage requires a very robust and efficient infrastructure.

In order to provide unstructured data in usable formats for advanced analytics

applications, high-quality metadata must be generated and stored for enabling

a well-organized and accessible repository. For instance, codes or keywords that

describe an image or textual data need to be entered. At present, these processes

are predominantly manual, and thus highly cost and effort intensive. Without such

well-organized consumable metadata, it is difficult to support intelligent decision

support application powered by the latent knowledge in historical patient data.

Moreover, unstructured data is continuously generated over time and at each

point of patient engagement, demonstrating Big data characteristics. As a result,

it is essential to design intelligent healthcare data management systems that ad-

dress these challenges, for enabling automated CDSS based on multimodal health-

care data. AI-based CDSS may be used to analyse enormous amounts of patient-

specific data in order to improve healthcare systems and manage effective care

delivery. Predictive modelling, preventative modelling, intelligent retrieval, au-

tomated treatment/concept extraction and recommendations for physicians and

patients are just a few of the applications that have the potential to revolutionize

and dramatically improve healthcare practices.

1.2 Motivation

Presently, most clinical decisions, including the initial disease screening, are mostly

manually performed by clinical experts based on various sources of patient data.
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Manual screening of common cohort diseases like ageing-related diseases, hyper-

tension, cardiovascular diseases, osteoporosis, diabetes mellitus etc, are handled

by experienced specialists, due to which dealing with the growing population of

patients who are at risk is already an uphill task. It has been reported that more

than 80% of patients visit first-tier clinics for trivial cases (Wang et al., 2021).

In developing countries where the rural population often lacks access to sophisti-

cated care facilities, high-end medical devices, highly experienced clinicians etc.,

automating clinical decision support can aid clinicians in early diagnosis of dis-

eases and reduce the burden to some extent by reducing the preliminary manual

routine tasks. The amount of unstructured multimodal healthcare data being rou-

tinely collected as a part of the EHR provides an unprecedented opportunity to

develop an automated CDSS. CDSS is intended to aid healthcare workers in the

normal course of their activities by assisting them with tasks that require data

and knowledge manipulation (Coiera, 2003).

Recent breakthroughs in computer vision (CV), natural language processing

(NLP) and AI technologies have resulted in a dramatic evolution of CDSS in

many ways. Though AI-based CDSS perform well for some clinical tasks, very

few existing works in the literature provide evidential support to visualize the in-

ference results. For CDSS to be adaptable in real-world circumstances, providing a

transparent, explainable decision (even if it is wrong) is considerably more accept-

able than putting forth a highly accurate, non-transparent decision, primarily due

to the trust barrier between doctors and automated systems. Though AI-based

CDSS are capable of recognizing clearly obvious lesions in input medical imaging

data that often occur in later stages, the objective is to enable automated sys-

tems to learn minute lesions for reliable early detection. While several researchers

have independently addressed various clinical tasks, a user-friendly comprehen-

sive framework usable in clinical settings is a critical requirement to validate the

systems’ efficacy.

1.3 Prevalent Challenges

EHR based CDSS is an evolving technology with the potential for wide applicabil-

ity to improve patient outcomes and healthcare resource utilization. However, the

development of CDSSs using multimodal healthcare data poses significant chal-

lenges, which vary depending on how closely the CDSS is tied to what the clinician

already intends to do. For example, suppose the clinical task is the identification

of lesions in a medical image that indicate the presence of a disease. In that case,
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the availability or creation of large, annotated data corpora is an essential bur-

den, requiring significant manual effort from domain experts. Suppose the task

is disease code prediction from diagnostic reports. In that case, processing and

analyzing the unstructured nature of the medical text and then dealing with the

extensive medical jargon is a challenging NLP task. The unstructured nature

of textual medical data and images presents many challenges to exploiting their

full potential in supporting intelligent clinical decision making. It is necessary

to overcome these challenges in order for CDSS to be used in real-time clinical

applications. Listed below are a few challenges that need to be addressed while

developing an AI-based CDSS built on multimodal healthcare data.

• Data quality: Healthcare data is often acquired from several sources and

annotated by physicians with varied degrees of experience; AI-based CDSS

should be robust enough to manage any discrepancies or outliers caused by

these differences in data quality and expert opinion. Along with system

quality, data quality is the crucial component of an AI-based CDSS.

• Data imbalance: Healthcare data are often extremely skewed in terms

of class distribution, with thousands of normal instances but just a few

tens of abnormal cases. AI-based CDSS must address such class imbalance

problems.

• Domain knowledge requirement: The systems need to be trained to

understand physiology and learn the domain knowledge latent in the multi-

modal data, to enable useful recommendations.

• Margin for prediction errors: The negative consequences associated with

AI-based CDSS can be severe, specifically for disease detection and treat-

ment decision making systems. The acceptable error rate for an AI-based

CDSS is task-dependent. For example, it is tolerable to miss a few pixels

while segmenting an organ in an input image, but even a single false nega-

tive instance might be devastating when dealing with life-threatening disease

detection tasks.

• Natural language complexity: The CDSSs that make use of textual

input data must be capable of recognizing characters/words, comprehending

intent, and drawing inferences. Additionally, the system must be trained to

understand abbreviations, acronyms, shorthand terms, and misspelt words

that are pervasive in healthcare practice.
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• Dealing with medical images: Most medical image modalities have a

monotonous, monochromatic background, and CDSS that are built on such

input images must thus be capable of identifying even the tiniest abnormal-

ities, particularly for early detection systems.

• Varied processing requirements: Multimodal healthcare data is often

collected from a variety of sources (e.g., reports, notes, and imaging data

from multiple devices). Each data modality may need its own preprocessing

and AI approaches.

• Deep neural model design: Choosing suitable hyperparameters (for ex-

ample, loss function, activation function, and layer count) from the wide

range of possibilities that are best suited for the intended medical task and

the input data.

• Interpretability: Inability to provide a comprehensive explanation of the

projected outcomes may cause skepticism among healthcare professionals.

Machine learning and deep learning based CDSSs are considered black boxes,

and in domains like healthcare, it is often required to provide information

on how and why the system recommended a certain outcome. Thus, inter-

pretability is already a crucial aspect in predictive analytics based CDSSs.

1.4 Prevalent Challenges specific to Indian Sce-

nario

India, the world’s second most populous country, has made significant progress

towards the establishment of nation-wide healthcare systems for its citizens. In-

fectious diseases like Smallpox and Polio have been eradicated by successful large-

scale public awareness and education efforts, boosting the life expectancy of inhab-

itants (Reddy et al., 2011). However, India’s health outcomes remain inadequate;

the burden of preventable disease remains a big concern. The Indian healthcare

system is diversified, consisting of a huge number of hospitals of varying sizes and

units administered by the state and central governments (Gopal, 2019). In this

system, patient care is mainly delivered through primary/community healthcare

centre (PHC/CHC), secondary healthcare centre (district hospital), and tertiary

healthcare centre (Bagchi, 2008). The private sector provides more than three-

quarters of healthcare services, with roughly 80% of them being modest with fewer

than 50 beds. The government’s supervision is restricted since a large portion of
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healthcare providers are in the informal sector. As a result, it is unlikely that any

legislative attempts to mandate EHR adoption will succeed outside the parliament

(Ramaswamy et al., 2022).

Over the past few years, several major initiatives have been introduced to

address these lacunae. The Government of India has undertaken the ambitious

Ayushmaan Bharat scheme under which unilateral health covergae for over 50

crore people will be rolled out. The adoption of technology to encourage hospitals

to adopt digital EHRs also will help in streamlining patient data management pro-

cesses. It also offers insurance coverage for patients, but the approach is severely

limited in that it only covers In-Patient episodes of specific patients in hospitals

that have been approved. It disregards the remainder of the patient’s journey, in-

cluding wellness, outpatient consultations, rehabilitation, follow-up, and recovery

(Ramaswamy et al., 2022). Through the digital India initiative under the AI task

force (India, 2020), the government has initiated to invest in the development of AI

based healthcare systems. The primary challenges identified by this initiative are

the development of an EHR repository and training of healthcare stakeholders with

newer technologies. Currently, the majority of a patient’s imaging data is stored

digitally. There is an abundant opportunity for multidisciplinary academic and

industry collaborations in order to build a conducive digital healthcare ecosystem.

The digitization of a country’s whole healthcare system and the adoption of EHR

can contribute significantly to its economics, growth, and even industrialization.

1.5 Summary

Intelligent systems capable of modelling, analyzing, and learning inherent patterns

from multimodal patient data has evolved to be a crucial requirement in modern

healthcare scenarios. This chapter explored the need for automated CDSS, and the

challenges and issues associated with the process of developing CDSS that utilise

multimodal healthcare data. Addressing unstructured data management issues in

healthcare for effective management and utilization of rich patient data is the need

of the day. By enumerating the prevalent challenges affecting the development of

intelligent, non-knowledge based CDSS that utilize multimodal data, a significant

opportunity for designing and developing a comprehensive framework for overcom-

ing the challenges resulting due to the high volume and variety of healthcare data

were identified. These aspects can then be utilized to provide actionable insights

for enhancing the process of healthcare delivery.
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1.6 Thesis Organization

The rest of this thesis is organized as follows.

• In Chapter 2, an extensive literature review on CDSS in healthcare and the

observed research gaps are elucidated.

• In Chapter 3, based on outcomes and gaps learned from the existing litera-

ture, the research problem addressed in this thesis is formally defined. The

scope of this research and a brief description of the proposed methodologies

are also provided in Chapter 3.

• Chapters 4 and 5 cover the details of the proposed approaches for patient-

specific predictive analytics using textual healthcare data.

• In Chapters 6 and 7, multi-task CDSS built on diagnostic imaging based

healthcare data are discussed in detail.

• Chapter 8 discusses the proposed approaches for AI-based CDSS using mul-

timodal healthcare data.

• Chapter 9 presents concluding remarks on the extensive research work car-

ried out and prospects of future research in the area.





Chapter 2

Literature Review

EHRs have emerged as a fundamental requirement for enabling modern healthcare

management systems and improving the quality and efficiency of healthcare de-

livery. Over the last decade, adoption of EHR systems in hospitals has increased

dramatically in developed countries, owing to legislation such as the US Health In-

formation Technology for Economic and Clinical Health (HITECH) Act of 2009,

which provided hospitals and providers with $30 billion in incentives to adopt

EHR systems (Kruse et al., 2018). EHRs are useful data sources for comparative

effectiveness research, efficiency improvement, and cost reduction (Cowie et al.,

2017). Advances in new imaging techniques and the availability of large volumes

of diagnostic medical multimodal data have opened a new era of automated clin-

ical decision-making systems. This thesis focuses primarily on the development

of CDSS using unstructured multimodal EHR data. To further comprehend the

research gaps, a detailed study of AI-based CDSSs was conducted, encompassing

the various data modalities that can be used to capture patient information –

textual, imaging, and multimodal healthcare data.

2.1 Clinical Textual Data-driven CDSSs

EHR systems store data associated with each patient, including structured textual

data like demographic information, diagnoses, and laboratory tests, as well as un-

structured textual data such as prescriptions, radiological notes, clinical notes, and

discharge summaries (Birkhead et al., 2015). AI-based CDSS are non-knowledge

based intelligent systems that have garnered significant research interest for better

understanding disease dynamics and enabling personalised care. Many works have

incorporated machine learning and deep learning models (refer Fig. 2.2) for vari-

ous clinical analytics tasks such as inpatient mortality/sepsis prediction, hospital

17
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Clinical Decision Support Systems
Text based

Mortality/sepsis prediction (Awad et al., 2017; Sadeghi et al., 2018; Purushotham et al., 2018),
(Davoodi and Moradi, 2018; Caicedo-Torres and Gutierrez, 2019; Payrovnaziri et al., 2019a)

Hospital length-of-stay (Gentimis et al., 2017; Rouzbahman et al., 2017),
(Li et al., 2019a; Zebin et al., 2019)

Hospital re-admission (Lin et al., 2019; Lovelace et al., 2019; Jiang et al., 2019),
(Zebin and Chaussalet, 2019; Jain et al., 2019; Huang et al., 2019)

Disease phenotyping & automated coding

English

ICD-9 (Medori and Fairon, 2010a; Samonte et al., 2018; Baumel et al., 2018a),
(Mullenbach et al., 2018; Purushotham et al., 2018; Xie and Xing, 2018),
(Huang et al., 2019; Rios and Kavuluru, 2019)

ICD-10 (Chen et al., 2017; Scheurwegs et al., 2017; Xu et al., 2019b),

Non-English

ICD-9 (Hsu et al. (2020))

ICD-10 (Aramaki et al., 2016; Goeuriot et al., 2017),
(Kelly et al., 2019; Yu et al., 2019b),
Miranda-Escalada et al. (2020); Garćıa-Santa and Cetina (2020)

Diagnostic Image based
Image synthesis (Diaz-Pinto et al., 2019a; Deshmukh and Sivaswamy, 2019),
(Burlina et al., 2019; Zhou et al., 2020)

Detection and classification (Goh et al., 2020; Tognetto et al., 2021; Rampat et al., 2021),
(Grzybowski et al., 2019; Mohaimenul et al., 2020; Kandel and Castelli, 2020),
(Stella Mary et al., 2016; Hagiwara et al., 2018; Buisson et al., 2021),
(Islam et al., 2019; Gour and Khanna, 2020; Li et al., 2021a; Wang et al., 2020),
(Hung et al., 2021; Kuo et al., 2020),
(Deshmukh et al., 2021; Tognetto et al., 2021; Wu et al., 2019)

Lesion localization and segmentation (Figueiredo et al., 2015; Jadhav et al., 2020a),
(Biyani and Patre, 2018; Pham et al., 2020),
(Cennamo et al., 2021; Wisely et al., 2020),
(Cai et al., 2019; Huang et al., 2020)

Bio-marker segmentation (Samuel and Veeramalai, 2020; Mookiah et al., 2021a),
(Veena et al., 2020; Singh et al., 2020; Wintergerst et al., 2017),
(Loo et al., 2021a,b)

Multimodal Data based
Report Generation (Xue et al., 2018; Messina et al., 2020),
(Monshi et al., 2020; Pandey et al., 2021)

Detection and classification (Young et al., 2013; Guo et al., 2018)
(Cai et al., 2019; Huang et al., 2020)

Figure 2.1: Categorization of clinical decision support systems
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length-of-stay prediction (Gentimis et al., 2017), disease phenotyping (Rashidian

et al., 2018), automated coding (Zeng et al., 2019a). Fig. 2.1 presents state of

the art in these fields, each of which will be discussed in more detail in subsequent

sections.

2.1.1 Inpatient Mortality/Sepsis Prediction

Multiple factors lead to mortality/sepsis in patients admitted to the Intensive

Care Units (ICU) of hospitals, making early diagnosis challenging for physicians.

Advanced assessment of patients’ mortality risks in ICUs is thus of great impor-

tance. Several severity scores are already in use as mortality risk estimation tools,

which were developed based on a large sample of medical and surgical patients.

APACHE (Acute Physiology and Chronic Health Evaluation) (Knaus et al., 1985;

Zimmerman et al., 2006), SAPS (Simplified Acute Physiology Score) (Le Gall

et al., 1984; Moreno et al., 2005), and SOFA (Sequential Organ Failure Assess-

ment) (Vincent et al., 1996) are some parametric scoring systems used for mortality

risk estimation. Recently, machine learning and deep learning based models have

been proposed to predict mortality. Most of these existing methods use either

single structured data (recorded during admission) or time series structured data

(recorded at various stages after admission).

Davoodi and Moradi (2018) proposed a deep fuzzy rule-based system that

employed a modified supervised fuzzy k-prototype clustering algorithm for fuzzy

rule generation. They initially generated fuzzy pre-clusters from the training data.

Then, deep learning models with fully connected layers were used to learn the

fuzzy rules in every layer. However, a major drawback of this method was that

the fuzzy matrix needed to be generated during the testing phase too, which is a

time-consuming task. Darabi et al. (2018) experimented with CNN and gradient

boosted trees on demographic factors along with the procedure and diagnostic

codes for disease code prediction based on structured data. However, a significant

limitation of this work is its dependency on the availability of expert-assigned

diagnostic codes for all ICU patients. Sadeghi et al. (2018) made use of heart

rate signals obtained during the first hour after ICU admission and experimented

with decision tree algorithms, their focus being only patients admitted to CCUs

(Coronary Care Units). Suresh et al. (2018) proposed a method that used the

24-hour time series data of vital signs. The authors experimented with the LSTM

autoencoder to learn embeddings from time series data and a supervised learning

method that performs multiple tasks, including mortality prediction. However,
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interpretation of results was difficult due to the ensembling of multiple stages.

Caicedo-Torres and Gutierrez (2019) used ConvNets to experiment with 22

different concepts (including vital signs and demographic features) and provided

evidence support through data visualization. Their model uses only structured

data, and there is scope for further experimentation with unstructured data.

Payrovnaziri et al. (2019a) used both unstructured (discharge summaries) and

structured patient data for performing myocardial infarction based mortality pre-

diction. However, they used a very small corpus (around 5K) and non-standard

patient data, making it significantly difficult to adapt or benchmark their work

in real-time clinical setups. A study by Awad et al. (2017) revealed ample scope

for the development of robust systems that can make use of large critical care

environment databases. Table 2.1 summarizes the aforementioned state-of-the-art

mortality risk prediction techniques discussed.

Table 2.1: Summary of mortality/sepsis prediction systems

Author Methodology Remarks

Davoodi

and Moradi

(2018)

Proposed a Deep Fuzzy Rule

based System that uses hierar-

chical fuzzy classifiers.

Training requires pre-

clustering, which increases

the execution time during

testing. Also, a partition

matrix needs to be computed,

resulting in longer prediction

time.

Darabi et al.

(2018)

Proposed CNN and gradient

boosted trees on demographic

factors along with procedure

and diagnostic codes.

The codes for ICU patients

must be assigned by expert

clinicians.

Sadeghi et al.

(2018)

More than 12 statistical and

signal-based features extracted

from the patient’s heart signal

within the first hour after ICU

admission were given for eight

ML classifiers.

Focused only on coronary care

unit (CCU) patients. The

combination of numerous vi-

tal signs in addition to the

heart rate signal can help ob-

tain a better understanding of

the cause of mortality.

continued . . .
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. . . continued

Author Methodology Remarks

Scherpf et al.

(2019)

Used demographic and labora-

tory measurements at different

intervals and RNN for classifi-

cation.

Maximum achieved is 47.0%,

so there is scope for improve-

ment.

Suresh et al.

(2018)

Used 24-hour time series vital

signs data and two model ap-

proaches.

Result interpretation and

adaption to a real-time system

is difficult due to multiple

stages.

Caicedo-

Torres and

Gutierrez

(2019)

Used ConvNets on 22 different

concepts (vital sign and demo-

graphic features) and includes

visualization of data.

Prediction is done for 48 hour

vital sign structured data de-

tails. There is scope for im-

provization (AUC 0.870396).

Payrovnaziri

et al. (2019a)

Used both unstructured (dis-

charge summary) and struc-

tured data.

Only Myocardial Infarction

mortality prediction was un-

dertaken. The process of struc-

tured data generation is un-

clear, hence benchmarking is

not possible.

2.1.2 Hospital Length-of-stay Prediction

The term “Hospital length-of-stay (LoS)” typically refers to the number of days

that an inpatient may have to stay in a healthcare facility during a single admis-

sion. An accurate prediction of the length of stay in advance can assist hospi-

tal administrators and clinicians to manage available medical (staff, devices, etc.)

and non-medical resources (beds, rooms, etc.) efficiently and provide cost-effective

healthcare services. It has been reported that US hospital stays cost the health

system at least $377.5 billion per year (Torio and Moore, 2016). Ineffective re-

source management has significant repercussions for the hospital, as patient billing

is based on procedures undergone rather than the number of days stayed, as per

recent legislation in the US. Hence, quantifying the LoS risk of patients so that

those with high LoS can be recommended an optimized treatment plan to lower

their chances of hospital-induced infections is a critical requirement.

Towards this objective, Gentimis et al. (2017) used patient demographic factors
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(age, ethnicity) and procedure and diagnosis codes to predict hospital stays (short,

medium, and long), achieving around 80% accuracy. Though they reported good

performance, assigning diagnostic and procedural codes requires medical expertise

and is thus more challenging. Rouzbahman et al. (2017) used linear and logistic

regression on K-Means clustered patient record features such as medication, labs,

charts, demographics, ICD codes, and ICU stay tables. They achieved 74.1% ac-

curacy, but their method was time-consuming as each test data was matched with

all 99 clustering scenarios with the corresponding classifier and then averaged to

find the LoS. Based on patient demographics, vital signs (blood pressure, tem-

perature, heart rate) during admission, and diagnosis codes (17 groups of ICD 9

codes), Zebin et al. (2019) predicted short (<7 days) and long (>7 days) hospital

stays. They used an auto-encoder with dense layers for prediction and achieved

77% accuracy in assigning diagnosis codes. Their methods use a feature selection

technique along with deep learning, making it difficult to interpret the results.

Li et al. (2019a) used 49 of 72 patient features, including demographic infor-

mation, ICU information, surgical information, drug information, and laboratory

parameters, from over 1200 patients. These features were chosen by experienced

doctors and trained nurses. The authors used Box-Cox and anti Box-Cox trans-

formations to remove the LoS skews and a LASSO regression model with 10 fold

cross validation to predict the LoS. However, the size of the data considered by

them was too small, and the results obtained were insufficient for adaption in a

real hospital scenario. Large-scale experiments with standard benchmark datasets

can present important insights into how healthcare big data in both structured

and unstructured formats can help support active decision making. Table 2.2 de-

tails the existing techniques for the prediction of the hospital length of stay of

patients.

Table 2.2: Summary of hospital length of stay estimation CDSS.

Author Methodology Remarks

Gentimis

et al. (2017)

Used patient demographic fac-

tors like age, ethnicity, and

procedure and diagnosis codes.

Achieves around 80% accu-

racy. Assigning procedure and

diagnosis codes itself requires

medical expertise.

continued . . .
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. . . continued

Author Methodology Remarks

Rouzbahman

et al. (2017)

Used medication, lab, chart,

demographics, ICD codes, and

ICU stay tables and linear and

logistic regression on k-Means

clustered features.

Achieves 74.1% accuracy, but

it is a time consuming pro-

cess as each test data set was

matched with all 99 clustering

scenarios with the correspond-

ing classifier and then averaged

to find the LoS.

Zebin et al.

(2019)

Used patient demographic fac-

tors, vital signs (blood pres-

sure, temperature, heart rate)

during admission and diagno-

sis codes (17 groups of ICD-9

codes) to predict short (< 7

days) and long hospital stays

(> 7 days).

Achieves around 77% accuracy

in assigning diagnosis codes.

But the assignment itself re-

quires medical expertise.

Li et al.

(2019a)

About 9 out of 72 features

that include demographic, ICU

data, surgical, drug and lab-

oratory parameters were se-

lected by experienced doctors

and trained nurses for 1,200

patients.

The data considered is too

small to be adapted for a real

hospital scenario.

2.1.3 Hospital Re-admission Prediction

Unplanned re-admission of a hospitalized patient is often a reason for patients’

exposure to hospital-induced infections. It can result in difficulty in planning

optimal consumption of available medical resources. Conversely, premature hos-

pital discharge may potentially expose patients to relapse, leading to avoidable

extreme health deterioration. Identifying patients with higher risk rates plays a

key role in reducing hospital re-admissions. An efficient CDSS can have a signifi-

cant impact by assisting hospitals and physicians by identifying patients with high

re-admission probabilities and thereby preventing inadvertent, early, and poten-

tially life-threatening discharges from hospitals. Most of the existing literature is
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built on structured data for predicting hospital re-admissions.

For assessing hospital re-admission scenarios, Lin et al. (2019) used chart

events, ICD-9 embeddings, demographic information of the patients, and a com-

bination of LSTM and CNN model features to achieve an AUROC score of 0.791.

Lovelace et al. (2019) used a CNN trained on structured patient data represented

as a StarSpace embedding to predict 30-day re-admission. They achieved an

AUROC of 0.71. Zebin and Chaussalet (2019) employed the same dataset and

methodology proposed by Lin et al. (2019) and improved the performance to an

AUROC score of 0.821. They did not provide any in-depth details or analysis as

to what modifications were made and what resulted in the improvement over Lin

et al. (2019)’s model.

Huang et al. (2019) used Bidirectional Encoder Representations from Trans-

formers (BERT) to create embeddings of clinical notes and discharge summaries,

then summed the last few layers of probabilities to predict hospital re-admissions.

They achieved an AUROC of 0.760, but summing the probabilities may not be

suitable for capturing long sequence word relations, and hence there is significant

scope for improvement. Jain et al. (2019) employed an LSTM model with atten-

tion and reported that the usage of attention improves the prediction performance.

The authors highlight the difficulty in building an interpretive model with the ob-

served attention weights. Table 2.3 lists existing techniques for designing hospital

re-admission prediction systems.

Table 2.3: Summary of hospital re-admission prediction CDSS.

Author Methodology / Pros Limitation

Lin et al.

(2019)

Used chart events, ICD-9 em-

beddings, and demographic in-

formation of the patients, and

a combination of LSTM and

CNN model features.

Achieves AUROC of 0.791,

there is scope for improvement.

Lovelace et al.

(2019)

Proposed CNN with

StartSpace embedding for

clinical notes to predict 30-day

re-admission.

Achieves AUROC of 0.71, but

there is still scope for improve-

ment.

continued . . .
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. . . continued

Author Methodology Remarks

Jiang et al.

(2019)

Used ICD-9 codes for re-

admission prediction and pro-

posed an interpretable regular-

izer for logistic regression.

Achieves 0.71 AUROC with a

proposed regularizer. But as-

signing ICD9 codes needs ex-

pertise and domain knowledge.

Zebin and

Chaussalet

(2019)

Used same dataset and

methodology as in Lin et al.

(2019).

Claims to achieve 0.821 AU-

ROC, but it is not clear about

the modifications done as com-

pared to Lin et al. (2019) to

achieve the improvement in ac-

curacy.

Huang et al.

(2019)

Employed Bidirectional En-

coder Representations from

Transformers (BERT) to train

on clinical notes and discharge

summaries.

Achieved AUROC of 0.760,

but summing the probabilities

may not be suitable for cap-

turing long sequence word re-

lations.

Jain et al.

(2019)

Proposed LSTM with atten-

tion network.

Achieved AUROC of 0.71, but

there is still scope for improve-

ment.

2.1.4 Disease Phenotyping and Automated Coding

A significant part of the daily workflow tasks of clinicians is spent on EHR reviews

to predict whether the patient has a medical condition. Phenotyping involves

finding patients with specific conditions or outcomes. It is primarily concerned

with forecasting whether a patient has a medical condition or identifying those at

risk of developing one. ICD (International Classification of Diseases) is a widely

used nomenclature for disease phenotyping in clinical care and research. The

majority of the available literature employs the ninth and tenth revisions of the

ICD, i.e., ICD-9 and ICD-10 codes for phenotyping. Automated phenotyping is

mainly a multi-label classification task that classifies an EHR record based on the

output ICD codes. Automated phenotyping can reduce the time spent on EHR

reviews by clinicians.

Automated diagnostic coding of patient records has been a field of active and

substantial study since the 1990s. Several significant contributions to solving
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the automated ICD code assignment task have emerged ever since. These works

can be broadly classified into – (a) rule-based systems (Mykowiecka et al., 2009;

Farkas and Szarvas, 2008), (b) primitive learning-based systems involving Bayesian

classifiers, nearest neighbors, and relevance feedback (Pakhomov et al., 2006a;

Kavuluru et al., 2015), and (c) explainable intelligent systems (Domingues et al.,

2019; Mullenbach et al., 2018). The works could be categorized on the basis of

ICD-9 or ICD-10 codes, depending on the predicted revision codes. Due to the

ICD-9 coding system’s wide acceptance status among current clinical datasets

and hospitals alike, most existing works (Purushotham et al., 2018; Huang et al.,

2019; Mullenbach et al., 2018) have reported their performance on ICD-9 code

assignment. However, with the recent shift towards ICD-10 coding, certain works

(Xu et al., 2019b; Wang et al., 2020b) employed the much convoluted ICD-10

coding taxonomy.

With the latest advancements and success in deep neural modelling, ConvNets

have been widely utilized to facilitate the classification of various free-text docu-

ments (Liu et al., 2018), including voluminous unstructured healthcare records

Si and Roberts (2019). Researchers have recently studied the significance of

ConvNet-based methods for automated diagnostic code assignment based on free-

text critical care discharge summaries (Huang et al., 2019; Baumel et al., 2018b;

Mullenbach et al., 2018; Teng et al., 2020; Ji et al., 2020; Vu et al., 2020). In

critical healthcare applications such as CDSSs, trust is rooted in more than just

their performance; such systems also need to justify and explain their actions

based on the principles that present the dynamics of the concerned domain. In

an attempt to develop explainable intelligent systems, researchers aim to com-

bine neural models such as ConvNets and recurrent networks with an attention

mechanism (Baumel et al., 2018b; Mullenbach et al., 2018). Baumel et al. (2018b)

proposed a hierarchical neural attention model to discern relevant portions of a

given free-text document that corresponded to a specific ICD-9 code label, based

on which a deep neural gated recurrent unit (GRU) was trained to enable the

clinical task of automated coding.

Mullenbach et al. (2018) proposed a convolutional attention network to facil-

itate multi-label classification of ICD-9 codes, advancing the field of explainable

predictive systems. The authors benchmarked their prediction performance using

8, 921 unique ICD-9 codes, including 6, 918 diagnostic codes and 2, 003 procedural

codes. To encode the hierarchy of ICD-9 codes and facilitate diagnostic coding,

Xie and Xing (2018) utilized LSTM networks with attention on the diagnosis de-

scription portion of the discharge summaries. Huang et al. (2019) evaluated and
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benchmarked the performance of several existing deep neural models, including

feed-forward neural networks, ConvNets, LSTMs, and GRUs, on patient discharge

summaries, for the clinical prediction task of ICD-9 coding. Additionally, the au-

thors also benchmarked their performance using traditional machine learning clas-

sifiers, including logistic regression and random forest. Table 2.4 summarizes the

recent advancements in phenotyping/automated coding models based on EHRs.

Table 2.4: Summary of CDSS for phenotype/ICD code assignment

Author Methodology Remarks

Baumel et al.

(2018b)

Used hierarchical GRU (HA-

GRU) to predict all ICD-9

codes.

Achieves accuracy of 0.4072

for all codes.

Catling et al.

(2018)

Extracted only history of pre-

senting illness section from dis-

charge summary text.

Achieves 0.686 F1-score,

there is scope for improve-

ment.

Rashidian et al.

(2018)

Used demographics, lab re-

sults, and medications using

machine learning and feed for-

ward neural network.

Achieved 0.80 F1-score for

two label coding system.

Huang et al.

(2019)

Used whole discharge sum-

maries and benchmarks

LSTM, CNN, and GRU mod-

els with top10 and top50

codes.

Achieved maximum of

0.7090 for top 10 and 0.33

for top 50 codes.

Zeng et al.

(2019a)

Used learning done for an au-

tomatic MeSH indexing task

for code prediction.

