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Abstract

Structural Design of Multimodal Medical Encoder for
Physician’s Diagnostic Support

Ryo Otsuki
Kyoto University, Japan
2022

Physicians diagnose diseases by comprehensively interpreting multimedia inspection data
such as microbiological and other physical and chemical sample test data, clinical imaging
data, and text data, often contained in hospital information systems. Physicians require
deep clinical knowledge to diagnose their patients’ abnormal state by interpreting such
multiple information collectively in a short period of time. Clinical decision support systems
(CDSS) could support physicians and reduce their burden borne in diagnosis by providing
information to facilitate diagnosis and recommendations to help avoid or prevent oversight.
In recent years, with the development of deep learning technology, many studies have been
conducted in the medical field aiming to substitute automated deep learning models for
diagnosis and identification of lesion sites. However, few studies have investigated the
use of multimedia clinical data by CDSS. Moreover, deep learning models developed in
foregoing studies force physicians to preprocess multimedia clinical data to make them
legible for deep learning models, and consequently, to have sufficient knowledge on deep
learning technologies. To promote the development of CDSS, it is essential to design and
develop methodologies of deep learning models that can handle multimedia medical data.
In addition, a system that can generate a model automatically without specialist knowledge
by the user would be very useful.

As a definition in this paper, the proposed multimodal medical encoder (MME) is a
deep learning model that uses the same data as would a physician to make a diagnosis
and predict prognosis. In this study, a methodology to design the MME is proposed.
Additionally, an automatic encoder generation system is also proposed.

The proposed design method could be roughly divided into a data input part, a pre-
processing and feature extraction part, a feature integration part, and an output part.
The preprocessing and feature extraction parts are designed to perform data preprocessing
based on a unified standard for each data. For image data, we proposed to use a vision
transformer (ViT) that can handle image data regardless of the size and shape of an input
image. For electronic medical records (EMR), we designed an preprocessing layer consist-

ing of a batch normalization (BN) layer and a fully connected (FC) layer that can perform



linear transformation while maintaining the data relationships for each batch. Features of
multimedia medical data are integrated without bias by an integration layer that adjusts
the number of dimensions of features obtained from image data and EMR data into the
same number and integrates them. Finally, the output part interprets the integrated clin-
ical features, such as diagnostic or prognostic results. In addition, based on the proposed
design method, this study developed an automation design system of an appropriate deep

learning model out of given the combination of multimedia clinical input and objective.

Verification of the proposed design was divided into three parts: preprocessing and
feature extraction, feature integration, and automatic generation system. In the verifica-
tion process we predicted postoperative visual acuity of age-related macular degeneration
(AMD) as a case-study. EMR and fundus, and optical coherence tomography (OCT) im-
ages were used for verification. The dataset for verification included 315 data samples from
patients who were diagnosed with wet AMD at Kyoto University Hospital macular clinic
and completed a regimen of intravitreal injection of aflibercept for one year. In verifying
the preprocessing and feature extraction part, the prediction errors of the proposed model
with preprocessing and integration layers and the baseline model with manual preprocess-
ing were compared. As a result, the prediction error of the proposed model was 0.054 and
the prediction error of the baseline model was about 0.052. The result showed the predic-
tion error of the proposed model and the baseline model were similar, which revealed that
the proposed design method generated preprocessor which has equivalent performance as
preprocessing performed by specialists’ hands. In verifying the feature integration part,
three models were prepared to verify the effectiveness of the proposed design: a model that
uses only EMR as input, a model that uses only image data as input, and a model that uses
both as inputs. In the experiment, this study compared the prediction errors of postoper-
ative visual acuity. As a result, the prediction error was 0.081 for the model that inputs
only the image data, 0.052 for the model that inputs only the EMR, and 0.047 for the
model that uses both as inputs. This result suggests that more accurate support of physi-
cians’ diagnosis and prognosis can be achieved by integrating and interpreting multimedia

medical data.

In verifying the automatic generation system this study confirmed the system could
generate an appropriate model according to the given input data and purpose. In verifying
the system, we applied data used to diagnose age related macular degeneration. As a
result, a structure with BN layer and FC layer for array type numerical data, a design
with BN layer and FC layer for dictionary type numerical data, and a structure with ViT
for image data were generated. In addition, when the purpose is diagnosis, the softmax

layer is generated as an output layer, and when the purpose is prognosis prediction, the
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dense layer is generated as an output layer. The result showed that a model to which the
design prepared for each data was applied was generated, and the model had an output
layer according to the selected purpose.

From these results, it was shown that the proposed design of this study can handle data
for diagnosing AMD with a unified standard, and can integrate medical data in clinical
practice without bias.

It is expected that the results of this research will enable users to create prototypes of
diagnostic support systems using deep learning models and analyze diseases using data of
their choice. This result will lead to shorter turnaround time in development of CDSS and

the improvement of medical safety.
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Chapter 1

Introduction

In clinical settings, physicians perform various tests and interviews regarding a patient’s
symptoms to diagnose the disease, determine the treatment policy and evaluate prognosis
[46,64]. Various data are used to make a diagnosis, such as the patient’s profile of conditions
including blood/biochemical test sample results, CT (computed tomography) and MRI
(magnetic resonance imaging) images. Over 100 items may be included in a blood test [1].
Physicians determine a patient’s abnormal state by comparing these with other profile data
including age and gender. Furthermore, physicians may make a comprehensive diagnosis
by comparing biochemical and blood test results with medical imaging data.

The diagnostic process requires physicians to have clinical knowledge of diseases. It is
necessary to understand disease symptoms and which tests are required to identify them. If
appropriate samples are not obtained and tested, it is difficult to determine if an abnormal
state of a patient is caused by a particular disease. There may also be heavy burdens
for patients in the process, such as undergoing tests, providing samples, and incurring
expensive medical costs. Since physicians have often been trained in specialized fields,
such as cardiac surgery, oncology, and a multitude of others, diagnosing illnesses outside of
their specialized fields takes them longer with the added burden of consulting diagnostic
manuals.

Various CDSS (clinical decision support systems) have been developed and used in
recent years. Until now, CDSS has been a system that searches for evidence of poten-
tial duplicate treatments by reading patient prescription information, and presents the
physician with warnings about contraindications regarding harmful concomitant use of
medicines. CDSS is intended to support physicians by enhancing clinical decisions with
targeted clinical knowledge, patient information, and other clinical information [61]. A tra-
ditional CDSS is an application designed to directly aid clinical decision-making, in which

recommendations are presented for physicians to consider when determining diagnosis and
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treatment. CDSS is primarily utilized at the point-of-care by physicians to augment their
knowledge with information and to provide suggestions. With recent improvements in deep
learning technologies, the core engines of CDSS include classifiers. Classifiers are programs
that access a body of information to return a structured explanation or classification of
the patient’s illness. These are trained with a large number of clinical datasets. A CDSS
receives a set of clinical data about a patient, its classifier uses this data in a process as
described above and the CDSS outputs structured information and treatment suggestions.
In this study, we propose methodologies to design CDSS core engines that emphasize the
preprocessing stage of clinical input data. In precedent studies described in the latter para-
graphs, internal processing in the engine was often a black box that did not reveal how the

CDSS core engine interpreted the clinical data or how they affected output.

As for existing CDSS, they help prevent physicians from overlooking contraindications
and prescribing erroneous treatments by reading patients’ pharmacy prescription history
and order information and detecting duplicate and /or inappropriate treatments. Raschke et
al. developed a system to detect potential ADE (adverse drug events) and alert doctors [47].
Their system compares the patient’s pharmacy orders, drug allergies, sample test results,
and other information with the doctor’s prescription. ADE is detected by preset conditions
in the system, such as inappropriate administration of imipenem to patients with renal
failure. Alerts include details of possible ADE and how to avoid them. Similar alert

systems have been proposed for patients’ drug allergies and prescription drugs [35].

Existing CDSS for diagnosis support [3] can be categorized into those that do and
those that do not utilize deep learning methods. Towards making a diagnosis, physicians
use multimedia medical data in various formats, such as letter-based text, numerical data,
and images. They interpret abnormal values in multimedia inspection data and compre-
hensively diagnose associated disorders. To make an automatic and accurate diagnosis in
accordance with this same process, a CDSS should receive multimedia clinical data and

combine the data features.

Mcheick et al. proposed a model for diagnosing and predicting COPD (chronic ob-
structive pulmonary disease) exacerbation using the Bayesian network [37]. Their model
inputs sensor data obtained from a context-aware application of the Bayesian network. It
is combined with updated daily patient data to predict any deterioration in the patient’s
medical condition. The model is claimed to have provided opportunities for early medi-
cal intervention, reduced hospitalization costs, and alleviated overcrowding in emergency
rooms, hospitals, etc. Esteban et al. developed a tool to identify predictors of 30 days to
60 days short-term mortality in emergency patients with COPD, using a decision tree aka

CART (classification and regression tree) [12]. Five elements of baseline dyspnea are used




to make predictions by CART: cardiac disease, presence of paradoxical breathing or use of
accessory inspiratory muscles, age, and Glasgow Coma Scale score. Validation results in
patients showed their model achieved 0.835 AUC (area under the curve) (95% CI(confidence
interval): 0.783, 0.888) predictive reliability for mortality within 30 days and 0.794 AUC
(95% CI: 0.723, 0.865) for mortality within 60 days. They were able to identify some
easy-to-determine variables that allow clinicians to classify COPD patients by short-term
mortality risk. They concluded the tool provides useful data for establishing appropriate

clinical care.

As a significant improvement in deep learning technologies, many studies applied deep
learning methods to the medical field for image classification and speech recognition. Fig-
ure 1.1 shows the history of deep learning models and studies in the medical field. First,
perceptron was proposed in 1958 as a one-layer model. That was the predecessor of neural
networks. Despite attempts around the 1960s, multilayer perceptron structures could not
be trained efficiently and interest in perceptron temporarily waned. Then in 1985, Rumel-
hart et al. proposed a gradient descent method and an error backpropagation method to
perform efficient training with multilayer perceptron [53]. With those methods, interest
in multilayer perceptron was rekindled. Consequently, perceptron studies were pursued in
the medical field [6,69]. Since the latter half of the 2000s, study of neural networks accel-
erated due to improvements in computer performance called “deep” learning. In the field
of image recognition, Krizhevsky et al. proposed a model that remarkably surpassed the
accuracy of other algorithms in a 2012 image recognition competition [28]. A derivative im-
age recognition system termed R-CNN (region based-convolutional neural network), which
is a model of partial object recognition, was also proposed [20]. With R-CNN, the system
could locate and identify an object in an image. R-CNN led to more accurate models such
as Faster R-CNN [50], and YOLO (you only look once) [49]. Improvement by these image
recognition models dramatically contributed to studies in the medical field. For example, a
model for finding a cancer tumor and predicting the degree of infiltration from endoscopic
images was proposed [41]. In addition, with 3D-CNN;, systems could detect lesions such as

ground glass shadows related to COVID-19 from lung CT images [62].

In the field of natural language processing, RNN (recurrent neural network) was adopted
to handle time-series data [44], leading to LSTM (long short-term memory) that takes
longer-term memory in sequence data [24]. Many efficient models were developed and
released for different purposes based on those fundamental structures. The encoder-decoder
model was often used in sequence-to-sequence transformation, such as translation [10].
Then, an attention model was proposed that overcame the slow calculation speed of RNN-

based models [63]. The attention model was proposed with the notion that all input
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elements were mapped to elements on the output side. For example, Guo et al. proposed
a model to diagnose diseases from contents described in EMR (electronic medical records)
by performing language processing using LSTM [23]. In addition, Baumel et al. proposed
an attention model that assigned disease labels based on (international classification of

diseases) ICD10 from text in the patient’s EHR [2].

A deep learning model could classify diseases that were relatively easy to diagnose with
over 90% accuracy. Some studies achieved the same level of accuracy as physician made
diagnoses. However, many classifiers could only process single inspection data, such as
interviews, examinations, or images, and were unable to handle data of multiple types.
Few studies investigated multimedia clinical data as input. Further, among conventional
classifiers, even though the same clinical data was input, preprocessing criteria differed by
classifier design. The structure of the above mentioned deep neural network model may
also be changed. In a classifier that handles character / numerical data, the judgment of
whether to separate character data into words or characters, the standard of numerical value
normalization, and the standard of categorization often differ depending on the classifier
design. For example, regarding image classifiers, image shaping and cropping processes
differed by classifier design which hinders training. For more efficient training of classifiers,
it is essential to develop a methodology to integrate the imbalanced handling of clinical
data towards a more unified method for the preprocessing stage as well as for information
integration. Furthermore, it is difficult for physicians themselves to develop a classifier
because it requires technical knowledge of deep learning. Even if a physician employed a
development vendor, it may take years before an effective system could be developed and
used. It demands much time to make prototypes and evaluate a system through back-
and-forth consultation between physicians and engineers. In order to solve this problem,
a support system that automatically generates a DNN model according to the data is
required. As an existing research, Google has developed a system that automatically
creates a model and trains a given image data on its own cloud service [5]. However,
there are few precedent studies in the medical field focusing on cost reduction of MME
(Multimodal Medical Encoders) or on physician’s modeling and training them.

All of handling a multitude of data for diagnosis, processing the same data for use by
different classifiers, and associated high costs of time and finance, make developing a CDSS
a challenge in clinical practice.

Classifiers designed in previous studies used different input data and had different
purposes according to the study. However, they share the same design to the extent
that they extract features from input data, integrate the features, and connect them to an

output. The present study applied a deep learning model, which included a CDSS classifier,
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to develop an MME.

This study proposes an MME design method. It was applied to receive input of inter-
view and sample test data towards clinical practice diagnosis, to interpret each piece of
data according to a unified standard, and to output diagnostic and prognosis prediction
results. With our proposed design methods, a system for automatic generation of MME
was proposed, which is novel from the viewpoint of supporting physician’s studies. The
system aims to enable physicians to develop a prototype CDSS without requiring special-
ized knowledge of preprocessing or neural network model design. All data handled by an
actual physician can be interpreted by the MME, the standard for the interpretation is
unified, and the output can be selected according to the purpose of either diagnosis or

prognosis.

The following structure is required to create the MME: 1. Multimedia medical input, 2.
Feature extraction of multimedia medical data, 3. Integration of extracted features, and 4.
Output suited to the user’s purpose. In this study, we propose the design method of a model
that receives multimedia medical data, extracts features from each piece of data, integrates
the features, and returns an output including either a diagnosis or a prognosis as determined
by the user. It also aims to make redundant the need for manual adjustment to the data

and learning process. This prevents the same data being manually processed differently by
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each model designer, and having different methods for integrating features. Consequently,
with our proposed design method, the preprocessing is automatically configured according
to input data type. For physicians and engineers who develop CDSS and disease analysis
tools themselves, it takes a lot of time to study deep learning methods from scratch. To
support their prototyping, this study also proposes an automatic generation system for
MME according to purpose.

The proposed design method has a mechanism to receive multimedia medical data to
handle all MME data for diagnostics. The mechanism for handling multimedia medical
data was created with the following concept. In the data input and feature extraction part,
a structure is included to receive input for each type of multimedia data, preprocessing is
performed, and features are extracted for each data. It also incorporates a mechanism that
automates preprocessing, such as data normalization and clipping. In the feature quantity
integration layer for multimedia medical data, the feature quantity extracted for each data
is designed to be integrated into the same dimension. The integration mechanism simulates
making an integrated diagnosis of each item of test data. By matching the number of
dimensions of the feature quantity, the output result of the subsequent stage is prevented
from being affected by the difference in the number of dimensions of the input data. The
data output layer returns a categorical output if the input purpose is diagnosis or returns
a numerical value if the input purpose is prognosis.