Achieved maximum of 0.42

micro F1-score

While most existing works have concentrated on English based clinical input,

very few works employ non-English textual inputs (Refer Fig. 2.1). Miranda-

Escalada et al. (2020) promoted the development and evaluation of medical cod-

ing systems for medical documents in Spanish. The authors discuss a wide variety

of methods used for preprocessing and modelling clinical text for enabling ICD-

10 assignment, specifically, pre-trained language models and word embeddings

(BERT, BETO, FastText, etc.). Supervised classification models like SVM, ran-

dom forests, and logistic regression were benchmarked against deep neural models
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such as LSTM, CNN, and BERT by Polignano et al. (2020). The authors combined

the BERT pre-trained embeddings with a BiLSTM, CNN, and self-attention-based

classifier and reported a F1-score of 0.308. Moons and Moens (2020) experimented

with variants of CAML, which achieved a 0.76 F1-score. A dictionary-based ap-

proach was proposed by Cossin and Jouhet (2020). However, their algorithm failed

to detect a term if its words were not in the right order or if they were nonadjacent.

Schäfer and Friedrich (2020) compared state-of-the-art transformer-based mod-

els, such as BioBERT and ClinicalBERT, with the XLNet BERT model. They

augmented the data with documents from the MIMIC-III database (Medical In-

formation Mart for Intensive Care) and achieved a 0.432 F1-score for the top-100

most frequent ICD codes. Rishivardhan et al. (2020) experimented with BERT,

RoBERTa, Electra, and XLNet transformer models and reported the highest 0.33

F1-score with the Electra BERT variant. Costa et al. (2020) presented two ap-

proaches for code extraction based on conditional random fields (CRFs) and a

pre-trained BETO model, fine-tuned on a Named Entity Recognition(NER) task

for ICD code prediction. The authors evaluated the models by considering the clas-

sification task as a NER task, i.e., all presented metrics are on a token-by-token

basis. Eslami et al. (2020) proposed a semi-hierarchical multi-label classifica-

tion approach using pre-trained multilingual BERT and achieved a 0.21 F1-score.

Blanco et al. (2020) proposed similarity match based algorithms that make use of

pre-trained BERT embedding, and reported a 0.09 F1-score for the prediction of

ICD diagnostic codes.

2.2 Diagnostic Imaging Data-driven CDSSs

Early diagnosis is crucial to improving treatment strategies and reducing the risks

associated with the disease prognosis. Medical imaging data like ultrasound, mag-

netic resonance imaging, mammography, computed tomography, positron emission

tomography, retinal photography, slit-lamp biomicroscopy, histopathology slides,

X-ray images, dermoscopy images, etc., play a crucial role in the early detection,

diagnosis, and treatment of diseases. Presently, most imaging modalities are man-

ually interpreted by expert clinicians and trained experts for clinical diagnosis.

With the exponential increase in the volume of chronic patients, this process of

manual inspection and interpretation increases the cognitive and diagnostic bur-

den on these healthcare professionals. As per a report of the Institute of Medicine

at the National Academies of Science, Engineering, and Medicine, diagnostic er-

rors contribute to approximately 10% of patient deaths (Institute of Medicine,
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2015). It may not be solely due to physician performance. A lack of healthcare

workflow management systems with adequate support for automated management

of diagnostic images also plays a significant role.

Recently, machine learning and DL techniques have been utilized for designing

computer based analysis systems for medical images. Automatic classification, lo-

calization of normal anatomy, detection, segmentation, and registration are some

of the common tasks explored using AI techniques. Ophthalmology, pathology,

radiology, and oncology are a few fields where AI-based techniques have been suc-

cessfully leveraged for interpreting imaging data. Ophthalmology is the first field

to be revolutionized and most explored in the healthcare domain. The imaging

data captured during routine visits play a crucial role in disease diagnosis and

treatment approaches. Additionally, the patient data collection procedure used

in ophthalmology is not associated with significant adverse effects or high risks.

Thus, a focused study was carried out to understand the scope of existing work

in the ophthalmology field.

2.2.1 Imaging Modalities in Ophthalmology

Numerous AI-based CDDS have been proposed for monitoring, diagnosing, and

treatment planning with respect to ocular diseases using imaging modalities such

as ultra-wide-field fluorescein angiography (UWFA), optical coherence tomogra-

phy (OCT), and optical coherence tomography angiography (OCTA), retinal fun-

doscopy, slit-lamp biomicroscopy, confocal microscopy, and fluorescein angiogra-

phy (FA) among others. Each of these modalities is extensively used in hospitals

for pre-screening, prognosis mapping, etc.

1. Retinal Fundoscopy: The fundus image is a frequently used ophthalmic imag-

ing method in which optical cameras create magnified images of the retinal

tissues; these retinal images are useful for monitoring, diagnosing, and plan-

ning therapy for various ocular problems.

2. Slit-lamp Biomicroscopy: The slit-lamp images are acquired using a high-

intensity light source apparatus, which enables examination of both the an-

terior and posterior segments of the eye. It is primarily used to illuminate

a large portion of the eye during routine ophthalmic exams, mainly when

the thickness of the corneal layers is a concern for diagnosing or considering

surgery.

3. Confocal Microscopy: Confocal microscopy is a non-invasive technique that
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enables the in vivo assessment of structural alterations at the cellular level

in a variety of ocular surface diseases. In vivo confocal microscopy has

been used to examine the cornea, Meibomian gland, bulbar and palpebral

conjunctiva, and lacrimal gland in the dry eye field.

4. Fluorescein Angiography: FA is an invasive diagnostic procedure that exam-

ines the blood flow in the retina and choroid using a special dye and camera.

The leakage of dye in the later frames of the angiogram is used to diagnose

and manage vitreoretinal diseases.

5. Ultra-wide-field Fluorescein Angiography: UWFA imaging is a relatively re-

cent technique that includes color and red-free photography, fluorescein an-

giography, and fundus autofluorescence. In order to get a wider field of view,

wide-field and ultra-wide-field imaging have been developed.

6. Scanning Laser Ophthalmoscopy: SLO imaging employs confocal laser scan-

ning microscopy for diagnostic imaging of the retina and cornea. It aids in

the diagnosis of glaucoma, AMD, and other retinal degenerative conditions.

7. Optical Coherence Tomography: OCT is a non-contact, non-invasive opti-

cal image-based diagnostic method that offers extensive information on the

morphology of the retina and aids in the diagnosis of a variety of macular

diseases.

8. Optical Coherence Tomography Angiography: OCTA is a novel non-invasive

imaging technology that uses motion contrast imaging to get high-resolution

volumetric blood flow information. It has a broad range of potential appli-

cations in the diagnosis and treatment of retinal vascular disorders.

Among these imaging modalities, more than 57% constitutes that of fun-

doscopy, 19% of OCT/OCTA, 5% of confocal microscopy, 5% of SLO, 4% of FA,

1% of slit-lamp datasets, and 8% of other modalities (external eye, movies, etc.)

are available in the public domain (Khan et al., 2021). In this thesis, fundoscopy

and slit-lamp biomicroscopy images were considered due to the simplicity of acqui-

sition, low cost, minimal risk, and widespread availability. The slit-lamp images

capture the front surface of the eye while retinal fundoscopy captures the back wall

of the eye. Thus, diagnostic imaging of these modalities aids in the early diagno-

sis of most ocular diseases. The sample fundoscopy and slit-lamp biomicroscopy

images are depicted in Fig. 2.3.
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Figure 2.3: Sample retinal fundoscopy (Li et al., 2021b) and slit-lamp biomi-
croscopy image (Loo et al., 2021a).
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2.2.2 CDSSs using Fundoscopy Images

Intelligent systems for retinal disease diagnosis and management have received

significant attention over the last decade. Typically, such decision-making systems

have been developed for fundoscopy image synthesis, ocular disease detection, and

lesion & biomarker segmentation. Few of these works are highlighted in Fig. 2.4

and are discussed in detail in the subsequent subsections.

2.2.2.1 Image Synthesis

For effective learning performance, generalizable deep neural models require a large

number of labelled images. Image synthesis may be used to increase the number of

fundus images and also enhance the quality of the images. A variety of Generative

Adversarial Networks (GAN) based image synthesis techniques are widely used to

deal with the limited number of training images. Guibas et al. (2017) proposed a

two stage hierarchical synthesis process. The first stage utilized deep convolutional

GAN (DCGAN) to generate the vessel structure from the input noise vector. These

generated vessel structure masks were then given to conditional GAN (CGAN) to

generate corresponding fundus images. In their study, authors were able to gen-

erate fundus images with simple features like general colour, shape, and lighting.

But generated images lacked complicated structures such as the boundaries of the

optic disc, minute lesions, and realistic vessel structure. Costa et al. (2018) pro-

posed a similar approach, but the networks were jointly trained by combining the

loss functions associated with each stage. Encouraging results were observed for

the synthesis of initial stage DR (0-2). But, incorrect vessel segmentation masks

were generated for the images in the later stages (3-4) of DR.

Zhao et al. (2018) proposed Tub-GAN for generating fundus images with a

binary mask of a tubular structure. The authors also proposed a variant, Tub-

sGAN, that considers the style of the input while generating the output fundus

images. Though the authors were able to maintain the same tubular structures

and the position of the optic disc in synthesized images, the boundaries were often

not as clear as those of the real images. DCGAN was proposed by Diaz-Pinto

et al. (2019a) to synthesize the optic disc (OD) region in order to improve the

performance of glaucoma detection systems. Synthetic images were obtained with

a well-defined optic disc shape but with a focus on only glaucoma classification.

Deshmukh and Sivaswamy (2019) synthesized the Optic Nerve Head (ONH) re-

gion in fundus images using a deep learning technique. The authors employed

a combination of B-spline registration and GAN to generate high quality images
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utilizing optic disc (OD), optic cup (OC), and vessels from arbitrarily different

fundus images. Zhou et al. (2020) proposed a generative adversarial network for

diabetic retinopathy (DR-GAN). It is capable of generating high-resolution im-

ages from DR grading and vascular or lesion information. The authors improved

the DR grading system by using these generated synthetic images. A progressive

generative adversarial network (ProGAN) is utilized by Burlina et al. (2019) for

synthesizing referable and non-referable AMD images. It can be observed that

most existing methods generate images for a single ocular condition, although

there is potential for generating images for several diseases. Additionally, synthe-

sizing should be generic, requiring just the ocular condition and the number of

images to be generated as input. Table 2.5 summarizes the recent advancements

in retinal image synthesis.

Table 2.5: Summary of CDSS for retinal image synthesis

Author Methodology Remarks

Guibas et al.

(2017)

Proposed a two stage GAN

network to synthesize retinal

fundus images from the input

noise vector.

Fundus images with simple

features like general colour,

shape, and lighting were ob-

tained, but failed to obtain

complicated structures such

as the boundaries of the op-

tic disc, minute lesions, and

realistic vessel structure.

Costa et al.

(2018)

The retinal vessel mask gen-

eration module and the vessel

mask to retinal image module

were jointly trained by combin-

ing the loss functions associ-

ated with each task.

Even though the generated

images and their associated

vessel masks were visually

consistent, they lacked real-

ism. Vessel masks often re-

vealed aberrant discontinu-

ities, and a clear distinction

between veins and arteries

did not seem to exist.

continued . . .
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. . . continued

Author Methodology Remarks

Zhao et al.

(2018)

Proposed Tub-GAN for gener-

ating fundus images with a bi-

nary mask of a tubular struc-

ture.

Though the same tubular

structures and the position

of the optic disc in syn-

thesized images were main-

tained in the synthesized

images, the boundaries were

often not as clear as those of

the real images.

Diaz-Pinto et al.

(2019a)

Proposed DCGAN to synthe-

size the optic disc (OD) region

in order to improve the perfor-

mance of glaucoma detection

systems.

Synthetic images were ob-

tained with a well-defined

optic disc shape but with a

focus on only glaucoma clas-

sification.

Deshmukh and

Sivaswamy

(2019)

Employed a combination of B-

spline registration and GAN to

synthesise high quality images

utilizing optic disc (OD), op-

tic cup (OC), and vessels from

arbitrarily different fundus im-

ages.

Achieved 3.6% higher DICE

score by using 200 synthetic

images supplementing the

training set for optic cup

segmentation task. Focused

only on improving the per-

formance of the glaucoma

classifier.

Zhou et al.

(2020)

Proposed a generative adver-

sarial network for generating

high-resolution images from

DR grading and vascular, or le-

sion information.

DR grading system perfor-

mance improved by using

these generated synthetic

images.

Burlina et al.

(2019)

Proposed a progressive genera-

tive adversarial network (Pro-

GAN) for synthesizing refer-

able and non-referable AMD

images.

Over 90% of the synthetic

images were deemed to be of

sufficient quality. Focused

only on improving the per-

formance of the AMD clas-

sifier.
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2.2.2.2 Ocular Disease Detection

Chronic ocular diseases (COD) such as myopia, diabetic retinopathy (DR), age-

related macular degeneration (AMD), glaucoma, and cataract can affect the ability

to see and can often lead to severe vision impairment or blindness if detected late

or left untreated. According to WHO estimates, the global population suffering

from myopia may exceed 3.3 billion by 2030, while those suffering from AMD, glau-

coma, and DR will reach 243.3 million, 95.4 million, and 180.6 million, respectively

(WHO, 2019). Thus, regular screening is a significant step towards early diagnosis

and better disease prognosis and risk management, especially in the case of vul-

nerable individuals like the elderly or diabetic patients. Given the ever-increasing

patient population every day, manual screening is highly time-consuming, and the

treatment capacity is very limited. Thus, it is crucial to develop intelligent com-

putational systems that accommodate these needs by facilitating automated early

detection of COD at the patient level.

Most early computer-aided screening methods used digital image-processing

based techniques (IPT) (Joshi et al., 2011). Later, supervised machine learning

techniques (ML) were developed, which extract features using predefined rules

or statistical and structural metrics (Acharya et al., 2011). Over the years, re-

search directions have shifted towards end-to-end, intelligent predictive systems

that use the predictive power of deep neural networks, owing to their data-driven-

feature learning capabilities. Convolutional neural networks (CNN) have shown

promising performance in detecting COD like glaucoma, DR, and AMD, using

color fundoscopy images. de la Torre et al. (2019) proposed a pixel-wise score

propagation for visualization of the prediction system. Though heatmaps can

be used to locate lesions in significantly differential images, their method fails

to provide an ophthalmologist-level interpretability mechanism for early disease

prediction systems. Wang and Yang (2018) proposed a regression activation map

for visualization of the key features of retinal fundus images. Pratap and Kokil

(2019) extracted pre-trained AlexNet features and classified fundus images to de-

tect cataracts using an SVM classifier. Similarly, residual network features were

extracted by Gargeya and Leng (2017) and DR was detected using a gradient

boosting classifier. Due to the use of multiple stages, such systems are difficult

to interpret. Ting et al. (2017) trained three distinct ensemble VGGNet networks

to detect DR, AMD, and glaucoma. Usage of multiple networks increases both

training and inference time.

Grewal et al. (2018) reviewed DL techniques with a focus on the need for
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interpretable prediction systems. Schmidt-Erfurth et al. (2018) highlighted the

need for multi-step algorithms that first detect certain clinically known features

and then predict or classify based on those features.

Table 2.6: Summary of diagnostic imaging data based CDSS for disease prediction

Author Methodology Remarks

Wang and Yang

(2018)

Proposed a regression activa-

tion map for visualization of

the key features.

With visualization using heat

maps, it is difficult to inter-

pret the prediction in a real-

time screening application.

de la Torre et al.

(2019)

Proposed pixel-wise score

propagation for visualization

of the prediction system.

Though the heat map could

locate lesions in significantly

differential images, it fails to

provide ophthalmologist level

interpretability for early dis-

ease prediction systems.

Pratap and

Kokil (2019)

Extracted pre-trained

AlexNet features and classi-

fied fundus images to detect

cataracts using SVM

Due to the use of multiple

stages, such systems are dif-

ficult to interpret.

Gargeya and

Leng (2017)

Extracted features using

residual network and classi-

fied fundus images to detect

DR using a gradient boosting

Due to the use of multiple

stages, such systems are dif-

ficult to interpret.

Ting et al.

(2017)

Trained three distinct ensem-

ble VGGNets to detect DR,

AMD, and glaucoma.

Usage of multiple networks

increases both training and

inference time.

2.2.2.3 Lesion Localization and Segmentation

In fundoscopy images, microaneurysms (MA), exudates (EX), haemorrhages (HE)

and drusen are the commonly occurring lesions in the case of DR patients. These

artefacts are marked in a sample fundus image (shown in Fig. 2.3). Accurate early

detection and marking of such lesions in the fundus image can help reduce further

complications and vision loss. There are several impediments to the segmentation

of MA, including the presence of additional lesions with similar color, clarity, back-

ground texture, very low contrast, and changes in image illumination. Recently,
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CNNs with rectified linear activation function (ReLU) and max pooling have been

widely used for MA detection (Tan et al., 2017; Khojasteh et al., 2018; Eftekhari

et al., 2019; Akut, 2019). Also, U-Net based CNN networks have also been pro-

posed for MA detection (Chudzik et al., 2018; Kou et al., 2019). Here, the MA

mask image/patch is generated using convolution and de-convolution layers for

the given preprocessed fundus image/patch. Though several AI-based approaches

have been proposed for MA detection and segmentation, a systematic review of

existing literature focusing on the diagnostic use of automated MA detection and

segmentation for early DR diagnosis has not been explored so far.

Haemorrhages (HE) is one of the most apparent indications of DR. Thus, ac-

curate detection or segmentation of HE is critical for DR diagnosis. HE (along

with other lesions) is often rather modest in size, with their pixels accounting for

just a small fraction of the whole image, leading to a class imbalance problem.

Typically, soft and hard EX are used to diagnose DR. The segmentation barriers

include a lack of contrast, a range of sizes, and a resemblance to other lesions.

Accurate EX detection is therefore critical for prompt treatment. Several image

processing based approaches are proposed for accurately detecting red lesions and

segmenting them (Kar and Maity, 2018; Murugan, 2019; Jadhav et al., 2020b).

Orlando et al. (2018) combined features obtained from CNN and domain knowl-

edge contributed by experts for the detection of red lesions. Maqsood et al. (2021)

proposed a 3D CNN to detect hemorrhages, using the features with a pretrained

VGG. Robust features were selected using a multi-logistic regression entropy dis-

tribution function, and the selected features were fused and classified using an

extreme learning machine. The feature fusion is time-consuming as it involves

comparing all possible pairs, and also, the direct interpretation is challenging due

to the use of multiple stages. Zheng et al. (2018) augmented the minority class

images with a conditional generative adversarial network (cGAN) and proposed an

ensemble convolutional neural network (MU-net) based on a U-net structure for

EX detection. Sudha and Ganeshbabu (2021) applied saliency detection in combi-

nation with active contour approximation to segment exudates, microaneurysms,

and hemorrhages from digital fundus images.

Lesions like drusen are primarily used to aid in the diagnosis of AMD. The

primary challenges associated with drusen segmentation are that their yellowish-

white hue is comparable to that of the fundus image and OD; they often exhibit

uneven brightness and interference from other biomarkers such as blood vessels.

Also, drusen frequently have irregular forms, and their borders may be obscured.

Pham et al. (2020) devised a multi-scale deep learning model for segmenting drusen
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that incorporates both global and local information. Ren et al. (2020) proposed

a unified deep framework that merged adaptive, collaborative similarity learning

with a deep learning model capable of learning discriminative features for drusen

segmentation. Though several AI-based systems exist for lesion identification and

segmentation, there is still a need for the development of robust approaches capable

of detecting/segmenting multiple lesions using a single neural model. Table 2.7

summarizes recent techniques that were adapted lesion localization CDSS using

retinal fundoscopy images.

Table 2.7: Summary of imaging data based CDSS for lesion localization

Author Methodology Remarks

Tan et al. (2017) Resized the images to 51 ×
51 × 3 and proposed a four

layer CNN model to extract

MA, EX, and haemorrhages.

Validated primarily on a

small single database with

149 images.

Khojasteh et al.

(2018)

Proposed a patch based prob-

ability map generation using

four CNN layers with sixteen

feature maps.

Involves two phases and also,

post-processing was required

to detect the DR lesions.

Akut (2019) Utilized image processing

techniques to obtain the MA

candidates mask and then

applied YOLO to detect MA.

Focused only on MA detec-

tion and localization.

Orlando et al.

(2018)

Lesion candidates were re-

trieved using a four layer

CNN was trained to charac-

terize each red lesion candi-

date.

63 hand-crafted features were

also utilized for the screening

system, which makes it diffi-

cult to adapt to a real hospi-

tal scenario.

Zheng et al.

(2018)

Proposed a modified path

based U-net (MU-net) for ex-

udate detection.

Validated primarily on a

small single database with 22

images.

continued . . .
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. . . continued

Author Methodology Remarks

Sudha and

Ganeshbabu

(2021)

Applied saliency detection

in combination with active

contours approximation to

segment exudates, microa-

neurysms, and hemorrhages

from digital fundus images.

Focused only on improving

the performance of the DR

classifier.

Pham et al.

(2020)

Devised a multi-scale deep

model for segmenting drusen,

incorporates both global and

local information.

A Dice score of 0.542 was

achieved when validated pri-

marily on a small database

with 78 test images.

Ren et al. (2020) Proposed a unified deep

framework that merged

adaptive collaborative sim-

ilarity learning for drusen

segmentation.

Validated primarily on a

small database with 9 test

images.

2.2.2.4 Biomarker Segmentation

Several significant biomarkers are seen in the fundus image, including the OD,

OC, blood vessels, the macula, and the fovea (please refer to Fig. 2.3). Segmenta-

tion of retinal blood vessels is critical for diagnosing a variety of ocular conditions,

including diabetic retinopathy and glaucoma. Several AI-based approaches have

been proposed for automatic vessel segmentation for the detection of these dis-

eases. Most of these works are covered in recent survey studies Fraz et al. (2012);

Sengupta et al. (2020); Singh et al. (2020); Mookiah et al. (2021b); Chen et al.

(2021). The authors emphasize that although the techniques have been validated

primarily on a single small database, more robust approaches that can be validated

on several datasets, including a significant number of images, are the need of the

day. Additionally, a comprehensive analysis of the effect of vascular stricture on

the predictive performance for ocular disease detection has not been conducted.

The cup-to-disc ratio (CDR) is a well established and commonly utilized criterion

for diagnosing glaucoma. The analysis of current approaches Thakur and Juneja

(2018); Sreng et al. (2020b); Veena et al. (2020) demonstrates that deep learning

based techniques for OD & OC segmentation and classification are more accu-
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rate than traditional image processing techniques. A recent study by Rudnicka

et al. (2020) suggests that various regions like the arterioles, venules, etc., are

also associated with high-tension open-angle glaucoma. The performance of CNN

using only optic disc cropped regions has been experimented with, a systematic

experimental evaluation of other preprocessing methods in CNN has yet to be

undertaken. Table 2.8 summarizes recent techniques that were adapted biomarker

segmentation CDSS using retinal fundoscopy images.

Table 2.8: Summary of imaging data based CDSS for biomarker segmentation

Author Methodology Remarks

Liskowski and

Krawiec (2016)

Proposed a patch based ap-

proach with 3 CNN layers for

vessel segmentation.

Validated primarily on a

small single database with <

40 images.

Maji et al.

(2016)

Proposed and ensemble of 12

CNN networks for vessel seg-

mentation.

Validated primarily on a

small single database with <

40 images.

Sengür et al.

(2017)

Proposed two layer CNN

along with a a novel rein-

forcement learning approach

for vessel segmentation. The

reinforcement learning en-

abled a reduction in the

training time (fewer epochs).

Validated primarily on a

small single database with <

40 images.

Al-Bander et al.

(2018)

Utilized DenseNet with fully

convolutional network for op-

tic disc and cup segmenta-

tion.

Used the OD centre provided

in ground truth data for RoI

segmentation, which makes it

difficult to adapt to a real

hospital scenario.

Yu et al. (2019a) Utilized residual U-Net for

optic disc and cup segmenta-

tion.

Validated on multiple

datasets. The performance

dropped for images with se-

vere disc atrophy, especially

seen in pathological myopia

retinal images.
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2.2.3 CDSSs using Slit-lamp Bio-microscopy Images

The cornea is a transparent layer of tissue covering the front surface of the eye

that acts as a window, allowing light to enter the eye. Slit-lamp examination of

the ocular surface, particularly the cornea, conjunctiva, and anterior chamber, is

widely used in the diagnosis of cataract (Wu et al., 2019; Deshmukh et al., 2021;

Tognetto et al., 2021) and corneal infections and tumors commonly termed as

Keratitis (Hung et al., 2021; Kuo et al., 2020). For cataract grading, Li et al.

(2020) utilized Faster R-CNN (Ren et al., 2015) for RoI segmentation and then

used transfer learning with ResNet (He et al., 2016). Xu et al. (2019a) localized

the nuclear region using Faster R-CNN (Ren et al., 2015) and then fed these

regions to ResNet-101 (He et al., 2016) to assess the cataract severity level based

on the nuclear region’s photometric appearance. Liu et al. (2017) cropped the

RoI using Candy edge detection and the Hough transform. Then used transfer

learning with AlexNet (Krizhevsky et al., 2012) CNN to classify into normal and

paediatric cataracts.

Automated diagnosis of corneal infections has received little research attention

from the research community. As per statistics published as part of the 2019 World

Vision Report (WHO, 2019), infection is the most common cause of corneal ulcers

(called keratitis), and at least 4.2 million people worldwide are reported to suffer

from corneal opacities. Corneal opacity is caused by a variety of conditions that

cause the cornea to scar or become opaque. Microbial keratitis (MK) or infectious

keratitis (IK) is the primary cause of corneal opacification and the fifth leading

cause of visual impairment in the developing world (Ung et al., 2019). If such

infections are not detected and treated early, they can cause irreversible corneal

blindness due to perforation, endophthalmitis, and panophthalmitis (Anutara-

pongpan and Brien, 2014; Schein, 2016; Maharana et al., 2016; Tananuvat et al.,

2021). FK, in particular, is challenging to treat at later stages and may neces-

sitate surgery. The gold standard method for diagnosing FK is corneal scraping

with microbiological culture-sensitivity testing. However, this is a time-consuming

laboratory procedure (Ferrer and Alió, 2011).

Fungal organisms are slow growing and may not be florid in the early stages

of FK. Fungal cultures may also have limited sensitivity due to the scant quantity

of material accessible from corneal scrapings, which may in turn lead to false-

negative results (Ferrer and Alió, 2011). Slit-lamp examination of the ocular

surface, particularly the cornea, conjunctiva, and anterior chamber, is widely used

in the diagnosis of MK. However, the findings of corneal staining combined with
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slit-lamp biomicroscopy are heavily reliant on the grader’s clinical knowledge. It

has been reported that correctly differentiating between bacterial keratitis and FK

is a challenging process, even for trained corneal experts, and is often misdiagnosed

in more than 30% of the cases (Dalmon et al., 2012). Furthermore, certain clinical

signs typically attributed to FK may also be of bacterial or protozoal origin,

thereby complicating the diagnostic process. Automated grading of FK images

could overcome these limitations by lowering physician burden and improving

patient prognosis through early diagnosis. However, very few studies have used

AI to enable the early diagnosis of FK using digital slit-lamp images. Loo et al.

(2021a) proposed a modified version of mask R-CNN (region-based CNN) called

SLIT-Net for the segmentation of ocular structures and biomarkers using 133 MK

digital slit-lamp images. However, the authors did not address the problem of the

classification of keratitis based on microbial etiology.

Xu et al. (2020b) developed a patch-level deep model to classify IK by man-

ually segmenting the infectious regions of slit lamp microscopy images. Manual

segmentation of corneal areas is a time-consuming task and needs expertise. Kuo

et al. (2020) collected a total of 288 microbial laboratory-confirmed images, which

included 114 FK and 174 non-FK slit-lamp biomicroscopy images. The authors

used DenseNet (Huang et al., 2017) for their experiments and performed five fold

cross-validation to classify between FK and non-FK. They reported an average

accuracy of about 70% and also highlighted that incorporation of transfer learn-

ing and region of interest (RoI) cropping processes could contribute to further

improvements in the performance. Furthermore, RoI segmentation results in uni-

form clarity in images, which also helps enhance performance while also enabling

accurate evidence for trustworthy prediction. Recently, Hung et al. (2021) used U2

Net (Qin et al., 2020) to segment the cornea in slit-lamp biomicroscope images and

then incorporated transfer learning to classify these images into bacterial and FK.

The authors directly utilized the U2 Net segmented corneal regions and achieved

an average diagnostic accuracy of 80%. Table 2.9 summarizes recent techniques

that were adapted for CDSSs built on slit-lamp images.
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Table 2.9: Summary of CDSS built on slit-lamp images

Author Methodology Remarks

Acharya et al.

(2010)

Proposed a feed forward neu-

ral network using the cen-

troids of K-means clustering

to classify between normal,

post-cataract, and cataract

using slit lamp images.

Validated primarily on a

small single database with <

50 images. It is challenging to

determine the cluster size for

a large dataset, which makes

it difficult to adapt to a real

hospital scenario.

Li et al. (2020) Utilized Faster R-CNN for

RoI segmentation of 14 re-

gions and then used transfer

learning with ResNet to clas-

sify the pathological features

of the segmented ocular le-

sions into 22 categories.

Involves segmentation of 14

regions and then classified

these regions on the basis of

pathological features. Vali-

dated primarily on a small

validation data and there is

still scope for improvement of

performance.

Xu et al. (2019a) Localized the nuclear region

using Faster R-CNN and then

fed these regions to ResNet-

101 to assess the cataract

severity level based on the

nuclear region’s photometric

appearance.

Achieved 81.5% accuracy,

there is still scope for

improvement of performance.

Kuo et al. (2020) Used DenseNet to classify be-

tween FK and non-FK with

five fold cross-validation us-

ing 288 images.

Achieved an average accu-

racy of about 70% and high-

lighted that incorporation of

transfer learning and region

of interest (RoI) cropping

processes could contribute to

further improvements in the

performance.

continued . . .
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. . . continued

Author Methodology Remarks

Xu et al. (2020b) Developed a patch-level deep

model to classify IK by man-

ually segmenting the infec-

tious regions of slit lamp mi-

croscopy images.

The manual segmentation of

corneal areas is a time-

consuming task and needs ex-

pertise.

Hung et al.

(2021)

Used U2 Net to segment the

cornea in slit-lamp biomicro-

scope images and then in-

corporated transfer learning

to classify these images into

bacterial and FK.

Achieved an average diag-

nostic accuracy of 80%, and

there is still scope for im-

provement of performance.

2.3 CDSSs using Multimodal Healthcare Data

EHRs are being adopted widely in the healthcare field and are composed of multi-

modal data, including textual and imaging data. Most existing literature utilizes

a single modality of data, such as structured textual, unstructured textual, or

imaging medical data. Very few works make use of multimodal medical data.

Medical multimodal disease classification, medical report generation, multimodal

fusion for single/multitask predictions are a few tasks that made use of multimodal

data from EHRs. Multimodal data is often used in report generation and clinical

diagnostic tasks as well.

Generating medical reports from multimodal EHR data is time-consuming and

requires extensive expertise in practice. DL models have shown promising results

for the generation of short reports that use textual and imaging data. Zhang

et al. (2017) proposed a medical image diagnosis network (MDNet) to establish a

direct multimodal mapping between medical images and diagnostic reports that

generates diagnostic reports given an input bladder image, retrieves images by

symptom descriptions, and visualizes attention, to justify the network diagnosis

process. Jing et al. (2018) proposed a co-attention model based on tags and imag-

ing features to localize regions containing abnormalities and generate a report for

them using hierarchical LSTM. They achieved a BLEU score of 0.517 for a sin-

gle word (BLEU1) on the CheXpert dataset. For the same dataset, Yuan et al.