The structure of the rest of this paper is as follows: Chapter 2 describes the overall
concept of the proposals in this study. We detailed the diagnostic process of physicians and
why we aim to generate MME automatically. Chapter 3 describes a design that automates
the preprocessing of multimedia medical data with a deep learning model. Chapter 4
proposes a design that equally learns features extracted from multimedia medical data.
Chapter 5 describes the automation of developing an MME without specialized clinical
knowledge based on the proposed design policies. We discuss the contribution of our
proposed methods in Chapter 6. Then finally, Chapter 7 summarizes and concludes this

study and our contributions.




Chapter 2

MME Design Strategy

Chapter 2 first describes the development process of a CDSS that assists physicians in
diagnosing. Second, it explains the usual diagnostic process of physicians in clinical practice
which is supported by CDSS. Third, the diagnosis process in an ophthalmology department
is outlined, which is the focus of this study. Fourth, this chapter extracts the processes
for general diagnosis after summarizing each diagnosis process. The system requirements
for designing the MME are extracted from the generalized process. This study designed
the conceptual structure of the MME based on the generalized requirements. Finally, this

chapter summarizes the aim of this study and discusses contributions to medical society.

2.1 CDSS development process

CDSS, which supports physicians’ diagnoses, extracts features from medical data that
is input to the system, and compares the features with characteristic abnormal values
associated with diseases to provide diagnoses. CDSS includes a classifier that interprets
feature extraction and determines which features to compare. In this study, the classifier
is defined as MME. This section describes the MME and CDSS development process.

Figure 2.1 shows the CDSS development process to assist physicians’ diagnoses. The
development process includes consideration and recognition of significant data, data prepa-
ration, model creation, and subsequent creation of the CDSS and UI (user interface). First,
in the process of understanding medical data, the physician sets the task of creating a CDSS
for a particular disease. After that, the physician organizes the data used for diagnosing the
disease and considers which data to enter in the CDSS. Next, in the process of preparing
the data, the physician and the system engineer collect the necessary data, label it with
a diagnostic label, and preprocess the data. In many cases, the labeling is determined by

the physician from observation of the data. On the other hand, preprocessing may be per-
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formed either manually by the physician or by a systems engineer who has been instructed
by the physician on what to look for and how to prepare it. Next, in the model creation
process, the systems engineer considers the structure appropriate for the model according
to the preprocessed data, makes a prototype, evaluates it, and discusses the evaluation
result with the physician. After the classifier is complete, the systems engineer decides
the input/output UI and includes it as an application in the process of building the entire
CDSS.

The following three points, which have been recognized as issues of concern for a CDSS
in previous studies, are included in the preprocessing and model creation process: 1. An
inability to handle all the data used for diagnosis, 2. Different processing of the same data
for each classifier, and 3. The high costs required to produce a CDSS. This study proposes
an appropriate design method for handling multimedia medical data in the preprocessing
and model creation process, and proposes an automatic model generation system. With
these proposals, we aim to enable development of a prototype CDSS by a user without any

special knowledge of deep learning methods.

2.2 Physician’s Diagnosis
2.2.1 Medical Tests and Data

Various inspections are performed at medical institutions. Blood and biochemical tests,
also called sample tests, measure the number of enzymes and other components of interest

in samples of blood and urine. In addition, there are physiological examinations, such as
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abdominal ultrasonography, and electrocardiogram. Finally, imaging examinations refer
to, among others, X-ray fluoroscopy, CT, MRI, and endoscopy.

Blood test results are related to organ conditions. Physicians can diagnose which organ
is likely to have an abnormal state based on the sample item value. For example, multiple
myeloma or dehydration (abnormalities in the liver) are suspected when the total amount of
protein exceeds the standard range of 6.5 to 7.9 g / dL. Undernutrition, liver dysfunction,
and nephrotic syndrome are suspected when the total protein value is below the lower
bound of the standard range. The concentration of albumin in the blood is also related
to nephrotic syndrome. Aspartate aminotransferase and alanine aminotransferase may be
used to diagnose fatty liver, hepatitis, and liver cancer. In addition, there are tests for
antibodies to check for infection by hepatitis B and C virus, etc.

Abdominal ultrasonography is an imaging test based on ultrasonic waves reflected back
from internal organs. The physician has the patient lie supine for abdominal ultrasonog-
raphy tests. The abdomen is coated with a jelly-like substance then the physician uses a
particular tool for the test. Abdominal ultrasonography is used mainly to check the liver,
gallbladder, bile duct, pancreas, kidney, spleen, and abdominal aorta. With abdominal ul-
trasonography, the physician can detect gallbladder polyps in which a mass of cholesterol
raises the mucous membrane of the gallbladder. In addition, detection of organ deforma-
tions such as gallbladder stones is also possible. Gallbladder stones contains hard black
components made of cholesterol and bilirubin calcium.

In an X-ray examination X-ray energy is irradiated through the human body. The
radiogram is an image that shows the location and extent of X-ray absorption. Body parts
through which X-rays can easily pass are shown in black, and those that are difficult for
X-rays to pass through, such as bones, are shown in white. The patient may have an
intravenous injection of a contrast medium in advance when organs such as the esophagus,
stomach, and intestines are targeted. X-ray examinations can detect shadows in the images.
From the shading, the physician can detect diseases such as pneumonia and pneumothorax,
cancers of various organs, and bone abnormalities, such as fractures. However, X-ray
examinations can take images of the body from only one direction at a time. That often
means it is impossible to easily make a detailed diagnosis, as it is with CT and MRI
examinations.

A CT examination is an examination in which X-rays are emitted around the body
to make an image of its cross-section. The thickness of the cross-section is determined
according to the part to be imaged and the purpose of the examination. A contrast
medium may be injected intravenously for examination, as with X-ray examinations. A

CT examination can reveal the position and size of tumors that have developed in deep
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parts of an organ, as well as the spread of cancer (metastasis), and the relationship with
blood vessels and nerves in more detail than can X-ray examinations. In recent years,
chest X-ray images and chest CT images have been used to diagnose and follow-up cases
of COVID-19.

In addition to examination data, a basic patient profile is also available. The basic
patient profile includes age, gender, and preoperative condition. Physicians collect basic
information by interviewing the patient. In these interviews, physicians mainly inquire
about the patient’s background, the cause of the disease, and the current condition. The
patient background includes age and gender, smoking history, and alcohol drinking habit.
In the case of traumas, the cause of the disease is correlated with factors regarding the
patient’s background, such as time when the patient fell or when the accident occurred.
Cancer is markedly related to the patient’s family history and lifestyle. The patient’s
current state is assessed in the interview by verifying if there are any subjective symptoms,
if there is pain in the affected body part, and how much it hurts. Physicians listen to
this information while talking to the patient. Finally, physicians describe exactly the pain
expressions that are specific to each patient.

In this way, at medical institutions, multimedia medical data such as text, numerical
values, and images are acquired by examinations and interviews. Physicians use these

multimedia data as a collection of items of evidence to formulate a comprehensive judgment.

2.2.2 Physician’s Diagnosis Process

As examples of the physician’s process of making a diagnosis, diagnoses in emergencies
of suspected heart and brain diseases based on common symptoms are summarized. These
two types of disease are those most commonly found in patients each year [39]. In associ-
ation with these examples, is a summary of the process of making an emergency diagnosis
when acute pulmonary thromboembolism or stroke are suspected [13,54].

First, the process for emergency diagnosis of circulatory shock is outlined. Shock is a
common symptom of heart disease. It is a condition wherein insufficient oxygen is supplied
to meet the needs of tissues and cells due to blood circulation failure. In the classic shock
classification strategy, the concept of four features defined by Weil et al. in 1971 is still
widely used [65]. First, symptoms/signs of shock are considered, including alterations
in consciousness which include agitation, restlessness, and decreased responsiveness. In
addition, the respiratory rate generally increases, although it depends on the presence or
absence of pneumonia and chronic obstructive pulmonary disease. The heart rate usually
increases, developing into tachycardia. However, this may differ depending on age, normal

heart rate, and time from onset. Blood pressure often drops, and significant hypoxemia,




2.2. Physician’s Diagnosis 11

which is reduced oxygen level in the blood, occurs. The state of the jugular vein varies
depending on the type of shock. It flattens in hypovolemia shock and dilates with increased
right atrial pressure in cardiogenic shock and obstructive shock. The appearance of the
skin becomes pale when the vascular resistance increases. The skin temperature becomes
normal or warms up when the vascular resistance decreases. Reticular cyanosis, which is
reddish-purplish web-like ring patterns, may be exhibited depending on the progress of
the shock. Finally, the patient’s urine output decreases. Physicians use arterial blood gas
analysis, 12-lead ECG (electrocardiogram), and CT examination to discriminate different
types of shock. The severity of the shock and treatment responsiveness can be evaluated
from the results of lactate level measurement in arterial blood gas analysis. The results of
the 12-lead ECG can be used as a basis for determining whether or not the shock is due to
heart disease. The CT test results can be used for definitive diagnosis of active bleeding
in the body, of lesions of sepsis, of pulmonary thrombosis/deep vein thrombosis, and of
aortic lesions. Physicians identify cause of a shock by jointly evaluating the results of the
tests above together with the patient’s medical history, vital signs, ultrasound findings,

and data from other tests.

Next, the process for emergency diagnosis of headaches is summarized. Headache is
a common symptom of brain diseases and is divided into primary, secondary, and other
headaches [14]. Migraine headaches, tension headaches, and cluster headaches are the
main cause of primary headaches. Secondary headaches, in contrast, are caused by urgent
and dangerous diseases such as subarachnoid hemorrhage and meningitis. It is essential
not to overlook secondary headaches as an emergency diagnostic process. The process for
diagnosing headache is shown in Figure 2.2. First, physicians check the onset pattern,
exacerbation/remission factor, pain location/presence/absence/associated symptoms, pain
intensity /nature, duration, family history, and patient medical history. Interviews are
instrumental in determining whether headache treatment is urgent. From these inter-
views, for example, a sudden headache at a particular moment may be suspected to be
a subarachnoid hemorrhage or cerebral artery dissection. If the pain is in the posterior
cervical /occipital region, vertebral basilar artery dissection or subarachnoid hemorrhage
is suspected. For the first physical examination, physicians check whether vital signs are
unstable and evaluate the level of consciousness, eye-opening, spontaneous language, abil-
ity to answer questions, and limb movements. Physicians also check for excessive increase
in blood pressure, for decrease in blood pressure, for laterality of blood pressure, and
for circulatory insufficiency. Then, they will check for anemia, nail bed cyanosis, nutri-
tional status, and trauma. Final checks include distension, induration, thickening, and

tenderness of arteries and of superficial blood vessel. Neurological findings can identify
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headaches associated with intracranial organic lesions. Physicians confirm the presence or
absence of focal neurological signs. Intracranial hypertension is strongly suspected if the
headache is accompanied by vomiting, elevated blood pressure, bradycardia, and bilateral
abduction nerve palsy. If meningeal irritation is accompanied, meningitis and subarach-
noid hemorrhage are suspected. A general blood test and inflammatory markers to check
for complications of infection were used to classify headaches. Erythrocyte sedimentation
rate and CRP (C-reactive protein) increase in temporal arteritis may be observed in a gen-
eral blood test. Cerebral venous sinus thrombosis is associated with elevated FDP (fibrin
degradation products) and D-dimer levels. In arterial blood gas analysis, PaOy, PaCOsq,
pH, and bicarbonate ion concentrations are measured. These items are used in diagnosis
of headaches due to hypercapnia. Imaging tests such as simple head CT, head MRI /
MRA (magnetic resonance angiography), and CT angiography can detect abnormalities
in the brain. The physicians check examination images for evidence of bleeding inside
the brain, lesions such as in the cortical white matter boundaries, and obscure lenticular
nuclei. A cerebrospinal fluid test is performed if necessary to confirm meningitis, encephali-
tis, or subarachnoid hemorrhage. Meningitis is diagnosed by an increase in the number of
cerebrospinal fluid cells. Subarachnoid hemorrhage is diagnosed by the appearance of cere-
brospinal fluid showing bloodiness and xanthochromia. Rapid diagnosis of cerebrospinal

fluid using latex agglutination reaction is also useful for diagnosis.

Next, the diagnostic process for urgent acute pulmonary thromboembolism and sus-

pected stroke is summarized.

Pulmonary thromboembolism is a disease wherein a thrombus formed in a vein, right
atrium, or right ventricle is released and occludes the pulmonary artery acutely. In more
than 80% of cases, the source of the embolus is a vein in the lower limbs or pelvis [42]. The
mortality rate in the acute phase is higher than that in myocardial infarction, and it is
30% to 50% in cases with unstable hemodynamics due to shock. Among affected patients
in cardiac arrest, the mortality rate within 1 h is high. A diagnostic flowchart for acute
pulmonary thromboembolism is shown in Figure 2.3. First, typical symptoms are dyspnea,
chest pain, fever, fainting wheezing, cold sweat, bloody sputum, and palpitation. In par-
ticular, sudden symptoms of dyspnea and chest pain are observed in many patients. Severe
cases present with shock. Physical findings include tachypnea, tachycardia, jugular vein
distension, and cold limbs. In severe cases, decreased blood pressure and Homans sign [32]
is associated with deep vein thrombosis, which causes pulmonary thromboembolism. In
addition, auscultation may show an increase in the sound of heart beats, which are as-
sociated with pulmonary hypertension. The third and fourth heart beats also increase

in volume due to right heart failure. A 12-lead ECG test reveals tachycardia, clockwise
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Patients with headache
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Fig. 2.2: Flow chart for headache diagnosis

rotation, and S1,Q3,73. Blood tests show elevated D-dimer levels. Arterial blood gas
analysis shows hypocapnia and hypoxemia. Chest X-ray examination shows an increase
in the cardiothoracic ratio, pulmonary artery dilation at the hilar region, and a partial
decrease in pulmonary vascular shadow. Transthoracic echocardiography reveals enlarge-
ment of the right ventricle, hypokinesis of the free wall of the right ventricle, flattening of
the interventricular septum, and exclusion of the left ventricle. The accuracy of diagnosis
with contrast-enhanced CT is high, making it particularly useful for diagnosing embolism
in the central part of the pulmonary artery. A shadow defect in the image is found on the
pulmonary artery in many cases. The thrombus image, which is the source of embolism,

is often found in the pelvis or veins of the lower limbs.