(2019) proposed synthesizing multi-view (frontal and lateral views) information
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by applying a sentence level attention model and enforcing the encoder to extract

consistent features with a cross-view consistency (CVC) loss. With the combina-

tion of late fusion with medical concepts, they could improve the BLEU score to

0.529.

Xue et al. (2019) proposed a recurrent technique for utilizing CNN with the

LSTM model. Additionally, the proposed multimodal approach combined the

encoding of frontal and lateral X-ray images with the first generated sentence to

provide an attention input that guides the generation of the following sentence,

ensuring that created sentences remain coherent. Liu et al. (2019a) proposed

the encoder-decoder DL model that first predicts the topics to be represented in

a diagnostic report, then conditionally generates the sentences corresponding to

these topics. They utilized an image encoder along with both sentence and word

decoders to generate the report for a chest X-ray image. They achieved a 0.313

BLEU1 score for the MIMIC-CXR dataset. Messina et al. (2020) reviewed deep

learning algorithms for the automatic report generation task and discovered that

the most existing works used the Indiana University dataset (Demner-Fushman

et al., 2016). Monshi et al. (2020) surveyed AI-based radiology report generation

and highlighted the need for reasonable explanations for DL model outcomes.

Pandey et al. (2021) studied the challenges associated with AI based systems that

combine medical imaging & NLP and found that converting the unstructured

information into structured information is very tedious and costly.

Recent research has proved that multimodal data contributes to the devel-

opment of comprehensive diagnostic systems that aid in effective decision mak-

ing. Jin et al. (2018) jointly trained time-series signals and unstructured clinical

text representations to predict the in-hospital mortality risk for ICU patients and

were able to improve the performance by 2% AUC. They proposed a multimodal

architecture comprising LSTM for time-series data and Doc2Vec embedding for

clinical notes taken from the MIMIC-III dataset. The output from these layers

is then fused with the dense layer to predict mortality. Guo et al. (2018) used

multi-domain imaging data to predict Alzheimer’s disease progression. They used

demographic features, MRI imaging data, longitudinal cerebrospinal fluid (CSF),

and cognitive performance bio-markers. Furthermore, they fused the features at

the last but one layer and achieved a 2% improvement in performance when com-

pared to using only a single modality of the data separately. Young et al. (2013)

used a combination of MRI, FDG-PET, CSF and APOE data to classify mild

cognitive impairment (MCI-s) (stable) and MCI-c (convert to AD) patients. They

used an SVM classifier for fused features and achieved a 3% AUC improvement
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when compared with single imaging data.

Cennamo et al. (2021) utilized multimodal imaging data that included multi-

color imaging, EDI-OCT, and ultrasonography to detect the vascular and struc-

tural features of choroidal metastasis. Wisely et al. (2020) utilized multimodal reti-

nal imaging data and could achieve better performance for symptomatic Alzheimer’s

disease detection. However, the authors used a very small dataset of 159 patients,

which makes it difficult to adapt to a real hospital scenario. Cai et al. (2019) con-

ducted a survey on multimodal data driven CDSS and discussed the methods for

multimodal data fusion used in the development of intelligent healthcare systems.

The authors highlighted the need for knowledge-based reasoning for DL model

outcomes. Huang et al. (2020) reviewed AI-based imaging and EHR diagnostic

CDS systems. The authors observed that multimodal fusion significantly enhances

performance over single modality models for CDS utilizing medical imaging tasks.

Table 2.10 presents a summary of recent works that have utilized multimodal

healthcare data for CDSS development.

Table 2.10: Summary of multimodal data based CDSSs

Author Methodology Remarks

Jing et al.

(2018)

Used co-attention on tags and

imaging features to localize re-

gions containing abnormalities

and generate a report using hi-

erarchical LSTM.

Achieved BLEU score of 0.517

for a single word (BLEU1)

on the CheXpert dataset, but

there is still scope for improve-

ment.

Xue et al.

(2019)

Used a recurrent technique of

combining CNN with LSTM

model.

Combined the encoding of the

X-ray frontal and lateral im-

ages with the first generated

sentence to provide an at-

tention input that guides the

generation of the following

sentence, ensuring that cre-

ated sentences remain coher-

ent. A smaller dataset (with

high class imbalance) was used

for training the network, which

caused missing abnormal de-

scriptions.

continued . . .
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. . . continued

Author Methodology Remarks

Liu et al.

(2019a)

Used the encoder-decoder DL

model that first predicts what

topics will be discussed in

the report, then condition-

ally generates the sentences

corresponding to these topics.

Also utilized an image encoder

along with both sentence and

word decoders to generate the

report for a chest X-ray image.

Achieved a 0.313 BLEU1 score

for the MIMIC-CXR dataset.

Still, there is scope for im-

provement.

Yuan et al.

(2019)

Synthesized multi-view infor-

mation by applying a sen-

tence level attention model

and using cross-view consis-

tency (CVC) loss.

With the combination of late

fusion with medical concepts,

they could improve the BLEU

score to 0.529.

Guo et al.

(2018)

Fused demographic, MRI

imaging data, longitudinal

cerebrospinal fluid (CSF),

and cognitive performance

bio-markers features to predict

Alzheimer’s disease progres-

sion.

Achieved a 2% improvement in

performance when compared

to using only a single modality

of the data separately.

Young et al.

(2013)

Fused a combination of MRI,

FDG-PET, CSF and APOE

features using SVM classifiers

to classify mild cognitive im-

pairment (MCI-s) (stable) and

MCI-c (convert to AD) pa-

tients.

Achieved a 3% AUC improve-

ment when compared with sin-

gle imaging data.

2.4 Outcome of Literature Review

After an extensive survey of existing literature, several research gaps were iden-

tified, specifically in the area of CDSSs using textual, imaging, and multimodal
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healthcare data. The previously discussed text-based CDSS works have a sig-

nificant limitation in that they focus on structured patient data and processed

EHRs, which are mostly standardized and widely used in Western countries. How-

ever, currently in India (and other developing countries), the structured and pro-

cessed EHR adoption rate is very low. On the other hand, most hospitals and

healthcare centres are equipped with computer systems to store patient data in

an unstructured/semi-structured form for purposes like billing, pharmacy, lab re-

ports, etc. Designing techniques to consume this clinical data for enabling intel-

ligent CDSS doctors and hospital personnel could be a huge contribution, given

the prevailing conditions in the Indian healthcare ecosystem. Very few existing

works provide evidence to support the inference results, as was discovered. For

the CDSS to be adaptable in real-world circumstances, providing a transparent,

explainable decision is considerably more acceptable than putting forth a highly

accurate, non-transparent decision. While most existing works have concentrated

on English based clinical input, very few works employ non-English textual in-

puts. Based on these observations, a focus on this problem was made, with the

intent of exploring patient-specific interpretive and predictive analytics using tex-

tual healthcare data.

Over the last two decades, CDSSs have been a focus of active study, and the

approaches utilized have evolved over time. Machine learning and DL models

have already been shown to be the most accurate and effective. CDSSs that make

patient-specific predictions are critical in the area of clinical healthcare. These

prediction systems not only assist patients with diagnostic predictions and re-

minders, but also ensure that healthcare personnel, particularly physicians, have

a comprehensive view of the patients’ medical history at a glance. In addition,

healthcare personnel can use the trained system’s recommendations for diagnos-

tics and medical tests that should be performed to make more informed treatment

decisions. Recent works by (Purushotham et al., 2018; Harutyunyan et al., 2019a;

Sheikhalishahi et al., 2020; Zhang et al., 2020) have proposed deep learning-based

approaches for providing CDS by predicting a patient’s illnesses and risks. While

some of these approaches (Zhang et al., 2020; Sheikhalishahi et al., 2020) showed

promising results, there is undoubtedly scope for improvement in terms of patient

data representations, neural network designs, and interpretability. Thus, develop-

ing more effective systems that deliver effective patient-specific predictive analyt-

ics based on unstructured textual healthcare data is an avenue that is explored in

depth in this thesis.

The study of retinal imaging based CDSSs revealed a major need for improv-
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ing the performance of existing DL models in multi-label disease classification

problems that require binary classification of multiple diagnostic labels, each label

indicating a specific disease. Another finding from the detailed analysis was the

strategies used to preprocess and feature model of the clinical data prior to its use

in prediction model-based CDSSs. It was observed that experimenting with vari-

ous preprocessing strategies could enable effective feature learning for identifying

the minute lesions. Typically, medical imaging data is resized and cropped before

being input to a training algorithm, without an appropriate RoI segmentation

strategy to allow accurate evidence for trustworthy prediction. As can be seen,

the majority of present approaches provide medical images for a single ocular con-

dition, while there is potential for several diseases to be generated. Additionally,

the synthesis process should be general, requiring just the ocular condition and

the number of synthesized images.

The EHR comprises vital multimodal patient information such as medical his-

tory, diagnosis, prescriptions, treatment plans, immunization dates, allergy infor-

mation, imaging, and laboratory test results. After an extensive survey of existing

multimodal based CDSS literature, it was noted that radiology is the principal dis-

ease management tool. This increases the cognitive burden of radiologists due to

the manual effort required to assess and report on a large number of patient popu-

lations. As a result, it is critical to design intelligent CDSSs capable of leveraging

the important information included in multimodal healthcare data from radiol-

ogy. The performance of the existing approaches for report generation tasks that

use multimodal radiology data for report generation may be further increased

by developing superior textual and imaging feature modelling methodologies and

prediction model architectures. A critical necessity is to build and construct a

complete framework that allows quick and cost-effective illness screening using

multimodal healthcare data in a user-friendly and unobtrusive way. Hence, this is

also one of the issues proposed to be addressed in this work.

2.5 Summary

In this chapter, various existing approaches and models that have been proposed

to develop AI-based CDSS systems were discussed. Existing approaches that focus

on building CDSS using several types of healthcare data were grouped into three

categories: those that make use of textual data, those built on diagnostic imaging

data, and systems that utilize multimodal healthcare data. The extensive review

of the existing literature revealed a definite need for varied CDSS deployments
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capable of extracting latent knowledge embedded in a wide variety of healthcare

data for tasks ranging from disease prediction to hospital mortality prediction to

medical record management. The availability of large amounts of imaging data

in the field of ophthalmology, specifically fundoscopy and slit-lamp imaging data

used for the diagnosis of widely prevalent common retinal and corneal diseases,

revealed a significant opportunity for the development of novel preprocessing and

image modelling strategies for CDSS development.The availability of huge un-

structured text-based healthcare data reveals a substantial scope for the design

of novel preprocessing and language modelling strategies for CDSS development.

Based on these observations, the scope of the problem and the problem statement

addressed in this thesis were defined (discussed in Chapter 3). The proposed

methodologies designed to address these identified research gaps are discussed in

brief in Chapter 3 and in detail in later chapters of this thesis.



Chapter 3

Problem Description

3.1 Background

In the preceding chapter, a detailed review of existing literature with an emphasis

on AI-based CDSS using multimodal healthcare data was presented. Additionally,

prevalent issues and criteria for enhancing CDSS were outlined. This chapter dis-

cusses the identified research gaps, specifically in the domain of disease detection

and prediction, utilizing textual, diagnostic imaging, and multimodal healthcare

data. A problem statement is formulated to address the identified research gaps.

The scope of the proposed research methods and a brief overview of the method-

ologies used to tackle the formally defined problems are also discussed.

3.2 Research Gaps

Based on a review of existing approaches for developing CDSSs, it is clear that

the effectiveness of developed CDSSs is heavily dependent on how clinical data is

modelled and represented, as this is a critical requirement for effective prediction

models. While several existing works discuss computer-aided CDSS based on

healthcare imaging data, a comprehensive examination of early detection CDSS

approaches and the associated challenges has yet to be undertaken.

• CDSS models that make use of textual healthcare data fail to achieve accept-

able performance for automated coding assignment tasks. There is ample

scope to enhance the existing DL models to improve their performance both

in terms of predictability and interpretability.

• Automated coding assignment systems mostly make use of clinical notes,

mainly written in English. There is a need to develop a CDSS that comprises

53
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multilingual clinical notes.

• Although DL models perform well for some clinical tasks, very few pro-

vide evidential support to visualize the inference results. For CDSS to be

adaptable in real-world circumstances, providing a transparent, explainable

decision (even if it is wrong) is considerably more acceptable than putting

forth a highly accurate, non-transparent decision.

• Due to the difference in camera settings, the captured medical images may

have different image dimensions, contrast, illumination, light incident angle,

etc. Most existing methods perform training and testing using one specific

dataset. There is a need to develop cross-data verifiable and robust models

to deal with data from different distributions.

• In developing countries, sophisticated devices are often not available in rural

hospitals. Thus, there is a need for developing automated image quality en-

hancement algorithms that enable the use of images captured using portable,

low-cost devices but still provide clinical diagnostic quality similar to that

offered by high-end appliances.

• To improve model performance for early disease detection tasks, there is

significant scope for experimenting with various preprocessing strategies that

enable effective feature learning for detecting minute lesions.

• Supervised DL with CNN models and deeper architectures requires huge

volumes of annotated/labelled images. Such acquisition of images is ex-

pensive and requires the extensive annotation services of expert physicians.

Semi-supervised Generative Adversarial Networks (GAN) (Goodfellow et al.,

2014) that can learn from limited data have seen limited exploration.

• There is scope for improving the performance of existing DL models in multi-

label disease classification problems requiring binary classification of multiple

diagnostic labels, each label indicating a specific disease.

• There is a significant requirement to design and develop a comprehensive

framework that enables rapid and cost-effective disease screening using mul-

timodal healthcare data in a user-friendly and unobtrusive manner.

3.3 Scope of the Work

With these observations and with the aim of bridging the observed gaps, the

research work presented in this thesis has contributions in six major aspects, as

listed below:
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1. To design and develop CDSSs built on unstructured EHRs, for improved

prediction accuracy in assigning diagnostic codes to medical records.

2. Designing approaches for medical imaging based CDSSs, for improved inter-

pretation for disease detection and grading.

3. To design and develop multi-task CDSSs using diagnostic imaging data for

ocular disease diagnosis.

4. Adaption of GAN-based augmentation techniques for the generalization of

the developed DL models.

5. Design of novel ensemble of preprocessing approaches with CNNs for im-

proved prediction accuracy in detecting ocular diseases.

6. Designing a comprehensive CDSS using multimodal healthcare data to de-

tect and manage onset and grading of lung disease in patients.

3.4 Problem Statement

Based on an understanding of the gaps observed during the comprehensive review

of current literature in the area of AI-based CDSS using multimodal healthcare

data, the research problem addressed by this thesis is defined as below:

“To design and develop AI-based clinical decision support systems us-

ing multimodal healthcare data, with support for interpretability and

evidence-based diagnosis.”.

3.5 Research Objectives

Based on identified gaps and the defined problem statement, three research objec-

tives have been defined and addressed in this thesis:

1. To develop techniques for patient-specific predictive analytics using textual

healthcare data.

2. To design and develop multi-task clinical decision support system using di-

agnostic imaging based healthcare data.

3. To design and develop AI-based clinical decision support system using mul-

timodal healthcare data.
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Figure 3.1: Scope of the proposed research work
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3.6 Brief Overview of Proposed Methodology

Fig. 3.1 depicts the overall system architecture of the proposed AI-based CDSS for

multimodal healthcare data. The contributions made towards each research ob-

jective are indicated by the thesis chapter(s) in which they are discussed in further

depth. This section discusses a high-level overview of the proposed approaches.

3.7 Patient-specific Predictive Analytics with Un-

structured Text based Healthcare Data

The utility of the rich, latent patient information embedded in unstructured clin-

ical notes has been mostly overlooked, and its importance as a source of valuable

disease-specific information has been under-exploited. There is a tremendous op-

portunity to build AI-based CDSS that are capable of directly absorbing unstruc-

tured clinical notes for predictive analytics. To address this, the effective textual

feature modelling methodologies are combined for deriving effective patient data

representations that can be utilized for effective deep learning training and infer-

ence. Fig. 3.2 depicts the high-level workflow of the design of a patient-centric

CDSS built on unstructured clinical notes.

Figure 3.2: Predictive analytics with unstructured text data.

Chapter 4 discusses approaches for generating patient data representations us-

ing textual feature modelling techniques, as well as how they were used in ICD

coding systems. EnCAML, a multi-channel, variable-sized convolutional attention

model, was proposed to enable the clinical task of diagnostic code assignment as a

multi-label classification problem. The proposed model enhances the predictabil-

ity of the ICD codes by extracting multi-granular text snippets. The attention

mechanism used in the model enables the selection of those segments that most

contribute to the corresponding diagnostic code. Additionally, a qualitative anal-

ysis was performed to demonstrate the model’s ability to capture crucial input

tokens contributing to particular ICD-10 diagnostic codes from non-English clini-

cal notes through the label attention transformer architecture (LAT A), which is

described in detail in Chapter 5.
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3.8 Multi-task CDSS using Diagnostic Imaging

Data

As stated earlier, this thesis focuses on fundus and slit-lamp imaging data uti-

lized in the ophthalmology domain to develop the multi-task CDSS. Initially, a

systematic review of existing literature is carried out to examine the diagnostic

use of automated MA detection and segmentation for early DR diagnosis. Ini-

tially, a focused study on existing early DR diagnosis techniques was carried out

to understand their strengths and weaknesses. To address a few identified research

gaps, a multi-task CDSS using fundus and slit-lamp imaging healthcare data was

designed. The overall workflow is depicted in Fig. 3.3.

Figure 3.3: Multi-task CDSS using diagnostic imaging data.

Several preprocessing approaches were combined with CNN to detect chronic

ocular diseases (COD) accurately, including myopia, diabetic retinopathy, age-

related macular degeneration, glaucoma, and cataract. Chapter 7 provides a

detailed discussion of various preprocessing methods applied to fundus images.

For effective learning performance, generalizable deep neural models require a

large number of labelled images. A variety of data augmentation techniques are

widely used to deal with the limited number of training images. Batch-level and

condition-level data augmentation techniques are incorporated for increasing the

number of images used for training the neural models and are detailed in Chap-

ter 7. In addition, a multi-scale convolutional neural network (KeratNet) was

proposed for accurate segmentation of the corneal region to enable early fungal

keratitis (FK) diagnosis (refer Chapter 6). A deep neural pipeline for corneal re-

gion segmentation followed by a CNN was proposed to differentiate between FK

and non-FK classes.

3.9 CDSS using Multimodal Healthcare Data

A CDSS for predicting the presence or absence of lung diseases using diagnostic

scans can be beneficial to healthcare professionals as well as patients. An attempt
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was made to build such a model that leverages the wealth of information contained

in expert reports along with the actual diagnostic scan data for learning disease

representations of lung diseases. Figure 3.4 depicts the over workflow of the frame-

work. A complete web-based framework was deployed on the cloud, to provide

a highly usable platform for expert verified screening results. A comprehensive

clinical decision support framework was deployed for quick and cost-effective early

screening of lung diseases in a user-friendly and unobtrusive manner. The com-

plete framework design and the methodologies are discussed in Chapter 8.

Figure 3.4: AI-based CDSS using multimodal healthcare data.

3.10 Research Contributions

In this research thesis, a framework for design and development of AI-based clinical

decision support systems built using multimodal healthcare data, with support for

interpretability and evidence-based diagnosis is presented. The objectives are to

develop predictive analytics utilizing textual, diagnostic imaging, and multimodal

healthcare data, thus aiding physicians to make clinical decisions. The major

contributions of the research work are listed below.

• Development of a multi-channel, convolutional attention based neural model

for automated diagnostic coding of unstructured patient discharge sum-

maries.

• Design of LAT A – Label Attention Transformer Architectures for auto-

mated ICD-10 coding of unstructured clinical notes.

• An empirical study of preprocessing techniques with convolutional neural

networks for accurate detection of chronic ocular diseases using retinal fun-

doscopy images.

• Development of multi-scale convolutional neural network for accurate corneal
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segmentation in the early detection of fungal keratitis using slit-lamp biomi-

croscopy imaging data.

• Design of multi-task deep neural networks for learning COVID-19 disease

representations from multimodal disease data.

• Deployment of an AI-based clinical decision support system for learning

COVID-19 disease representations from multimodal patient data.

3.11 Summary

In this chapter, the scope of the research work and the identified research gaps that

are addressed in this thesis are presented, based on which the research problem

for this research thesis was formally defined. The proposed approaches towards

solving the defined problem were also discussed briefly, and are explained in detail

in subsequent chapters.



PART II

Patient-specific Predictive

Analytics using Textual

Healthcare Data





Chapter 4

Automated Diagnostic Coding of

Unstructured Discharge Summaries

4.1 Introduction

In hospitals, the International Statistical Classification of Diseases and Related

Health Problems medical coding taxonomy (ICD-91 and ICD-102 are widely em-

ployed to describe patients’ clinical conditions and associated diagnoses. These

classification systems are maintained by the World Health Organization. The

ICD is essentially a hierarchical classification that defines unique codes for patient

conditions, diseases, infections, symptoms, causes of injury, and others. These

unique diagnostic codes are assigned to patient records to facilitate clinical and

financial decisions made by the hospital management for various tasks, includ-

ing billing, insurance claims, and reimbursements (Jensen et al., 2012; Li et al.,

2019b). Based on clinicians’ free-text notes and other patient records such as

discharge summaries, doctors’ notes, nursing notes, and other relevant sources,

trained professional medical coders employed by the MRD in hospitals transcribe

patient records into a set of appropriate medical diagnostic codes (from a po-

tentially large number of over 15, 000 codes). These medical coders utilize their

medical domain expertise and a plethora of coding rules/terminologies to facilitate

the mapping of a patient record to applicable diagnostic codes (one-to-many). Sev-

eral publicly available large-scale healthcare datasets provide instances of patient

data mapped to ICD-9 and ICD-10 clinical procedures/diagnostic codes.

Given the enormous volume of patient records generated every day in urban

and rural hospitals alike, such manual coding processes are highly cost-intensive

1https://www.cdc.gov/nchs/icd/icd9cm.htm.
2https://icd.who.int/browse10/2019/en.

63

https://www.cdc.gov/nchs/icd/icd9cm.htm
https://icd.who.int/browse10/2019/en


64 Chapter 4. Diagnostic Coding CDSS using Discharge Summaries

and often inexact, time-consuming, and error-prone (Chen et al., 2017; Zeng et al.,

2019b). The additional costs incurred due to inaccurate coding and the financial

investment towards improving diagnostic coding efficacy is estimated to be more

than $25 billion per year (in the United States alone) (Lang, 2007; Farkas and

Szarvas, 2008). Furthermore, automated systems reliant on structured electronic

medical records (S-EMRs) find limited applicability in developing nations with a

relatively low digitization rate. It is crucial to develop intelligent computational

systems that accommodate these needs by facilitating automated diagnostic cod-

ing of unstructured patient records. Such a code assignment can be regarded as

a multi-label classification problem involving binary classification of multiple di-

agnostic labels, with each code label pertaining to a specific diagnostic condition

(recorded as a binary indicator).

Over the years, there has been a significant interest in developing and utilizing

machine learning models to facilitate automated ICD coding as a multi-label clas-

sification task. Strategies and models utilizing Support Vector Machines (SVMs)

(Ferrao et al., 2013; Perotte et al., 2013; Wang et al., 2017), näıve Bayes (Pakho-

mov et al., 2006b; Medori and Fairon, 2010b), nearest neighbors (Ruch et al.,

2008; Erraguntla et al., 2012), unsupervised topic modelling (Perotte et al., 2011;

Dermouche et al., 2016), and several others have been employed for the clinical

prediction task. Recent surveys on the applications of deep learning approaches

for the analysis of S-EMRs (Shickel et al., 2018; Bizopoulos and Koutsouris, 2019;

Domingues et al., 2019) highlight the need for interpretability of predictions made

and explainability of automated prediction systems. By understanding the input

features that contribute to the output decisions, trust can be built in the predic-

tions and recommendations enabled by such learned models, which is crucial in

healthcare applications.

More recently, research on automated code assignment has been attempted by

modelling the unstructured clinical text (Baumel et al., 2018a; Huang et al., 2019;

Mullenbach et al., 2018; Li and Yu, 2020; Vu et al., 2020), thus, exploring the rich-

ness of patient-specific information in such free-text. While supervised learning

approaches are applicable in cases of accessible large-scale annotated datasets, it

is common for researchers to explore modelling approaches that are beneficial in

targeted studies with minimal data resources. In this regard, deep neural models

and modelling strategies, including the DeepLabeler (Li et al., 2019b), Convolu-

tional Networks (ConvNets) (Mullenbach et al., 2018; Li and Yu, 2020; Teng et al.,

2020; Ji et al., 2020), Long Short-Term Memory (LSTM) models (Xie and Xing,

2018), and transfer learning (Zeng et al., 2019b; Rios and Kavuluru, 2019), have
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been quite successful. However, the availability of healthcare clinical datasets

are relatively abundant (e.g., PCORnet3, Open NHS4, eICU-Philips5, MIMIC6,

VistA7, ACS-NSQIP8, and others (Marshall et al., 2016)), owing to the volume

of medical patient data generated day-to-day, thus promoting active healthcare

research in modelling such data. Despite the abundance of data, only a limited

number of these data sources include unstructured text-based patient diagnosis

data, such as discharge summaries and nursing notes. Most state-of-the-art stud-

ies have utilized the standard, openly-available MIMIC-III (Medical Information

Mart for Intensive Care) database (Johnson et al., 2016), comprising over 40, 000

patients’ data. Several researchers (Baumel et al., 2018a; Mullenbach et al., 2018)

have attempted to utilize the predictive power of the machine and deep learning

based models to enhance the diagnostic coding performance on the patient data

available in the MIMIC-III database, making the database one of the most widely

employed sources for performance benchmarking.

4.2 Problem Definition

Existing studies facilitating automated ICD-based clinical coding corroborate the

critical nature of the task at hand. Moreover, the applicability, deployability, and

adaptability of the proposed intelligent systems in real-world scenarios demand

high performance (exceeding that of the manual clinical coders), both in code

prediction and system explainability. However, the nature of the underlying data

poses several modelling challenges, including the variety and sparseness of diagnos-

tic codes, complex structural and temporal nature of unstructured data, and pro-

lific use of medical jargon, limiting the reported performance in the existing works.

Thus, the problem of accurate ICD code assignment remains a long-standing open

research challenge in the fields of healthcare informatics and machine learning.

To cope with the modelling complexities, specifically the vast imbalance in the

code distribution across patient data, prior studies discarded medical records cor-

responding to less frequent diagnosis codes, thus reporting the performance of

modelling the top−k diagnostic procedures. Furthermore, several researchers and

recent surveys on the use of deep neural approaches for patients’ risk stratification

3https://pcornet.org/data-driven-common-model/.
4https://digital.nhs.uk/data-and-information/data-collections-and-data-sets.
5https://eicu-crd.mit.edu/.
6https://mimic.physionet.org/.
7https://www.data.va.gov/widgets/4d7k-fkpu.
8https://www.facs.org/Quality-Programs/ACS-NSQIP/joinnow/data.

https://pcornet.org/data-driven-common-model/
https://digital.nhs.uk/data-and-information/data-collections-and-data-sets
https://eicu-crd.mit.edu/
https://mimic.physionet.org/
https://www.data.va.gov/widgets/4d7k-fkpu
https://www.facs.org/Quality-Programs/ACS-NSQIP/joinnow/data
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(Shickel et al., 2018; Bizopoulos and Koutsouris, 2019; Domingues et al., 2019)

highlight the urgent need for the interpretability and explainability of the pro-

posed automated prediction systems. The problem to be addressed here is defined

as follows:

Given the known issues arising due to the lengthier clinical notes,

medical jargon, and large number ICD codes considered by traditional

code assignment, design and develop approaches for effective automated

ICD-9 code assignment, based on unstructured discharge summaries.

In this study, the significance of interpretable intelligent healthcare solutions

in ensuring the trustworthiness of the underlying computational clinical decision

support systems is emphasized. This work proposes the Enhanced Convolutional

Attention network for Multi-Label classification (EnCAML). The EnCAML model

employs multi-channel, variable-sized convolution filters and multiple attention

layers that reveal the associations of medical text with the predicted diagnostic

code as a result of the interactions between the neurons. An attempt to dissect the

black-box decisions facilitated by the proposed deep neural model by visualizing

the associated clinical terms that contribute to the prediction of the respective

disease code is made. Such analyses and interpretation of the obtained predic-

tions can enhance the explainability of the proposed automated system. The key

contributions of this work in advancing the efforts of the state-of-the-art can be

summarized as follows:

• Design of EnCAML, a multi-channel, variable-sized convolution attention

neural model that facilitates the reliable assignment of diagnostic codes us-

ing unstructured text-based patient discharge summaries, focusing on the

interpretability and explainability of the neural system.

• Detailed analysis of the impact of the initial embedding layer on the overall

performance of the proposed EnCAML model, using several state-of-the-art

embedding approaches on voluminous discharge summaries.

• Extensive benchmarking results underscore the superior performance of the

proposed EnCAML model compared to the current work on ICD-9 code

prediction using MIMIC-III unstructured discharge summaries.

4.3 Motivating Example

To describe the prevailing conditions that emphasise the need for disease predic-

tion CDSS based on unstructured clinical notes, let us consider scenarios where
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a hospital has a full-fledged EHR system, and discharge summaries are recorded

by physicians as notes. The MRD staff scans through the entire document (often

longer than 3000 words) and assigns the ICD diagnostic and procedural codes for

a particular patient based on historical observations and probability. Manually

scanning the entire document is a time consuming task, and coding efficiency is

often dependent on the expertise of trained medical coders. Effective coding of pa-

tient records in hospitals is an essential requirement for epidemiology, billing, and

managing insurance claims. The additional costs incurred as a result of incorrect

coding, as well as the financial investment in improving diagnostic coding efficacy,

are estimated to be more than $25 billion per year (in the United States alone)

(Lang, 2007; Farkas and Szarvas, 2008). This delay in processing and code assign-

ment could be avoided if the ICD codes could be automatically generated using

the clinical notes. The automated disease prediction CDSS could directly process

the unstructured clinical notes recorded by the physician and provide them with a

list of ICD codes along with highlighting of the texts that the system found rele-

vant for predicting each of the codes. In this way, the MRD staff need not perform

conversion to any predefined structure and, hence, has the advantage of significant

savings in person-hours and reduced costs due to inaccurate code assignment.

In the subsequent section of this chapter, various approaches towards develop-

ing effective patient-specific ICD-9 code assignment models built on unstructured

discharge summaries are presented. The contributions towards the defined prob-

lem are in the context of designing methods that can automatically process a

variety of unstructured discharge summaries, with their differences in notation,

usage of extensive medical jargon, acronyms, etc., and still be able to extract rele-

vant disease-specific features, which can be leveraged for the purpose of automatic

ICD-9 code prediction. The performance of the proposed models was compared

to that of state-of-the-art ICD-9 code assignment built on unstructured patient

discharge summaries using standard evaluation metrics.

4.4 EnCAML - Multi-label Convolutional Atten-

tion Model for ICD-9 Code Prediction

For the task of automated ICD-based code assignment, which is a multi-label

problem, the MIMIC-III (v1.4) database was employed. In line with the existing

works, this study benchmarks the performance using (a) Top−k diagnostic codes,

covering over 76.93% (k = 10) and 93.60% (k = 50) of the database, (b) Top−k
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diagnostic code categories, covering over 84.24% (k = 10) and 96.79% (k = 50)

of the database, and (c) All 6, 918 disease diagnosis codes, corresponding to the

discharge summaries of the patient cohort. Extensive benchmarking across several

variations in the cohort data selection (presented as (a), (b), and (c) above) facili-

tated a detailed analysis of the obtained prediction performance with reference to

existing models.