In medical treatment for stroke, it is necessary to transport the patient to a medi-

cal institution immediately after the onset and take appropriate initial measures. The
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Fig. 2.3: Flow chart for pulmonary thromolism diagnosis

neurological prognosis may be improved if intravenous alteplase therapy or endovascular
treatment for hyperacute cerebral infarction is applied immediately after the onset. The
stroke diagnosis flowchart is shown in Figure 2.4. First, consciousness disorder, hemiple-
gia, aphasia, and gait disorder suddenly develop in stroke. General physical signs include
elevated blood pressure, bradycardia, carotid artery murmur, heart murmur, arrhythmia.
Neurological signs include motor aphasia, sensory aphasia, eye position abnormalities, fa-
cial paralysis, cerebellar ataxia of the extremities, and signs of cerebral herniation. Items to
be noted in blood tests are blood count, biochemistry (blood glucose, HbAlc, TC, TG, amy-
lase, ammonia, electrolytes ), and coagulation ability (PT-INR, APTT, FDP, D-dimer).
In addition, 12-lead ECG is used to evaluate arrhythmias such as atrial fibrillation, old
myocardial infarction, and cardiomyopathy. Aortic dissection is suspected if there is a
mediastinal shadow enlargement on the chest X-ray image. X-ray examination is also used
to evaluate pulmonary congestion and aspiration pneumonia. A simple CT scan of the
head reveals findings immediately after the onset of a cerebral hemorrhage. In cerebral
infarction, early ischemic change may be apparent, including disappearance of the lentic-
ular nucleus structure, disappearance of the insular cortex, and blurring of the epithelial
border. The sulcus disappears and gradually shows as a low absorption region after 6 h.
DWI (diffusion weighted imaging)-MRI may reveal damage in the head from the early stage
of onset. Since lesions are visible after 4 to 5 h in a FLAIR (fluid-attenuated inversion
recovery) image, it may be possible to estimate the time of onset by differences between
DWI and FLAIR images. In addition to these tests, there is an evaluation standard called
Alberta Stroke Program Early CT Score [45]. This evaluation standard divides the middle
cerebral artery region into ten regions and evaluates the range of early ischemic change by

the origin method. If physicians strongly suspect subarachnoid hemorrhage, they perform
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a cerebrospinal fluid test because it may be difficult to diagnose after the subarachnoid

phase, or there might be slight bleeding, when analyzing a simple CT scan of the head.

Patients with suspected stroke
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$
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*  CT interpretation
* Inspection data evaluation

Tactical survey ‘

Diagnosis and treatment policy decision

Fig. 2.4: Flow chart for stroke diagnosis
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2.2.3 Diagnosis by Ophthalmologists

This research focused on eye diseases as a study case. Many eye diseases lead to
blindness if left untreated, but they show few initial subjective symptoms [7]. Improving
the quality of each diagnosis with CDSS reduces the possibility of overlooking eye diseases.
Figure 2.5 shows the process to diagnose eye diseases. When diagnosing eye diseases, the
physician performs a visual field test at the time of the interview, a low vision test, a
fundus test, a tonometry test, an OCT (optical coherence tomography) test, and FA/TA
(fluorescein angiography/indocyanine green angiography) test. A visual field test is one
that measures how wide an area the patient can see with each eye when they focus on
a central point, namely a measure of the extent of their central and peripheral vision.
Without special equipment, the physician may sit in front of the patient who must look
directly ahead while the physician holds up one finger and slowly moves it in the horizontal
direction across the patient’s visual field. The patient indicates to the physician when the
finger is visible and when it is not. The visual field is measured by the physician repeating
this several times including for each eye while the non-tested eye is kept closed. In the VA
(visual acuity) test, with each eye separately the patient reads a series of rows of Roman
alphabet letters on a chart which progressively decrease in size with each row from top
to bottom. The physician records the size of the letters (which row) that the patient can
read. This is called a Snellen chart. A similar chart called the Landolt C, also known as
Landolt ring, is used in Japan. Instead of Roman alphabet letters it contains rows of rings
which each have a small segment missing which may be at the top, bottom, right, or left,
in the ring. Instead of saying aloud the names of letters in rows that progressively decrease
in size, patients are tasked to indicate the site of the missing segment by saying up, down,
left, or right. Another chart called the E chart is used for people unable to read Roman
alphabet letters, this is used in the same way as the Landolt C but instead of reporting
the orientation of the missing segment, patients report the orientation of the limbs of
the letter E. In a fundus examination, physicians use an ophthalmoscope to observe the
interior of the eye (usually dilated). They check the cornea, lens, vitreous, blood vessels,
and retina. In recent years, the fundus camera that can obtain FP (fundus photography)
of the fundus has been developed making fundus examination easier to perform. The
intraocular pressure test called tonometry measures the pressure in the eye. This test is
mainly used to detect glaucoma and confirm the therapeutic effect of glaucoma treatments.
The physician first anesthetizes the patient’s eye, then, brings the tonometer into contact
with the cornea to measure the intraocular pressure. In an OCT test, the physician obtains

cross-section images of the retina using light waves. OCT images can reveal the degree
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of any swelling and range and depth of bleeding. OCT images are used to detect AMD
(age-related macular degeneration), retinal vein occlusion, and diabetic retinopathy. The
FA/IA test is performed for the purpose of taking clear images of the capillaries of the
retina. By injecting a fluorescent contrast agent into the vein of the patient, it is possible
to obtain sharp images of the internal eye with a fundus camera. FA tests are used to detect
reticulochoroidal diseases such as diabetic retinopathy, AMD, central serous chorioretinal
disease, and retinal vein occlusion. On the other hand, the IA test can observe subretinal
choroidal blood vessels, which are difficult to detect by the FA test. This test is particularly
useful for diagnosing AMD and polypoid choroidal angiopathy.

The process of eye disease diagnosis, just as for other diseases, involves interviews and
tests. The collected data has the same format as that in diagnosing other types of diseases,
including text recorded in interviews, numerical data of VA tests, and image data of eye
inspections.

Based on the analysis of different diagnostic processes described above, the diagnosis
flow is broken down into the following four components: 1. Patient interview, 2. Pa-
tient examination, 3. Test result interpretation, and 4. Comprehensive diagnosis. First,
physicians interview patients face-to-face and record details of their basic profile. In the
patient’s interview, the physician aims to identify the cause of the disease and understand
the current situation. Next, physicians will perform tests in the patient to check for any
disease suspected as a result of the interview. The physicians determine which items re-
quire analysis and by what method. For example, they may select items to be imaged
by the appropriate image inspection method then perform the test. Abnormal findings in
the test results are then interpreted. Here, first, physicians observe data features such as
abnormal values and images in each inspection item result. Finally, the data obtained is

comprehensively interpreted, and a final diagnosis is made.

2.3 Examination of MME Design

2.3.1 Factors Required for MME

On analysis of physicians’ diagnoses procedures in both emergency and ophthalmology
departments, we defined that diagnosis consists of the following four processes: 1. Patient
interview, 2. Patient examination, 3. Test result interpretation, and 4. Comprehensive
diagnosis. In 1, the patient’s interview, the physician determines the patient’s background
profile and current disease state face-to-face. Through the interview, they acquire some
insight into the patient’s disease. The interview process requires 1a. Asking the patient

appropriate questions, 1b. Interpreting the patient’s answers, and Ic. Predicting the
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Fig. 2.5: Diagnosis process of eye disease

patient’s morbidity. In 2, examination of the patient, the physician selects appropriate
examination methods, carries them out, and obtains the results. Therefore, this process of
inspection requires two elements: 2a. Choosing the appropriate inspection parameters, and
2b. Performing the inspection. In 3, interpretation of test results, the physician acquires
the results and notes data regarding abnormal values or findings in each item. Accordingly,
the interpretation process also requires two elements: 3a. Acquisition of test results, and
3b. Detection of abnormal values and abnormal sites. In 4, comprehensive diagnosis, the
physician compares with normal the abnormal values and abnormal sites obtained identified
in the test results, integrates the information, interprets it together with the patient’s
basic information, and finally diagnoses one or more diseases. Therefore, the diagnostic
procedure requires three processes: 4a. Information integration, 4b. Interpretation of
integrated data, and 4c. Presentation of diagnostic results.

For an MME to support the entire diagnostic process of physicians, all of the above steps
need to be replaced by systems. Mechanical automation has become ubiquitous regarding
collecting data such as interviews and sample tests, as illustrated by systems such as the

Ubi Al interviews ! and Hitachi’s automated test systems 2. In this research, it is assumed

!Ubie, Inc https://ubie.life

2Hitachi, Ltd.
https://www.hitachi-hightech.com/jp/science/products/medical-systems/clinical-analyzers/
laboratory-test/
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that interview data and test results can be acquired automatically by using such available
products. The present approach focuses on receiving the subsequent data, interpreting it,
returning the diagnostic result, and simulating with a system.

Based on the above, the following five elements are necessary to support diagnosis by
MME in this study: 8a. Acquisition of test results, 3b. Detection of abnormal values and
abnormal sites, 4a. Information integration, 4b. Interpretation of integrated data, and

4c. Presentation of diagnostic results.

2.3.2 Conceptual Design

The elements necessary to support the diagnosis include 3a. Acquisition of test results,
3b. Detection of abnormal values and abnormal sites, 4a. Information integration, 4b.
Interpretation of integrated data, and 4ec. Presentation of diagnostic results. By proposing
a design that can deal with each element, this research aims to simulate the physician’s
diagnostic process by using a system.

Figure 2.6 shows the unified design requirements. The necessary design is roughly
divided into a data input part, an abnormal value/part interpreting part, a data integra-
tion/interpretation data part, and a data output part.

First, the system needs a data input component to acquire inspection results. The input
data is expected to include numerical data obtained from sample examinations and elec-
trocardiograms, motion image data obtained from ultrasonic examinations and endoscopy,
static image data obtained from X-rays, CT, and MRI examinations, and text data ob-
tained from records of interviews. In addition, there is a possibility that multiple tests will
be performed for diagnosis. Also, physicians always interview the patient. It is necessary
to receive these pieces of data in various combinations. Next, to find abnormal values and
abnormal parts, the system needs a function to interpret the input data and capture the
features. A mechanism for individually extracting features from each data type is required
to extract features from multimedia medical data. After that, the system needs a function
to combine the extracted features. Features obtained from multimedia medical data do not
always have the same format. The system needs to convert features into a standardized
format, such as numerical information. Then, a mechanism for integrating features taking
into consideration differences in the sizes and numbers of dimensions is required. Addition-
ally, to interpret the integrated data, the system needs a feature extraction function that
can be used for diagnosis based on the integrated features. Finally, the system needs a
function to output the diagnostic results. The system should extract the features for deriv-
ing the diagnosis result from the integrated features. This is done by comparing the values

of the extracted features against diagnostic criteria of diseases to determine which disease
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Fig. 2.6: Design requirements

is more probable. The output function must present an output that is easy for physicians
to quickly understand and handle, such as the probabilities of particular diseases in the
diagnosis.

To support the physicians’ diagnosis, as described above, the system must be designed
to receive multimedia medical data as input data, perform feature extraction and feature

combination, and output the diagnosis result in an easy-to-understand manner.

2.4 Study Aim

This research proposes a design method to support the physicians’ comprehensive diag-
nosis process. The proposed design receives multimedia medical data and outputs results
as diagnosis and analysis support. Sections 2.1 and 2.2 have identified the elements nec-
essary to simulate the actual diagnostic process. The conceptual design for simulating the

diagnosis process with the system was also described.

The proposed design method uses a deep learning method to model the MME. Three
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Fig. 2.7: Proposal overview

reasons to use deep learning methods include: several models for various data types have
already been proposed; they enable integration of extracted features; and it is possible to

support both diagnoses and prognosis predictions by changing the output layer.

Figure 2.7 gives an overview of the proposal. The deep neural network model generated
by our proposed design method has three primary components which are: feature extrac-
tion layers corresponding with multimodal medical data inputs, integration layers of the
extracted features which link to the output according to purpose, such as diagnostic re-
sults and prognosis prediction. Additionally, we propose an automatic generation system,
which develops the deep neural network model based on its inputs and its output purpose
determined by the user. Those components and auto-generation systems are described in

the following sections.

The proposed design method eliminates the manual preprocessing process for multi-
media medical data. Consequently, the method is expected to provide a more efficient
model structure, and to be optimized for extracting better features of multimedia medical
data. This work also proposes an automated method to design deep learning models. The
method employs the efficient structures of neural networks to extract features from mul-

timedia medical data as well as to integrate those features. Physicians who want a CDSS
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will be able to prototype a CDSS simply by collecting data using the proposal system. It
can contribute to clinical practice as a diagnostic support tool that can be easily created

and examined for CDSS.




Chapter 3

Embedding Preprocessing into
MME

This chapter proposes a design method that handles multimedia medical data used
for diagnosis in an MME. In clinical practice, numerical and image test data and text
data of interview results are used to make a diagnosis. Because this study focuses on eye
diseases, it is assumed that the proposed design will receive numerical and image data
useful for diagnosing eye diseases. Until now, when inputting numerical values and images
into a deep learning model, manual preprocessing was performed. However, designers
could not perform this preprocessing without specialized knowledge, especially regarding
medical data. In addition, general patient profile data such as gender and age data were
individually preprocessed in formats that may differ among designers. The present study
proposes a design for learning by embedding preprocessing inside a deep learning model.

A case study of the predicted prognosis of AMD is used for verification in this study.

3.1 Interpretation of Medical Data Used for Diagnosis

3.1.1 How to handle medical data of physicians

For diagnosis, physicians use acquired image data and EMR that include basic patient
information and examination data.

First, physicians predict the likelihood of a particular illness based on information in a
patient’s EMR. The basic patient profile in EMR includes patient age, gender, nationality,
and medical history. Therefore, physicians first consider symptoms that are more likely
to occur in that demographic, and the possibility of recurrence of any history. Next, The

physician collects data from tests in the patient to use in detailed disease identification.

23
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Most tests performed include items that can identify an illness suspected by the physi-
cian. The physician checks the result of each test for abnormal findings. From items with
abnormal values, it is possible to predict which organs are involved. In addition, it may
be possible to identify abnormal organs and predict the type of abnormality by observing

evidence of any lesions in an image of the actual organ.

3.1.2 Embedding Physician’s Data Interpretation

To include multimedia medical data and embed the process of interpreting each outlier
in a deep learning model, a process to receive items of multimedia medical data as inputs
and extract features of interest in each item is required.

The conceptual design of this study for auto preprocessing simulates the physicians
manual diagnostic process of AMD as a case study. To diagnose AMD, ophthalmologists
usually conduct multiple tests. First, they may measure VA by using the Landolt ring or
other VA chart. Second, they may perform a dilated fundus examination using ophthal-
moscopy or fundoscopy to document FP (fundus photography). images. Third, they might
screen for exudative macular change and choroidal neovascularization by using OCT. Fi-
nally, to confirm the status of any lesion, they would look for presence of abnormal leakage
from the choroidal neovascularization by imaging after intravenous injection of a fluores-
cent contrast agent. Ophthalmologists then comprehensively assess the results of all of the
tests to decide the diagnosis and progression of AMD [4,67]. However, it is still difficult to
accurately predict the extent of VA recovery after treatment.

This Chapter describes the design and integration of layers for preprocessing both clin-
ical image and EMR data into multimedia deep neural network models. The preprocessing
of clinical images is performed by a ViT (vision transformer) layer that selectively evalu-
ates ROI (regions of interest) in the images. In contrast, the preprocessing of EMR and

numerical data is performed by full-connection layers before and after normalization.

3.1.3 Conceptual Design for Auto Preprocessing

Physicians use images obtained by FP and OCT as clinical image data, and EMR
data including gender, age, medical history, and affected side as well as pretreatment
decimal VA to diagnose AMD. To handle multimedia medical data as would a physician,
the model needs layers to receive data of different media type such as clinical image, text
and numerical EMR data, and layers to preprocess and extract features from each of these
types of data set.

Since input data differ markedly in size and range, these factors were accommodated by
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designing a proposed model that can receive input of imaging and EMR data, preprocess
and extract features from imaging data, preprocess and extract features from EMR data,
combine the extracted features, and output the predicted VA as a numerical value.

The proposed model does not require preprocessing of input data to predict posttreat-
ment VA with greater accuracy than does a manual preprocessing model. Thus, this model
eliminates the need to consider and apply manual preprocessing preventing any loss of in-

formation in input data during preprocessing.

3.2 Proposed Design

3.2.1 Bias Applied by Manual Preprocessing

Deep learning models have been proposed that learn features regardless of the pre-
processing content of the input data. For example, use of a CNN (convolutional neural
network) [30] led to a proposed model that utilizes MRI to predict the probability of pa-
tients with mild cognitive impairment developing Alzheimer’s disease [34]. The CNN used
in that model could extract both local and overall features in images by changing the filter
size of the convolution layer and inserting a pooling layer. Therefore, the features could
be learned using only the critical part of the input image. In partial image recognition
models that apply CNN; such as Faster R-CNN [50], classification may be possible after
cropping redundant sections of an image, thus reducing the area to be searched to iden-
tify lesions [15,55]. In another study, based on information about insulin administration
and other factors, a sequence-to-sequence model was able to predict rapid increase or de-
crease in of blood glucose concentration [4]. The sequence-to-sequence model learns using
data obtained during patient examination, and primary data as time-series interrelated
data [60]. In these models, however, the input data was preprocessed manually, and it is
unclear whether the results of preprocessing were optimum for model training.

Many deep learning models that receive medical data as input require preprocessing
of the input data. Images are frequently preprocessed by resizing and cropping. Resizing
refers to their transformation to predefined uniform vertical and horizontal sizes to accom-
modate CNN requirements. Cropping refers to cutting out parts of an image to isolate and
evaluate the lesional area. Cropping is performed to reduce noise in the input data and help
the model focus on a target. Standard preprocessing of EMR, includes normalization and
categorization. Data are normalized to suit a specified range of input data. In contrast,
categorization assists the model to determine relationships between single data points and
the entirety of the data, as well as the order of the data, for example, by converting into a

vector with clusters every 10-years.
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Fig. 3.1: Overview of preprocessing

These preprocesses are usually performed manually, and significantly impact the ac-
curacy of a model. Rather than manually preprocessing multiple medical modalities, we
proposed inclusion of preprocessing integration layers in the neural network. Figure 3.1
illustrates the processes of manual preprocessing and how our proposed integration lay-
ers replace them. It includes an attention mechanism which allows the system to process
specific features in complex input one-at-a-time to categorize the whole dataset. Clinical
images were split into same size patches, and features were extracted using the attention
mechanism and FC (fully connected) layers. BN (batch normalization) and FC layers were
used to preprocess EMR and extract features. By training the preprocessing engine, it is
assumed that input data can be transformed to meet the requirements of the task required

by the user.

3.2.2 Preprocessing Layer for EMR

The scalar and discrete values in a patient’s EMR are essentially multi-dimensional.
Manual preprocessing of EMR involves sorting into categorical multi-dimensional vectors
based on clinical knowledge, such as whether interpretations of blood test data differ be-
tween young and elderly patients.

Figure 3.1b illustrates how the proposed integration layers extract EMR features. Scalar

values, such as gender and age, are input to the layers, which output the feature vectors
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of an EMR.

EMR preprocessing and feature extraction was performed using a BN layer and an FC
layer. The BN layer interprets the data distribution in the batch and transforms the data
so that the mean output is close to 0 and its standard deviation is relative to 1. The BN
layer has been used to prevent gradient disappearance and gradient explosion during model
training. After normalization, the FC layer extracts and linearly transforms the feature of
interest from the EMR. Using BN and FC layers results in a structure for preprocessing

normalization and feature extraction.

3.2.3 Preprocessing Layers for Image

Figure 3.1a illustrates the role of preprocessing and shows the method by which the
proposed integration layers extract features from clinical images. Clinical images are pre-
processed by the ViT, which is a deep learning model for image recognition [11]. The ViT
image recognition and classification model employs transformer like architecture rather
than a CNN [63]. CNN have several advantages, including avoiding the need for hand-
designed visual features by learning to perform tasks directly from data. However, CNN
architecture is designed for a certain image size.

ViT transformer architecture was originally designed for text-based tasks. Transformer
translation models use only attention without CNN or RNN and have an encoder-decoder
structure. The encoder side maps an input sequence of words to a sequence of continuous
representations. The decoder then generates an output sequence of symbols one element at
a time from the sequence of continuous representations. The transformer uses self-attention
on both the encoder and decoder sides. Self-attention maps a query and a set of key-value
pairs to an output, where the query, keys, values, and output are all vectors. Self-attention
expresses the input word group with three vectors of the query (Q), key (K), and value
(V), and @ of the input word and each word. Then, @ - K, the inner product of @ of the
input word and K of each word, is calculated and treated as the degree of relevance. By
applying the softmax layer to this degree of relevance, translated words are generated and
sequentially output by the decoder.

Figure 3.2 shows the flow of processing by ViT. In ViT, an input image is split into
patches. Figure 3.3 shows the flow of extracting patches. The size of patches is set as a
hyperparameter. Image patches are treated the same way as tokens (words) in an natural
language processing application. The image patches are flattened and input to the encoder
side of the transformer. At the time of input, position embeddings are added to the
patches to retain positional information. This process is similar to the sequence of word

embeddings used when applying transformers to text, with the ViT directly predicting
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class labels for the image. These features enhance independence from image size, as well
as increase the ability of the multihead attention mechanism to learn which image parts to
focus on. Multihead attention, which is used to extract the features of each patch of ViT,
is a mechanism that can be trained by combining the features of each patch. In typical
attention, the features extracted from each patch are treated individually. Therefore, the
model often responded to only one ROI. However, multihead attention allows the model
to attend to information from different positions and different patches jointly.

Adoption of ViT may make possible the development of clinical image feature extraction

layers as well as replacing some steps in image preprocessing, such as resizing and cropping.
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3.2.4 Combination of Layers

For classification or regression tasks, extraction of features from clinical images and
EMR are concatenated and passed into the FC layers.

The data handled in this design are images and patient profile data. The size of the
input data is 994 x 1500 x 3 pixels for FP and 496 x 1532 x 3 pixels for OCT-h (OCT hori-
zonal cross section image) and OCT-v (OCT vertical cross section image), respectively.
The patient profile data, gender, age, eye side, preoperative decimal VA, and preopera-
tive logMAR (logarithm of the minimal angle resolution)are divided into one-dimensional
arrays and input individually. The image features extracted by ViT are combined into
3072 dimensions, and the patient profile data is combined after expansion to 500 dimen-
sions. Features extracted from different media may have large differences depending on
the number of dimensions of the input data. Bias caused by differences in the numbers of
dimensions can be a reason the training of a model does not proceed well. The dimension
size of concatenated feature vectors for each medical modality should be identical to avoid
biases. To match the dimensions of the vector, the features extracted from images are
reduced in dimension in the FC layers.

Once image features and features extracted from the patient profile have the same
number of dimensions, they are combined using the concatenate layer. The combined
features are connected to the dense layer to output postoperative VA through FC layers

that interpret integrated features.

3.3 Evaluation

3.3.1 AMD

This section focuses on AMD and uses postoperative VA prediction as a case study.

Figure 3.4 shows a summary of AMD . AMD is a major cause of visual impairment in
the elderly. AMD ranges from blurred central vision to complete blindness. There are two
types of AMD, dry and wet 2. In dry AMD (Figure 3.4a), RPE (retinal pigment epithelium)
cells undergo gradual atrophy, leading to damaged retina and irreversible blindness. In wet
AMD (Figure 3.4b), choroidal neovascularization develops beneath the RPE or between
the retina and RPE, leading to damaged retina and loss of vision [33].

Photodynamic therapy and laser photocoagulation are used to treat wet AMD 3. In

! Japanese Ophthalmological Society http://www.nichigan.or.jp/public/disease/momaku_karei.jsp

“EyeLife Age-related Macular Degeneration (Japanese) https://www.eyelifemegane.jp/v2/sick_
macular_degeneration.php

3Japan Opthalmologists Association https://www.gankaikai.or.jp/health/51/index.html
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Fig. 3.4: Summary of AMD

the former, weak laser energy is applied to the lesion after intravenous injection of a
photoactive drug such as verteporfin. After the initial treatment, further treatment is
continued while assessing the condition every 3 months. In the latter, a laser is used to
burn off choroidal neovascularization not in the fovea. Part of the retina at the laser-
irradiated area is damaged and disappears. However, since it prevents new blood vessels

from reaching the fovea centralis, it prevents VA deterioration.

In recent days, intravitreal injection of antivascular endothelial growth factor agents,
such as aflibercept, is commonly used. However, since not all patients respond to treatment,
predicting posttreatment VA is difficult [48]. If it were predicted with high accuracy using

a deep learning model, the burden on physicians and patients would be greatly reduced.
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3.3.2 Evaluation Task

Experiments were performed to assess the effectiveness of the preprocessing-integration
layers. One included the two tasks of evaluating the accuracy of the proposed model and
visualizing the results following conversion of the data. Experiments were performed under
four conditions, with the differences between predicted and actual outcomes compared by
determining the MSE (mean square error).

Performance of the proposed integration layers was assessed using a VA prediction task.
Specifically, a deep neural network model was developed to predict posttreatment VA in
patients with AMD based on medical imaging and patient EMR data. Figure 3.5 outlines
the proposed model. This model has three layers: 1. A layer that preprocesses and extracts
features from imaging data, 2. A layer that preprocesses and extracts features from EMR
data, and 3. A layer that combines the features of the first two layers and predicts VA.

In addition, hyperparameter tuning was performed on the preprocessing layer for EMR
in the model shown in Figure 3.5. Figure 3.6 shows an image of preprocessing for EMR
used for hyperparameter tuning. The target hyperparameters include: 1. BN layer or layer
normalization layer, 2. With/without softmax layer, 3. With/without attention layer, 4.
Change the number of fully connected layers, and 5. Change the loss function during

training.
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3.3.3 Data for Evaluation

Figure 3.7 shows examples of input imaging data, including FP and OCT images. FP
is 1500 x 994 pixels in size and has three RGB channels. OCT images are of horizontal and
vertical cross-sections, called OCT-h and OCT-v, respectively. Both are 1532 x 496 pixels
in size and have three RGB channels. EMR includes gender, age, affected side (right or
left), and pretreatment decimal VA [29]. To analyze VA as a continuous variable, decimal
VA was converted to logMAR [17]. Both pretreatment and posttreatment decimal VA were
converted to logMAR.

This study was approved by the Ethics Committee of Kyoto University Graduate School
and Faculty of Medicine (R2366) and adhered to The Ethical Guidelines for Medical and
Health Research Involving Human Subjects in Japan as well as the tenets of the Declaration
of Helsinki. Informed consent was obtained from each participant using an opt-out method
permitted by the Ethics Committee.

Data were obtained from 315 patients who visited the macular clinic at Kyoto University
Hospital, were diagnosed with wet AMD, and completed a fixed regimen of IVA (intravitreal

aflibercept) injection for one year. They were separated into a training set of 252 patients
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and a validation set of 63 patients for five-fold cross-validation.

Manual preprocessing of image data included resizing and cropping, whereas manual
preprocessing of EMR data included normalization and categorization. FP images were
resized to 480 x 480 pixels and split into three RGB channels. The central square regions of
OCT-h and OCT-v were cropped and resized to 480 x 480 pixels. Figure 3.5e shows input
EMR data. Gender and affected side were categorized (0 or 1). Patient age was subjected
to min-max normalization, as shown in Eq. 3.3.3. then the normalized age was multiplied
by ten to convert to it into integers. Basically, min-max normalization is a feature scaling
method to normalize values enabling scores from different sources to be compared. In other

words, it standardizes the distribution as does the Z-score. Min-max normalization linearly

r—min
mar—min

range 0 to 1, or another standardized range as desired. Floating logMAR was converted

transforms X to Y = so that the full range of x values may be mapped to the

to an integer by multiplying decimal VA by ten and adding the minimum logMAR then

multiplying by ten according to the formula shown below.

age — ag€min
ag€max — AYEmin

convertedage =

3.3.4 Experimental Conditions

The predictive accuracy of the manually designed network was compared with that of
the network with the proposed preprocessing integration layers. Table 4.1 describes the
structures of these models. The model incorporating preprocessing was found to preprocess
the data and extract features by the ViT and BN layers, as described in Figure 3.5. In
the manually preprocessed model, image features were extracted by a model called VGG16
[57], which is generally used for image classification, and features were extracted from
EMR by an FC layer. At this time, for “Proposed,” the input image was not trimmed,
and the one-dimensional EMR data was divided into each item. While, for “Baseline,”
input images and five-dimensional EMR were preprocessed as described in Section 3.2.
Because the model incorporating pretreatment was expected to perform pretreatment more
suitable for prediction, we hypothesized that MSE would be lower in a model that included
preprocessing than in a model that included manual preprocessing.

To determine whether the preprocessing layer was more effective with imaging or EMR
data, its accuracy was compared using model b in Table 3.1. When the preprocessing layer
was applied only to the image, ViT was applied to the image, and the FC layer was applied
to EMR. Models to evaluate the preprocessing design were applied to EMR data which
was not divided into items but input in a five dimensional state. When the preprocessing

layer was applied only to EMR, VGG16 was applied to the image, and the BN layer was
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Table 3.1: Models for evaluate preprocessing design

]\\ Model Name \ Layer for Images \ Layer for EMR ‘
a Baseline VGG16 FC
Proposed ViT BN and FC
Baseline VGG16 FC
b | Only Image Preprocessing ViT FC
Only EMR Preprocessing VGG16 BN and FC

Table 3.2: Models for hyper parameter tuning

Model Name Layer fo? Layer for . number of FC | loss function
Preprocessing Feature Extraction
Model 1 BN FC 3 MSE
Model 2 LN FC 3 MSE
Model 3 BN + SM FC 3 MSE
Model 4 LN + SM FC 3 MSE
Model 5 BN Attention 3 MSE
Model 6 BN FC 4 MSE
Model 7 BN FC 3 MAE

applied to EMR. Thus, EMR, which could only be converted at regular intervals by manual
operations, would likely form a cluster more suitable for the prediction task. Therefore, we
hypothesized that MSE would be higher when the preprocessing layer was applied only to
the image than when it was applied only to EMR.

Table 3.2 shows a list of models and settings used for hyperparameter tuning, and Fig-
ure 3.6 gives an overview of the models. Model 1 has the same design as the proposed
model. Models 1 and 2 have different normalization layers: the BN layer and the layer
normalization layer. Models 1 and 3 and models 2 and 4 each have the same layer for nor-
malization, except that they include a softmax layer to explicitly categorize data. Models
1 and 5 have the same layer for normalization, but differ in that the attention layer is
used as the mechanism for extracting data features after that. Models 1 and model 6 have
different numbers of fully-connected layers following the BN layer. Models 1 and 8 have
the same layer design, but different loss functions during training.