The MIMIC-III database is a comprehensive collection of diverse, clinical, and

physiological healthcare data of critical care patients admitted to the Beth Israel

Deaconess Medical Center, Boston, between June 2001 and October 2012. For this

work, the discharge summaries corresponding to 46, 520 intensive unit patients are

considered. In the given data, the occurrence of ICD-9 diagnostic codes associ-

ated with the extracted discharge summaries is highly imbalanced, indicating that

the amount of data available to learn more infrequent codes is highly selective.

Therefore, it is essential to understand the relevant portions of the clinical free-

text that contribute towards the assignment of a particular diagnostic code. The

subsequent sections describe the steps involved in extracting and preprocessing

the unstructured text from the discharge summaries to facilitate ICD-9 code and

category prediction.

The MIMIC-III database comprises 26 relational tables, and the required co-

hort data utilized in this study is extracted from two specific tables. A total of

52, 726 discharge summaries corresponding to various hospital admissions were ex-

tracted from the noteevents table, and the ICD-9 codes corresponding to these

summaries were extracted from the diagnoses icd table. Specific structural and

linguistic details concerning the extracted discharge summary corpus are tabu-

lated in Table 4.1. A cohort selection criteria in line with several state-of-the-art

works (Mullenbach et al., 2018; Huang et al., 2019; Harutyunyan et al., 2019b) is

employed to enable comparative evaluation of the obtained performance. Accord-

ingly, only the discharge summaries that correspond to the first hospital admis-

sion of a patient are considered, and the data from the subsequent admissions are

discarded, as such conditions ensure risk assessment using the earliest detected

symptoms.

To predict ICD-9 code categories, the corresponding diagnostic codes are grouped

into categories based on the hierarchical nature of the ICD-9 coding taxonomy.

This results in 942 code categories. The multi-label classification of discharge

summaries is facilitated through pairwise comparison of the binary predictions

with true code categories. The proposed EnCAML model is evaluated on var-

ious constructed datasets, hereby be referred to as: (a) top-10-code, for top−10
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ICD-9 codes, (b) top-10-cat, for top−10 ICD-9 code categories, (c) top-50-code, for

top−50 ICD-9 codes, (d) top-50-cat, for top−50 ICD-9 code categories, and (e) all-

codes, for all 6, 918 ICD-9 codes. Additionally, the approach is benchmarked using

k = 50 most-frequent diagnostic (6, 918) and procedural (2, 003) codes, referred

to as top-50-dp-code.

Table 4.1: Statistics of the discharge summaries corpus extracted from the MIMIC-
III database for the clinical task of ICD-9 diagnostic code (and code category)
prediction.

Parameter Total Average

Unstructured discharge summaries 52, 726 −
Patients in the chosen cohort 46, 520 −
Unique ICD-9 codes (chosen cohort) 6, 918∗ 11.73

Unique words in the discharge summaries 150, 854 606.465

Words in the discharge summaries 79, 731, 657 1, 513.51

Words in the longest discharge summary 10, 500 −
Words in the shortest discharge summary 51 −
∗A total of 6, 984 diagnostic codes were extracted from the MIMIC-III dis-
charge summary corpus. However, post cohort selection and preprocessing 66
of these codes were removed.

The discharge summaries obtained from the MIMIC-III database included du-

plicate entries, which were identified and deduplicated. The resulting data cor-

responds to 6, 918 unique ICD-9 codes in total. Additionally, stemming from

the manifold nature of the disease symptoms (e.g., nephrolithiasis (formation of

kidney stones) caused by hyponatremia (low natrium presence in the blood), the

dataset included multiple records per patient, mapped to different ICD-9 codes.

To account for this, the content and diagnostic codes across multiple records of a

patient are aggregated, thus enabling multi-label classification. Binary predictions

as the target scores are used in this work, with a pairwise comparison of actual

and predicted values.

4.4.1 Text Preprocessing

The next task is to transform the raw clinical text into a canonical form to ac-

count for the complex linguistic structure, medical jargon, and voluminosity of

the clinical corpus. The discharge summaries obtained from MIMIC-III form a

sizeable vocabulary of 150, 854 words (= |V|), and each summary consists of a

variable number of tokens (see Table 4.1). In addition to this, multiple discharge
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summaries maintained per patient add to the computational complexity and cost

of training the underlying neural language models. Hence, it is vital to transform

the corpus into a machine-processable format with a manageable vocabulary size.

To enhance the manageability of the data, certain medications (e.g., discharge and

transfer medications) and patient history sections (e.g., family and social history)

are removed from the data. The procedure followed to facilitate such removal is

described using Algorithm 1. Next, the punctuation marks and numeric tokens are

eliminated, and character case folding is enabled. Additionally, all those tokens

occurring in fewer than three summaries are tagged as out-of-vocabulary words.

Algorithm 1 Procedure employed for the removal of non-relevant medical jargon

1: Find tags ending with “<string-1> <string-2>:” using regular expressions
2: Filter-out all the tags ending with medicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedicationsmedications
3: Retain tags containing to-be-excluded keywords (e.g., discharge).
4: Store the extracted medication tags in a tags-specific database.
5: Repeat steps 1 through 4 to extract all the patient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient historypatient history tags.
6: for each text ∈ discharge summary do
7: if text contains a medication or history tag then
8: Extract the subsequent tag within the text
9: Remove content in the text between tags using regular expressions
10: end if
11: end for

To further normalize the content in the summaries, typographical error cor-

rection is applied to those tokens that are not present in the biomedical word

embedding vocabulary (McDonald et al., 2018). The biomedical word embed-

dings were trained with approximately 28, 000, 000 articles comprising titles and

abstracts obtained from the PubMed baseline 2018 collection9, which accounts for

a medical vocabulary of over 2, 540, 000 terms. Utilizing the large PubMed vocab-

ulary, the typographical errors of those tokens (ηs) whose Levenshtein distance

(Wagner and Fischer, 1974) with the terms in the PubMed vocabulary (ρs) is less

than three (≈ 25, 000 tokens), are corrected. Levenshtein distance is computed as:

Lev η,ρ(n, p) =



max (n, p), if min (n, p) = 0,

min


Lev η,ρ(n− 1, p) + 1

Lev η,ρ(n, p− 1) + 1

Lev η,ρ(n− 1, p− 1) + 1{ηn ̸= ρp}

otherwise

(4.1)

9https://www.nlm.nih.gov/databases/download/pubmed_medline.html.

https://www.nlm.nih.gov/databases/download/pubmed_medline.html
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where, Lev η,ρ(n, p) indicates the distance between the first n characters of η

and first p characters of ρ (n and p are 1−based indices), and 1{•} denotes an

indicator function. A few examples illustrating the use of Levenshtein distance for

correcting the misspelled tokens are shown in Table 4.2.

Table 4.2: A few examples of misspelled tokens from the MIMIC-III discharge
summary corpus, corrected using the biomedical word embedding vocabulary from
(McDonald et al., 2018).

Observed
token

Corrected
token

Observed
token

Corrected
token

abcscscscscscscscscscscscscscscscscsess abscscscscscscscscscscscscscscscscscess abdominallllllllllllllllll abdominal

anixixixixixixixixixixixixixixixixixety anxixixixixixixixixixixixixixixixixiety arrhythmnnnnnnnnnnnnnnnnnia arrhythmia

calcificcccccccccccccccced calcified calcicccccccccccccccccum calcium

calcifed calcifiiiiiiiiiiiiiiiiied cardiogolgolgolgolgolgolgolgolgolgolgolgolgolgolgolgolgolist cardiologloglogloglogloglogloglogloglogloglogloglogloglogist

cardiololllllllllllllllllgy cardiology coronoraoraoraoraoraoraoraoraoraoraoraoraoraoraoraoraoray coronararararararararararararararararary

4.4.2 Embeddings for Clinical Text

Word embeddings allows individual words to be represented as real-valued vectors

in a predetermined vector space. The clinical texts were converted to vector space

by employing a Continuous Bag-of-Words (CBoW) Word2vec embedding model

(Mikolov et al., 2013), trained on the underlying corpus. Table 4.3 lists the pa-

rameters utilized in generating the word embeddings. The learning rate was fixed

to a default value of 0.025 (same as that of the base Word2Vec model presented

by Mikolov et al. (2013)), and the number of iterations was set to 10. The optimal

embedding size was empirically determined by experimenting with varying em-

bedding sizes of 50, 100, and 200. The implementations of the Word2Vec model

available in the Python Gensim library (Řeh̊uřek and Sojka, 2010) were utilized

in generating the embeddings. Additional details, including the rationale behind

choosing the CBoW Word2Vec model over other recent neural word embedding

approaches, like BERT, are discussed in Section 4.4.4.

4.4.3 Clinical Text Modelling

The EnCAML convolutional attention network was designed to enhance the pre-

dictability of diagnostic codes corresponding to a given discharge summary while

enhancing the ease of model interpretability and performance explainability. A
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Table 4.3: Parameters of the Word2Vec models employed to effectively represent
the extracted and cleaned discharge summaries.

Parameter Value(s)

Number of iterations 10

Vocabulary size of the summaries without medical
jargon removal or typographical error correctionb

51, 917

Vocabulary size of the summaries post processing using
Algorithm 1

45, 268

Vocabulary size of the summaries post processing using
Algorithm 1, followed by typographical error correction

42, 170

Employed word embedding sizes {50; 100; 200}
CBoW context window size 5

Learning rate of the neural model 0.025

bAt this stage, all the numeric tokens are removed, infrequent tokens marked
as out-of-vocabulary words, and summaries are truncated to a maximum of
2, 500 tokens (as done in Mullenbach et al. (2018)).

linear combination of the features (rather, feature weights) weighted by the convo-

lutional filter, convolves the input representation into a more informative feature.

Smaller kernel sizes were preferred over the larger sizes, as they captured the de-

sired amount of context without over or undershooting. However, choosing larger

kernel sizes could be beneficial when handling highly context-dependent data,

as is the case in most healthcare applications. The proposed EnCAML neural

model utilizes variable-sized multi-channel (parallel) convolution filters to ensure

the choice of an appropriate kernel size. Attention weighting was employed af-

ter the convolution layer to highlight the text snippets that were responsible for

mapping the respective summary to a diagnostic code. This mimics the actual di-

agnostic procedure followed at hospitals. Based on the observations, the proposed

model facilitates enhanced predictability and interpretability over the alternate

variants as depicted in Figure 4.1. The overall architecture of EnCAML model is

presented in Figure 4.2.

Let D(d) = {t(d)1 ; t
(d)
2 ; . . . ; t

(d)
L } be the d-th (d ∈ {1; 2; . . . ;D}) discharge sum-

mary of length L = |D(d)| (≤ 2, 500) comprising tokens t
(d)
i s, each represented as

an e−dimensional embedding. The token embeddings adjacent to the token of in-

terest (i.e., the context) are combined using the convolution operation with a filter
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(a) Neural model with (n+ 1)
sequential convolution units.
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(b) Neural model with (n+1) sequential con-
volutional attention units.
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(c) Neural model with (n+ 1) par-
allel convolution units with same
or different kernels (⊕ denotes con-
catenation).
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(d) Neural model with (n+1) parallel convo-
lutional attention units with same or different
kernels (⊕ denotes concatenation).
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(e) Neural model with (n+ 1) gated convolution units (⊗
denotes element-wise multiplication).

Figure 4.1: Convolutional attention neural model variants for the task of diag-
nostic code prediction as multi-label classification. The architecture in (d) with
different kernels across parallel convolutional attention units forms the basis for
the proposed EnCAML.

Fk ∈ Rf×e×k, where, f is the number of feature maps (Fjs) and k ∈ {3; 5; 7; 9} is

the kernel size. Each feature map Fj ∈ RL and the entire convolution operation

over the discharge summary D(d) results in (four) matrices Hks of dimension Rf×L

for each kernel size k. It can be noted that pooling across the length of the sum-

mary is not performed to ensure no loss in information, i.e., different portions of

the summary could be relevant to different diagnostic codes. Next, the process of

diagnosis at hospitals (and manually annotating the patient records) is mimicked

by narrowing down the entire discharge summary to a specific textual portion

that contributes the most towards the respective diagnostic code. Towards this,
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Figure 4.2: Proposed multi-channel, convolutional attention neural architecture

an attention mechanism is applied per code to highlight the text snippets in the

convolution output matrices. The attention weights ac for a code c are computed

using the trainable vector parameter uc ∈ Rf as ac = softmax(HT
k · uc). The

attention weights ac can help visualize which tokens contribute to code c. The

final output representations obtained using the attention vector result in (four)

matrices Ak ∈ Rf×N , one per kernel size, where N is the number of output codes

(here, N ∈ {10; 50; 6, 918}).
To facilitate the classification task of diagnostic code prediction, individual

classifiers are built atop the ⊕{Ak} ∀k vector representations (⊕ denotes concate-

nation). modelling diagnostic codes independently instead of employing a single

prediction layer is beneficial, as the model parameters are fine-tuned independently

at the penultimate layer, thus enhancing the predictability of the EnCAML model.

This way, the neural model can effectively learn and generalize what features best

contribute to a particular diagnostic code. Therefore, a fully-connected layer with

a sigmoid activation function is employed to facilitate binary code prediction, i.e.,

ŷc = sigm(WT(H · ac) + b), where W and b are the corresponding weight matrix

and bias vector, respectively. The neural model is trained to minimize binary

cross-entropy loss using the Adam optimizer (Kingma and Ba, 2015). Addition-

ally, an early stopping criterion to mitigate any overfitting of the model is also

employed. While modelling for the prediction of diagnostic codes among all 6, 918
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codes, a single linear layer is employed as opposed to individual code-specific clas-

sifiers, to lower the computational overhead incurred in training a large number

of independent classifiers.

The choice of the threshold (θ) on the sigmoid activation layer regulates the

predictive performance of the proposed automated diagnostic coding system. Most

of the existing studies (Huang et al., 2019; Mullenbach et al., 2018) round-up the

obtained output values to the closer of 0.0 and 1.0 (i.e., an implicit threshold

of 0.5), while others, including Li et al. (2019b), empirically determine the op-

timal threshold through experimentation with θ ∈ [0.1, 0.95]. In this study, the

Fisher-Jenks Natural Breaks algorithm (Jenks, 1967) is employed to find an op-

timal threshold that maximizes the predictability of ŷ. The algorithm aims at

determining the most-suitable arrangement of values into different classes, i.e.,

the natural breaks in the data, by minimizing the intra-class variance while max-

imizing the inter-class variance. These natural breaks can be precomputed from

the training data to be employed while testing. In this study, both code-level

and data-level threshold values are computed. For instance, computing the code-

level threshold for the diagnostic code 414.01 (coronary atherosclerosis of native

coronary artery) would involve detecting the natural breaks in ŷ414.01, i.e., the

most optimal threshold that can cluster the training data into + and − classes.

Alternately, computing the data-level threshold involves the use of ŷc ∀c ∈ y to

best group the input data according to the distribution of the output classes. The

implementations of the algorithm available in the Python Jenkspy10 library is em-

ployed to find the optimal classification threshold values. The generated data-level

thresholds for the top-10-code prediction task is depicted in Fig. 4.3.

4.4.4 Word Embeddings and Predictability of EnCAML

The employed word embedding neural network determines the representation of

the underlying clinical text, thereby effectively capturing the document’s seman-

tics. By extension, it seems intuitive to establish that vector representations cap-

turing a higher level of document semantics (e.g., intra-word associations mined

using self-attention) would outperform more simplistic approaches. However, it

must be noted that a flexible and robust classification model must be capable of

generalizing over minimalistic representations, as well as learning adequately from

highly semantics-specific representations without over-representing the underly-

ing patterns. To analyze the impact of the choice of initial word embedding on

10https://github.com/mthh/jenkspy.

https://github.com/mthh/jenkspy
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Figure 4.3: Data-level threshold values obtained using the Fisher-Jenks Natural
Breaks algorithm for top-10-code data category.

the proposed EnCAML neural classification model, several state-of-the-art word

embedding approaches were experimented with, including Word2Vec (skip-gram

and CBoW variants), fastText (skip-gram and CBoW variants), and BERT (pre-

trained on clinical corpora and fine-tuned).

The Word2Vec (or a close variant) neural model for generating word embed-

dings (Mikolov et al., 2013) has been widely employed in modelling clinical text

across several state-of-the-art studies (Li et al., 2019b), owing to its ability to

capture the text semantics in a simple yet efficient manner. However, models re-

liant on Word2Vec approaches often cluster all the out-of-vocabulary words into a

single vector representation, defaulted for all unknown tokens. In this regard, the

more flexible fastText neural model (Bojanowski et al., 2017) aims at representing

the unknown tokens as some combination of known sub-tokens, thus overcoming

the limitations of the Word2Vec model. Finally, a more advanced self-attention-

based BERT model (Devlin et al., 2019a) captures the context of the given token

from both left-to-right and right-to-left, aiming to extract the exact intended se-

mantics of the underlying text, which would otherwise go unnoticed. The BERT

embeddings are obtained for the entire MIMIC-III discharge summaries using ser-

vice framework that hosts BERT as a sentence encoder service. The pre-trained

checkpoints obtained while training on clinical texts, released by Alsentzer et al.

(2019), and those obtained while training on PubMed abstracts, released by Peng

et al. (2019), are used to start the service and thereby avoid computationally in-
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tensive re-training. Word2Vec and fastText models are employed through the im-

plementations available in the Python Gensim library (Řeh̊uřek and Sojka, 2010),

while BERT embeddings are generated using the openly available BERT-as-service

framework11.

Since the BERT (base model) outputs a vector embedding of 768 dimensions,

the same embedding size is employed while modelling Word2Vec and fastText

models for comparison. Furthermore, the Word2Vec and fastText embeddings are

deployed with a window size of five, trained for 30 iterations over the corpus. The

obtained performance (measured as micro F1 score) of proposed EnCAML model

for various neural embeddings is presented in Table 4.4. Additionally, the micro F1

score obtained using a random Xavier uniform initialization of 768−dimensional

vector per token as the baseline, is presented also in Table 4.4. It can be observed

that the CBoW variants of Word2Vec and fastText models always outperform their

skip-gram counterparts. One possible interpretation for this behaviour could be

that predicting a target word, given the neighbouring noisy context, is far simpler

than predicting the exact noisy context for a given target token. Despite the

fastText CBoW variant achieving the highest performance, the speedup obtained

for Word2Vec models is nearly ten-fold (10×) at a similar (i.e., insignificantly

lower) performance. There was no drastic improvement in performance when the

FasText model is used compared to Word2Vec. This could be attributed to the

fact that medical terms cannot be split into many subwords. Considering these

findings, vector representations output by the CBoW Word2Vec were chosen for

the embedding layer to model the input discharge summaries.

Xavier uniform initialization at random, also provides comparable performance

with respect to other more sophisticated models, as observed from Table 4.4. This

corroborates that the values of initial embedding vector components play little

to no role in enhancing the predictability of the EnCAML model. The proposed

EnCAML model employs multiple attention layers, thus enabling the learning

of per-code attention weights over training samples. Therefore, initialization of

input vectors with pre-trained embedding weights is quite redundant and cost-

intensive (requiring additional storage space of up to 1.5 GiB). The robustness of

the proposed EnCAML model over other state-of-the-art models lies in its abil-

ity to learn from and generalize over the input discharge summaries in a rather

end-to-end fashion. Hence, it is arguable that such a system could enable rapid

prototyping and deployability in real-world scenarios, especially in modelling noisy

clinical data obtained from the hospitals of developing nations, which are far less

11https://github.com/hanxiao/bert-as-service.

https://github.com/hanxiao/bert-as-service
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Table 4.4: Effect of initial word embedding choice on the overall predictive per-
formance of the proposed EnCAML model, recorded using discharge summaries
of the top-10-cat data category.

Embedding model F1 micro

Skip-gram Word2Vec 0.7784

CBoW Word2Vec 0.7811

Skip-gram fastText 0.7811

CBoW fastText 0.7821

Fine-tuned BERT (clinical texts + PubMed abstracts) 0.7760

Pre-trained BERT (Alsentzer et al. (2019)) 0.7729

Xavier uniform initialization 0.7668

ideal than the standard datasets utilized in academic research.

4.5 Experimental Results and Discussion

Extensive performance evaluation was undertaken, both in terms of predictability

and interpretability, on extracted MIMIC-III datasets. The proposed EnCAML

deep neural model was implemented using Python PyTorch library (Paszke et al.,

2019a). All the experiments, training, and validation were performed using a

server running Ubuntu OS with 56 cores of Intel Xeon processors, 128 GiB RAM,

3 TB hard drive, and two NVIDIA Tesla M40 GPUs, running CUDA v10.1. The

model hyperparameters were tuned using optimal values obtained from prior stud-

ies and verified through experimental validation. The results of the hyperparame-

ter tuning are summarized in Table 4.5. The predictive and interpretive superior-

ity of the proposed EnCAML approach was validated over several state-of-the-art

benchmarks with the chosen optimal hyperparameters.

The datasets were grouped into train, validation, and test sets exactly as re-

ported by the respective state-of-the-art studies to enable accurate benchmarking

of the obtained performance. For datasets with diagnostic codes and rolled-up

categories (top-10-code, top-50-code, top-10-cat, and top-50-cat), the 50-25-25 split

from the train-validation-test-HADM IDs set reported in (Huang et al., 2019) was

employed. Also, while modelling the top-50-dp-code dataset, the hospital admis-

sion identifiers from the train 50-HADM IDs set reported in (Mullenbach et al.,

2018) were employed. For the code prediction task employing all 6, 918 codes (all-
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Table 4.5: The hyperparameter ranges and the experimentally-determined optimal
values for the proposed EnCAML neural model (∥ denotes parallel operation).

Hyperparameter Experimental value(s) Optimal value(s)

Embedding sizes (e) {50; 100; 200} 100

Kernel sizes (k) {1 ∥ 3 ∥ 5 ∥ 10; 3 ∥ 5 ∥ 7 ∥ 9} 3 ∥ 5 ∥ 7 ∥ 9
No.of feature maps (f) {100; 200; 300; 400} 300

Dropout probabilities {0.2; 0.3; 0.5; 0.8} 0.2

Learning rates {1e−4; 3e−4; 1e−3; 3e−3} 1e− 4

Exponential decay rates β1 = 0.9; β2 = 0.999 β1 = 0.9;
β2 = 0.999

codes dataset), a 90-to-10 train-to-test split is used, enabling maximum training

instances to ensure model generalizability across a large number of target classes.

As stated earlier, the early stopping criterion (tolerance of five epochs) is incor-

porated while training, to overcome possible overfitting of the deep neural model.

For validating the performance of the proposed model, the standard metrics

of micro-averaged and macro-averaged F1 scores (Tsoumakas et al., 2010) were

employed. The F1 (more generally, Fβ=1) aims to seek a balance between precision

and recall and is interpreted as a weighted harmonic mean of the two. Therefore,

models with relatively higher F1 scores are expected to enhance the predictability

of the system. Since the F1 measure accounts for the true and false positives (TP

and FP) as well as true and false negatives (TN and FN), it is often regarded to

be more indicative than the standard accuracy score.

Fβ=1 = (1 + β2) · precision · recall
(β2 · precision) + recall

(4.2)

where, the values of precision and recall are micro-averaged or macro-averaged

over the target output classes (here, codes and code categories).

Finally, the performance of EnCAML is also benchmarked using micro-averaged

and macro-averaged Area Under the Receiver Operating Characteristic curve (AU-

ROC). Since the ROC curve is a probability curve (plotted as sensitivity against

the fall-out), the area under the curve represents the measure of class separabil-

ity, i.e., a quantitative measure of the capability of the model in distinguishing

between target codes or code categories. By analogy, the higher the value of the

AUROC value, the better the model is at distinguishing between patients with
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and without corresponding diseases.

The performance of EnCAML model is benchmarked against several state-of-

the-art studies. As stated earlier, six data categories from the obtained MIMIC-

III corpus are curated to facilitate exhaustive comparison. For the top-k-code

(k = 10, 50) data categories, the discharge summaries mapped to the top−k ICD-

9 diagnostic codes are employed in benchmarking. On the other hand, for the

top-k-cat (k = 10, 50) data categories, the ICD-9 diagnostic codes are rolled-up to

three digits (e.g., 225.2 (benign neoplasm of cerebral meninges) and other codes

within the 225.x class are rolled-up into the 225 category (benign neoplasm of

brain and other parts of nervous system)) and extracted the discharge summaries

corresponding to top−k categories. The performance benchmark is presented

using the combined set of most-frequent diagnostic and procedural ICD-9 codes

just like most of the existing works, represented as top-50-dp-code data category.

Finally, the EnCAML model is evaluated, which is trained on all the 6, 918 ICD-9

diagnostic codes observed in the obtained MIMIC-III cohort, under the all-codes

data category.
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Figure 4.4: Benchmarking the proposed EnCAML approach against best-
performing state-of-the-art models for the corresponding curated data category
(measured as macro or micro F1 score)

From the neural model training perspective, the EnCAML model starts to con-

verge (performance saturation) between 34 to 36 epochs, while the single-channel

convolutional attention model proposed by Mullenbach et al. (2018) takes twice

as long (i.e., 63 to 65 epochs). This fast convergence is attributed to the use of
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Table 4.6: Performance benchmarking of the proposed EnCAML model against
state-of-the-art works across all data categories.

Data
category

Study (model)
F1 score

macro micro

top-10-code

Proposed EnCAML 0.7624 0.7772

Huang et al. (2019) (GRU) 0.6957 −§

Samonte et al. (2018) (hierarchical
attention + topic modelling)

0.6870 −§

Rios and Kavuluru (2019) (transfer
learning)

0.6200 −§

top-10-cat
Proposed EnCAML 0.7782 0.7840

Huang et al. (2019) (GRU) 0.7233 −§

top-50-code

Proposed EnCAML 0.6028 0.6733

Huang et al. (2019) (GRU) 0.3263 −§

Guo et al. (2019) (bidirectional LSTM) −§ 0.5720

top-50-cat
Proposed EnCAML 0.6363 0.6908

Huang et al. (2019) (LSTM) 0.3367 −§

top-50-dp-code

Proposed EnCAML 0.6109 0.6764

Mullenbach et al. (2018)
(description-regularised CAML)

0.5760 0.6330

Mullenbach et al. (2018) (single-channel
CAML)

0.532 0.6140

Li and Yu (2020) (multi-filter residual
ConvNets)

0.6060 0.6700

all-codes

Proposed EnCAML 0.0859 0.5258

Zeng et al. (2019b) (transfer learning) −§ 0.4200

Li et al. (2019b) (Doc2Vec + ConvNet
+ θ = 0.2)

−§ 0.4080

Baumel et al. (2018a) (ConvNet) −§ 0.4070

§These metrics were not reported by the authors.
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multi-channel convolutions and per-label classifiers as opposed to a single linear

layer. Furthermore, the task of multi-label classification of N diagnostic codes

or code categories, facilitated through N binary classifiers, enables the neural

model to generalize over relevant features that correspond to the underlying code

more effectively. On the aspect of extracting features from the given data, the

multi-channel variable-sized convolution filters extract crucial information from

the underlying discharge summary at varying contexts, which are then searched

attentively (through neural attention) for vital portions that are responsible for

the corresponding output diagnostic code. The use of multi-channel convolution

instead of a fixed-length filter enhances the model’s flexibility in choosing the

context of representation and relies entirely on the attention layer to segregate be-

tween the convolved outputs. Employing a pooled convolution output (as opposed

to an attention-based aggregation) often results in a loss of information (relevant

features corresponding to specific code labels), especially when classifying data

with a large number of sparse and diverse target labels (e.g., all-codes data cate-

gory), as observed with the use of traditional ConvNet models in (Li et al., 2019b)

and (Baumel et al., 2018a). Additionally, the EnCAML model facilitates an

unrestricted use of variable-sized filters resulting in variable-sized contexts that

are weighed by attention, enhances the interpretability of the obtained neural

predictions to a large extent.

An argument towards the effectiveness of recurrent neural models such as

LSTM or GRU in modelling text corpora could be presented, as they have been

shown to very well capture the dependencies within natural language text. How-

ever, in this case, most of the discharge summaries range between 500 to 2, 500

tokens in length (after truncating), thus, sequence models could experience severe

vanishing gradient problems. The EnCAML model with multiple convolutional

layers was able to adequately cope with such issues, as is evident from the ob-

served high performance of EnCAML when compared to GRU (Huang et al.,

2019), LSTM (Huang et al., 2019), and bidirectional LSTM (Guo et al., 2019)

models. Additionally, employing more sophisticated neural models such as BERT

to handle the limitations with recurrent networks is also challenging, especially

due to the high computational cost of training, exacerbated by its fixed input se-

quence length of 512 tokens (lower end of the discharge summaries length range),

warranting additional runs to accommodate longer texts. It could be observed

that the performance of all-codes was decreased owing to a large number of sparse

and diversified target labels. Additionally, 96.79 percent of discharge summaries

are covered by the top 50 codes, indicating that there are insufficient training
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Table 4.7: Sample discharge summaries from the MIMIC-III corpus with vague
and unusable information with respect to the mapped ICD-9 diagnostic codes,
illustrating the intrinsic complexities in modelling unstructured clinical data.

ICD-9 code(s) Discharge summary

584.9: Acute renal
failure, unspecified

. . . see outside medical records for history of
present illness, physical examination, pertinent
laboratories, x-ray electrocardiogram, and other
tests . . .

428.0: Congestive heart
failure, unspecified

. . . her discharge was delayed one day due to bed
unavailability at rehab . . .

427.31: Atrial
fibrillation

. . . please see discharge summary record from
outside medical record notes . . .

998.32: Disruption of
external operation
(surgical) wound

. . . this addendum will serve to confirm that in
addition to the previous discharge summary the
admission diagnosis should be included . . .

401.9: Unspecified
essential hypertension

. . . this is an addendum to the initial discharge
summary which was dictated when the patient
remained in the hospital awaiting appropriate
rehabilitation facility . . .

V45.81: Aortocoronary
bypass status

. . . please refer to the discharge summary
dictated by myself with discharge date for
content . . .

summaries for the majority of uncommon codes.

The discharge summaries of the MIMIC-III database corresponding to the mis-

classifications from the EnCAML model were analyzed, in an attempt to explain

the predictions output by the model. For the more severe false-negative scenarios

(existing disease goes unidentified), it was observed that several discharge sum-

maries under this category include minimal disease-specific reference text and

several links to alternate sources of patient-specific information such as nursing

notes or outside medical records. With little to no diagnostic-code-specific text

in the underlying summary, the EnCAML model is unable to provide conclusive

predictions. Several such sample discharge summaries and their associated ICD-9

diagnostic codes are documented in Table 4.7. In the more tolerant false-positive

cases (nonexistent disease gets marked-up), the discharge summaries included pro-



84 Chapter 4. Diagnostic Coding CDSS using Discharge Summaries

longed patient histories that signaled the EnCAML model to mark-up the content

within the history as evidence to predict the corresponding nonexistent ICD-9

diagnostic code as existent. Specific examples of discharge summaries falling into

the false-positive category are highlighted in Table 4.9.

4.5.1 Evaluation of Interpretability

Table 4.8: Examples of patient discharge summaries extracted from the MIMIC-
III database establishing the interpretability and explainability of EnCAML. The
text snippets indicating the possibility of the respective ICD-9 diagnostic code in
the discharge summary are highlighted in blue .