Finally, we visualized how EMR was transformed by the preprocessing layer and com-
pared its output with diagnosis by an ophthalmologist. In this experiment, after learning
the proposed model, validation data were input, and the features were output before inte-
grating the features in the EMR preprocessing layer. PCA (principal component analysis)
was applied to this feature, with the results presented as a K-means clustering image and
a hierarchical clustering image. The cluster was divided into two parts, with thresholds

for age, pretreatment decimal VA, and pretreatment logMAR. We hypothesized that these
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Table 3.3: MSE of evaluation models
]\\ Model Name MSE for Traning Data \ MSE for Validation Data
o Baseline 0.049 0.052
Proposed 0.039 0.054
Baseline 0.049 0.052
b | Only Image Preprocessing 0.050 0.118
Only EMR Preprocessing 0.068 0.061

Table 3.4: MSE for hyper parameter tuning model
’ Model Name ‘ MSE for Training Data ‘ MSE for Validation Data

Model 1 0.039 0.054
Model 2 0.173 0.095
Model 3 0.047 0.058
Model 4 0.154 0.095
Model 5 0.046 0.063
Model 6 0.055 0.057
Model 7 0.082 0.056

thresholds would be consistent with those determined by an ophthalmologist.

3.3.5 Results

Table 3.3. shows the MSE between predicted and actual logMAR. The effect of the pre-
processing layer was determined by comparison of MSE among the baseline and proposed
models. The MSE of the proposed model with the preprocessing layer differed little from
that of the baseline model. Comparison of MSE among only image and only EMR prepro-
cessing models revealed the MSE was larger when the preprocessing layer was applied to
only image data.

Table 3.4 shows prediction errors for each model used in hyperparameter tuning. First,
among models 1 and 2, which have different pretreatment layers, model 1 using the BN
layer for pretreatment had a smaller prediction error. Next, comparisons among models
1 and 3, and models 2 and 4, which have the same layer for normalization but with or
without the softmax layer, showed when the BN layer was used, the prediction error of
model 1 without the softmax layer became smaller. However, when the layer normalization
layer was used, the prediction error was smaller when the softmax layer was used. Next,
comparison of models 1 and 5, which have different feature extraction layers, showed the
prediction error was smaller for model 1 whose feature extraction layer is the FC layer.
And comparison of models 1 and 6 with different numbers of FC layers, showed model 1

with a smaller number of FC layers had a smaller prediction error. Finally, of models 1
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and 7 that showed different error functions during training, the prediction error of model

1 was smaller.

Figure 3.8 shows a K-means clustering image of the pretreatment patient age output
from the trained preprocessing layer. The output was made two-dimensional by PCA. The
number of clusters visually judged as most appropriate was selected from the setting values

of two to six. The cluster threshold was 75 years of patient age.

Figure 3.9 shows a hierarchical clustering image of the pretreatment patient age output
from the preprocessing layer, which was made two-dimensional by PCA. When hierarchical
clustering [36] was performed after PCA, two clusters appeared, as indicated by the color
of the dots in the scatterplot. One contained data from pretreatment patients aged < 75
years and the other > 75 years. This age cutoff was essential for predicting pretreatment
logMAR.
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3.3.6 Discussion

ViT preprocessed images and EMR data in this study were preprocessed by the BN and
FC layers, with the MSE between predicted and actual results of 0.054. Since a logMAR
difference of < 0.20 indicates effective treatment [27,52], the model had sufficient prediction

accuracy for practical use.

Moreover, MSE at baseline was 0.051 (< 0.20), with the proposed integration layer
demonstrating almost equivalent performance with baseline. Thus, the proposed layer can

preprocess data to predict postoperative VA as effectively as manual preprocessing.

A comparison of each integration layer showed that preprocessing of EMR alone had a
smaller MSE than preprocessing of images alone. This finding indicated that optimizing
EMR data was more important than optimizing image data in predicting VA. Moreover,
this finding is consistent with results showing that determination of preoperative VA by

an ophthalmologist had the most significant effect on prediction accuracy.

Although the validation MSEs of only image and only EMR, preprocessing were higher
than that of baseline, the total validation MSEs of baseline and our proposed method were
almost the same. This finding indicates the EMR and image features extracted by our

proposed method had a coordinated impact compared with the baseline method.

The main advantage of integrating preprocessing operations into a deep learning model
is a lower burden for optimization. Manual preprocessing of image resizing and cropping
demands both medical knowledge of lesions and manual handling of images. ViT with
its multiheaded attention mechanism, can automatically detect targets in clinical images,
resulting in a lower load for designing the model. In addition, the proposed layer will be
accepted regardless of image size or shape. Because a complete image can be input with
ViT, an advantage may be lack of potential information loss, which may occur in cropped

images by manual preprocessing.

If we consider the result of hyperparameter tuning, the prediction error was smaller
when using the BN layer rather than the layer normalization layer. The former layer calcu-
lates the mean /variance for each mini-batch, whereas the latter calculates the mean/variance
for each input sample. These properties indicate model 1 was able to train the relationships
between each sample (patient data) by the BN layer. Next, the softmax layer is converted
into a ratio so that the total output value of the layers is 1. In this chapter, the softmax
layer was used to convert the data into a categorical vector. Still, it is considered that the
softmax layer did not have a positive effect. When the attention layer was used for feature
extraction, the prediction error was larger than that with the FC layer. The attention layer

is often used for processing time-series data, and its effect has been proven. Since the EMR
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used as input is not time-series data, it is probable that the attention layer had no effect.
Next, the model’s prediction error in which the number of FC layers was increased by one
was slightly larger than that before being increased. Deeper models were expected to be
able to extract detailed EMR features, but they were not significantly effective. Finally,
prediction error became large when the error function during training was changed from
MSE to mean absolute error. When the model was evaluated using MSE, it was revealed
to be effective to use MSE for the error function and proceed with training so that MSE
becomes smaller.

Optimization is enhanced by integrating preprocessing for EMR, data. For example,
manual optimization of age requires a decision to dichotomize age or categorize it into
10-year intervals. Optimal conversion requires the determination of a critical age threshold
for diagnosis.

The proposed layer dichotomized patients by age into < 75 and > 75 years, resulting in a
predictive accuracy greater than by manual conversion of age with min-max normalization.
The advantage of the proposed layer for EMR is that appropriate preprocessing can be

performed without special knowledge of the disease.

3.4 Summary

This chapter proposed the integration of layers of preprocessing data in both clinical
images and EMR by deep neural network models. In the proposed model, ViT and BN
layers were utilized for preprocessing and feature extraction. To verify the effectiveness
of the preprocessing layer, the ability of the model to predict VA was determined by
comparing the MSE between actual and predicted logMAR in the model with and without
the preprocessing layer. The MSE was 0.054 with and 0.051 without the preprocessing
layer. The experimental results revealed that the regression model with the proposed
preprocessing layers achieved an accuracy sufficiently close to that by manual preprocessing.

The proposed preprocessing integration layers bring several advantages. By learning
preprocessing, input data could be converted into more efficient feature vectors for the
prediction/regression task and output accuracy could be improved. In addition, there was
no need to manually preprocess input data, reducing the time and effort required to create
training data. Because the proposed layer can handle input data regardless of shape, it
can likely be applied to various clinical decision support systems with multiple modalities,
such as clinical image and EMR data.

These contributions have an important impact on the preprocessing work of the CDSS

development process mentioned in Section 2.1. The proposed design method can automate
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preprocessing of multimedia medical data. Thus, enabling physicians and system engineers

to reduce time and cost burdens of preprocessing.




Chapter 4

Integrating Multimodal Medical

Features

Chapter 4 proposes a design that integrates features obtained from each item of input
multimedia medical data. Multimedia medical data have different numbers of dimensions
by data type. In addition, the feature size extracted from each item differs regarding
number of input dimensions. Until now, among existing systems, there was an element
of bias in the way features were combined. For example, if the numbers of dimensions of
features differs significantly among features, only the feature with the larger number of
dimensions is trained. Accordingly, prediction accuracy may be reduced. In this chapter,
the numbers of dimensions of extracted features are adjusted to eliminate this initial bias
applied during feature integration. A fully-connected layer is used to match the numbers
of dimensions. The concatenate layer integrates features that have the same numbers of
dimensions. To evaluate the proposed design, AMD prognosis prediction is used as a case

study.

4.1 Interpretation of Medical Data by Physicians

As mentioned in Chapter 3, physicians receive and interpret multimedia medical data
and make disease predictions based on each item. The physician understands the charac-
teristics of abnormal values in each data type and predicts which disease is most likely for
each abnormal value. Based on these results, physicians integrate and interpret the disease
predictions individually obtained from each item and incorporate them to determine a final
comprehensive diagnosis.

By integrated interpretation, when a patient with a headache and light-headedness is

diagnosed, Meniere’s disease may be possible if they are age 30s or 40s year old. However,
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if they are elderly, the possibility of cerebral infarction is higher. In addition, by hearing a
patient’s complaint that their abdomen hurts and seeing an examination image together,
it is possible to obtain more detailed information such as whether and to what degree the

stomach or intestines are involved.

To diagnose AMD, ophthalmologists usually conduct multiple tests. First, they may
measure VA using a standardized tool such as Landolt C. Second, they may perform a
dilated fundus examination using ophthalmoscopy, often documented in FP. Third, they
may screen for exudative macular change and choroidal neovascularization using OCT
images. Finally, to confirm lesion activity, they may evaluate the presence of abnormal
leakage from the choroidal neovascularization after injecting a contrast agent containing a
fluorescent dye into a vein in the arm. Ophthalmologists then comprehensively assess the
results of all the tests to decide the diagnosis and progression of AMD [4,67]. However, it

remains difficult to accurately predict the extent of VA recovery after treatment.

4.2 Conceptual Design for Embedding Diagnosis Process

We propose a VA prediction model that utilizes both medical images and patient profile
data to support prognosis prediction. The proposed model receives multimedia data as
input and outputs predicted posttreatment VA. Multimedia inputs include medical images
and profile data of the patient to predict posttreatment decimal VA. Figure 4.1i shows
examples of input image data. Fundus photographs are resized into 480 x 480 pixels. The
480 x 480 pixel central square region of fundus OCT-h and OCT-v images isolated and
obtained by cropping (Figure 4.1i, red square). The patient profile data includes gender,
age, affected side (right or left), and pretreatment decimal VA [29]. Figure 4.2 shows how
to preprocess patient profile data. Gender and affected side are categorized (0 or 1), and
age is normalized with min-max normalization as shown in Eq. 3.3.3, then normalized age
is multiplied by ten to convert the value to an integer in a process of standardization. We
convert pretreatment decimal VA to logMAR [17] with Eq. 4.2.1 for analysis as a continuous
variable, then we convert the floating value of logMAR to its integer by multiply decimal
VA by ten and adding the minimum value of logMAR then multiplying again by ten.
Finally, we concatenate all converted vectors as single patient profile data. We convert

posttreatment decimal VA to logMAR in the same way.

1

logM AR = log( DecimalV A

) (4.2.1)
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The model includes three layers that perform different functions to handle multimedia
input. Patient profile feature extraction layers extract features of gender, age, affected
side, pretreatment decimal VA, and pretreatment logMAR, which represents the initial
processes of a medical interview and general vision test (Fig. 4.1a). Image feature ex-
traction layers extract features from FP and OCT images, which represents the process of
fundus examination (Figure 4.1b). Feature combination layers concatenate features from
the image feature and patient profile extraction layers, which represents the process of

assessing the test results and making diagnostic and treatment decisions (Figure 4.1c).

4.3 Proposed Design

4.3.1 Bias on Extracted Features

Previous studies have reported deep neural network models that use images such as
FP and OCT obtained from patients to diagnose ocular diseases [8,21,31]. Rohm et al.
utilized machine learning algorithms including Random Forest and Lasso regression to
predict posttreatment VA from clinical data, including examination results and treatment
history of AMD patients in EMR [51]. Shun et al. used a convolutional neural network to
predict posttreatment VA from pretreatment OCT images in patients with branch retinal
vein occlusion [56]. However, few studies have reported deep learning algorithms to predict
posttreatment VA utilizing pretreatment images and non-image clinical data.

This section proposes a model to predict posttreatment VA, which uses both pretreat-
ment image data and non-image data of AMD patients. We use FP and OCT images as
image data and use patient profile data, including gender, age, affected side, and pretreat-
ment decimal VA as non-image data. Multimedia data may include multiple features that
differ widely depending on data type. If a prediction model is created without consider-
ing such differences, its accuracy may decrease. To accommodate different types of input
data, the proposed model was designed to receive input that includes a variable number of
dimensions, extract features from image data, extract features from patient profile data,
equalize the number of dimensions between input types, combine extracted features, and

output predicted VA as a numerical value.

4.3.2 Feature Integration Layers for EMR

Figure 4.1a depicts how features are extracted from patient profile data. The process
involves an embedding layer and FC layers. Figure 4.3 shows the flow differences between

one-hot encoding and embedding. An embedding layer is used for vectorizing patient profile
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Fig. 4.1: Overview of integrated model

data. That is, one item of data is assumed to have latent variables for a given number
of classes and is mapped to a multidimensional vector space. At this stage, since data
with similar meanings are brought close to each other in vector space, data continuity is
improved compared with the case of using one-hot encoding [22]. The embedding layer
converts patient profile data into particular dimensional features to facilitate subsequent
concatenation with image data. The embedding layer turns positive integers (indexes) into
dense fixed-size vectors. This study utilizes this layer to convert patient profile data into 20
and 100 dense vectors. Those feature vectors are converted into 100 or 500 vectors by the
latter FC layer. After conversion, FC layers are applied to each data set of each patient to

extract the features. Then extracted features are flattened into a one-dimensional vector.

4.3.3 Feature Integration Layers for Image

FP, OCT-h, and OCT-v are input into each extraction layer and converted into image
features as shown in Figure 4.1b.
To extract image features, DenseNet is used, which is a deep learning model commonly

used to classify and identify images [25]. Figure 4.4 shows the differences between CNN
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Fig. 4.2: Preprocessing of patient profile data

and DenseNet. DenseNet includes a layered structure called a dense block inside which
all subsequent layers are connected directly from any layer. Consequently, the layer re-
ceives the feature maps of all preceding layers. This structure is different from the general
convolutional process. The output of the dense block cannot connect to subsequent layers
when the size of feature maps changes. However, downsampling layers that change the
size of feature maps is an essential part of convolutional networks. To solve this, DenseNet
prepares transition layers comprising a 1 x 1 convolutional layer followed by a 2 x 2 average
pooling layer. DenseNet reduces gradient loss and efficiently transfers image features with
the dense block.

In the proposed model, each image type is input to a different DenseNet (Figure 4.1b-
1). The output layer of each DenseNet is deleted, resulting in the BN layer [26] (Figure
4.1b-2). We connect the DenseNet, which has 7 x 7 x 1024 dimensions, to the BN layer,
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Fig. 4.3: Flow differences between one-hot encoding and embedding

then integrate three outputs from FP, OCT-h, and OCT-v with the concatenation layer.

The extracted features are flattened into one dimensional vector (Figure 4.1b-3).

4.3.4 Combination of Layers

The data handled in the proposed design are images and patient profile data. The
original size of image data per patient is 480 x 480 x 3 pixels, and the features extracted
by DenseNet are 7 x 7 x 1024 dimensions. Since this feature is added by three types of
images and converted to one dimension for joining, the number of dimensions is the result
of multiplying each. On the other hand, patient profile data has an original size of 1 x 5
dimensions, and is expanded to 100 or 500 dimensions by the embedding and FC layers.
Each extracted feature may differ significantly in the number of dimensions. If the number
of dimensions of the obtained features is significantly different, only the feature with the
larger number of dimensions will be trained. Accordingly, prediction accuracy may be
reduced.