Parameter Value

Extracted n−grams
using attention weights

. . . mass he
received units of packed red blood cells . . .
discharge diagnosis
upper gastrointestinal bleed discharge . . .

Extracted n−grams
using Grad-CAM

. . . presented with hematocrit drop and
had guaiac . . . mass he
received units of packed red blood
cells . . .

Top−3 tokens bleed, drop, and hematocrit
Associated ICD-9 code 285.1: Acute posthemorrhagic anemia
Extracted n−grams
using attention weights

. . . a history of
hypothyroidism morbid obesity polycystic
ovarian . . . in the evening levothyroxine
mcg oral . . .

Extracted n−grams
using Grad-CAM

. . . on exertion paroxysmal nocturnal
dyspnea orthopnea ankle . . . in the
evening levothyroxine mcg oral . . .

Top−3 tokens levothyroxine, hypothyroidism, and levoxyl
Associated ICD-9 code 244.9: Unspecified hypothyroidism

This subsection presents details on the interpretability of the diagnostic code

predictions facilitated by the EnCAML model, specifically through the attention

layers of the neural model trained at the individual diagnostic code level. Ta-

ble 4.8 presents sample patient discharge summaries extracted from the MIMIC-III

database whose content is highlighted using the learned attention weights (acs) cor-

responding to the respective diagnostic code c. These highlighted tokens are con-

sidered most contributing towards the corresponding ICD-9 code by the EnCAML
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model, and Table 4.8 also presents the top−3 tokens that are highly weighted by

the neural system. The visualization of the text snippets demonstrates the effec-

tiveness of the EnCAML model in learning the most relevant and vital keywords

adequately to facilitate enhanced predictability of the corresponding ICD-9 codes.

In cases of summaries containing extended patient histories with minimal disease-

specific indicators, the attention mechanism seems to classify the patient history

as if it were the current illness. Examples of such discharge summaries extracted

from the MIMIC-III database, resulting in false-positive predictions, are tabulated

in Table 4.9.

To benchmark the interpretability and explainability of the proposed EnCAML

approach, the resultant attention output for a discharge summary was compared

to that obtained using the Gradient-weighted CAM (Grad-CAM) (Selvaraju et al.,

2017) approach. Grad-CAM employs the gradients of a target class, flowing into

the final convolution layer (before the attention layers in EnCAML), to produce a

localization map highlighting the important candidate n−grams in the underlying

summary for predicting the corresponding code. Since Grad-CAM allows for the

visualization of all possible contributing n−grams, it spans a much broader aspect

than the attention outputs of the EnCAML model. However, on the flip side,

because attention outputs are quite narrowed down, they are more precise and

depict accurate understanding of what the underlying deep neural model looks at.

Upon experimentation, it was observed that the Grad-CAM and attention out-

puts were quite similar for most of the discharge summaries (see Tables 4.8 and

4.9 to compare attention and Grad-CAM outputs). The model interpretability is

compared between EnCAML and the single-channel convolutional attention net-

work proposed by Mullenbach et al. (2018) employing a kernel size k = 10. More

recent studies (Teng et al., 2020; Vu et al., 2020) facilitated enhanced learning

from external data sources such as Wikipedia knowledge, in addition to training

on the discharge summaries, and showed some improvements in the predictabil-

ity of the system. However, such external-data-based boosting approaches often

trade-off model interpretability for higher prediction accuracy. The mappings be-

tween the underlying clinical text and the corresponding diagnostic codes are often

blurred in such models. For clinical decision support systems to be adaptable in

real-world scenarios, providing an explainable decision (even when incorrect) is far

more acceptable than just producing a highly accurate black-box decision.
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Table 4.9: Predictability and interpretability of EnCAML for sample patient dis-
charge summaries extracted from MIMIC-III. Here, the predicted false-positive
ICD-9 codes (shown as strikethrough text) are identified from the text snippets
(marked in red ; in the first summary), 401.9 corresponds to the term hyperten-
sion; in the second summary, 414.01 corresponds to the terms coronary artery
disease and cardiac catheterization.

Parameter Value

Extracted n−grams
using attention weights

. . . complaint giant paraesophageal hernia
major . . . past medical history of pulmonary
hypertension
depression lyme disease osteopenia . . .

Extracted n−grams
using Grad-CAM

. . . diagnosis giant paraesophageal
hernia gerd hypertension
osteopenia depression . . .

Predicted ICD-9
code(s)

311: Depressive disorder, not elsewhere classified
530.81: Esophageal reflux
401.9: Unspecified essential hypertension

Actual ICD-9 code(s) 518.81: Acute respiratory failure

Extracted n−grams
using attention weights

. . . and family history of
coronary artery disease . . . who presents for
cardiac catheterization to evaluate . . .

Extracted n−grams
using Grad-CAM

. . . past medical history of prostate
brachytherapy years ago . . . and underwent
aortic valve replacement . . .

Predicted ICD-9
code(s)

39.61: Extracorporeal circulation auxiliary to
open heart surgery
401.9: Unspecified essential hypertension
414.01: Coronary atherosclerosis of native
coronary artery

Actual ICD-9 code(s) 39.61: Extracorporeal circulation auxiliary to
open heart surgery
401.9: Unspecified essential hypertension

4.6 Summary

Effective coding of patient records in hospitals is an essential requirement for

epidemiology, billing, and managing insurance claims. The prevalent practice of

manual coding, carried out by trained medical coders, is often error-prone and

time-consuming. Mitigating this labor-intensive process by developing diagnos-

tic coding systems built on patients’ EHRs is vital. However, developing nations
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with low digitization rates have limited availability of structured EMRs, thereby

necessitating a need for systems that leverage unstructured data sources. Despite

the rich clinical information available in such unstructured data, modelling them

is complex, owing to the variety and sparseness of diagnostic codes, the complex

structural and temporal nature of summaries, and the prolific use of medical jar-

gon. In this work, a context-attentive network was proposed to facilitate automatic

diagnostic code assignment as a multi-label classification problem. The proposed

model facilitates information aggregation across a patient’s discharge summary via

multi-channel, variable-sized convolutional filters to extract multi-granular snip-

pets. The attention mechanism enables selecting vital segments in those snippets

that map to the clinical codes. The model’s superior performance underscores its

effectiveness compared to the state-of-the-art on the MIMIC-III database. Finally,

the enhanced interpretability of the prediction output of the EnCAML model was

demonstrated using the learned per-code attention weights, thereby establishing

the impact of the proposed model on instigating trust in intelligent healthcare

systems.
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Chapter 5

Automated Diagnostic Coding of

Non-English Clinical Notes

5.1 Introduction

In the previous chapter, a detailed discussion of the methodologies designed for

the ICD-9 coding task was presented. In 2019, the ICD-101 medical coding taxon-

omy (World Health Organization, 2004) was introduced, which is already widely

adopted in hospitals to describe patients’ procedural and diagnostic conditions.

ICD-10 codes can represent the usage of many new and contemporary technolo-

gies, while ICD-9 codes often cannot to mapped to these or are completely missing.

ICD-10 provides additional specificity, such as episode of treatment, body areas,

etc. ICD-10 has a greater number of diagnostic codes (69,823) than ICD-9

(14,025) (Mainor et al., 2019). Additionally, the ICD-10 update included com-

bination codes (e.g., E10.21, diabetes mellitus with nephropathy) for the use of

new technology and possibilities for specifying unique care contexts. The amount

of time coding trainees can dedicate to studying ICD-10 is an issue, as well as

the expertise of the trainers. It is also challenging to maintain multiple coding

systems, depending on hospital strategies.

In view of the complications and wide spectrum of codes available, automated

ICD-10 code and group assignment based on patients’ case reports have recently

received significant research interest. While English is the most common language

in which patient notes, symptoms, etc., may be recorded by caregivers, a large

volume of patient data may be in native languages. Modelling native language

characteristics in use and the diversity of languages spoken globally poses a sub-

1International Statistical Classification of Diseases and Related Health Problems, tenth revi-
sion; accessible at https://icd.who.int/browse10/2019/en.
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stantial challenge. Another significant challenge is scaling manual interpretation

to an ever-expanding clinical texts. The use of automated CDSS to aid coding

specialists is becoming more important in order to address these challenges. A

recent effort to promote the development of such systems, CodiEsp (Miranda-

Escalada et al., 2020), comprises 1,000 clinical cases in English and Spanish lan-

guages that experts manually annotated with 2557 diagnostic and 870 procedural

ICD-10 codes. The Spanish clinical cases provide minimal text evidence for sup-

porting the clinical code mappings. In recent years, non-English clinical texts have

been made publicly available for Japanese (Aramaki et al., 2016), French (Goeu-

riot et al., 2017) and German (Kelly et al., 2019). Thus, there is ample scope for

developing well-defined interpretable methodologies for modelling unstructured

clinical texts written in languages other than English.

5.2 Problem Definition

Clinical coding consists of mapping medical documents into a structured or coded

format utilizing globally accepted taxonomy and class codes (numeric or alphanu-

meric format). These codes often convey information about a patient’s condition,

symptoms, diagnosis, treatment, or reason for seeking medical assistance. This

conversion of natural language clinical notes into structured data is crucial for

eventual use in clinical treatment and other applications such as statistical analy-

sis and decision-making, billing, or reimbursement. Clinical notes may be written

in a native language (other than English) and may cover a range of medical top-

ics. Medical coders convert patient information into a set of suitable medical

diagnostic codes in hospitals. Due to the diversity of languages, such human cod-

ing techniques are very expensive, often inexact, time-consuming, and prone to

errors. It is critical to build intelligent computational systems that address these

issues by automating the coding of unstructured patient clinical notes written in

non-English languages. Additionally, for these systems to be accepted and used in

clinical setup, their output must be interpretable and explainable. The problem

to be addressed here is defined as follows:

Given the challenges of lengthy clinical notes written in the native lan-

guage, medical jargon, large number ICD codes, & manual effort, de-

sign and develop approaches for effective automated ICD-10 code as-

signment using unstructured non-English clinical notes.
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5.3 Motivating Example

To describe the prevailing conditions that emphasize the need for disease prediction

CDSS based on unstructured non-English clinical notes, consider scenarios where

a hospital has a full-fledged EHR system, and the clinical notes are recorded by

physicians as notes in their native languages. The Medical Records Department

(MRD) staff scans through the entire document and assigns, with probability, the

ICD diagnostic and procedural codes for a particular patient. Scanning over the

entire document is a time consuming task, and coding efficiency is often dependent

on the expertise of trained medical coders. The MRD team should have a working

knowledge of the native language in order to comprehend clinical notes written in

that language. This delay in processing and code assignment could be avoided if

the ICD codes could be automatically generated using the clinical notes written

in the native language. The automated disease prediction CDSS could directly

process the unstructured clinical notes recorded by the physician and provide

them with a list of ICD codes along with highlighting of the texts that the system

found relevant for predicting each of the codes. In this way, the MRD staff need

not perform conversion to any predefined structure and, hence, has the advantage

of significant savings in person-hours and reduced costs due to inaccurate code

assignment.

In this chapter, various approaches for developing effective patient-specific

ICD-10 code assignment models built on unstructured clinical notes are presented.

The contributions towards the defined problem are in the context of designing

methods that can automatically process a variety of multilingual unstructured

clinical notes, effectively capturing the differences in notation, usage of extensive

medical jargon, acronyms, etc., and still be able to extract relevant disease-specific

features, which can be leveraged for automatic ICD-10 code prediction. The pro-

posed model was benchmarked against state-of-the-art ICD-10 code assignment

built on unstructured patient clinical notes to evaluate their adaptability and pre-

diction performance.

5.4 LAT A Model for ICD-10 Coding of Un-

structured Clinical Notes

A wide variety of methods have been used for preprocessing and modelling clinical

text for enabling ICD-10 assignment. Bidirectional Encoder Representations from
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Transformers (BERT) (Devlin et al., 2019b) has been adapted for several NLP

tasks and has been shown to achieve state-of-the-art results in tasks such as text

classification, question answering, named-entity recognition, machine translation.

BERT is built on an architecture consisting of a stack of transformers, forming an

encoder-decoder network. The encoder employs self-attention on the input text.

The decoder could be designed as per the task at hand and the application to be

supported.

Several approaches aiming to improve the basic BERT model with respect

to its computational speed or prediction metrics have been proposed. XLNet

(Yang et al., 2019) enables learning bidirectional contexts by maximizing the ex-

pected likelihood of the factorization order to improve NLP task performance.

DistilBERT (Sanh et al., 2019) used a combination of language modelling, distil-

lation and cosine-distance losses and a lighter BERT model that retains 97% of

the BERT’s language understanding capabilities. RoBERTa (Liu et al., 2019b)

fine-tunes the training hyperparameters of basic BERT for improved learning ca-

pabilities. DeBERTa (He et al., 2020) includes a disentanglement of the attention

mechanism to further enhance the mask decoder and achieve improved perfor-

mance. MobileBERT (Sun et al., 2020) included a knowledge transfer mechanism

for further enhancement of the basic BERT model. Parameter reduction tech-

niques are incorporated in ALBERT (Lan et al., 2020) to lower memory consump-

tion of BERT. Most BERT variants use the hidden state representation of the

first token ([CLS]) for sentence classification tasks. This output is usually not a

good summary of the input’s semantic content due to the unavailability and also

limitations of pre-trained BERT variants that use large medical text corpus in

non-English languages.

In contrast to Miranda-Escalada et al. (2020)’s work, the use of label attention

in BERT and its variants is seen as a potential way to improve input context

learning for the given output classes. This is well-suited for the NLP classification

task when the input training samples are limited, but the number of output classes

is large, as is the case with the ICD-10 code assignment. Another key contribution

is the use of a single tokenizer and similar configuration hyper-parameters for all

BERT variants. This allows an in-depth understanding of the variations in the

number of training parameters for each BERT variant. The proposed LAT A
(Label Attentive Transformer Architectures) model performs automated ICD-10

code assignment using the patients’ case reports. The changes in the predictive

performance of code assignment with reference to each BERT variant are analyzed

in detail.
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5.4.1 Data Preprocessing and Feature Extraction

The ICD-10 code prediction model was benchmarked on the patient cases avail-

able in the CodiEsp database. As CodiEsp consists of only 500 case reports for

training, 250 for validation and 250 for testing, only diagnostic ICD-10 codes were

considered. Along with train 500 cases, 195 validation cases that include the

unique codes that are not in the train data split. With 695 training cases, the in-

dividual sentences (until the previous ‘.’ and next ‘.’) that include the annotated

text are extracted.

Next, multiple labels are assigned for a sentence if the sentence includes the cor-

responding annotated texts. For example: “de 74 años que ingresó en el hospital

por obnubilación anuria tras presentar durante d́ıas dolor abdominal vómitos” is

assigned r34:anuriar r52:dolor, r11.10:vómitos, r10.9:dolor abdominal

and r40.1:obnubilación ICD-10 codes. That included 4,745 full and short case

reports, along with stemmed case reports for each case report to improve the pro-

posed model’s generalization. The 4,745 case reports are augmented using Google

translation API by translating the document initially to English, French, Por-

tuguese, Italian & German languages and then convert it back to Spanish. In

total, that gives us 33,215 (4,745 x 7) case reports from the initial 695 training

cases. Surprisingly, with this text augmentation approach, less than 0.05% of the

total 33,215 case reports are repeated, mainly for concise case reports. Other ba-

sic preprocessing techniques were applied to deal with the limited vocabulary size.

These include adding of space after each punctuation, removal of most (> 13000

times) and least (< 15 times) frequently occurring terms, single character terms,

digits only terms etc. In total, this retains about 10,329 unique words in the final

vocabulary, which is utilized for further analysis.

5.4.2 Clinical Text Modelling

The LAT A model is built on existing variants of the BERT model. In addition,

an attempt is also made to address the need for explainable CDSSs, through the

visualization of attention weights learnt by LAT A that reveal the associations

of clinical note text with the predicted diagnostic code, further enhancing the

trustworthiness of the proposed CDSS. The proposed LAT A ICD-10 diagnostic

code prediction model with label attention is an extension of the basic BERT

model (see Fig. 5.1). Label attentions are applied for each BERT layer outputs.

The concatenated result is then fed into the fully connected layer with the sigmoid

activation function to predict the output ICD-10 codes. Multi-label soft margin
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loss with Adam optimizer (learning rate of 0.001) is used to train LAT A. Early

stopping is incorporated using precision on validation split to overcome overfitting

issues, thereby saving the best model for predicting ICD-10 codes effectively for

unseen case reports.

Figure 5.1: Architecture of basic BERT model.

Figure 5.2: Proposed LAT A model for ICD-10 code prediction.

The detailed high level architecture of LAT A for basic BERT model is shown

in Fig. 5.2. Let BO = [b1, b2, ..bL] represent BERT layer outputs obtained with L

hidden layers ( L = 4 was used in this study ). Each bi represents the BERT layer

output (including the embedding layer output) and bi ∈ RN×h where, N is length

of the case reports and h is hidden size (embedding size) given for configuring

BERT model. In ICD-10 coding task, multiple codes are assigned for each case

report, and different parts of the report may be relevant for different codes. To
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handle this, per-label attention was applied for each BERT layer output. i.e.

αi = softmax(Aiweightb
T
i ) and Oi = αibi, where Aiweight is the label attention

weight and Aiweight ∈ RC×h, for C codes (in this study, C=2194). Here αi ∈
RC×N , so the label attention output dimension is given by Oi ∈ RC×h. With this

approach, for any length textual inputs, the model learns the label-wise contexts.

All Oi’s are then concatenated and given for final classification dense layer i.e.

ŷ = sigmoid(WT
f (⊕Oi + bf ), where Wf and bf are the final dense layer’s weight

matrix and bias vector, respectively.

To understand the implementation details of LAT A, consider a basic BERT

with 4 hidden layers and an embedding size of 100. Let the clinical note text length

for a batch be 2000 mapped to 50 ICD codes. In LATA, for every layer hidden out-

put, the final output and encoding layer output (6 layers of dimension [2000, 100]

each) label-wise attention is applied. Let U[i] be the label attention (of dimen-

sion [100, 50]). We are performing softmax(U [i].weight.matmul(layerOutput

.transpose(1, 2))) which results in alpha (of dimension [50, 2000]). Then this at-

tention alpha is multiplied with layerOutput to get the label-wise weighted output

i.e m = alpha.matmul(layerOutput) and will be of dimension ( [50, 100]). All the

six layer’s m are then concatenated along the last axis to generate M (of dimension

[50, 600]). The final predicted y (of dimension 50) would then be computed as

y = final.weight.mul(M).sum(dim = 2).add(bias).

5.5 Experimental Results and Discussion

The experimental validation of the proposed model is presented in this section.

Python PyTorch library (Paszke et al., 2019a) was used to implement LAT A. All

the experiments, training, and validation were performed using a server running

Ubuntu OS with 56 cores of Intel Xeon processors, 128 GiB RAM, 3 TB hard

drive, and two NVIDIA Tesla M40 GPUs, running CUDA v10.1. The hyper-

parameters of LAT A are listed in Table 5.1. The optimal values were determined

after performing extensive experimentation on validation data. The differences in

the total number of trainable parameters (in Millions) with corresponding basic

BERT sentence classification models are tabulated in Table 5.2.

For the CodiEsp challenge (Miranda-Escalada et al., 2020), metrics like Mean

Average Precision (MAP), micro-average precision, recall and F-score were used

to evaluate the challenge solutions; thus, the same metrics were adapted to assess

LAT As’ performance. The evaluation script released by the CodiEsp challenge
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organizers2 was utilized to obtain the results, considering only the codes available

in the training and development/validation sets. Table 5.3 lists the results ob-

tained with basic BERT variants. The basic BERT sequence classification models

use the pooled output by taking the hidden state corresponding to the first token

([CLS]). Since the models were trained using available case reports (without pre-

trained weights), very less MAP (0.01) was obtained. So, instead of considering a

single token hidden state, max-pooling over all the tokens’ hidden state (encoder

output) was used before the final Dense layer.

Table 5.1: Experimentally-determined optimal hyperparameter values for LAT A.

Hyperparameter Optimal value(s)

Embedding size/ hidden size/ dim (h) 128

Number of hidden layers (L) 4

Number of attention heads 4

Intermediate layer size 64

Hidden layer size 64

Max position embeddings 1200

Dropout probabilities 0.3

Learning rates 1e− 3

Exponential decay rates β1 = 0.9; β2 = 0.999

Table 5.2: Trainable parameters (in million)

Model LAT A model Base model

BERT 6.532734 3.430418

ALBERT 6.299838 3.197522

DeBERTa 6.515454 3.413138

DistilBERT 6.515966 3.413650

MobileBERT 6.985342 3.883026

RoBERTa 6.532862 3.430546

XLNet 6.428286 3.325970

In addition to ICD-10 code assignment, the extent to which the proposed

LAT A models are interpretable and explainable were also explored. For this, the

2https://github.com/TeMU-BSC/codiesp-evaluation-script
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Table 5.3: ICD-10 diagnostic code prediction results for variants of basic BERT.

Model Precision Recall F1 MAP

BERT 0.405 0.354 0.376 0.219

ALBERT 0.439 0.263 0.329 0.184

DeBERTa 0.355 0.376 0.365 0.203

DistilBERT 0.466 0.316 0.377 0.224

MobileBERT 0.398 0.148 0.216 0.137

RoBERTa 0.409 0.342 0.373 0.22

XLNet 0.257 0.387 0.309 0.187

Table 5.4: ICD-10 diagnostic code prediction results for variants of LAT A.

Model Precision Recall F1 MAP

BERT 0.728 0.556 0.63 0.434

ALBERT 0.689 0.555 0.614 0.424

DeBERTa 0.702 0.546 0.614 0.422

DistilBERT 0.688 0.563 0.619 0.424

MobileBERT 0.483 0.186 0.269 0.163

RoBERTa 0.719 0.582 0.643 0.441

XLNet 0.715 0.559 0.628 0.441

correctly recognized ICD-10 diagnostic codes and the Layer 0 attention weights

(α0) for the predicted code were extracted using the codes’ index. As a total

of 2,194 diagnostic codes were used, where α0 was of dimension (2194, N). For

example, if the diagnostic code 5 (out of 2194) is predicted as 1, then α0[5] rep-

resents the weights assigned for a case report tokens by LAT A. The influence

of each input token on the predicted diagnostic code could be directly visualized

using these weights. The input tokens with top-scoring attention weights (thresh-

old=0.2) and their locations within the input case report text were prepared as

per the CodiEsp evaluation script format. As can be seen from Table 5.4, di-

rect interpretation is possible with LAT A, without requiring further processing.

The selection of high-influence input tokens from a given patient report for each

predicted ICD-10 code was directly derived using code-wise attentions. Results

obtained with the evaluation script (explainability) for correctly predicted ICD-10

diagnostic codes (considering only train and validation) is tabulated in Table 5.6.
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Table 5.5: Case study on clinical notes from the CodiEsp corpus demonstrating
the predictability and interpretability of the proposed LAT A model.

Parameter Value

Interpretation
using attention
weights

. . . Consultó por hematuria macroscópica . . . se apreció una masa de 5 cm
en . . . produćıa una ureterohidronefrosis en el riñón izquierdo. Realizamos
una RTU -biopsia, objetivando un tumor vesical infiltrante de alto grado.
. . . Se realizó una cistoprostatectomı́a radical laparoscópica con derivación
urinaria tipo Bricker en marzo 2005 . . .En la revisión postoperatoria al mes
de la ciruǵıa, se redujo la ureterohidronefrosis izquierda manteniendo cierto
grado de atrofia cortical, . . . logrando una buena disección pélvica e identifi-
cación del muñón uretral. . . .El tiempo quirúrgico fue de 180 minutos, con un
sangrado menor de 80 cc. . . . aśı como de las potenciales secuelas en términos
de trastornos metabólicos, diarrea persistente e incontinencia y/o necesidad
de autocateterismos por alto residuo post-miccional. . . .

Actual expert-
provided text
evidence

hematuria , hematuria macroscópica , masa riñón , ureterohidronefrosis ,
sangrado , diarrea , incontinencia , riñón izquierdo tumor , tumor vesical

Predicted
expert-provided
text evidence

hematuria , hematuria macroscópica , masa , ureterohidronefrosis ,
sangrado , diarrea , incontinencia , RTU pélvica , cistoprostatectomı́a ,
atrofia

Predicted ICD-
10 code(s)

r31.9: hematuria, unspecified, r31.0: gross hematuria, n28.89: other spec-
ified disorders of kidney and ureter, n13.30: unspecified hydronephro-
sis, r58: hemorrhage, not elsewhere classified, r19.7: diarrhea, unspecified,
r32: unspecified urinary incontinence, d49.4: neoplasm of unspecified behav-
ior of bladder, c67.9: malignant neoplasm of bladder, n26.1: atrophy of kid-
ney (terminal)

Actual ICD-10
code(s)

r31.9: hematuria, unspecified, r31.0: gross hematuria, n28.89: other spec-
ified disorders of kidney and ureter, n13.30: unspecified hydronephro-
sis, r58: hemorrhage, not elsewhere classified, r19.7: diarrhea, unspecified,
r32: unspecified urinary incontinence, d41.02: neoplasm of uncertain behav-
ior of left kidney, d41.4: neoplasm of uncertain behavior of bladder

Note: The colour legend used corresponds to attention weights for the predicted ICD-10 codes.
The text in shades of green indicate true-positive predictions, while false-positive text predictions
are marked using shades of red. The italic text represents the expert annotated texts which are
not identified by LAT A.

Though top-k tokens influencing the output ICD-codes (all predicted labels to-

gether) could be visualized with basic BERT variants, code-specific interpretation

is quite challenging. Some sample test case reports along with predicted ICD-10

diagnostic codes and the extracted textual evidence are tabulated in Table 5.5, to

illustrate the process.

Based on the results, it was observed that the ICD-10 coding system could

handle both long and short case reports due to the usage of the proposed aug-

mentation technique. Also, augmentation aids in reducing the overfitting of the
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Table 5.6: ICD-10 diagnostic code explainability results for variants of LAT A.

Model Precision Recall F1-score

BERT 0.800 0.442 0.570

ALBERT 0.583 0.098 0.168

DeBERTa 0.785 0.425 0.551

DistilBERT 0.802 0.453 0.579

MobileBERT 0.324 0.010 0.019

RoBERTa 0.812 0.467 0.590

XLNet 0.047 0.026 0.034

Table 5.7: Performance of state-of-art models on the CodiESP testset.

Model Requires
Pretraining?

Explainable? Diagnostic Performance Explainability Performance

PrecisionRecall F1-score PrecisionRecall F1-score

N-gram CNN Encoder
Tagawa et al. (2020)

✓ ✗ 0.123 0.522 0.199 - - -

BETO + LSTM + CNN +
SelfAtt Polignano et al.
(2020)

✓ ✗ 0.295 0.376 0.331 - - -

CAML + Hier Moons and
Moens (2020)

✗ ✗ 0.124 0.064 0.084 - - -

Knowledge Graph +
Multilingual BERT
Garćıa-Santa and Cetina
(2020)

✓ ✓ 0.767 0.699 0.731 0.704 0.634 0.667

Dictionary based Cossin
and Jouhet (2020)

✗ ✓ 0.843 0.672 0.748 0.77 0.594 0.67

XLNet + BERT Schäfer
and Friedrich (2020)

✓ ✗ 0.375 0.333 0.352 - - -

BiLSTM + CRF Ortega
et al. (2020)

✓ ✓ 0.513 0.615 0.559 0.428 0.517 0.469

Tf-idf weighting Nunzio
(2020)

✗ ✗ 0.373 0.76 0.5 - - -

Electra BERT
Rishivardhan et al. (2020)

✓ ✗ 0.009 0.016 0.012 - - -

BiLSTM + CRF de la
Iglesia et al. (2020)

✓ ✗ 0.75 0.624 0.682 - - -

Dictionary based
Queipo-Álvarez and
González-Carrasco (2020)

✓ ✗ 0.935 0.071 0.132 - - -

LM-BETO CM + PCS
Costa et al. (2020)

✓ ✓ 0.551 0.743 0.633 0.534 0.562 0.548

Semantic similarity +
Gradient BoostingAlmagro
et al. (2020)

✓ ✓ 0.38 0.734 0.501 0.537 0.457 0.494

GRU Eslami et al. (2020) ✓ ✗ 0.014 0.045 0.021 - - -

BERTMatch + XGBoost
classifier Blanco et al.
(2020)

✓ ✓ 0.004 1 0.009 0.288 0.327 0.306

LAT A (RoBERTa) ✗ ✓ 0.719 0.582 0.643 0.812 0.460 0.590
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proposed model and thus improves the model’s generalizability. From the neural

model training perspective, though the number of training parameters for LAT A
was more than corresponding basic BERT variants, LAT A variants converged

earlier (10-11 epochs) than basic BERT variants (20-24 epochs). This fast con-

vergence was due to the use of a label attention mechanism instead of a single

pool layer for the encoder output. Thus, the training time almost remained the

same for basic BERT and LAT A variants. The inference time difference between

LAT A and basic BERT variants was negligible (5-6 milliseconds per test case

report).

Furthermore, LAT A variants always outperformed their basic BERT counter-

parts by a significant margin (Refer Table 5.3 and 5.4), owing to the enhanced

predictability attributed by the label attention mechanism. The best results were

obtained with the LAT A model built on RoBERTa, which outperformed other

basic BERT models by a significant margin of 33-49%. The methods and findings

obtained by CodiEsp challenge participants are described in Table 5.7. The use

of the label attention mechanism enhanced the model’s flexibility in choosing the

context of representation. Additionally, the LAT A facilitated direct extraction of

contexts from the input case report that were weighed by the label attention mech-

anism, thereby enhancing the interpret-ability of the obtained neural predictions

to a large extent (as highlighted in Table 5.5). When most of the LAT A gen-

erated false-negative cases (existent disease/context were not identified correctly)

were analyzed, it was observed that the main reason was the lack of the training

case reports for corresponding ICD-10 codes; mainly when less than 10 reports

were available for the ICD-10 code (Refer row 2 of Table 5.5). The more tolerant

false-positive cases (non-existent disease gets marked-up) analysis revealed that

the patient case reports included long histories that signalled the LAT A to mark-

up the content within the history as evidence to predict ICD-10 diagnostic code

(Refer row 1 of Table 5.5).

A detailed comparison was made with other comparable approaches to mea-

sure the potential of the EnCAML model for its suitability for deployment in

real-world hospital scenarios. Garćıa-Santa and Cetina (2020) used a knowledge

graph built on large-scale datasets (MIMIC-III, medical abstracts etc.) and then

used pre-trained multilingual BERT to initialize the neural network. Also, they

incorporated post-processing of data that involved multiple computationally in-

tensive steps. The deployability and adaptability of such complex methodology is

challenging in real-world scenarios. Cossin and Jouhet (2020) used a dictionary

based approach. The normalized labels of the ICD-10 terminology and annotations
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of the medical expert from the training set were used to construct the dictionary.

A major limitation of their work is that, as the corpus size becomes larger, the

dictionary construction takes time and is difficult to scale. Also, it is challenging

to get accurate expert annotations. The authors also reported that their algorithm

fails to detect a phrase if its tokens are not in the correct order or are nonadja-

cent. In contrast to these approaches, LAT A, adopted data augmentation and a

simple post-processing pipeline to overcome these challenges, which increased its

suitability for real-world applications to a significant extent. LAT A directly uses

augmented data without the need for pretraining on other large datasets. The

real-time clinical EHR records could be directly fed into LAT A, and the model

provides the possible diagnostic codes along with important terms that influenced

the decision by directly using the label-wise attention weights.

5.5.1 LAT A and BERT - Differences

The basic BERT sequence classification models use the pooled output by taking

the hidden state corresponding to the first token ([CLS]). This output is usually

not a good summary of the input’s semantic content due to the unavailability and

also limitations of pre-trained BERT variants that use large medical text corpus

in non-English languages. Though top-k tokens influencing the output ICD-codes

(all predicted labels together) could be visualized with basic BERT variants, code-

specific interpretation is quite challenging.

LAT A uses label attentions for every intermediate layer output in BERT to

improve input context learning for the given output classes. The use of the label

attention mechanism enhanced the model’s flexibility in choosing the context of

representation. Additionally, the LAT A facilitated direct extraction of contexts

from the input case report (using alpha as mentioned in Section 5.4.2 ) that were

weighed by the label attention mechanism, thereby enhancing the interpret-ability

of the obtained neural predictions to a large extent

5.6 Summary

Effective code assignment for patient clinical records in a hospital plays a signif-

icant role in standardizing medical records, mainly for streamlining clinical care

delivery, billing, and managing insurance claims. The current practice employed

is manual coding, usually carried out by trained medical coders, making the pro-

cess subjective, error-prone, inexact, and time-consuming. To alleviate this cost-
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intensive process, intelligent coding systems built on patients’ structured electronic

medical records are critical. Classification of medical diagnostic codes, like ICD-10,

is widely employed to categorize patients’ clinical conditions and associated diag-

noses. In this work, a neural model LAT A, built on Label Attention Transformer

Architectures is proposed for automatic assignment of ICD-10 codes. This work

was benchmarked on the CodiEsp, a dataset for automatic clinical coding systems

for multilingual medical documents, used in the eHealth CLEF 2020-Multilingual

Information Extraction Shared Task. The experimental results revealed that the

proposed LAT A variants outperform their basic BERT counterparts by 33-49% in

terms of standard metrics like precision, recall, F1-score and mean average preci-

sion. The label attention mechanism also enabled the direct extraction of textual

evidence in medical documents that map to the clinical ICD-10 diagnostic codes.
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Chapter 6

Empirical Study of Preprocessing with

CNN for Accurate Retinal Disease

Diagnosis

6.1 Introduction

Chronic Ocular Diseases (COD) represent a class of noncommunicable chronic eye

conditions that affect visual acuity or even cause vision loss if left untreated. As

per to recent statistics (WHO, 2019), the global population suffering from myopia

would reach 3.36 billion by 2030, while those suffering from age-related macular

degeneration (AMD), glaucoma, and diabetic retinopathy (DR) will reach 243.3

million, 95.4 million, and 180.6 million, respectively. Early diagnosis is critical for

reducing the risk of vision impairment, and regular screening is a significant step

towards early diagnosis. However, the process adopted for screening is primarily

manual investigation (Clarke et al., 2018; Metsing et al., 2018). This makes it

impractical to scale, given the wide range of diseases and ever-growing patient

population.

Color fundus images captured from digital fundus cameras are used for the

early diagnosis of CODs. The transformations on these input images, before feed-

ing them to the deep neural models, play a crucial role in improving the diagnostic

performance of the system. Preprocessing reduces the possible noise in color fun-

dus images such as irregular illumination, low contrast, unimportant features, etc.,

thus improving the performance of DL-based COD diagnosis. A few digital im-

age preprocessing techniques reported in the literature are adaptable to all COD

(hereby referred to as generic techniques). On the other hand, some preprocess-

ing methods are only suitable for a particular ocular disease like DR, glaucoma,

cataract, or AMD (referred to as specific preprocessing techniques).

105
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6.2 Problem Statement

Comprehensive qualitative analysis of adapted preprocessing strategies has not

been adequately explored in the existing literature. Preprocessing of input fundus

images necessitates the use of computational resources. A few preprocessing meth-

ods may improve the predictive performance, while others may have the opposite

impact. Some preprocessing techniques may be best suited for specific ocular

diseases. Still, they may not meet the clinical needs in real-time, particularly in

scenarios where there is a lot of variation in eye diseases. Thus, there is significant

scope for conducting a comprehensive, systematic assessment of such techniques’

relative strengths and weaknesses for quantifying their usefulness in automated

COD diagnosis. Thus, the problem to be addressed here is defined as follows:

Given the wide range of diseases and the availability of abundant retinal

imaging data, design and develop effective preprocessing and detection

modelling approaches for COD detection based on retinal images.

6.3 Motivating Example

To describe the prevailing conditions that emphasize the need for automated COD

detection CDSS based on retinal images, consider scenarios where the retinal

images are captured by physicians during routine patient visits or during mass

screening campaigns in rural areas. Often decision-making is subjective, resulting

in a significant degree of inter-and intra-physician variability in diagnosis. For

instance, when a physician analyses an image several days later, they may diag-

nose it differently than they did before, or there may be discrepancies in opinion

when the same image is evaluated by numerous physicians with varying domain

expertise. Physicians’ preferences for the appearance and quality of the image

can change over time and can also differ. Scaling manual interpretation to an

ever-growing patient population is likewise a challenge. These challenges in the

manual screening process could be avoided if the ocular disease could be automat-

ically identified using the retinal imaging data. The automated disease detection

CDSS could directly preprocess the retinal images captured by the technician and

provide them with a list of prediction scores for the CODs along with highlighting

the regions that the system found to be relevant for detecting each disease. Thus,

the technician may direct the patient to the appropriate physician according to

the disease identified, thus decreasing diagnostic time, and could also immediately

identify any photos with decreased quality. Automated systems can aid in the
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early detection of COD via tele-ophthalmology in rural areas where there is a

shortage of retina specialists.

In this chapter, approaches towards developing effective COD detection models

built on retinal imaging data are presented. The contributions towards the defined

problem are in the context of designing methods that can automatically preprocess

retinal images, with their differences in lighting, contrast, lesion shapes, etc., and

still be able to extract relevant disease-specific features, which can be leveraged

for the purpose of automatic COD detection. The performance of the proposed

models is compared to that of state-of-the-art COD detection systems built on

retinal fundus images.

6.4 Empirical Study

The most common clinical signs based on which ophthalmologists identify the

progression of DR in the fundus images are microaneurysms (MA), haemorrhages,

exudates, thickening within one disc diameters from the foveal centre, and retinal

neovascularization (Al-Diri et al., 2019; Tan et al., 2017). Thus, the lesion regions

are segmented for building DL-based automated DR diagnostic systems. Damage

to the optic nerve is the primary cause of loss of vision in glaucoma. Glaucoma

can be detected by examining the abnormalities of the optic disk. Chalakkal et al.

(2021) investigated the effect of fovea segmentation on macular oedema screening

using DL-based transfer learning approaches. The authors critically analyzed the

effects of limiting the RoI to the fovea and reported improved performance due

to RoI segmentation than considering the entire fundus image. The progressive

alterations in the retinal vessels are also crucial for identifying DR (Dubielzig

et al., 2010). Several works (Fu et al., 2018; Diaz-Pinto et al., 2019b; Zhao et al.,

2020; Sreng et al., 2020a) employed cropping/segmentation of optic disk regions

and then used CNN to diagnose glaucoma using color fundus images. Juneja et al.

(2020) proposed a modified version of U-net (G-net) to segment the optic disk and

cup region, after which they used the ratio of these areas to predict glaucoma. Zhao

et al. (2020) adapted a template matching method for locating and cropping the

bounding region around the optic disc and proposed MFPPNet to screen glaucoma.

Modified U-Net (Ronneberger et al., 2015b) is predominantly used for optic disk

segmentation (Fu et al., 2018; Diaz-Pinto et al., 2019b; Civit-Masot et al., 2020)

and then transfer learning is applied on the cropped region to screen glaucoma.

Pathan et al. (2021) used inpainting to eliminate the vascular structure before

segmenting the optic disc/cup regions. The increase in protein aggregation in the
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lens does not allow light to pass through the lens and may lead to cataract. Xu

et al. (2020a) divided the input fundus images into eight local patches based on

ophthalmologists’ recommendations for automatic cataract grading using CNN.

Using the unified rectangular fundus images, Zhang et al. (2019) extracted the

high-level texture features using a CNN model and supervised SVM to grade the

severity of the cataract. Imran et al. (2020) extracted the image green channel,

resized the images, and used CNNs for feature extraction and SVM for cataract

severity identification.

So far, the performance of CNNs trained on optic disc cropped regions has

been experimented with; however, a systematic experimental evaluation of other

preprocessing methods when used along with CNNs has yet to be undertaken.

Thus, there is a wide scope for the experimental evaluation of other preprocess-

ing methods using CNN for automatic cataract diagnosis. Though the choice of

preprocessing techniques is dependent on the type and requirements of a particu-

lar ocular disease diagnosis, a thorough analysis of the effect of preprocessing on

the efficiency of DL models has not been undertaken, to the best of our knowl-

edge. The role of preprocessing in improving the performance of the DL-based

diagnostic system is investigated in this study by experimenting with two specific

preprocessing techniques (vessel segmentation and inpainting) and nine generic

preprocessing techniques. Fig. 6.1 provides an overview of the training method-

ology, and further details regarding the preprocessing and augmentation methods

used in the course of experiments have been elaborated below.

Figure 6.1: Methodology adopted for the empirical study
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6.4.1 Automatic Region of Interest Segmentation

The gradient Hough transform was used to segment the foreground circular fundus

region. The parameters were chosen based on the validation of 500 fundus images.

The inverse of the ratio of accumulator resolution to image resolution is set to 1,

and the minimum distance between the detected circles’ centre coordinates is set

to 20. The accumulator threshold value is set to 30, and the gradient value for edge

detection is set to 50. The minimum radius (in pixels) is set to 1/4 of the input

dimensions’ minimum, while the maximum size is set to the input dimensions’

maximum size. The bounding box is formed for the detected circular region,

ensuring that the cropped region is within the image dimension. The appropriate

circular area (from the detected circles) is chosen, ensuring that non-zero pixels

outside the cropped region are within five rows and columns.

The automatic foreground cropping mechanism is described in detail in Algo-

rithm 2. A few sample input fundus images and the corresponding foreground

segments obtained after processing are shown in Fig. 6.2(c). Otsu thresholding

(Otsu, 1979) using the largest contour crop method was also experimented with,

but the foreground regions obtained were clipped in the darker images. With

the proposed automatic segmentation approach, only the background regions are

cropped without losing useful details (refer Fig. 6.2(a-c)).

6.4.2 Image Enhancement

To improve the visual quality of input fundus images, experiments were carried out

using CLAHE (Zuiderveld, 1994) (on both green and RGB channels), Gaussian

filter convolution, Multiscale Retinex (MSR) (Petro et al., 2014), and multiscale

residual block network (MIRNET) (Zamir et al., 2020) approaches. The CLAHE

enhanced image was obtained by applying the normalized intensity histograms Pn

(see eq. (6.1)) to the image patches (5 × 5), which were defined as a matrix M

(r× c) with values (pixel intensity) ranging from 0 to L− 1. The resulting image

patch Ieq was defined by eq. (6.2). The contrast factor (or clip limit) to limit the

slope associated with the gray-level assignment scheme in CLAHE was set to 2.

Pn =
Number of pixels with intensity n

Total number of pixels
n = 0, 1 . . . L− 1 (6.1)

I eq = ⌊(L− 1)

Mi,j∑
n=0

Pn⌋ (6.2)

A Gaussian filter convolved (blurred) image was blended with the original
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Algorithm 2 Automated fundus foreground region segmentation

Input: A sequence of fundus images.
Output: Foreground segmented images.

1: for each input fundus image do
2: if zero-valued pixels < five rows/columns (as per image size) then
3: Continue with next image
4: end if
5: Convert to grayscale, find Hough circles
6: for each detected circle do
7: Find bounding region using radius & centre ▷ Ensured that bounding

region is within image dimension
8: if non-zero pixels outside the crop region < five rows/columns (as per input

size) then
9: if current radius > previously detected radius then
10: Update the centre and radius
11: end if
12: else
13: Save the RoI segmented image
14: Continue with next image
15: end if
16: end for
17: end for

image to improve image contrast. The resulting enhanced image Igs is defined by

eq. (6.3). G(h,w) represents a Gaussian filter with a scale σ and ∗ the convolution

operator. The parameter values were determined based on experimentation and

are set as α = 4, β = −4, σ = 10, and γ = 128. The MSR algorithm (Jobson

et al., 1997; Schivre, 2021) was adapted to improve the local contrast enhancement

of the fundus images. MSR was implemented by Petro et al. (2014), based on

the Retinex (Land, 1977) theory, which attempts to model human visual color

perception. MSR improves the local contrast of the fundus image as per the

desired scales (sigman) of the Gaussian kernels (refer eq. 6.4). N was set to three

scales ([5, 35, 150]), and the weight factor associated with the Gaussian function

(Wn) was chosen to be 1/3.

I gs(h,w) = αIorig(h,w) + βG(h,w, σ) ∗ Iorig(h,w) + γ (6.3)

I(h,w)ms−retinex =
N∑

Wn(log(I(h,w))− log((I(h,w)) ∗G(h,w, σn))) (6.4)

Recently, Zamir et al. (2020) proposed the MIRNET model that integrates

parallel multi-resolution convolution, spatial and channel attention for image en-

hancement. The pre-trained weights of this model were utilized, to enhance the
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J

Figure 6.2: Results of preprocessing on input sample images. A)Original,
B)Otsu’s thresholding segmentation, C)Proposed Hough transform segmentation,
D)Green channel, E)Green channel CLAHE, F)Green channel Gaussian convo-
lution, G)RGB CLAHE, H)RGB Gaussian convolution, I)MSR, and J)MIRNET
images.

contrast of fundus images. From Fig. 6.2, the effect of each preprocessing phase
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on the sample input fundus images could be observed. As can be seen from Fig.

6.2, MSR increases the brightness while maintaining/improving the overall visual

quality. CLAHE and MIRNET enhance the visual quality of the image but also

introduce additional artefacts, while the green channel retains the original image

visual quality.

6.4.3 Vessel Segmentation

The progressive changes of retinal vessels are crucial to help detect CODs, for

which preprocessing is performed through the segmentation of blood vessel regions.

The DRIVE dataset (Staal et al., 2004) was used to train the RetinaNet (Son

et al., 2018) model for this purpose. CLAHE was applied to increase the contrast

of the color fundus images, and the generative neural model (Son et al., 2018)

is re-trained for the segmentation of vessel masks. Regions with intensities less

than the threshold (20) are set to zero in the mask. If the number of connected

pixels in each connected component is less than 100, the intensities are set to

zero. Algorithm 3 details the steps involved in vessel segmentation. To observe

the impact of vessel structure on the COD detection performance, a process of

background color inpainting is applied to the segmented vessel masks, using a pre-

trained generative model (Yu et al., 2018). Fig. 6.3 shows some sample images

from various COD classes.

A

B

C

Figure 6.3: Results of segmentation and inpainting of vessel structure on sample
input images. A)Original (Normal, DR, glaucoma, cataract and AMD), B)Vessel
segmentation, C)Vessel inpainting images.
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Algorithm 3 Automated vessel segmentation from input colored fundus image

Input: A sequence of fundus images.
Output: Vessel segmented masks.

1: Convert DRIVE dataset images to L ∗ a ∗ b∗ ▷ L∗ indicates lightness and a∗
and b∗ are chromatic coordinates

2: Apply CLAHE to lightness channel
3: Convert to RGB colorspace
4: Train for vessel segmentation using RetinaNet
5: Store the model with best AUC score.
6: for each input fundus image do
7: Generate vessel mask using the stored RetinaNet model weights.
8: Set zero for the pixels whose intensity is less than 20.
9: Find the connected component statistics.
10: Sort connection area components in ascending order (in pixels)
11: for each connected area do
12: if the area has less than 100 pixels then
13: Mask the region (with Zero). ▷ fully disconnected noisy area
14: end if
15: end for
16: Save the generated mask image ▷ refer Fig. 6.3(b).
17: end for

A

B

C

D

E

Figure 6.4: Sample of generated fundus images using StyleGAN2 for the given
ocular conditions. A)Normal B)DR C)Cataract D)AMD E)Myopia.
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6.4.4 Data Augmentation

For effective learning performance, generalizable deep neural models require a

large number of labelled images. A variety of data augmentation techniques are

widely used to deal with the limited number of training images. Batch-level and

condition-level data augmentation techniques were incorporated for increasing the

number of images used for training the neural models. In batch-level augmenta-

tion, horizontal and vertical flipped and random angle rotated images were gen-

erated and added to the training set. In condition-level augmentation, training

images were augmented conditionally using the StyleGAN2 model (Karras et al.,

2020a,b). The StyleGAN2 was applied to the training dataset, using the textual

descriptions of the ocular diseases. The diseases with fewer than five training im-

ages were excluded, which resulted in 48 conditions. The network was trained for

25 million training images. Fig. 6.4 presents a representative sample of fundus

images generated for the given COD. As a result of the data augmentation, over

21,000 training images were obtained by augmenting 300 images for each ocular

condition.

6.5 Convolutional Neural Models

CNNs have shown exceptional performance in various computer vision tasks, in-

cluding the classification of COD. Experimentation was carried-out with eleven

prominent CNN models that have demonstrated high performance on the Im-

ageNet (Russakovsky et al., 2015) challenge dataset. This included DenseNet

(Huang et al., 2017), EfficientNet (Tan and Le, 2019), Inception (Szegedy et al.,

2015), MobileNet (Howard et al., 2017), ResNet (He et al., 2016), ResNeXt (Xie

et al., 2017a), WideResNet (Zagoruyko and Komodakis, 2017), VGG16 (Liu and

Deng, 2015), and SqueezeNet (Iandola et al., 2017) models using both cropped

and non-cropped fundus images.

COD classification is a multi-label classification problem that requires binary

classification of multiple diagnostic labels, each label indicating a specific COD. As

a result, binary predictions were used as target scores, with actual and predicted

values compared pairwise. A multi-label one-versus-all loss based on max-entropy

was used to train the CNN, as illustrated in eq. (6.5) (where i ∈ {0 . . . , N}, y[i]
∈ {0, 1}). In this study, Y represents the actual target labels, while ŷ represents

the predicted labels of dimension (N,C) (where N is the batch size and C is the

number of classes=8).
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loss(ŷ,y) = − 1

C
∗
∑
i

y[i] ∗ log((1 + exp(−ŷ[i]))−1)

+(1− y[i]) ∗ log
(

exp(−ŷ[i])

(1 + exp(−ŷ[i]))

) (6.5)

Table 6.1 lists the number of training parameters used for the DL models in

ascending order. The model parameters were initialized using the ImageNet pre-

trained weights. After observing the outcomes of the experiments, the model with

the highest F1 score was utilized as a baseline for examining the effect of various

preprocessing techniques on CNN performance. Fundus images were preprocessed

individually and fed into the CNN models for inference. The maximum score is

regarded as the final screening result at the patient level.

Table 6.1: Details of model training parameters.

Model Parameters (in millions)

SqueezeNet 0.726600

MobileNetv2 2.234120

GoogleNet 5.608104

DenseNet121 6.962056

EfficientNet-B3 10.708528

ResNeXt50 22.996296

ResNet50 23.524424

Inceptionv3 25.128656

EfficientNet-B7 63.807448

WideResNet50 66.850632

VGG16 134.29332

6.6 Experimental Results and Discussion

For the experimental evaluation of the proposed approaches, the ODIR-5K (Oc-

ular Disease Intelligent Recognition) challenge dataset (ODIR, 2019) consisting

of a total of 5,000 patients’ data was employed. The training dataset comprises

3,500 patient records, with 7,000 fundus images, and the final label is based on

both eye conditions. The dataset is highly imbalanced. It contains over 3,000

normal images but only 190 hypertensive retinopathy images. About 500 images
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have multiple labels, and the “Others” category consists of more than 20 distinct

eye diseases. The statistics of the training data are summarized in Table 6.2. Au-

tomatic relabeling was carried out based on the textual information available for

each eye condition, and the validity was checked by comparing the union of the

labels with the final available labels. For example: 0 left.jpg has the text cataract,

so it is labelled 00010000, and 0 right.jpg contains the normal fundus, which is

labelled 10000000, and the union 00010000 is compared to the final available la-

bel 00010000. Normal labels were considered only when both eyes had the text

normal fundus, ignored otherwise. All the images were resized to 256× 256.

Table 6.2: Details of ODIR training data.

Type of COD (Class) Training data

Normal 3,098

DR 1,801

Others 1,200

Glaucoma 326

Cataract 313

AMD 280

Myopia 268

Hypertension 193

Several standard metrics were used for validation purpose. F1 score was used as

a primary metric for validating the output of preprocessing techniques. F1 (Fβ=1)

is a weighted harmonic mean of precision and recall that seeks to balance the two

(see eq. (6.6)). As a result, models with higher F1 scores are expected to improve

the system’s predictability. The F1 metric is also thought to be more indicative

than the standard accuracy score because it accounts for true and false positives

(TP and FP) as well as true and false negatives (TN and FN). The precision and

recall for a neural system learned to predict over C classes is computed using eq.

(6.7). In this study, the precision and recall values are macro-averaged over the

target output classes.

Fβ=1 = (1 + β2) · precision · recall
(β2 · precision) + recall

(6.6)

precision =
1

C

C∑
c=1

TPc

TPc + FPc

; recall =
1

C

C∑
c=1

TPc

TPc + FNc

(6.7)
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In addition to F1 scores, the models’ performance was reported using the area

under the curve (AUC) and Kappa score (average of Cohen’s kappa for each label)

multi-label classification metrics. The field under the ROC curve is referred to as

the AUC. The model’s classification accuracy improves as it gets closer to 1. It

is often used to determine the model’s stability. Cohen’s Kappa (McHugh, 2012)

(see eq. 6.8) is a quantitative measure of reliability; a score of 0 indicates that

there is a random match, while a score of 1 means that true and predicted labels

are fully in the agreement.

Kappascore =
Po − Pe

1− Pe

;

Po =

∑C
c=1 TPc∑C

c=1 TPc + FNc

;

Pe =

∑C
c=1 TPc ∗ (TPc + FNc)

N2

(6.8)

During inference, the left and right eye images were considered, and the fi-

nal ocular condition was determined by a label-wise maximum score among two

output predictions. The ODIR test set contains 500 unlabeled patient records

(1,000 images) that can be labelled in any of the eight possible ways. Thus, if

a single label is correctly predicted, an F1 score of 0.00025 is achieved, demon-

strating the significance of prediction scores. Table 6.3 summarizes the results

obtained with original color and cropped images obtained using state-of-the-art

neural models with test ODIR data1. The experimentation was conducted using

a batch-level augmentation method (please refer Section 6.4.4). The performance

of the top scoring neural model (ResNeXt50) with RoI crop is benchmarked using

several preprocessing methods. As stated earlier, nine preprocessing methods were

employed, and the results are shown in Table 6.4.

The ResNeXt50 model achieved the best F1, Kappa and AUC scores on the

cropped images obtained using the proposed RoI segmentation algorithm. The

observed results are tabulated in Table 6.5. It can be observed that batch-level

augmentation achieved the best performance. Therefore, for the rest of the exper-

iments, it was utilized for training the models. The majority rule voting approach

1Submitted to: https://odir2019.grand-challenge.org/evaluation/challenge/

submissions/create/

https://odir2019.grand-challenge.org/evaluation/ challenge/submissions/create/
https://odir2019.grand-challenge.org/evaluation/ challenge/submissions/create/
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was used to ensemble the predictions of the top three DL models (ResNeXt50, Ef-

ficientNetB7 and VGG16) with only RoI cropped color images and the top three

preprocessing approaches (RoI cropped, green channel, and MSR) trained with

the ResNeXt50 model. The results of ensemble models’ performance are shown in

Table 6.5 and the results of benchmarking experiments with respect to state-of-

the-art DL models are summarized in Table 6.6.

Table 6.3: Observed performance for state-of-the-art DL models on the testset.

With original image With cropped image

Kappa AUC F1 Kappa AUC F1

DenseNet 0.4659 0.7888 0.8698 0.5195 0.8210 0.8804

EfficientNetB3 0.4691 0.7922 0.8695 0.5090 0.8199 0.8803

EfficientNetB7 0.4677 0.7265 0.872 0.5260 0.8317 0.8845

GoogleNet 0.4124 0.7746 0.8553 0.4733 0.8021 0.8718

InceptionNet 0.3131 0.7201 0.8365 0.3882 0.7671 0.8535

MobileNet 0.4664 0.7984 0.8703 0.4852 0.8191 0.8740

ResNet50 0.4110 0.7602 0.8575 0.5022 0.8093 0.8782

ResNeXt50 0.4733 0.7921 0.8717 0.5680 0.8606 0.8953

WideResNet 0.4222 0.7634 0.8618 0.4734 0.8343 0.8743

SqueezeNet 0.1347 0.6178 0.7838 0.1594 0.6412 0.7873

VGG16 0.5092 0.7828 0.8790 0.5268 0.8248 0.8813

During the extensive experiments conducted to evaluate the effectiveness of

the proposed approaches, it was observed that the models trained using cropped

fundus images always outperformed those trained on non-cropped images by an

average percentage difference of 15% Kappa score as shown in Table 6.3. This

can be attributed to the enhanced predictability afforded due to the proposed

RoI segmentation algorithm. Gradient-weighted class activation mapping (Grad-

CAM) (Selvaraju et al., 2019) was used to visualize the dominant features learned

by the proposed model for identifying a particular type of COD. Fig. 6.5 shows

the Grad-CAM visualization for the original (non-cropped) and cropped images

trained with ResNeXt50. The last convolution layer’s coarse localization map

(before AdaptiveAvgPool2d) reflects the important regions in the input image

to detect a particular type of COD. The obtained Grad-CAM is normalized and

resized to the original image size. A mask image is generated from Grad-CAM

with a threshold of 100. The contours are drawn using the mask image and

visualized on the input fundus image as shown in Fig. 6.5 (iv & viii). Contours
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Table 6.4: Observations w.r.t best performing model, ResNeXt50, when used with
proposed preprocessing pipeline.

Preprocessing method Observed performance

Kappa AUC F1

Original image 0.4733 0.7921 0.8717

Cropped image 0.5680 0.8606 0.8953

Green channel 0.5336 0.8186 0.8882

Green channel+CLAHE 0.5198 0.8189 0.8840

Green channel+Gaussian 0.4898 0.8082 0.8777

RGB+CLAHE 0.5308 0.8368 0.8860

RGB+Gaussian 0.5260 0.8206 0.8840

Multiscale Retinex (MSR) 0.5330 0.8418 0.8865

MIRNET 0.4438 0.8403 0.8550

Vessel segmentation 0.3097 0.7212 0.8325

Vessel inpaint 0.4865 0.8500 0.8765

Table 6.5: Performance of proposed augmentation and ensemble techniques.

Method Observed performance

Kappa AUC F1

No augmentation 0.5246 0.8323 0.850

Batch-level (Flip + Rotation) 0.5680 0.8606 0.8953

Condition-level (GAN) 0.4228 0.8534 0.8710

Ensemble 1 (ResNeXt50, EfficientNetB7 & VGG16) 0.5815 0.8532 0.9008

Ensemble 2 (RoI cropped, green channel & MSR) 0.6081 0.8806 0.9070

are indicated in green when the prediction score is greater than or equal to 0.5;

otherwise, they are highlighted in red. Owing to the difficulties in identifying

minute lesions (e.g., microaneurysms, drusens, cup to disc ratio, etc.), DL models

trained on non-cropped images failed to detect a majority of early-stage ocular

diseases (refer Fig. 6.5 ii-iv). In contrast, the proposed approach performed well

in accurately identifying the majority of lesions, thus aiding in the generation of

explainable predictions.

The proposed ensemble model outperformed several state-of-the-art models

(Gour and Khanna, 2020; Islam et al., 2019; Li et al., 2021a) in terms of Kappa and

F1 scores. AUC is insensitive to class imbalance, i.e., when the labels include many
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Table 6.6: Comparative performance of proposed approaches against state-of-the-
art techniques.

No. Models Dataset Performance

KappaAUC F1

1 ResNet-101 backbone (Li
et al., 2020; He et al.,
2021a)

1166 patients data
(ODIR train set)

0.6370 0.9300 0.9130

2 ResNet-101 + Textual
features (He et al.,
2021b)

1166 patients data
(ODIR train set)

0.5800 0.9280 0.9080

3 EfficientNet-B3 (Wang
et al., 2020)

40 images from
DRIVE (Staal et al.,
2004)

0.4900 0.7300 0.8900

4 Graph convolutional
network (Lin et al.,
2021)

996 images of 498
patients (ODIR)

0.5765 0.7816 0.8966

5 Shallow CNN (Islam
et al., 2019)

ODIR offline
challenge test set

0.3100 0.8050 -

6 Two input VGG16
(Gour and Khanna,
2020)

ODIR offline
challenge test set

- - 0.8557

7 VGG-16 (Li et al.,
2021a)

ODIR offline
challenge test set

0.4494 0.8881 0.8730

8 Proposed pipeline ODIR offline
challenge test set

0.5680 0.8606 0.8953

9 Proposed DL ensemble ODIR offline
challenge test set

0.5891 0.8610 0.9025

10 Proposed preprocessing
ensemble

ODIR offline
challenge test set

0.6081 0.8806 0.9070

zeros, correctly detecting them may also lead to high AUC. As a result, a high F1

score is more significant than a high AUC in cases with a high class imbalance. For

the studies using ODIR training using 1166 patients’ data, the models put forth

by He et al. (2021b) and Li et al. (2020) showed better results. Due to the lack

of precise patient IDs for each split, the proposed method could not be evaluated

and compared to these models. Additionally, owing to the fusion of features,

obtaining evidence for the output predictions is difficult with these models. With

the proposed method, the evidence can be visualized for each predicted label (true

or false). Moreover, He et al. (2021b) utilized diagnostic keywords indicative of
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A
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Original (D) (O) Contours Cropped (D) (O) Contours

B
Original (D) (O) Contours Cropped (D) (O) Contours

C
Original (D) (G) Contours Cropped (D) (G) Contours

Figure 6.5: Visualization of Grad-CAM heatmap on the original input images.
Columns i-iv show the original images, where as, columns v-viii are cropped
versions. The annotated labels are A) Mild DR (D), epiretinal membrane (O);
B) Mild DR (D), drusen (O); and C) Mild DR (D), glaucoma (G), vitreous de-
generation (O).

actual diagnosis along with fundus images to augment their accuracy. Due to this,

there is a dependency on expert generated diagnosis reports, which imposes an

additional load on the learning models.

All other preprocessing strategies, except for the RoI cropping method, had

no significant impact on the prediction performance of DL models (please see

Table 6.4). Though the images created with CLAHE and the MIRNET seemed

to improve contrast visually, the techniques did not significantly boost the CNN

performance. The efficiency is similar to that of the RGB channels when only

the green channel is used, but the number of training parameters is decreased

by around 10000. Hence, this helps for efficient training and inference. Further-

more, the vessel segmentation technique that was primarily investigated for DR

detection (Roshini et al., 2020; Saranya and Prabakaran, 2020; Saranya et al.,

2021), had no discernible effect on COD detection. Condition-level augmentation

improved prediction accuracy for the Normal, DR, Cataract, AMD, and Myopia

classes. It did not, however, improve prediction for Glaucoma or Other categories

of diseases. This limitation could be addressed by including more representative

images for these classes (particularly with minute lesions). To further investigate

the impact of augmentation on prediction performance, the highest-scoring DL

model (ResNeXt) trained on ODIR is tested on the publicly available DDR test

dataset (Li et al., 2019). The DDR dataset makes use of the International DR
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Grade Classification (Wilkinson et al., 2003) (ranging from 0 to 4), as well as a

special label (5) for low-quality images. These ungradable images were excluded

due to their low quality. The remaining dataset (3,759 images) is split into normal

(0) and abnormal (1,2,3,4). The foreground region is cropped using the proposed

method (Section 6.4) and tested using the ODIR pretrained ResNeXt model. The

final score is obtained using the predictions of the “Normal” class. The results of

the three augmentation techniques for DR screening are presented in Table 6.7.