To adjust for the dimensions of features, the model equalizes their dimensionality in

two steps. First, the output from image feature extraction layers is reduced so that its
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dimensions match those of output from patient profile feature extraction layers. Next, the
model concatenates the image and patient profile features together. Several FC layers are
used to reduce the output from the image feature extraction layer. Gradually reduce the
number of dimensions to keep the main image features. To reduce the output features to
500 dimensions, FC layers with dimensions of 1000, 500, 500 were used. To reduce the
output features to 100 dimensions, FC layers with dimensions of 1000, 500, 100, 100 were
used. Image features and patient profiles are concatenated by arranging one-dimensional

feature arrays side by side. Concatenate layer was used for concatenation. Figure 4.5

shows an image of data concatenation in the concatenate layer, which concatenates data in
a specified dimensional direction. For example, two-dimensional data such as an image can
be concatenated in either the vertical or horizontal direction (Figure 4.5b). In the proposed

design, since the features are one-dimensional, they are concatenated side by side, as shown
in Figure 4.5a.

Finally, the concatenated result is connected to the output layer. Since the purpose of

the proposed design is to predict postoperative VA numerically, the task to be solved is a
regression task. Accordingly, the dense layer is utilized.
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Fig. 4.5: Overview of Concatenate layer

4.4 FEvaluation

4.4.1 FEvaluation Task

We describe experiments to test the effectiveness of our proposed method. We pre-
pared five experimental conditions and compared differences in MSE between predicted
and outcome data.

Table 4.1 shows the five test model conditions. We prepared three models to compare
the output accuracy among different input types, including single media and multimedia
inputs.

Model OI (only image), which receives only image input data, and model OP (only
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Table 4.1: Models for evaluate integration design
’ Model Name | Input Data | Embedding Class \ Number of Dimensions

Ol image

OP100 profile 20

OP500 profile 100

All-in100 both 20 100:100
All-in500 both 100 500:500

patient), which receives only patient profile input data, had FC layers after the compo-
nent described in Section. 4.3.2 and Section. 4.3.3 (Figure 4.6; OI, OP100 and OP500).
Therefore, OI received FP, OCT-h, and OCT-v, and output predicted logMAR, while OP
received patient profile data and output predicted logMAR. Model All-in, which receives
both image data and patient profile data, had layers 4.3.2 — 4.3.4. Thus, All-in received
FP, OCT-h, OCT-v, and patient profile data, and output predicted logMAR. With these
models, it was possible to compare accuracy under three conditions, namely when only
image data are input, when only patient profile data are input, and when both types of
data are input.

Two conditions were also prepared in OP and All-in. The two conditions differed in
the number of embedding classes and the number of dimensions when combining features.
One condition had 20 embedding classes and 100 dimensions when combining (Figure 4.6;
OP100 and All-in100), and the other had 100 classes and 500 dimensions when combining
(Figure 4.6; OP500 and All-in500). These models allowed us to compare the accuracy of
predictions due to differences in the number of dimensions combined and the number of

dimensional extensions of patient profile data.
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Fig. 4.7: Sample of input image and preprocessing

4.4.2 Data for Evaluation

Figure 4.7 shows examples of input imaging data, and how they were preprocessed,
including FP, OCT-h images, and OCT-v images. FP are originally rectangular, but since
DenseNet can only handle square images, the sides are cropped to render squares of size
480 x 480 pixels. Likewise, OCT images originally include a section which details the
camera, date, and cross-section orientation-the latter can be seen as a green line in the
examples in the figure. This section is cropped, then the OCT image is further cropped

resulting in a square of size 480 x 480 pixels.

The patient profile data includes gender, age, affected side (right or left), pretreatment
decimal VA [29], and logMAR. The patient profile data are converted according to the
method described in Section. 4.2.

This study was approved by Ethics Committee of Kyoto University Graduate School
and Faculty of Medicine (approval number R2366) and adhered to The Ethical Guidelines
for Medical and Health Research Involving Human Subjects in Japan as well as the tenets
of the Declaration of Helsinki. Informed consent was obtained using an opt-out method

agreed by the mentioned Ethics Committee.

The dataset included 315 data samples from patients who were diagnosed with wet
AMD at Kyoto University Hospital macular clinic and completed a regimen of intravitreal
injection of aflibercept for one year. Cross-validation to avoid overfitting was performed
since the sample number was relatively small. The 315 samples were separated into 295
for five-fold cross-validation, and 20 for testing. That is, five-fold cross-validation was

performed on 295 samples.
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Table 4.2: MSE of evaluation models

] Model Name ‘ MSE for Training data ‘ MSE for Validation Data ‘ MSE for Test Data

Ol 0.043 0.074 0.081
OP100 0.060 0.079 0.058
OP500 0.048 0.098 0.052
All-in100 0.097 0.103 0.082
All-in500 0.020 0.063 0.047

4.4.3 Results

Table 4.2 shows the five-measurement averaged MSE between actual and predicted
logMAR VA for each model. All-in500 yielded the best results among the models with the
smallest MSE. For test data, both OP models and All-in500 yielded smaller MSE than did
OI. Regarding the differences among embedding classes and the number of dimensions when
combined, MSE of All-in500 was smaller than that of All-in100 for training, validation, and
test data. MSE differed little between the two OP models within training, validation, and
test data.

Regardless of number of dimensions when combined with embedding class, MSE de-
creased in the order of OI, OP, and All-in with the exception of All-in100, for test data.
The All-in500 model resulted in a smaller MSE under all conditions, providing the best
prediction accuracy for test data. OI was accurate for training data, but its prediction
accuracy for test data was low, indicating low versatility. OP was accurate, but All-in500
was more accurate for training data and slightly more accurate for test data. MSE was
well below 0.2 logMAR in both All-in100 and All-in500 for test data. According to pre-
vious studies [27,52], if the MSE of logMAR exceeds 0.2, the clinical intervention can be
regarded as significantly effective. Based on the results presented, our proposed model

provides sufficient prediction accuracy.

4.4.4 Discussion

One advantage of a deep neural network is that it can efficiently integrate learning
processes using multimedia feature extractors, weighted feature addition, and a regression
converter. In comparison, a shallow model requires each function to be created separately.
Moreover, manual intervention may be required in the latter [43]. Meanwhile, a disad-
vantage of the deep neural network is that we cannot explicitly determine the respective
magnitudes of influence of the image and patient profile features or their extraction algo-
rithms.

Since the relative impact of image and patient profile features is unknown, adopting our
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novel strategy of using non-image data in combination with image data takes advantage
of both methods, suiting our purpose. Additionally, this approach allows us to extend the
model to include additional patient profile features, increase the amount of information
available to make predictions, and potentially improve its accuracy.

Our proposed model adopts a concatenation layer to equally utilize image and patient
profile features. The image and patient profile features are extracted in equal dimensional
orders. Especially for patient profile feature extraction, we adopt embedding layers that
convert inputs to certain density vectors to extract scalar and categorical values in the
patient profile data (see subsequent discussion for detail).

To validate the above concept, we set up two conditions for the concatenation layer
in the experiment. One concatenated the features in 100:100 dimensions and the other in
500:500 dimensions. In experiments the 100:100 condition yielded a larger MSE for the test
data than the 500:500 condition due to loss of image features with excessive dimensional
reduction by image feature reduction layers. However, the MSE of 500:500 condition was
smaller than that of other models for training, validation, and test data. Therefore, the
experimental results indicate that this concatenation process utilizing multimedia data is
useful to predict posttreatment VA.

Preprocessing the patient profile data is essential in our proposed model. As described
above, we adopt an embedding layer to convert scalar and categorical values of patient
profile data into dense vectors of certain sizes. This conversion contributes to the latter
process in concatenating the features equally. Additionally, we adopt logMAR order to
represent VA, which is intuitive for measuring differences in VA based on ophthalmologists’
opinions. However, the embedding layer may not always convert data that are related to
similar expressions [9]. Reliable conversion of the consultation data is essential to extract

valid patient profile data features.

4.5 Summary

This chapter proposed a deep neural network model that can predict posttreatment
VA given multimedia data of patients treated with anti-vascular endothelial growth factor
drugs. The proposed model receives pretreatment FP, OCT-h, and OCT-v image data, and
patient profile data as inputs and outputs predicted posttreatment VA. In the proposed
model, features from each input mode are extracted separately and then combined. To
ameliorate the effect of any difference in numbers of dimensions of input data, the model
adjusts the numbers of dimensions and features accordingly.

To verify the effectiveness of multimedia input and the numbers of dimensions when
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combined, we compared the MSE of predicted VA using the data of OI, OP100, OP500,
All-in100, and All-in500. We found that for test data, MSE was 0.081 for OI, 0.058 for
OP100, 0.052 for OP500, 0.082 for All-in100, and 0.047 for All-in500. These experiments
reveal that All-in100 and All-in500 give sufficient prediction accuracy because MSE is below
0.2 log MAR, a criterion for positive treatment outcome according to previous studies.

The main contributions of this proposed design include the following. It can predict
posttreatment VA with high accuracy from multimedia input to support physicians and
patients as a treatment guide. It showed a method of effective feature integration when
working with images and patient profile data. Since the same image and patient profile
data are often used in different medical scenarios, this multimedia method may be applied
to different predictors and diagnostic models that use similar data.

These contributions have an important impact in the design stages of developing a
CDSS development. The proposed design method was effective for feature integration of
images and patient profile data. The design method avoids some of the features obtained
from multimedia medical data from being eliminated by differences in the numbers of
dimensions. We showed an effective design method for the issues to be considered in

determining the structure of the classifier in the design stage of creating a model.




Chapter 5

Auto Generation of Multimodal
Medical Encoder

Chapter 5 proposes basic algorithms for the automatic MME generation system based
on proposed design methods for input and output data for diagnosis support in the medical
field.

The previous chapters presented a deep learning model design method that focused
on numerical and image data among multimedia medical data. The model was designed
to extract features from multimodal medical data and predict prognosis. The verification
results in Chapters 3 and 4 showed the optimum model design method for numerical data
and image data. If a model could be automatically generated according to input data,
physicians could develop a prototype of CDSS instantly without needing specialist deep

learning knowledge.

It is necessary to discriminate input data and apply the design according to data type
for automatic model generation. First, when the model receives input data, it determines
whether it is a numerical value or an image based on its format and form of array. Next,
the model sets the input layers to suit the data. Then the user selects the purpose as
diagnosis or prognosis. Finally, the model forms the output layer according to the selected
purpose. The proposed design also allows physicians to extract appropriate data features
without requiring any specialized knowledge of the disease with which they are dealing.
Users can also use a model that appropriately learns to integrate medical data.

This chapter focuses on numerical and image data frequently used to diagnose eye dis-
eases. First, the pertinent medical field numerical and image data are summarized. Then,
a deep learning model corresponding to each data type is described. Next, a system design

that understands the input data and the output purpose is described. Next, diagnostic
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data for AMD is processed into the type of data required. The diagnostic data were de-
scribed in Chapters 3 and 4. Then, a model is generated by the proposed system using
the data. Next, the generated model is verified and discussed to be appropriately designed
according to the input data. Finally, the automatically generated model is shown to be as

accurate as the other models proposed in this paper.

5.1 Input of Multimodal Medical Encoder

5.1.1 Input type

Chapter 2 mentioned that the data handled by clinicians includes text data such as
patient interview records, findings of imaging tests, and numerical data results of sample
tests such as blood tests and biochemical tests. Data in clinical practice also includes images
from X-ray fluoroscopy, and CT and MRI examinations, plus video data from abdominal
ultrasonography and endoscopy. Physicians integrate these multimedia medical data and
use them for diagnosis.

This study focused on numerical and image data often used to diagnose eye diseases.
This chapter describes how to automatically generate models that can handle these multi-
media medical data. It is necessary to prepare an input layer for each data and prepare a
layer for preprocessing and feature extraction when handling multimedia medical data in
a deep learning model.

In clinical practice, the primary purpose of physicians using multimedia medical data is
to diagnose. However, it also includes prognosis, treatment decisions, and confirmation of
treatment effects. The deep learning model also requires a design that returns appropriate

output according to purpose by changing the structure of the output layer.

5.1.2 Layer Component Assignment corresponding to Input Types

Many basic models have already been proposed as deep learning models for handling
numerical values and images in multimedia medical data. Chapter 3 mentioned that nu-
merical data used to be manually min-max normalized and age data categorized into ten
year vectors before data entry. However, it is possible to automatically convert it to a
categorical vector as an internal process using BN as a layer of a deep learning model or by
using softmax layer. The numerical data once converted is often feature-extracted in the
fully connected layer. For image data, the image size and shape is transformed manually
with unnecessary parts cropped by manual preprocessing. In addition, color tone, light-

ness, and darkness, were sometimes adjusted. Resizing, cropping, and processing the input
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image by dividing it into patches can be achieved using ViT as described in Chapter 3. It
is also possible to perform processing such as automatically determine the color tone of an
image and perform binarization by a program. The image identification model has been
improved since the proposal of CNN for image identification. MobileNet and Inception v3
were proposed as deeper and more accurate models. In addition, DenseNet was proposed to
minimize information loss during backpropagation. Many partial object recognition mod-
els have also been proposed to detect what object is in an image instead of identifying the
image. Typical models include R-CNN, YOLO, and SSD (single shot multibox detector).
Previous studies [41,62] used partial object recognition models to identify disease sites and

tumors from medical images such as CT and MRI.

5.2 Conceptual Design for Auto Generation System

Figure 5.1 gives an overview of our proposed auto-generation system. To create a
system that receives input data and information about the purpose in order to output a
design of an optimal deep learning model requires mechanisms to interpret the input data,
interpret the purpose, create an input layer, create the intermediate layer, and create an
output layer according to the purpose.

The pattern of data to be input is defined as a mechanism for interpreting input data
and creating an input layer corresponding to the input data. In addition, input layers are
prepared corresponding to each in advance.

First, numerical test results such as those of test samples are passed as int (integer)
type or float (floating point number) type data. Two patterns are assumed for the number
of dimensions of the passed data. In one, only the inspection result is passed as a one-
dimensional array. In the other, the inspection result as a string item is used as a key, and
the result of inspection by int type or float type value is passed as a dictionary type. Since
the range of data differs by inspection item, various numerical data may be passed.

Next, a three-dimensional int-type array is passed as image data. Image data have the
content of vertical width, horizontal width, and three RGB channels. When the image
data has three RGB channels, the numerical value for each pixel is between 0 and 255.
By determining that the data content is between 0 and 255, the data are interpreted as
images.

Users select an output format according to the purpose as a mechanism for interpreting
the purpose and creating an output layer according to the purpose. The model prepares an
appropriate output layer according to each option. The output objectives targeted in this

study can assume multiple patterns such as diagnosis and prognosis. Still, in the case of a
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Analyze the input data and select the appropriate layer.
Select the appropriate output layer according to the input purpose.

Data handled in the medical field Preprocessing layers and feature Fxtraction layers
*  Numerical Data: Sample test * Preprocessing: BN layer Feature extraction: FC layers
e Image Data: MRI, CT X-ray e Preprocessing and Feature extraction: ViT

Integrate the features after
matching the number of dimensions

Model purpose Output layer
* Disease diagnosis * Classification: Softmax layer
*  Prognosis prediction * Regressionn: Dense layer

Fig. 5.1: Overview of auto generation system

deep learning model, the output is either categorical or non-categorical. In other words, if it
is a diagnosis for a specific disease, it will output a categorical vector showing a probability
from 0 to 1 for that disease. When dealing with a regression problem that predicts a
numerical value, such as postoperative VA prediction, that non-categorical numerical value
is output. To make it easier for the user to make a judgment, users select their purpose
from the option of diagnosis or prognosis. As an internal design, these options determine
whether it is categorical or not. Two patterns of output layers are prepared according to

the purpose input.

Creating the intermediate layer mechanism includes the model designs proposed in
Chapters 3 and 4 which are prepared according to the input data. In other words, image
data is processed by the ViT layer, and numerical data by the BN and FC layers. When
combining the features obtained from each data, a mechanism is adopted in which the
combination is performed after the number of dimensions of the features is adjusted to 1:
1.
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5.2.1 Conceptual Flow of Auto Generation

This section shows the conceptual flow of the system that automatically generates the
MME.

First, line 1 to line 2 in algorithm 1 indicate the user’s data input. The user inputs
multimedia medical data X to be handled by the system and the purpose Y of the model.
The input data is assumed to be array type numerical data, dictionary type numerical
data, and array type image data. The objective of output is diagnosis or prognosis.

Next, the system interprets X by Function 1. Function 1 processing content is shown
in Section 5.2.2.

Then, as shown in line 4 to line 9 of algorithm 1, an input layer, a preprocessing layer,
and a feature extraction layer according to data type are added in the model. In the case
of numerical data, the pretreatment layer separates numerical data by type, and feature
extraction is performed by the BN layer and fully connected layers proposed in this study.
Next, in the case of image data, the input layer receives the image data as it is used which

is then divided into patches and the features extracted by ViT.
Next, as shown in the line 15 of the algorithm 1, the system adds to the model layers

that match the number of dimensions of the extracted features and a layer that integrates.
First, the number of dimensions of the model is determined whether the input data is
image data or numerical data. Next, the number of dimensions of the extracted features
is increased in the case of image data, and it is decreased in the case of numerical data.
Finally, increasing/decreasing the number of dimensions is repeated until the output of
each model has the same number of dimensions. The feature integration layer integrates
the outputs of each layer with the same number of dimensions side by side.

Next, the system interprets Y by the Function 2. The processing contents of Function
2 are shown in Section 5.2.3.

Then, as shown in line 17 to line 20 of algorithm 1, an output layer corresponding to
the data type is added to the model. In the case of y1, the model prepares a softmax
layer which calculates the probability of each diagnosis and outputs that with the highest
probability. In the case of y2, the model prepares a one-dimensional dense layer which
outputs a numerical value converted into a unit according to the purpose. Finally, the
generated input layer, feature extraction layer, and output layer are combined to generate
one MME.

Finally, the generated input layer, feature extraction layer, and output layer are com-
bined to generate one multimodal medical encoder.

The rest of this section summarizes the functions that each interpret the input and the
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Algorithm 1 Main process of auto generation system
Require: X, list of input data Y, Purpose
Ensure: M, Multimodal Medical Encoder
: X < x1,22, 23, User inputs data
Y < y1 or y2, User inputs purpose
IL + Funl(X)
for all ¢ in IL do
if ¢ is dict image or ¢ is array image then
M < layer for image
else
M < layer for numerical data

while all m in M is same number of dimension do
for all m in M do
if m is layer for image then
M < layer to decrease no. of dimensions of output of m
else
M < layer to increase no. of dimension of output of m

e T
W o

—
ot

: M < layer to integrate all model in M
: OL < Fun2(Y)

: if OL is categorical then

M <+ Softmax layer

: else

M < Dense layer
return M

N = e

output data.

5.2.2 Interpretation of input data

This section assumes that data [z1, 22, 23] is input, and the processing for each input
data is explained using pseudo-code. For each input data item, x1 is array type numerical
data, 22 is dictionary type numerical data, and x3 is image data.

First, as shown in line 1 of algorithm 2, each input data is separated. In other words,
the obtained input data is separated in the form of [z1], [22], [#3]. As a method of dividing,
the outermost large array is assumed as one data block in order from the front, and each
large array is interpreted as different data.

Next, the type of the separated data is interpreted as shown in line 2 to line 11 of
algorithm 2. Each data type can be divided into patterns. If-then rules are used to
determine which pattern each data applies to. There are two question patterns to be
judged by the if-then rule which are, is the data type dictionary or array type? And does

the data array have the same number of elements and is the data range 0-2557 First,
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Algorithm 2 Interpret input data
Require: list X, include multiple  and data type is 1, 22 or z3
Ensure: list 1L, list of input data types
1: for all z in X do
2: if z is dict then
if 0 < x.value< 255 then
IL + dict image
else
IL + dict numerical

else
if 0 < x < 255 then
IL <+ array image
10: else

11: 1L < array numerical
return /L

depending on whether the data is dictionary or array type, it is possible to classify it into
two patterns. Next, suppose the range of the data is 0-255. In that case, whether the
data is numerical data or image, data of the inspection results arranged in chronological
order can be determined. This is because the range of image data does not differ between
dictionary and array type. All patterns for which input can be expected can be determined

by determining these in stages.

Finally, the types of input data are combined into one array and returned. The model

produces input layers and feature extraction layers depending on the contents of this array.

5.2.3 Interpretation with the model purpose

This section describes the mechanism to interpret the selected output purpose and set
the output layer using a concrete pseudo-code. The data given for the output purpose is

[yl, y2]. It is assumed that y1 is the diagnosis result and 32 is the prognosis.

First, the output purpose is interpreted as shown in line 1 to line 4 of algorithm 3. The
Y received by the model is either y1 as diagnosis or y2 as prognosis selected by the user.
Next, the system determines whether the input Y is y1 or y2. In addition, y1 is set as
categorical output and y2 is set as non-categorical output in the system in advance and the
function outputs the determination result accordingly. The automatic generation system

generates an output layer according to this return value.
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Algorithm 3 Interpret purpose
Require: Y, data type of y is y1 or y2
Ensure: OL, whether Y is categorical or non-categorical
if Y is y1 then
OL + categorical
else

OL < non-categorical
return OL

5.3 Auto Generation of Multimodal Medical Encoder

Algorithm 4 shows the sequence of MME automatic generation. Algorithm 4 outputs
the Tensor object, which represents a partially defined computation that will eventually
produce a value. The concept of Tensor object has been introduced into popular deep
learning programming packages, such as tensorflow and pytorch. The program with the
tensor object first builds a graph of Tensor objects, details how each tensor is computed
based on the other available tensors, and then runs parts of this graph to achieve the

desired results.

Algorithm 4 Auto generation of Multimodal Medical Encoder
Require: X, list of input data Y, model’s objective
Ensure: M, a tensor containing computation of Multimodal Medical Encoder
X « {2}V, User input the model’s objective
Y < y, User output the model’s objective
inputs < Input(X)
Declare EARY as an array for each input layer
Declare dim as a particular dimension size
for 7 in inputs do
Declare E as a single-modal encoder
if 7 is dict image or ¢ is array image then
E « VisionTransformer(7)
else
E + EMREncoder(7)

EARY .append(E)

: M <« Concatenate(EARY")
: M < mlp(M)

. if is_categorical(y) then
M < Softmax (M)

. else

M < Dense(M)

: return M

—
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In algorithm 4, Dense implements the operation eq.(5.3.1),

y =n(Wx+b) (5.3.1)

where 7 is the element-wise activation function, W is a weights matrix created by the
layer, b is a bias vector created by the layer. Dense layer is known as the full-connection
layer in the neural network.

Concatenate is the layer that concatenates a list of inputs. It takes a list of a tensor as
input, all of the same shape except for the concatenation axis, and returns a single tensor
that is the concatenation of all inputs.

M LP is an implementation of Multi-layer perceptron, which is the piles of Dense and
Dropout layers (See Section 5.3.1).

Finally, the Softmax layer is an implementation of the softmax activation function,
also known as softargmax or normalized exponential function. It is a generalization of

logistic function to multiple dimensions shown as eq. (5.3.2),

0(2zi) = ——— for i=1,....,K and z=(z,...,2x) € RE (5.3.2)
> j=1€;

It applies the standard exponential function to each element z; of the input vector z and
normalizes these values by dividing by the sum of all these exponentials. This normalization
ensures that the sum of the components of the output vector o(z) is 1, which is also used
to determine whether or not y is a categorical vector.

VisionTrans former is a function that implements ViT model which was proposed by
Alexey Dosovitskiy et al. [11] for image classification. ViT applies transformer architecture
with self-attention to sequences of image patches without using convolutional layers. A
detailed-implementation of ViT is described in Section 5.3.2. EM RFEncoder is a function
that implements the feature extraction operation from a single scalar value. An in-detailed

implementation of EM REncoder is shown in Section 5.3.3.

5.3.1 Implementation of Multi-Layer Perceptron

Algorithm 5 shows implementation of a multi-layer perceptron.
mlp function in this system is implemented as a pile of Dense function, as shown in
eq.(5.3.1), and Dropout function. The Dropout layer randomly sets the input units to zero

with the frequency of dropoutrate at each step during training time. This operation helps
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Algorithm 5 Implementation of Multi-Layer Perceptron

1: function MLP(z, outdim, nlayers)

2 Declare x, as a tensor variable of the neural network model.
3 Declare outdim, as a output dimension size.

4 Declare nlayers, as a number of layers.

5: Declare dropoutrate, as a rate variable in dropout operation.
6 for n in nlayers do

7 x <+ Dense(outdim)(x)

8 x < Dropout(dropoutrate)(x)

9

return z

prevent overfitting. Inputs not set to zero are scaled up by m such that the sum
is unchanged.
Function mlp is commonly utilized for each algorithm in VisionTransformer,

EM RFEncoder, and our proposed auto-generation main procedure.

5.3.2 Implementation of Vision Transformer

Algorithm 6 shows implementation of ViT.

The VisionTransformer is a pile of multiple transformer blocks, which use multihead
attention as a self-attention mechanism applied to the patch sequence. The transformer
blocks produce a [batch_size, num_patches, projection_dim] tensor, which is processed via
a classifier head with softmaz function (eq.(5.3.2)) to produce the final class probabilities
output.
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Algorithm 6 Implementation of Vision Transformer

1: function VISIONTRANSFORMER(Z)

2 Declare z, as a tensor variable for the neural network model.

3 Declare patchSize, as a patch size for dividing the images into certain patches.

4 Declare numPatches, calculated by (imageSize//patchSize)?.
5: Declare projectionDim, as a dimension size for the projection.
6
7
8
9

Declare numHeads, as a headNumber in MultiHead Attention.

Declare trans formerLayers, as the number of repeatition of transformer layers.
patches < Patches(patchSize)(x)

encodedPatches < PatchEncoder(numPatches, projectionDim)(patches)

10: for i in transfomerLayers do

11: r1 < LayerNormalization(e~%)(encoded Patches)

12: attentionOutput <+ MultiHeadAttention(numHeads, projectionDim)(x1, z1)
> self attention

13: 22 <+ Add()([attentionOutput, encoded Patches))

14: 13 « LayerNormalization(e=%)(x1)

15: x3 < mlp(x3)

16: encodedPatches <— Add()(x2, x3)

17: r + LayerNormalization(e~%)(encoded Patches)

18: x < Flatten()(x)

19: x < Dropout(0.5)(x)
20: x < mlp(z)

21: return z
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Fig. 5.2: Graph Model generated by Vision Transformer Algorithm
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Patches function renders the images into patches of particular size with the given
patchSize (See Section 3.3). Layer Normalization normalizes the activations of the previ-
ous layer for each given example in a batch independently, rather than across a batch like
BN [26].

MultiHeadAttention is an implementation of multiheaded attention as described in
[63], which is a module for self-attention mechanisms that run through an attention mech-
anism several times in parallel. The independent attention outputs are concatenated and
linearly transformed into the given dimension. Definitions of mip and Dropout functions

are described in Section 5.3.1.

Figure 5.2 shows the graph structure generated by our proposed vision transformer gen-
eration algorithm, where both transformerLayers in VisionTransformer and nlayers
in mlp function are set to be one for simplifying the structure. As shown in Fig. 5.2 The
structure of ViT is not linear but is a complex graph model with several branches, which

can be found in many high-performance models proposed in recent deep learning studies.

5.3.3 Implementation of EMREncoder

Algorithm 7 shows implementation of EMR encoder. It extracts features of EMR, with
the piles of Dense and Dropout layers, which have been defined.

Algorithm 7 Implementation of EMR Encoder

1: procedure EMRENCODER(z)

2: Declare z, as a tensor variable for the neural network model.
3: x < BatchNormalization()(x)

4 x < mlp(z)

5 return z

BatchNormalization is a function that applies a transformation that maintains the
mean output close to zero and the output standard deviation close to one. The operation

of BatchNormalization with training is shown in eq.(5.3.3).

batch — mean(batch)
=" + 5.3.3
v var(batch) + € P ( )

where, € is a small constant, v is a learned scaling factor (initialized as 1), and f is

learned offset factor (initialized as 0).

Operation of BatchNormalization without training is shown in eq.(5.3.4).
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Fig. 5.3: Graph Model generated by EMR Encoder Algorithm

batch — moving_mean
y = v , + 8 (5.3.4)
Vmoving_var + €

moving_mean = moving_mean - momentum + mean(batch) - (1 — momentum)

moving-var = moving-var - momentum + var(batch) - (1 — momentum)

where, moving_mean and moving_var are non-trainable variables updated each time

the layer is in training mode.

Figure 5.3 shows the graph structure generated by our proposed EMR encoder gener-
ation algorithm, where nlayers in mip function is set at three to simplify the structure.
As shown in Fig. 5.3, The structure of EM RFEncoder is linear compared to the graph
structure of ViT. This is because these features are concatenated in the latter operations,

and there is a list of features for each scalar of EMR.
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5.4 Evaluation

5.4.1 Evaluation task

This section describes verification that the proposed automatic generation system works
as expected. The accuracy of the generated model is also verified by comparing it with the
proposed model in Chapters 3 and 4.

First, to verify whether the behavior is as expected, simulated case data is input to
the system. When users select the output purpose, the system confirms the input data
and model according to purpose are generated correctly. The automatically generated
model is compared with the model using the design proposed in Chapter 3 in the task
of postoperative VA prediction. By confirming similar accuracy, it is clarified that the
automatically generated model meets the proposed design of this study.

Three patterns of input data were prepared including array type numerical data and
image data, dictionary type numerical data and image data, array type numerical data, and
dictionary type numerical data and image data. Each input pattern was of two patterns,
one for diagnosis and the other for prognosis. That is, verification was performed in a
total of six patterns. Three prognosis and three prediction models were used for accuracy

verification.

5.4.2 Data for evaluation

AMD patient data used for verification in Chapters 3 and 4 was converted for input.
Numerical data, decimal VA and logMAR used so far could be used as array type data.
In addition, a dictionary type was prepared by adding “decimal VA” and “logMAR” and
keys to the preoperative decimal VA and logMAR, respectively. Image data, vertical and
horizontal cross-sectional FP and OCT image data used in verification so far could be
used as is. With three channels of RGB, the FP are 994 pixels vertical and 1500 pixels
horizontal, and the OCT images are 496 x 1532 pixels, respectively.