The observations revealed that the condition-level augmented model holds promise

for building a generalizable DL model. The inference for DR screening was also

achieved using an ensemble of models trained on the ODIR dataset. The proposed

ensemble model outperformed a patch-based lesion localization deep network pro-

posed by Zago et al. (2020) in terms of AUC and sensitivity scores (Table 6.7).

Table 6.7: Comparative evaluation of augmentation and preprocessing techniques
on DDR testset.

Method Observed performance

Kappa F1 AUC Sensitivity

No augmentation 0.5797 0.7898 0.8669 0.9276

Batch-level augmentation 0.5812 0.7906 0.8793 0.9170

Condition-level augmentation 0.6052 0.8026 0.8769 0.9091

Ensemble 1 (ResNeXt50,
EfficientNetB7 & VGG16)

0.6196 0.8098 0.8749 0.9563

Ensemble 2 (RoI cropped, green
channel & MSR)

0.6302 0.8151 0.8730 0.9570

Patch-based lesion localization model
(Zago et al., 2020)

- - 0.8480 0.8910

6.7 Summary

Chronic Ocular Diseases (COD) can affect the eye and may even lead to severe

vision impairment or blindness. However, if COD is detected early, vision impair-

ment can be avoided by early intervention and cost-effective treatment. Several

preprocessing approaches were combined with convolutional neural networks to

accurately detect COD in eye fundus images. Experimental results demonstrate

that CNNs trained on the region of interest segmented images outperform the
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models trained on original input images by a substantial margin. Additionally,

an ensemble of three preprocessing techniques outperformed other state-of-the-art

approaches by 30% and 3%, in terms of Kappa and F1 scores, respectively. The

developed prototype has been extensively tested and can be evaluated on more

comprehensive COD datasets for deployment in the clinical setup.
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Chapter 7

Multi-Scale CNN model for Corneal

Segmentation for Early Detection of

Fungal Keratitis

7.1 Introduction

The cornea is a transparent layer of tissue covering the front surface of the eye that

acts as a window, allowing light to enter the eye. Infection is the most common

cause of corneal ulcers (keratitis), and at least 4.2 million people worldwide are

reported to suffer from corneal opacities, according to the 2019 World Vision Re-

port (WHO, 2019). Corneal opacity is caused by a variety of conditions that cause

the cornea to scar or become opaque. Microbial keratitis (MK) or infectious ker-

atitis (IK) is the primary cause of corneal opacification, and the fifth leading cause

of visual impairment in the developing world Ung et al. (2019). If such infections

are not detected and treated early, they can cause irreversible corneal blindness

due to perforation, endophthalmitis and panophthalmitis (Anutarapongpan and

Brien, 2014; Schein, 2016; Maharana et al., 2016; Tananuvat et al., 2021).

FK, in particular, is challenging to treat at later stages and may necessi-

tate surgery. The primary causative factors for FK are prolonged contact lens

wear, topical steroid usage, trauma caused due to organic or vegetative mat-

ter, pre-existing systemic disorders, and other ocular surface issues (Kalkancı and

Ozdek, 2011). It is a serious public health problem resulting in significant morbid-

ity, if left untreated. Early interventions and treatment are critical for the recovery

and prevention of corneal blindness (Kalkancı and Ozdek, 2011; Lopes et al., 2019).

Although ophthalmologists are trained to diagnose FK based on specific clinical

signs and symptoms, isolation of fungi in micro-biological culture-based techniques

125
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remains the gold standard for diagnosis. However, these are time-consuming and

labor-intensive (Prajna et al., 2017; Ferrer and Alió, 2011). Fungal organisms are

slow growing and may not be florid in the early stages of FK. Fungal cultures may

also have limited sensitivity due to the scant quantity of material accessible from

corneal scrapings, which may, in turn, lead to false-negative results (Ferrer and

Alió, 2011).

7.2 Problem Statement

Slit-lamp examination of the ocular surface, particularly the cornea, conjunctiva,

and anterior chamber, is widely used in the diagnosis of MK. The most clinical

signs based on which ophthalmologists differentiate corneal ulcers are infiltrate

location, pattern, depth, epithelial defect size, surrounding stromal haze, and the

presence (or absence) of hypopyon. Specifically, FK is associated with the oc-

currence of an uneven or feathery border, raised profile, deep stromal infiltrates,

satellite lesions, endothelial plaques and/or pigmentation (Thomas et al., 2005;

Leck and Burton, 2015). However, the findings of corneal staining combined with

slit-lamp biomicroscopy are heavily reliant on the grader’s clinical knowledge.

As per studies conducted, general ophthalmologists typically differentiate FK

from non-FK about 49.3–67.1% of the time, while trained corneal specialists can

distinguish FK from non-FK 66.00–75.90% of the time (Dalmon et al., 2012;

Thomas et al., 2005; Dahlgren et al., 2007). These statistics are a significant

cause for concern and highlight the need for effective automated diagnostic sys-

tems to assist doctors in the early detection of FK. Furthermore, certain clini-

cal signs typically attributed to FK may also be of bacterial or protozoal origin,

thereby complicating the diagnostic process. Automated grading of FK images

could overcome these limitations by lowering physician burden and improving pa-

tient prognosis through early diagnosis. These systems can also aid in the timely

diagnosis of FK by means of tele-ophthalmology in rural areas where there is a

shortage of doctors. Thus, the problem to be addressed here is defined as follows:

Given the challenges associated with the differentiation of FK from

non-FK, design and develop effective preprocessing, modelling and seg-

mentation approaches for early diagnosis of FK based on slit-lamp bio-

microscopy images.
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7.3 Motivating Example

To describe the prevailing conditions that emphasize the need for automated FK

detection CDSS based on slit-lamp images, consider scenarios where the retinal im-

ages are captured by physicians using their portable devices during routine patient

visits or during their mass campaigning in rural areas. Agriculture is a dominant

occupation in rural areas, and FK is primarily caused by corneal injuries caused

by flying debris from plant/soil materials. Since current diagnosis is primarily

through microbial culture, limited access to both trained corneal experts and mi-

crobial culture labs in rural areas severely reduces the chances of early diagnosis.

Often, minute lesions in the corneal surface may be missed even by trained corneal

experts. There is also a possibility of inter- and intra-observational differences, i.e.,

based on a particular observation, the experts may infer the possibility of fungal,

while, after a few hours/days when the same image is observed, the expert may

find a very low probability of infection of fungal origin. There is also a possibility

of difference of opinion between different experts when diagnosing based on the

same images.

These challenges in the manual screening process could be avoided if the FK

could be automatically identified using the slit-lamp imaging data. The slit-lamp

biomicroscopy images tend to contain noise in the form of surrounding background

that may affect the system’s prediction. The automated disease detection CDSS

could directly preprocess the slit-lamp images and detect the FK possibility, along

with highlighting the regions that the system found to be relevant for detecting

FK. Thus, avoid surgical complications associated with late diagnosis. Automated

systems can aid in the early detection of FK via tele-ophthalmology in rural areas

where there is a shortage of corneal specialists.

In this chapter, approaches towards developing effective FK detection models

built on slit-lamp imaging data are presented. This study addresses several lacu-

nae in existing approaches by utilizing automated corneal region segmentation to

enhance the performance of evidence-based CDSS. In contrast to existing works,

a two-stage approach is proposed that can potentially improve the performance

of the etiological classification while also providing reliable evidence for predic-

tions. The next section provides a detailed overview of the proposed methodology

adopted for the early detection of FK. The performance of the proposed model

is compared to that of the state-of-the-art region of interest (RoI) segmentation

systems built on slit-lamp images.
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7.4 KeratNet - Multi-task CNN for Corneal RoI

Segmentation

The dataset provided by Loo et al. (2021a) consisting of 133 clinically suspected

MK images were used for RoI segmentation task. 540 public-domain images were

collated for FK detection task. This included FK (250) and non-FK images (290).

Of the 290 images, 150 images were of viral keratitis, 120 images of bacterial

keratitis and 20 images of acanthamoeba keratitis. These were obtained from

various Web sources, and all are microbiologically validated cases which were

used for meta-analysis purposes. This study was exempted from the purview

of ethical clearance by Yenepoya Ethics Committee-1 (YEC-1/2021/046). The

dataset provided by Loo et al. (2021a) was analysed by two ophthalmologists

and labelled as fungal(1) or non-fungal(0), based on clinical observations. The

clinically suspected MK images were assigned to the FK group if at least one of

the ophthalmologists who participated in the study identified it as FK. Similarly,

when both ophthalmologists labelled the images with non-FK, the images were

assigned to the non-FK group. The corneal region annotation was performed

using VGG Image annotator (Dutta and Zisserman, 2019)], after which the mask

images were formed using the annotated regions.

The collated data was preprocessed and augmented before the RoI segmen-

tation and classification phases. CLAHE algorithm (Contrast Limited Adaptive

Histogram Equalization) (Reza, 2004) algorithm was utilized to increase the con-

trast and highlight the corneal border. All the images and the corneal masks were

resized to 512 × 512. Before classifying into FK and non-FK, the images were

scaled to (width = 384×height = 256) based on the training image normal distri-

bution. The images were augmented by vertical and horizontal flipping of images

to prevent the overfitting of the model. Rotated images at random angles ranging

from 200◦ to 360◦ degrees were also included in each training batch.

The overall workflow of the proposed approach is depicted in Fig. 7.1. The slit-

lamp biomicroscopy images tend to contain noise in the form of surrounding back-

ground that may affect the classification model’s prediction. To enable the classi-

fication model to learn the minute changes in the corneal region, the RoI was seg-

mented using the proposed KeratNet. The cropped RoI images were preprocessed

and classified using a classification network. To highlight the features of an input

slit-lamp image that the classification model considered relevant for prediction,

the features were visualized using Gradient-weighted Class Activation Mapping

(Grad-CAM) (Selvaraju et al., 2017). Each process depicted is described in more
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Figure 7.1: Proposed methodology for FK classification.

detail in subsequent sections.

Since the data collated in this study included images of varying dimensions,

a KeratNet model is proposed for accurate segmentation of the corneal region.

The network architecture is shown in Fig. 7.2 and is based on UNet (Ronneberger

et al., 2015a) and attention UNet (Abraham and Khan, 2019) architectures, which

work well with modest training data. After improving the contrast of the corneal

boundaries using CLAHE, the images were passed through a succession of convo-

lution, and max-pooling layers for local feature extraction. The expansion layers

were utilized to re-sample the image maps using extracted contextual information.

Skip connections were utilized to encourage more semantically relevant outputs

and handle varying resolution images to mix high-dimensional local characteristics

with low-dimensional global information. The output of each dimension is then up-

sampled and concatenated with the output from the first dimension. Ultimately,

the resultant concatenation layer was subjected to a sigmoid non-linearity acti-

vation function and trained using binary cross-entropy loss to get the final corneal

mask. Attention gates aided in learning the semantically important features.This

technique increases segmentation accuracy for the dataset where tiny RoI features

may be lost in cascading convolutions. Furthermore, the model can learn more

location-aware features in relation to the classification objective. The corneal

mask generated by KeratNet is used to automatically crop the RoI. The bounding

rectangular region around the maximal contour is automatically cropped in the

generated mask and used in the classification phase.
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Figure 7.2: KeratNet architecture used for corneal RoI segmentation.

For classifying the RoI cropped images into FK and non-FK classes, trans-

fer learning (with ImageNet pre-trained weights) based on the ResNeXt50 (Xie

et al., 2017b) architecture has been employed. ResNeXt50 is modularized based

on VGG (Liu and Deng, 2015) and ResNet (He et al., 2016). The multiple paths

of ResNeXt50 share the same topology, and it has substantially fewer parameters

than VGG. The coarse localization map (before AdaptiveAvgPool2d) of the last

convolution layer represents the essential features in the input image to detect FK.

Grad-CAM calculates attention scores based on gradients determined for the FK

output. The attention scores are then normalized and resized to the size of the

original image.

7.5 Experimental Results and Discussion

A detailed discussion on the experimental evaluation of the proposed methodol-

ogy and the observations are presented in this section. For the implementation

and training of the proposed approach, Python 3.8.8 with the Torch 1.8.0, Keras

2.4.3, and TensorFlow 2.2.0 as backend was utilized, running on Ubuntu OS with

four NVIDIA Tesla V100-DGXS 32GB GPUs with CUDA v11.2. Based on the

normal distribution of available images, the images were resized to (width =

384 × height = 256) dimensions. As per the available system configuration,
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the batch size was set to 32 images. The model was trained for a maximum

of 30 epochs, overall ten folds of the hold-out validation (Arlot and Celisse, 2010).

Several standard metrics were used for validating the proposed approach. Dice

similarity coefficient (DSC) or F1 (with configuration parameter β = 1) score and

accuracy (Eq. 7.1) are used as primary metrics for validating the output over C

classes. Dice coefficient is a weighted harmonic mean of positive predictive value

(PPV) and true positive rate (TPR), and it seeks to strike a balance between the

two (see Eq. 7.2). Both true/false positives (TP and FP) and true/false negatives

(TN and FN) are accounted for in the dice coefficient/F1 measure. Thus, it is

more informative than the conventional accuracy score. The positive and negative

predictive values (NPV) are computed using Eq. (7.3). True positive and negative

rates are computed as per Eq. (7.4).

Accuracy =
1

C

C∑
c=1

TPc + TNc

TPc + TNc + FPc + FNc

(7.1)

Fβ=1 = (1 + β2) · PPV · TPR
(β2 · PPV) + TPR

(7.2)

PPV =
1

C

C∑
c=1

TPc

TPc + FPc

; NPV =
1

C

C∑
c=1

TNc

TNc + FNc

(7.3)

TPR =
1

C

C∑
c=1

TPc

TPc + FNc

; TNR =
1

C

C∑
c=1

TNc

TNc + FPc

(7.4)

The performance of the proposed KeratNet model is observed using seven-fold

cross-validation on all 133 diffuse white light images provided by Loo et al. Loo

et al. (2021a). Table 7.1 lists the average dice similarity coefficient (DSC) values

of KeratNet and state-of-the-art corneal limbus segmentation techniques. As is

evident from Table 7.1, the proposed KeratNet outperformed the state-of-the-art

model, SLIT-Net Loo et al. (2021a), by a margin of 1.42%. Furthermore, KeratNet

requires only 5.67 million training parameters compared to 44.62 million for SLIT-

Net, which is a 7× reduction. As a result, the proposed KeratNet is capable of

faster training and inference while still enabling more accurate learning of the RoI

even with variable sized input images. Fig. 7.3 shows a few samples of actual and

predicted corneal region segments for the second test fold. It can be observed that

the actual and segmented corneal limbus are in good agreement (see Fig. 7.3D).

The FK detection training loss for each fold and accuracy obtained with each
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Table 7.1: Summary of average DSC of the proposed KeratNet and state-of-the-art
corneal limbus segmentation methods, using diffuse white light images.

Method DSC (%)
Confidence
Interval (with 0.05

Significance Level)

Training
Parameters
(in Millions)

U-Net (Loo et al., 2021a) 91 74–100% 34.51

U2 Net (Qin et al., 2020) 95.1 93.54–96.66% 44.01

nnU-Net (Loo et al., 2021a) 96 11 −∗

Mask R-CNN (Loo et al., 2021a) 95 3 −∗

SLIT-Net (Loo et al., 2021a) 95 93–97% 44.62

KeratNet (Proposed) 96.42 95.65–97.19% 5.67

∗ Not reported by the authors.

X

Y
A B C D

Figure 7.3: Sample of fully-automatic segmentation results by KeratNet on diffuse
white light images. (A) Original images (source: Loo et al. (2021a)); (B) Actual
masks obtained for images in (A); (C) Predicted masks for images in (A) using
KeratNet; (D) Contour plots of actual (green) and predicted (blue) masks on
original images.

test fold are plotted in Fig. 7.4. It can be seen that the loss converges after

12 epochs for all the folds. The accuracy stabilizes after a few initial variations,

and the weights with which the model achieved highest precision are saved for each

fold. Table 7.2 presents the details of prediction performance in terms of standard

metrics. The confusion matrix obtained for all the ten test folds is shown in

Fig. 7.5. The dominant features learned by the model to detect FK are visualized

using gradient-weighted class activation mapping (Grad-CAM) Selvaraju et al.

(2017). Fig. 7.6 shows the Grad-CAM visualization for the correctly diagnosed

patients having FK. The maximal contour (illustrated using green marking in

Fig. 7.6) is drawn using the heatmap mask produced when the threshold value is

set to 100.
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Figure 7.4: Observations w.r.t each of the 10 folds: (A) Loss vs. number of epochs
(B) Accuracy vs. number of epochs.

Table 7.2: Performance evaluation of proposed approach with standard metrics.

Metric
Mean
Value

Confidence Interval
(@0.05 Significance Level)

Accuracy 88.96% 87.43–90.48%

Sensitivity/Recall/TPR 90.67% 87.95–93.39%

Specificity/TNR 87.57% 85.45–89.69%

Precision/PPV 85.65% 83.59–87.75%

Negative predictive values/NPV 92.18% 90.01–94.33%

F1/Dice coefficient score/DSC 88.01% 86.32–89.70%

Figure 7.5: Confusion matrix obtained for KeratNet with 10-fold CV.
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Figure 7.6: Sample Grad-CAM visualizations generated by the proposed model
for correctly identified FK images. (A) Original keratitis images (source: Loo
et al. (2021a)); (B) Grad-CAM visualizations for (A) images; (C) Automatic
segmented corneal images in (A) using KeratNet; (D) Grad-CAM visualizations
for (C) images; (E) Automatic RoI cropped images in (A) using KeratNet; (F)
Grad-CAM visualizations for (E) images.

During the experiments, it was observed that the losses and accuracy between

the folds are almost the same (refer Fig. 7.4), proving that the proposed model

(with cropping) is generalizable for keratitis diagnosis, despite being trained on

varied dimension images. This can be attributed to the effectiveness of the data

augmentation and proposed RoI cropping process, which enabled strong focus

on the FK lesions while avoiding any over-fitting. To understand the role and

importance of the RoI cropping process in the prediction pipeline, model training

using the original (non-cropped) images is also experimented with. The results

revealed a higher variation in the between-fold mean and confidence interval values,

when original images (without cropping) were used. This may be attributed to

the fact that the model focuses on non-corneal areas (mainly conjunctiva region)

for most of the identified FK images. However with cropping, the model is able to

distinctly focus and learn the features from dominant lesions like epithelial defect,

immune ring, satellite lesions, feathery margins and deep stromal infiltration for

detecting FK (refer Fig. 7.6).

An ablation study was carried out for determining the contributions of various

individual modules in the proposed FK detection approach. The results obtained

for the first fold with the experimented methods have been summarized in Ta-

ble 7.3. For obtaining the direct segmented corneal images, an approach similar

to that proposed by Hung et al. (2021) was used—the pixels within the generated

corneal mask were retained, while the remaining pixels in the original input im-

age were set to zero. The segmented masks thus generated had noisy boundaries,

clipped cornea regions and many black (zero valued) pixels, resulting in unfocused

images. Scaling these images during training data preparation further deteriorated

the images, making it difficult for the model to learn the required features. This is
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evident from the visualized heatmaps (see Fig. 7.6D). When the direct segmented

corneal images were used, the model failed to identify the required corneal lesions.

In the proposed approach, RoI was initially cropped by using the bounding box

around the generated corneal mask contour. Therefore, it is evident that scaling

had minimal impact on the model’s performance. The ablation study also revealed

that the model’s predictive performance degraded significantly with the absence

of transfer learning (i.e., pre-trained weight initialization). Due to random ini-

tialization of network parameters when transfer learning is not used, inconsistent

results were observed during each training run. In order to attain convergence and

reliable results, the network must be trained over a larger number of epochs.

Table 7.3: Ablation study results for the proposed approaches.

Model Accuracy (%) F1 Score (%)

Proposed approach 89.55 89.23

Original images 87.88−θ 87.59−θ

Segmented corneal images 84.62−θ 84.52−θ

RoI cropped images 76.12−η 76.11−η

∗ Proposed RoI cropping process is denoted by θ. The transfer learning is
represented using η. Exclusion of a technique is indicated using −.

Furthermore, the proposed approach correctly identified most cases of fun-

gal and non-fungal (viral & bacterial) keratitis (refer confusion matrix shown in

Figure 7.5). While false positive instances were noted in cases of acanthamoeba

keratitis images, false negative instances appeared to be due to a lack of signif-

icant infiltration in the FK images. The latter could be attributed to images of

patients who might have been in early stages of the disease or are undergoing

medical or surgical treatment, thereby altering the morphology of the infectious

infiltrate. In order to address the false negative performance, the poor quality

images were removed, and more FK images were included than class-wise non-FK

images. This may have improved the proposed model’s performance. However,

in order to achieve a high degree of precision, variability of the datasets is es-

sential. Therefore, this limitation could be addressed by generating datasets with

additional acanthamoeba, bacterial keratitis images, and also high-quality images.

The proposed model detects FK primarily through identification of morphologi-

cal changes in the corneal area, but the challenge of identifying a non-infectious

corneal infiltrate, or a species-specific form of keratitis is yet to be addressed. Not

just micro-organisms, but different species within a group can cause varied oc-
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ular signs based on the presence or absence of polymicrobial association and/or

periocular conditions. For example, candidal keratitis can cause a collar-stud like

morphology as opposed to Fusarium keratitis that causes feathery branch–like

extensions or a ring-shaped infiltrate.

7.6 Summary

Microbial keratitis is an infection of the cornea of the eye that is commonly caused

by prolonged contact lens wear, corneal trauma, pre-existing systemic disorders

and other ocular surface disorders. It can result in severe visual impairment if

improperly managed. In this work, a multi-scale convolutional neural network

(KeratNet) was proposed for accurate segmentation of the corneal region to enable

early FK diagnosis. The proposed approach consisted of a deep neural pipeline for

corneal region segmentation followed by a ResNeXt model to differentiate between

FK and non-FK classes. The model trained on the segmented images in the

region of interest, achieved a diagnostic accuracy of 88.96%. The features learnt

by the model emphasize that it can correctly identify dominant corneal lesions for

detecting FK.
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Chapter 8

Learning Lung Disease Representations

from Multimodal Radiology Data

8.1 Introduction

The COVID-19 pandemic has already spread on a global scale, affecting more than

280 million people with more than 5 million casualties worldwide. During the first

and second waves of the pandemic, large-scale screening efforts were severely af-

fected due to the short supply of COVID-19 test kits and the delay in notifying

the test results. Recent works have studied the possibility of a speedy diagnosis

of COVID-19 using chest X-ray images due to the wide-scale availability of X-ray

machines and the low cost. Over the continued course of the pandemic, a signif-

icant volume of expert-written diagnosis reports has also been accumulated that

capture a wide variety of symptoms and observations with reference to diagnosed

COVID-19 cases. The utility of the rich, latent information embedded in such

unstructured expert-written diagnosis reports has been mostly overlooked, and its

importance as a source of valuable disease-specific information has been under-

exploited. A CDSS for predicting the presence or absence of COVID-19 infection

using diagnostic scans can be beneficial to healthcare professionals as well as pa-

tients. A contactless X-ray scan workflow could be achieved by using cameras for

patient monitoring purposes (Scheib, 2009; Forthmann and Pfleiderer, 2019), after

a few days of onset of COVID-19-like symptoms, the patient is subjected to an

X-ray. Such analysis can also contribute to isolating asymptomatic COVID-19 pa-

tients who undergo chest X-rays for other reasons (e.g., pre-operation evaluation,

routine medical check-up, rib fractures etc.).

139
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8.2 Problem Statement

The clinical testing period is one of the main reasons contributing to the fast

spread of the COVID-19 pandemic. So the main aim is to construct an auto-

mated CAD system capable of detecting COVID-19 samples from healthy indi-

viduals and shortness of breath (SoB) patients using multimodal radiology data.

Machine learning based medical image or text analysis and classification have seen

extensive healthcare applications enabling COVID-19 management and improved

diagnosis. Lee et al. (2021) examined the training techniques used to categorize

CT scans into COVID-19 and non-COVID-19 classes, as well as performance dis-

parities amongst 13 international institutions and eight nations. Rangarajan and

Ramachandran (2021) tested the effectiveness of a transfer learned chest X-ray

image classifier on a smartphone for detecting pneumonia, COVID-19, and nor-

mal cases. For categorizing chest X-ray images into pneumonia and COVID-19

pneumonia classes, Alhudhaif et al. (2021) used the transfer learning technique.

Jain et al. (2021) also used the transfer learning technique for classifying chest X-

ray images into normal, pneumonia and COVID-19 pneumonia classes. Shakarami

et al. (2021) used the CNN network to extract the features and categorized the

X-ray images into COVID-19 and non-COVID-19 groups. Sait et al. (2021) pro-

posed the transfer learning-based CovScanNet, which classifies breathing sound

spectrograms and X-ray images into normal, pneumonia, and COVID-19 pneu-

monia classes. Few researchers experimented with segmenting the lung region for

COVID-19 classification and lesion visualization (Wang et al., 2020a; Xu et al.,

2021). Several gaps were identified after reviewing existing works in this area. It

was observed that the associated metadata of patients has not been considered in

most works. Also, valuable expert-written diagnosis maintained as natural lan-

guage text reports after checking a patient’s chest radiography images have not

been explored for the task of disease prediction. Furthermore, there is ample scope

for the development of a complete, easy-to-use diagnostic framework for the use

of healthcare professionals. Using such tools, expert opinion & other metadata

about patients can also be obtained to incorporate relevance feedback into the

prediction model, building accurate CDSSs. Thus, the problem to be addressed

here is defined as follows:

Given the need for an easy-to-use prescreening and diagnostic frame-

work for fast and accurate detection of COVID-19, design and develop

effective comprehensive CDSS powered by ensemble deep learning mod-

els (CADNN) using multimodal radiology data.
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8.3 Motivating Example

Although the reverse transcription polymerase chain reaction (RT-PCR) is cur-

rently widely used as the leading COVID-19 diagnostic test, the turnaround time

and expense of these tests are lengthy, necessitating the development of new rapid

and accessible diagnostic techniques. To describe the prevailing conditions that

emphasize the need for a comprehensive CDSS that make use of both textual and

imaging healthcare data, consider scenarios where the chest X-ray images are cap-

tured by physicians during routine patient visits or during their mass campaigning

in rural areas. Images captured may include minute changes in lung structure fa-

cilitating the COVID-19 diagnosis, which may be missed by human experts (due

to the noise created by rib shadow and surrounding regions). There is also a pos-

sibility of difference of opinion between different experts when diagnosing based

on the same images. The delay in processing and other challenges in COVID-19

detection could be avoided if the prediction scores could be automatically gener-

ated using the multimodal radiology data. The automated comprehensive CDSS

could directly preprocess the multimodal radiology data and detect the COVID-

19 possibility along with highlighting the regions (both in the image and textual

report) that the system found to be relevant for detecting COVID-19. Thus, avoid

complications associated with late diagnosis.

In this chapter, multiple deep learning models are incorporated for classify-

ing X-ray images as COVID-19 positive or negative. The contributions of image

features and the latent information contained in the expert-written diagnosis text

reports are modelled for the diagnosis. To alleviate the manual effort required

to assess and generate diagnosis reports when a large number of diagnosed cases

arrive, a content-based report generation model for automatically generating nat-

ural language diagnosis reports is also designed for reducing the cognitive burden

of radiologists and other medical personnel involved in medical record manage-

ment. The complete framework is deployed on the cloud and is made available as

a web application for managing patients metadata (from the day of admission till

discharge). Functionalities like validity checks for X-ray images, evidence-based

diagnosis support through highlighting of important features learnt by the model,

and automatic report generation for further processing are incorporated in the

proposed framework. A feedback system is provided to verify the prediction and

generated reports, which is later utilized for improving the offline training process,

for fine-tuning the prediction performance of the CDSS.
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8.4 CADNN – Disease Diagnosis based on Mul-

timodal Data

The objective of this work is to adapt and learn disease specific features from

multiple modalities of data and utilize them for effective and accurate diagnosis of

COVID-19. Fig. 8.1 depicts the overall methodology. A cloud-based application

that allows learning disease representations from radiography images and early

observations in the form of clinical notes has been deployed. Preprocessing and

modelling of clinical notes and X-ray images were carried out separately. During

the inference phase, the application visualizes the ”heatmap” for both the clinical

notes and the X-ray images.

For curating the dataset, a total of 150 confirmed COVID-19 patient cases

were collected from publicly available sources. Each X-ray in the collated data

has associated metadata – demographics details like age, gender and findings in

the form of plain natural language text (reports) as observed by expert radiolo-

gists. COVID-19 X-ray images were also collated from available open datasets.

In total, the dataset contained 450 chest X-ray images of COVID-19 infected pa-

tients, of which 150 images had associated metadata (clinical notes). In addition

to this, about 2,000 normal case X-ray images were taken from the Pneumonia

Detection Challenge (Radiological Society of North America, 2018). X-ray im-

ages and clinical note were prepossessed separately and are elaborated in section

8.4.1. A set of X-ray images along with their expert-generated diagnosis descrip-

tions which were available from the IU dataset provided by Indiana University

(Demner-Fushman et al., 2016) was considered, for the shortness of breath (SoB)

patients. The dataset was split as per the 70:30 ratio, i.e., 70% of the input records

were used for training, and the remaining 30% of the records were utilized as a

testset. This results in a total of 820 X-ray images with clinical notes.

8.4.1 X-ray Image and Report Preprocessing

As the X-ray images were captured using different machines, there exists a large

variability, mainly in pixel intensities and focus on lung regions. To reduce the

change in color intensities across the images, histogram matching (Gonzalez and

Woods, 2008) was applied to the dataset, for which an X-ray image was considered

as a reference image (Rimg) and then matched all the other X-ray pixel intensity

histograms with Rimg. To suppress the effect of rib shadows on the classifier’s

prediction, RIBDL (Gusarev et al., 2017) model was used. Then, the lung regions
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Figure 8.1: High-level design of the proposed CADNN framework

were segmented to reduce the effect of the surrounding background on the model’s

prediction. This enables the classification models to learn the minute changes in

lung structure, which is often missed by human experts (due to the noise created

by rib shadow). Algorithm 4 details the process of segmentation.

Initially, the lung region was segmented using PIXGAN, then the bounding

box around the lung cavity is cropped and resized to the original size. The sample

output after each step is depicted in Fig. 8.2. Cropping only the region of inter-

est (RoI) allows the deep neural model to learn important features from within

the lung regions. Crop and rotate facilities were also provided in the developed

CADNN framework so that users could select only the lung region while upload-

ing new test images. The local contrast of RoI segmented input X-ray grayscale

images was further improved by applying Contrast Limited Adaptive Histogram

Equalization (CLAHE) (Reza, 2004). Image augmentation was performed by ap-

plying rotation with different angles (10◦ − 120◦) with an interval of 40◦ to the

training images, which resulted in more than 3,000 COVID-19 and non-COVID-19

(a total of 3,474 training case samples).
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Algorithm 4 Chest X-ray prepossessing pipeline

Input: Input chest X-ray images
Output: Preprocessed X-ray image

1: for each img ∈ InputImages do
2: Perform histogram matching of img with reference image.
3: Perform rib shadow removal using RIBDL.
4: Perform lung region segmentation using PIXGAN & resize img to 512x512
5: Find the contours of the generated MaskImg
6: Remove all small contours (with width < 50 and height < 50) inMaskImg
7: Dilate MaskImg with kernel size of (5,3) until a single contour is formed.
8: Draw the bounding box over the single contoured MaskImg ▷ Set all

other pixel intensities to zero.
9: Remove all black regions from input image and resize to required shape.
10: Apply CLAHE.
11: end for

Figure 8.2: Stages of the chest X-ray preprocessing pipeline
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As the collated dataset includes the X-ray images captured by different tech-

nicians using a variety of X-ray machines, substantial variation is observed in the

area of focus. Some images included only lung regions, while many others cov-

ered the entire abdominal cavity. Also, several images from the collated dataset

included X-ray machine labels in the form of characters/texts/numbers. To over-

come variations and to restrict the classifier for effectively learning patterns from

the lung region only, PIXGAN (Isola et al., 2018) is trained from scratch to seg-

ment the RoI. The number of convolution and de-convolution layers were increased

to handle the larger input image size (512, 512) and a modified loss function (Son

et al., 2017) that uses a tuning parameter (λ) was incorporated. λ was used while

summing up the discriminator’s binary cross entropy loss (among predicted and

true labels) and generator’s binary cross entropy loss (among generated and true

lung masks). Thus, the generator enables the discriminator to produce outputs

that are very similar to the real lung mask.

A total of 800 X-ray images and lung region masks obtained from the Kag-

gle challenge (Jaeger et al., 2014; Candemir et al., 2014)1 was used to train the

PIXGAN. The PIXGAN discriminator is fed both X-ray (Imagexray) and lung

mask images (Masklung), which must determine whether Masklung is a plausi-

ble transformation of Imagexray, as local style statistics are efficiently captured

by PIXGAN. The generator is built on U-Net (Ronneberger et al., 2015a) archi-

tecture and makes use of convolution and de-convolution layers for learning to

generate realistic lungs mask from very few training X-ray images. Fig. 8.3 de-

picts the configuration of PIXGAN model which was used to segment the lung

region for a given input X-ray image. The generator was designed using eight en-

coding and decoding units as shown in Fig. 8.3a, while the discriminator included

the complete encoding part of generator network with global average pooling and

final dense layers (shown in Fig. 8.3b). Once the lung region mask was generated,

the original images were cropped to include only the lung region (as illustrated in

Algorithm 4).

The expert reports consisting of physician observations contain a wealth of

information regarding the condition, symptoms and other details regarding the

patients’ status. This rich latent information can be used to model patient repre-

sentations, which can then be leveraged to potentially screen COVID-19 infected

patients. Each report was subjected to preprocessing using standard natural lan-

guage processing (NLP) techniques. Any punctuation, digits and stop words were

removed from the patient’s X-ray reports. Out of vocabulary(OOV) terms were

1https://www.kaggle.com/nikhilpandey360/chest-xray-masks-and-labels
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(a) Generator network configuration

(b) Discriminator network configuration

Figure 8.3: PIXGAN for lung region segmentation

handled by including special OOV token, and the maximum allowed document

length was fixed to 100. From the preprocessed text, embeddings were generated

using the Word2Vec Continuous Bag-of-Words (CBoW) model (Mikolov et al.,

2013). The learning rate was fixed to a default value of 0.025 (same as that of

Word2Vec model), the number of iterations was set to 10 and embedding size used

was 200. Python Gensim library (Řeh̊uřek and Sojka, 2010) was used to generate

the word embeddings using the preprocessed X-ray reports.
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8.5 Multimodal Data Modelling

As shown in Fig. 8.1, the proposed framework was built on the predictive frame-

work powered by five neural models. Transfer learning was employed to obtain

pretrained weights for the initial layers while some of the models were trained from

scratch. In the designed application, users were provided with an interface to se-

lect and upload X-ray images from those available on their smartphones/system.

However, there is a possibility of them knowingly or unknowingly uploading natu-

ral photographs. To accept only valid images, a two-layered convolution network

ValidateDL was trained on the CIFAR10 dataset (Krizhevsky, 2012) (containing

60,000 32 × 32 color natural images) and 5,000 X-ray images to classify between

natural images and X-ray images. For every batch, randomly selected CIFAR10

images were converted to grayscale and copied to all three channels, to ensue that

even grayscale images are correctly classified by the model.

The configuration of the network is shown in Fig. 8.4. The network was trained

with stochastic gradient descent (SGD) optimizer with learning rate of 0.01. Batch

size was set to 32 and trained for a maximum of 20 epochs. Early stopping was

used to prevent overfitting problems. The rib cage forms a significant part of

the chest X-ray, and the rib shadow in the input images was suppressed using a

pretrained autoencoder2 model, to ensure that the training of the classification

network focuses on relevant information within the lungs region instead of the rib

structure. The pre-trained model was deployed during the validation phase of the

online CDSS, to generate the rib suppressed image for all collated input images.

Figure 8.4: ValidateDL network architecture

These preprocessed images were trained using deep residual network (ResNet)

(He et al., 2015). ResNet-18 was used for training the classifier to distinguish

between COVID-19 and non-COVID-19 cases. A content-based technique as de-

2https://github.com/hmchuong/ML-BoneSuppression
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scribed in Section 8.5.1 was utilized to obtain the findings in the input X-ray image

in the form of natural language textual report. The generated reports were pre-

filled in the CADNN framework, so that the radiologists could verify and make

the changes if necessary. The collated expert X-ray reports were classified into

COVID and non-COVID using the proposed explainable report prediction deep

learning model RDX . This was mainly performed to highlight the important

terms in pre-filled reports of CADNN framework. RDX model architecture is

discussed in Section 8.5.1.1.

8.5.1 Diagnostic Report Generation

For this task, above trained ResNet18 was re-utilized. The last convolution layer

output of ResNet18 provides a plausible disease representation of the input X-ray

image. A feature vector (features) was generated by summing the last convolu-

tion layer output from the trained ResNet18. A dictionary (Dfeatures) of feature

vectors and reports indexed by image names was generated for the collated X-ray

images for which expert reports were available. Dfeatures was also updated with

frontal X-ray image features and textual findings obtained from the IU dataset

(Demner-Fushman et al., 2015). In total, 820 COVID and non-COVID reports

along with corresponding frontal chest X-ray image features were utilized for re-

port generation and report classification. For the given input test X-ray image,

the image features (Testfeature) were extracted during classification along with the

predicted label. Cosine similarity between Testfeature and features of Dfeatures was

computed. The report was obtained using index(Isimax) of Dfeatures for which

the maximum cosine similarity exists between Testfeature and Dfeatures[Isimax].

The generated reports were further processed by the X-ray report classifier.

8.5.1.1 Report Classification

As the main purpose of NLP classifier was to highlight important terms in the re-

ports, a convolutional attention explainable neural network (RDX ) was designed

to classify the X-ray reports. The model consists of a 1D convolution layer fol-

lowed by an attention and a dense layer, which is depicted in Figure 8.5. All the

reports were padded up to a maximum length of the reports in a batch, 100 being

the maximum allowed length for a report. Given the test report, which is gener-

ated for the input X-ray image using the content-based approach, it is classified

by the RDX model. The important terms contributing to the model’s predic-

tion are highlighted using color codes. This feature is also used to enable faster
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verification features for experts through the functionalities provided through the

CADNN interface, and to update/edit findings if necessary.

Figure 8.5: RDX X-ray report classification DL model

8.6 Prediction Models

To choose an appropriate neural models, a through study was carried out on a

smaller dataset. A total of 100 cases were used to put together a balanced dataset

containing an equal number of COVID-19 and SoB cases. It is observed that

SoB is also a primary symptom of early-stage infection; thus, experiments were

conducted to train neural networks to assess and evaluate features for fine-grained

differentiation between SoB and COVID-19 cases.

Expert reports based on physician observations provide a wealth of information

on the patient’s health, symptoms, and other pertinent factors. This wealth of

latent information can be utilized to create patient representations, which can sub-

sequently be used to possibly screen individuals infected with COVID-19 and SoB.

A comprehensive experiment was conducted to determine the most effective neural

model for report-based classification. Each report was subjected to preprocessing

using standard natural language processing (NLP) techniques. Any punctuation



150 Chapter 8. AI-based CDSS using Multimodal Radiology Data

and digits were removed from the patient’s X-ray reports. Stop words were re-

tained due to the small dataset, and the maximum allowed document length was

fixed to 100. From the preprocessed text, embeddings were generated using the

Word2Vec Continuous Bag-of-Words (CBoW) model (Mikolov et al., 2013). Ta-

ble 8.1 lists the parameters used for generating the word embedding. The learning

rate is fixed to a default value of 0.025 (same as that of the Word2Vec model),

the number of iterations is set to 10, and the embedding size used is 200. For

each report, a consolidated vector of the embedding of dimension 200 was gen-

erated by summing the embedding of words in the report. These were used to

train three supervised classifiers - Logistic Regression, Decision Tree classifier and

Support Vector Machine (with the linear kernel) for predicting COVID-19/SoB

cases. State-of-art deep learning methods such as TextCNN (Kim, 2014), LSTM

(Hochreiter and Schmidhuber, 1997) and GRU (Cho et al., 2014) were applied to

the chest X-ray text reports for predicting COVID-19. Values of hyperparameters

like the number of hidden units, filter size, output channels, number of layers etc.,

were chosen through extensive experimentation and are listed in Table 8.2. As the

size of the dataset is small, it was observed that increasing the hyperparameter

values did not affect the model’s prediction performance to a significant extent.

Table 8.1: Hyperparameter values used for the Word2Vec model

Hyperparameter Chosen value

Number of iterations 10

Size of Summarized Vocabulary (post preprocessing) 559

Window size of the context in CBoW 5

Learning rate of neural model 0.025

Sizes of the word embedding 200

Table 8.2: Deep learning methods and hyper-parameters for chest X-ray report
classification

Method Layer Description

TextCNN Embedding, Convolution1D, Linear

LSTM And Bi-LSTM Embedding, LSTM, Linear

GRU and Bi-GRU Embedding, GRU, Linear

CAD Embedding, Conv1d, Linear (Attention), Linear

Interestingly, even though the dataset is small, it could be observed that deep

learning methods outperform traditional supervised machine learning methods.
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ML models use a fixed set of features per x-ray report, while DL methods learn

multiple levels of representation from the input reports. The proposed RDX

model performed better than the existing NLP classification DL models. The

inclusion of an attention layer helps intensify focus on the most critical features

of each COVID-19 or SoB report, rather than a uniform pooling operation for all

codes, as is the case with TextCNN. RDX can easily be adapted for the larger

dataset as it is more computationally efficient than recurrent neural networks

like Bi-LSTM and Bi-GRU. Thus, RDX is utilized for designing the CADNN

framework.

For report generation task, features extracted from the X-ray images and the

expert-written diagnosis reports were modeled for automatically generating the

reports of identified COVID-19 patients. The features from the X-ray images

were extracted using the the last average pooling layer of the models, that were

previously trained for classification task (Inception v3 and ResNet-18). During

the feature extraction process, each image in the training set was used for cre-

ating a feature vector. When a test image feature set is given as a query, the

pairwise distance measure is used to compute distances that can be used to obtain

matching feature sets with the smallest distance from the images in the training

set. Initially, eight different distance measures, Cosine, Correlation, Cityblock,

Euclidean, Spearman, Minkowski, Euclidean and Chebychev, were used to check

the closest distance measure among the test and training feature sets. For each

observation in Y (Test image features), the pairwise distance method finds the

smallest distances by computing and comparing the distance values to all the ob-

servations in X (Training image features). Based on experimentation performance,

Cosine and Euclidean similarity measures are used to find the nearest feature set

from the training set and its index is taken as the closest reference.

8.7 Experimental Results and Discussion

The proposed deep neural approaches were developed using Pytorch (Paszke et al.,

2019b) and Tensorflow (Abadi et al., 2016) deep learning python frameworks and

trained on Ubuntu 18.04 system with NVIDIA Tesla M40 and Tesla V100-DGXS.

All the test data splits were made before image augmentation. Accuracy is used

as an evaluation metric for verification of classification results, which is calculated

based on true positives (TP ), false positives (FP ), true negatives (TN) and false

negatives (FN) cases predicted by a particular neural model, and is given by

Eq. (1). Here, TP is the number of cases that are correctly identified by the
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prediction model to be COVID-19 positives, which match with experts’ opinion,

while FN are incorrectly rejected cases. TN is the number of correctly identified

non-COVID-19 cases, and FP gives the total incorrectly identified COVID-19

cases.

Accuracy =
TP + TN

(TP + FP + FN + TN)
(8.1)

Four different deep neural models ( DenseNet-201, Inception v3 and Resnet-

18) were experimented for classifying the chest X-ray images into COVID-19 and

Shortness of Breath (SoB) cases. The results of the experiments and the perfor-

mance achieved by the various models when applied to the test X-ray images are

shown in Table 8.3. DenseNet-201 achieved the best overall accuracy on correctly

classifying both COVID-19 and SoB cases. In the case of COVID-19, Inception

v3 performed well by properly predicting all the test cases as COVID-19. Thus,

the sensitivity is 100%. Also, it is noted that the features extracted using ResNet

model contributed greatly towards the report generation task and Grad-CAM vi-

sualization. Thus, ResNet model is utilized for designing the CADNN framework.

Table 8.3: Performance evaluation of the chest X-ray image classification task

NN Model Accuracy Sensitivity Specificity F1-Score

ResNet-18 0.8730 0.9091 0.8333 0.8621

DenseNet-201 0.9048 0.9000 0.8788 0.8850

Inception v3 0.8889 1.0 0.7667 0.8679

To model the text reports in a more intuitive way, RDX was designed to

classify the X-ray reports. The model consists of a 1D convolution layer followed

by an attention and a dense layer. First, all the reports were padded up to a

maximum length of the reports in a batch, 100 being the maximum allowed length

for a report. Next, a convolution layer with 64 filters and a kernel size of 3 was

applied to the input embedding of reports. The resulting matrix was then fed into

the attention layer followed by a dense layer resulting in a vector that determines

the output class. The results for the test X-ray report generation task are listed

in Table 8.4.

BLEU score (BiLingual Evaluation Understudy) proposed by Papineni et al.

(2002) was utilized for assessing the quality of the generated texts. It evaluates the

similarity between a candidate document and a collection of reference documents.

As per an ordering from 1 to n, cumulative scores of individual n-grams can

be calculated. N-gram is an evaluation of matching terms i.e., single word (1-

gram), two word (2-gram or bigram) and so on. Weighing them together gives
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Table 8.4: Performance evaluation of chest X-ray report classification task using
ML classifiers and proposed CADNN model

NN Model Accuracy Sensitivity Specificity F1-Score

Logistic Regression 0.868 0.875 0.862 0.857

Decision Tree 0.868 0.958 0.793 0.868

SVM 0.868 0.917 0.828 0.862

TextCNN 0.906 0.792 1.000 0.8837

TextLSTM 0.943 0.917 0.966 0.936

TextLSTM-Bidirectional 0.943 0.875 1.000 0.933

TextGRU 0.887 0.750 1.000 0.857

TextGRU-Bidirectional 0.962 0.917 1.000 0.956

CAD 0.981 0.958 1.0 0.979

the geometric mean. In other words, for each i -gram where i = 1, 2, 3 . . . N , the

percentage of i -gram tuples in the candidate document that also occur in the

reference document represented as BLEU-i is given by Eq. (8.2), where, C(i) is

the number of i -gram tuples in the candidate document. In this work, suppose

C=“the lungs are clear” then C(1 )=4, C(2 )=3. . . C(4 )=1.

BLEU − (i) =
Matched(i)

C(i)
(8.2)

Matched(i) =
∑
i=1

min {Hc(ti),max
j

Hcj(ti)} (8.3)

Here, (ti) is an i -gram tuple in candidate C; Hc(ti) is the number of times (ti)

occurs in the candidate; Hcj(ti) is the number of times (ti) occurs in reference j

of this candidate. For calculating the BLEU score, each report in the training

dataset is considered as a potential candidate, and the report generated by each

ML/DL model for each test image is taken as a reference. The number of distinct

sentences generated for the whole set (training and testing cases) is calculated

separately. References are then evaluated with each of the different candidate

sets and is depicted in Table 8.5. It could be observed that highest BLEU scores

are achieved with ResNet. Thus, ResNet is utilized for designing the CADNN

framework.

The ValidateDL model is evaluated on the CIFAR-10 test set and 450 test

X-ray images from RSNA challenge data. The model was able to identify all X-

ray images correctly and achieved 97.8% accuracy. Out of the 10,000 CIFAR-10



154 Chapter 8. AI-based CDSS using Multimodal Radiology Data

Table 8.5: Performance evaluation of chest X-ray report generation w.r.t BLEU
scores

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4

ResNet-18 0.9125 0.8872 0.6251 0.6211

DenseNet-201 0.8879 0.7790 0.6184 0.5867

Inception v3 0.8984 0.7008 0.6304 0.5637

images, 221 images that included only cloudy sky or runway images (which appear

similar to X-ray image structure in 32 x 32 dimension) were wrongly classified as

X-ray images instead of natural images. For training PIXGAN, batch size of 32,

λ value of 0.5 and Adam optimizer with 0.0002 learning rate was used. Training

was performed for a maximum of 100 epochs, and the PIXGAN was evaluated

on 50 test images out of 800 X-ray images. The generator model that achieved

the highest dice coefficient (Zijdenbos et al., 1994) (obtained at 28th epoch on

validation data) was used to extract lung mask regions for the collated data.

For testing the ResNet18 X-ray image classification model, 80% of input data

for training, 10% for validation and rest 10% was considered. The predicted and

actual class for the X-ray images are summarized in the confusion matrix shown

in Figure 8.6a. An accuracy of 97% was achieved using the proposed X-ray image

classification model. The RDX model was evaluated on the 20% test split, and

accuracy of 96.74% was observed. The results are summarized in the confusion

matrix depicted in Fig. 8.6b.

(a) Chest X-ray dataset (b) Diagnostic report dataset

Figure 8.6: Confusion matrix for different datasets
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8.7.1 Qualitative Evaluation

For enabling evidence-based diagnosis, Class Activation Mapping (Grad-CAM)

(Selvaraju et al., 2017) was utilized to highlight the regions of the input X-ray

image that the classification model considered relevant to perform the prediction.

The visualization is shown in the CADNN framework to aid the clinical decision.

The regions in the image, where this gradient is predominant, are shown in Figure

8.7), along with the generated report that shows the highlighted important terms.

As can be observed from the attentions, the model has successfully learnt impor-

tant features in the X-ray image, restricting itself mostly to within the lung region.

The important radiography terms are identified (highlighted with white and red

colors) by RDX . This will enable CADNN users to validate whether correct

regions/terms are learnt by the image/NLP models for the predicted output. In

the case of x-ray reports, the significant terms of the precited output will be high-

lighted using the two colors. Blue shades denote terms that contribute the least to

the output (darker shades denote irrelevance, whereas lighter hues influence¡0.5).

White shades are the influential terms (=0.5). Red shades are most influential

terms for predicting the corresponding output. This allows clinicians to verify if

the model is able to learn the correct medical terminology and thus build trust to

use the system in the clinical setup. For the X-ray images, the regions learned by

the model for the predicted output are marked using contours/heatmaps. Such

evaluation also aids in fine tuning the model. So, if due to the poor quality train-

ing data, if the model learnt non-relevant regions, more relevant data could be fed

into re-train the models.

8.8 Summary

A cost-effective early lung disease screening strategy is crucial to prevent new

outbreaks and to curtail the rapid spread. Chest X-ray images have been widely

used to diagnose various lung conditions such as pneumonia, emphysema, bro-

ken ribs and cancer. In this work, the utility of chest X-ray images and avail-

able expert-written diagnosis reports were explored for training neural network

models to learn disease representations for the diagnosis of COVID-19. A man-

ually curated dataset consisting of 450 chest X-rays of COVID-19 patients and

2,000 non-COVID cases, along with their diagnosis reports, were collected from

reputed online sources. Convolutional neural network models were trained on this

multimodal dataset for the prediction of COVID-19 induced pneumonia. A com-
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Figure 8.7: Proposed CADNN in action

prehensive clinical decision support system powered by ensemble deep learning

models (CADNN) is designed and deployed on the web. The system also provides

a relevance feedback mechanism through which it learns multimodal COVID-19

representations for supporting clinical decisions.
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Chapter 9

Conclusion & Future Work

9.1 Conclusion

Healthcare data is a key and essential data source, based on which CDSS can

be built for revolutionizing the way in which personal healthcare is delivered and

managed. For diagnosis and treatment, a computer-aided CDSS often plays a crit-

ical role and provides essential benefits to physicians. A CDSS could serve as an

expert for a less experienced physician or as a backup option/opinion for an expe-

rienced physician while making the clinical decisions. CDSSs that provide precise

diagnostic guidance and recommend cost-effective treatment options may benefit

the target patient population. However, designing and developing a CDSS where

precision of system performance is critical has been a significant challenge. An

extensive literature analysis revealed significant potential for developing AI-based

clinical decision support systems that use multimodal healthcare data. Several

research gaps have been identified, most notably in the fields of diagnostic code

assignment, ocular disease detection, and radiology.

Based on an extensive literature review, ample scope for improving the perfor-

mance of automated disease code assignment systems, specifically addressing the

challenges of utilizing unstructured discharge summaries was observed, which was

actively pursued as part of the first research objective. In Chapter 4, EnCAML,

a multi-channel, variable-sized convolutional attention model, was designed to en-

able the clinical task of diagnostic code assignment as a multi-label classification

problem. It was demonstrated that the proposed model enhances the code pre-

dictability by extracting multi-granular text snippets, using which the attention

mechanism enables the selection of those segments that are most contributing to

the corresponding diagnostic code. Extensive benchmarking against several state-

of-the-art models, including convolution-based models, sequence models, single-

channel convolutional attention models, models employing transfer learning, and

157
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others, revealed the efficacy of the proposed approach in modelling noisy, un-

structured discharge summaries of the MIMIC-III corpus. In part, the reported

high performance was attributed to the proposed preprocessing pipeline, which

facilitated the effective pruning of irrelevant content in the free-text summaries.

Furthermore, to demonstrate the robustness and adaptability of the proposed

model, the minimal effect of the choice of initial embedding layer on the over-

all performance was also established. Finally, the enhanced interpretability of the

prediction output of the EnCAML model was demonstrated using the learned per-

code attention weights, thereby establishing the impact of the proposed model on

instigating trust in intelligent healthcare systems.

A novel approach for automatic assignment of ICD-10 codes for the unstruc-

tured non-English clinical cases, the LAT A was presented. LAT A supports in-

formation aggregation across a patients’ case reports via label attention encapsu-

lated with transformer self-attention layers, aimed at extracting textual evidence

that maps to the corresponding ICD-10 diagnostic code. It could be observed

that LAT A variants consistently outperformed basic BERT counterparts by a

huge margin of 33-49%. A qualitative analysis was presented to demonstrate the

model’s ability to directly capture crucial input tokens contributing to particu-

lar ICD-10 diagnostic code through the label attention mechanism, despite the

disparity in the length of the case reports.

Automated early COD diagnosis systems that use fundus and slit-lamp bi-

microscopy imaging data are a critical requirement in Ophthalmology. A com-

prehensive study on the effectiveness of preprocessing techniques for automated

COD diagnosis was studied. Experiments revealed that ResNeXt was most effec-

tive at modelling the very imbalanced and noisy ODIR dataset, when compared

to the other state-of-the-art transfer learning approaches considered for the evalu-

ation. It was demonstrated that the models trained on images processed using the

proposed RoI segmentation algorithm outperformed those models trained on orig-

inal non-cropped input images by a significant margin. The interpretability was

demonstrated using the CNN learned features, thereby establishing the impact

of the proposed RoI segmentation on instigating trust in intelligent healthcare

systems. The experimental results showed that except for the RoI segmentation

method, the other preprocessing strategies do not impact much on CNN per-

formance. The proposed ensemble approach with batch-level augmentation was

found to be superior when compared to state-of-the-art techniques, benchmarked

on the ODIR-5K dataset.

Early diagnosis of FK is essential for clinical decision-making and can poten-
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tially eliminate vision impairment. Existing manual screening approaches and

corneal scraping for microbiological culture-senstivity tests are cumbersome and

time-consuming. A multi-scale CNN model for automatic segmentation of corneal

region combined with ResNeXt neural model was discussed for automated FK

diagnosis. The Grad-CAM learnt features were visualized to illustrate the inter-

pretability of the proposed pipeline, thereby instilling trust in intelligent health-

care systems. Experimental results showed that the proposed MS-CNN trained

for segmentation of corneal region achieved superior performance for SLIT-Net

dataset, underscoring its effectiveness against state-of-the-art methods.

Additionally, an emerging paradigm with the potential to drastically improve

healthcare delivery models, that of leveraging multimodal data was explored. A

cost-effective, early-screening strategy for COVID-19 diagnosis based on chest X-

ray images and expert-written diagnosis reports was proposed and the framework

has been deployed as a web-based CDSS called CADNN. The input images were

subjected to extensive validation and preprocessing steps to eliminate variance

and ensure effective learning by the prediction model. Preprocessed images were

used to train a ResNet model for COVID-19, SoB or non-COVID-19 classification

and the findings obtained from the images were used to automatically generate the

natural language diagnosis reports, using content-based learning approach. The

proposed CADNN also included feedback mechanisms so that the results could be

verified by the experts, and feedback from experts can be utilized during offline

retraining of the models. CADNN allows users to upload additional documents

like CT scan images/DICOM sequences for additional insights into the patient’s

condition. The proposed framework could be easily adapted for diagnosis of other

lung related diseases and provide a comprehensive CDSS support to medical pro-

fessionals.

9.2 Future Directions

This thesis put forth several approaches towards the design and development

of CDSS using multi-modal healthcare data. These approaches could be fur-

ther extended to improve the existing CDS systems. Alternate sources of pa-

tient data could be accommodated for extending the models, especially in cases

where the underlying discharge summaries are rather uninformative. Addition-

ally, patient profiling can be extended via automated generation of summarized

and well-formatted reports, sourced from multiple patient data sources, including

discharge summaries, nursing notes, radiology reports, and various others. These
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aggregated, rich semi-structured data sets can also be used to improve the inter-

pretability and predictability of the underlying CDSS. Though the superiority of

the LAT A models over basic BERT variants was verified for the ICD-10 cod-

ing task, in general, the proposed model can be easily adapted for other domain

sentence classification tasks too. This work can be extended to validate LAT A
model for procedural ICD-10 codes. Pre-training the encoder module of LAT A on

a large corpus for language modelling tasks potentially reduces false positive cases,

which is to be experimented upon. Incorporating LAT A for clinical case reports

from other languages might potentially be considered for multilingual ICD-10 code

assignment.

As part of extended work for diagnostic imaging based CDSSs, the approaches

presented can be augmented with a detailed study of the impact of attention layers

at various stages of inference using CNNs. Additionally, the possibility of using

patient profiling via automatic generation of textual findings while considering

both eye conditions can be explored to further improve the COD detection per-

formance. The proposed CDSS makes use of only imaging data for early COD

detection. A combination of patient metadata such as demographic factors (e.g.,

age, gender) and vital signs (blood pressure, blood sugar level) is not explored.

There is scope for the development of CDSS that utilize such data from different

modalities. The proposed CDSS uses the static images collected during the pa-

tient’s single visit. Data from follow-up visits of patients can be utilized to identify

the lesions that are likely to cause problems within the next few months. Collat-

ing more Acanthamoeba Keratitis images may further improve the performance of

the proposed FK detection model and reduce the number of false positives. The

model’s prediction performance for various corneal lesions, such as corneal oedema

border, ulcer border, degree of stromal infiltration, and height of hypopyon, needs

to be studied further to understand its superiority.

The proposed framework that utilizes multimodal healthcare data can be easily

adapted for the diagnosis of other lung-related diseases and provide comprehen-

sive CDSS support to medical professionals. The approaches can be extended

to use other imaging modalities, such as CT-scan, for potential improvements

in performance. The final prediction can be generated based on an ensemble of

these imaging modality classifiers along with the radiography text reports. At

present, a content based approach is utilized to obtain the textual reports for the

input X-ray images, experimentation with other automated text generation ap-

proaches using deep learning approaches can be carried out to further improve the

performance and truly alleviate the cognitive burden of radiologists and clinical



personnel involved in medical record management.

The training samples were selected in accordance with the respective state-

of-the-art studies to enable accurate benchmarking of the obtained performance.

Data selection bias could occur and may affect the model’s learning process and

performance while validating with data obtained from real-world clinical setup.

The development of the imaging-based CDSS utilized vast dataset collected with

a variety of devices, and the use of data augmentation techniques at the input layer

aided in enhancing the robustness of the proposed models and compensating for

image quality-induced training data bias. By collecting multi-modal patient data

and implementing suitable multi-modal workflows, the robustness of the proposed

models could be enhanced further. While the proposed AI-based CDSS may aid

in making clinical decisions during patient care, the ethical implications of its de-

ployment to limit its potential harms, particularly for the most vulnerable, must

be examined. Given the lack of practical methodologies or frameworks to evaluate

adherence to sustaining ethical norms for AI-based CDSS (Karimian et al., 2022),

future research is necessary to build such tools. The interpretability of the pro-

posed models through (Grad-CAM) (Selvaraju et al., 2017) for both true and false

positives enables to build confidence and reduce the trust barrier between doctors

and automated systems. The interpretability of the proposed models using Grad-

CAM for both true and false positives allows clinicians to gain confidence in CDSS

and lower the trust barrier, other recent XAI techniques (Vilone and Longo, 2021),

such as score deviation maps and recursive division methods, can be investigated.
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extraction from patients’ clinical data. Journal of Biomedical Informatics , 42(5),

923 – 936. ISSN 1532-0464. Biomedical Natural Language Processing.

Njie, G., K. Proia, A. Thota, R. Finnie, D. Hopkins, S. Banks, D. Callahan,

N. Pronk, K. Rask, D. Lackland, T. Kottke, and C. P. S. T. Force (2015).

Clinical decision support systems and prevention: A community guide cardio-

vascular disease systematic review. American Journal of Preventive Medicine,

49(5), 784–795. ISSN 07493797.

Nunzio, G. M. D., As simple as possible: Using the r tidyverse for multilingual

information extraction. ims unipd ad clef ehealth 2020 task 1. In CLEF . 2020.

ODIR (2019). Ocular Disease Intelligent Recognition, ODIR-5K dataset. URL

https://odir2019.grand-challenge.org/.

Orlando, J., E. Prokofyeva, M. del Fresno, and M. Blaschko (2018). An ensemble

deep learning based approach for red lesion detection in fundus images. Com-

puter Methods and Programs in Biomedicine, 153, 115–127. ISSN 01692607.
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Schäfer, H. and C. Friedrich, Multilingual icd-10 code assignment with transformer

architectures using mimic-iii discharge summaries. In CLEF . 2020.

Scheib, S. (2009). Dosimetric end-to-end verification devices, systems, and meth-

ods. US 20150085993 Google Patents.

Schein, O. D. (2016). Evidence-Based Treatment of Fungal Keratitis. JAMA

Ophthalmology , 134(12), 1372–1373. ISSN 2168-6165.



192 References
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