5.4.3 Results

Table 5.1 shows the combination of input data and generated model. Figure 5.4 also
shows an overview of the generated models. In combination 1, the BN and FC layers
are shown in Table 5.1: Models to evaluate integration design were selected for numerical
data, and ViT was selected as pretreatment and feature extraction layers for image data.
In combination 2, the models with the BN and FC layers were combined, and the ViT was

selected. In combination 3, the model in which the BN and FC layers were selected for each
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Table 5.1: Models for evaluate integration design

Model Name Input Data Purpose \ Input Layers \ Output Layer
Model 1 fner ical array, Diagnosis BN and FC, ViT Softmax
image
Model 2 numerical array, | iovion | BN and FC, ViT Dense
image
Model 3 num?rlcal dict, Diagnosis BN and FC, ViT Softmax
image
Model 4 num(?rlcal dict, Prediction BN and FC, ViT Dense
image
numerical array,
Model 5 numerical dict, Diagnosis | BN and FC * 2, ViT Softmax
image
numerical array,
Model 6 numerical dict, Prediction | BN and FC * 2, ViT Dense
image
Table 5.2: MSE for auto generated models
’ Model Name \ Input Data \ MSE for train data \ MSE for validation data
Chapter3 Model | Wmerical array, 0.039 0.054
image
Model 2 numerical array, 0.40 0.055
image
numerical dict,
Model 4 . 0.060 0.057
image
numerical array,
Model 6 numerical dict, 0.042 0.055
image

numerical data, ViT was selected for image data. Output layer was selected corresponding
to the purpose in each pattern. From the results, it can be said that the proposed system
design could understand the input data correctly. In addition, the design was able to select
a pretreatment layer and a feature extraction layer suitable for the input data.

Table 5.2 shows postoperative VA prediction errors of the model used for verification in
Chapter 3 and that generated by the proposed system. Results with the smallest prediction
error are underlined. The results showed that model 4 in which dictionary type numerical
data and image data was input had the largest prediction error for both training and
verification data. The MSE of model 4 for training data was 0.060 and that for validation
data was 0.057. The prediction errors of the model in Chapter 3 and models 2 and 6 were
about the same. The MSE of the model in Chapter 3 was 0.039 for training data and
0.054 for validation data, whereas that of model 2 was 0.040 for training data and 0.055
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for validation data. The MSE of model 6 was 0.042 for training data and 0.055 for the
validation data. The order of prediction error for training data was model 4 > Chapter 3

model = model 2 = model 6. The order of prediction error for training data was the same.
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Fig. 5.4: Overview of generated models
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5.4.4 Discussion

The first verification result shows that the proposed system design could generate a
suitable model for each combination of input data. This indicates that the input data
could be correctly patterned, and the proposed design could select the target. In this
verification, the data for diagnosing eye diseases were modified to create pseudo data.
However, even in the case of handling test data of other illnesses, sample test results are
numerical data and image test results are image data. That is, the contents would not
significantly differ. Recognition of the given input data can be altered by slightly changing
the if-then rule of the proposed design. Due to this versatility, the system can be applied
to diagnose other diseases.

Verification of the prediction accuracy of postoperative VA showed that the accuracy
of the model generated by the proposed system was similar to that of the model proposed
in this paper for both training data and verification data. This result revealed that the
automatically generated model was trained according to the proposed design of this study.
That is, the proposed system can automatically generate models that can be trained in
input data preprocessing and feature extraction. It was shown that the proposed system
could be used as an auxiliary tool for users without medical knowledge when developing a
CDSS engine.

5.5 Summary

In actual clinical practice, numerical data, image data, text data, and video data are
used. This chapter focused on numerical and image data used to diagnose eye diseases
and proposed a system design that generates an appropriate deep learning model design.
The proposed design showed the model objectives were selected for all data types that
may be handled. Input data type was determined based on predefined if-then rules in
the proposed design. After separating the input data, the appropriate pretreatment and
feature extraction layers are selected for each input data. In addition, the output layer
creates a softmax or Dense layer, depending on the user purpose of diagnosis or prognosis.

In verification of the proposed system design, it was confirmed that the intended model
was generated by converting data for diagnosing eye diseases into data of array type numer-
ical value, dictionary type numerical value, and image. In addition, accuracy in predicting
postoperative VA by the generated model was verified. The results showed that the gener-
ated model that combines the designs set according to each data type. Verification showed
that the proposed design could generate a model according to the input data and purpose

to make a diagnosis and predict prognosis.
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An automatic generation system of a deep learning model that can handle multimedia
medical data has two advantages. The user simply inputs input data they want to use,
selects the purpose, and generates the model. That is, no special knowledge is required to
create the deep learning model. Using the proposed system, physicians can easily make
prototypes of CDSS and possibly train them to diagnose efficiently. In addition, the model
performs appropriate feature extraction and feature integration according to medical data.

These contributions have an important effect on model creation and evaluation in the
CDSS development process. The proposed system allows physicians and systems engineers
to prototype CDSS for a task they desire. Automatic generation of prototypes may reduce

the duration of trial and error in modeling.




Chapter 6

Discussion

This study proposed a design method that performs appropriate pretreatment and
feature extraction for automatic generation of an efficient MME for a CDSS. In this chapter,
the proposed model in this study is considered from the viewpoint of its effectiveness in
diagnosis/prognosis as a deep learning model, and the influence of the deep learning model

on the medical field.

6.1 Use of the Proposed Design Method for Eye Diseases

This study aimed to design a deep learning model that can predict postoperative VA
using the same input data and interpretation method for the diagnosis of AMD. The
proposed design method can handle EMR and inspection image data used to diagnose
AMD.

Chapter 3 proposed a design that eliminates the need for manual preprocessing of in-
put data by automatically preprocessing according to specific criteria. The preprocessing
mechanism is embedded within the deep learning model in the proposed design method.
The model trains the preprocessing rules to perform preprocessing suited to the input data.
Verification of the utility of the proposed design method was performed by assessing its
ability to predict of posttreatment VA for AMD. The resultant prediction error when it
performed preprocessing of input data was similar to that when manual preprocessing was
performed, which implies the proposed design method was effective to automate prepro-
cessing of required input data. Further, since the design of the model is fixed, the same
processing style is applied for each type of data eliminating any potential designer bias.

Chapter 4 proposed a design method for feature integration that eliminates bias due
to differences in the number of dimensions of the features extracted from the input data.

The proposed design method combined features 1:1 by reducing or increasing the number

77
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of dimensions of the extracted features. Verification of the utility of the proposed design
method was performed by assessing its ability to predict posttreatment VA for AMD. The
resultant prediction error was smaller in the model that combined the number of dimensions
of 1:1 by the than in the model that did not match the number of dimensions, which implies
it is possible to connect to output without missing any feature by treating and interpreting
multimedia medical data equally.

In Chapter 5, we designed a system that proposes an appropriate model design by giving
input data and the purpose of the model. The proposed system automatically determines
the input data and prepares an appropriate preprocessing and feature extraction layer. In
addition, the proposed system prepares an appropriate output layer depending on whether
the purpose is diagnosis or prognosis prediction. The data used to diagnose eye disease
was entered and the design of the generated model was validated. Results of validation
showed that a proper model design was proposed for input data. This result implies it has
become possible to automate the generation of classifiers that require knowledge of deep
learning.

The results described in each chapter suggested that the proposed design method was
optimal for the task of postoperative VA in AMD. In addition, it has become possible to
use the data that physicians and technicians want to use as a tool to assist diagnosis and
analysis.

We focus on ophthalmic data treated in this study. EMR data is classified according
to the criteria of statistical scale, and image data is classified according to the criteria
of image type, with respect to the ophthalmic data treated in this study. Figure 6.1
shows the diagnostic process of AMD and data classification. Statistical scales include
nominal, ordinal, interval, and proportional data [58]. The EMR data used in this study
are classified into gender as nominal scale, decimal VA as interval scale, and age and
logMAR as proportional scale. Types of images include digital images of body parts taken
with a camera and reconstructed images in which other information is reconstructed as
a two-dimensional image. FP and OCT image data used in this study are classified into
digital and reconstructed images, respectively. The proposed design can be applied to
medical data with the same schema. Section 6.2 also focuses on and discusses the schema

of data handled by other clinical departments.

6.2 Effect of Proposal Design Method on Disease Diagnosis

This study focused on data used by physicians during diagnosis and aimed to repli-

cate their manual processing of the same data by deep learning in the model. The data
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to be handled included numerical data of sample test results, patient profile text data,
and image data from imaging tests. In the proposed design method, preprocessing and
feature extraction are performed for each input data, feature quantities are integrated,
and diagnostic results and prognosis prediction results are output. The proposed design
method was verified separately for the pretreatment/feature extraction part and the fea-
ture integration part. The pretreatment/feature extraction part achieved the same level
of prediction accuracy as the existing model. The feature integration part achieved a bet-
ter prediction error than the baseline model. The results implied that the design method
could automate preprocessing of data as effectively as preprocessing performed with the
special knowledge of the physician. In addition, it was shown that the features of each data
could be integrated and judged and that learning was possible without manually giving

the relationships among each data.

First, we focus on the data types handled by medical institutions. Medical data han-
dled in clinical departments other than ophthalmology are classified according to the same
criteria in Section 6.1. Figure 6.2 shows the pulmonary thromboembolism diagnostic pro-
cess and data classification given as an example of the diagnostic process in other clinical
departments. Nominal scales include data on disease names, medical conditions, and find-

ings, and ordinal scales include data on disease severity and cancer stage. Interval scales
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include sample test results and body temperature, and proportional scales include height,
weight, and blood glucose levels. Digital images include photographs of the affected area.
Reconstructed images include CT and MRI images. In this way, most data types used in
medical practice can be classified by this standard. Even for data from different clinical
departments, the proposed design method of this study is effective, and it is possible to
generate MME with this automatic generation system if the data has the same schema.

Next, we focus on the model structure of deep learning. Many examples of ensemble
learning models have been proposed in the medical field [40,59]. Ensemble learning is a
model that integrates output results obtained from a weak learner, which is a model that
performs slightly better than random guessing, and outputs the final result. The weak
learner handles each multimedia medical data separately, and outputs results. After that,
the output results are summarized by a method such as majority voting and yielded as the
final result.

In the actual medical field, there are radiologists and image interpreters for each type
of examination image, and there are examination engineers who each specialize in genomic
examinations in one diagnostic task. In many hospitals, physicians are finely specialized

and subdivided according to specialty. Clinical departments are divided, and diagnosis and
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treatment are performed by each. On the other hand, in modern medical care in Japan, the
number of medical institutions that have general medical care departments has increased.
These are departments that understand human beings as a whole and provide multifaceted
medical care without being limited to specific organs or diseases. In addition, the number
of general medical care specialists is also increasing [38]. The general clinical department
provides medical examinations and diagnoses to patients who present to the hospital with
symptoms. In the case of emergency physicians, they also need to judge patients from
various angles regardless of their specialty, and the number of emergency transports to
hospitals is increasing year by year [18,19]. Considering these social needs and trends,
it can be said that there is a need for human resources that can derive a diagnosis after
integrating and interpreting each data, rather than making individual judgments. The
proposed design method of this study is a model that combines input data on a feature
quantity basis. That is, the proposed design method drops all the data into one hyperspace,
outputs diagnostic results, and predicts prognosis. In addition to being more accurate than
the existing model, the system design that matches social trends is an advantage of the

proposed design method in this research.

6.3 Effectiveness of Proposed Design Method on CDSS De-

velopment

This study focused on three issues in CDSS development including an inability to handle
all the data used for diagnosis, different processing of the same data for each classifier, and
high costs required to make a CDSS.

Embedding the pretreatment process proposed in this study into a deep learning model
was as effective as manual pretreatment based on the knowledge of physicians. This result
reveals that the time-consuming task of manual preprocessing can be replaced by the
proposed design method, and the preprocessing can be performed according to a unified
standard. In addition, it was shown that the proposed design method would allow systems
engineers to perform appropriate pretreatment without medical knowledge or physician’s
instructions.

Next, the feature integration proposed in this study eliminates the binding bias from
features with different dimensional numbers and integrates evenly. Multimedia medical
data used for diagnosis in clinical settings may contain large differences in numbers and
types of extracted features, and it is necessary to treat each item of data with equivalence
for an unbiased diagnosis. The proposed design method allows for interpretation of features

obtained from each data, similar to the best practice of a physician.
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Finally, the automatic generation system proposed in this study generates MME simply
by giving input data and purpose. The proposed system allows physicians to prototype
CDSS for the task they seek. Physicians can proceed with prototype considers in advance,

and the duration of trial and error in modeling is reduced.

6.4 Effectiveness of Deep Learning in the Medical Field

Deep learning models have made remarkable achievements in image recognition, object
detection, and speech recognition, to mention a few. In the medical field, many studies
using deep learning models have been conducted, such as detection of lesions in images,
prediction of prognosis from test results, and diagnosis of specific diseases from multiple
test images.

However, especially in the research of diagnostic imaging systems, the accuracy of
lesion detection and diagnosis from medical images is lower than image recognition for
discriminating general dogs and cats. This is because the difficulty level is different. In
general image recognition and object detection, tasks such as detecting a person in an image
of a person running on a hill and finding an airplane flying in a blue sky background are
performed in which the features of the target object and characteristics of the background
are profoundly different. In contrast, the positions of feature points such as color, shape,
blood vessels, and bones, which are general feature quantities, are similar in medical images.
The task is to find one subtly different lesion site from among them. Just as layperson
without medical knowledge cannot identify lesions or abnormal sites in medical images,
the task is complicated for deep learning models.

In the field of speech recognition, some researchers attempted to perform more accu-
rate speech recognition by training not only speech information but also the image of the
speaker’s mouth [16]. Such a model facilitates judgment by using information supplemen-
tary to the original information. This concept describes a physician’s diagnosis process.
Physicians do not consider images, blood test results, or patient interviews in isolation.

This study adopted an approach that combines evidence of multimedia medical data for
problems that are difficult to diagnose with a single medium. The proposed design method
is consistent with the handling of multimedia medical data by physicians. As a result,
the proposed design method can predict postoperative VA of AMD, which is difficult even
for physicians, with a sufficient level of accuracy for clinical practice. This implies that
information which would be considered redundant noise in sample test results and patient
profiles were eliminated noise, making it easier for the model to extract appropriate features

for tasks difficult to judge from image data alone. The training was also possible while
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having a large number of features. That is, a deep learning model that combined multiple
modalities was effective, especially when considering the diagnostic process of physicians.
Moreover, it will be a practical approach when providing diagnostic support using a deep

learning model in the medical field.

6.5 Limitations

There are limitations to this research. All validations in this study were performed using
multimedia medical data collected to diagnose AMD. The input patterns of numerical
values and images required for the automatic generation system validation of the deep
learning model were created in a pseudo manner by converting eye disease data. Still, they
were not obtained from an existing EMR. system. A possible problem with this limitation
could be different data patterns entered in an actual medical setting. By passing data that
is not expected as input data, there is a possibility that inappropriate input layers and
feature extraction layers would be generated. There is a concern that model learning will
not proceed well and that model generation will not be possible. The algorithm of the
proposed system built an algorithm that refers to the value of the element in the input
data and separates it. Still, it is assumed that it will not be effective if another data is
added and the dimensions have changed.

In addition, this study excluded data with time-series information from multimodal
medical data, since the focus of our study at this time was a first encounter between a
physician making a diagnosis in a patient. Actually, physicians not only diagnose the
patient’s condition with a multimodal medical data in one visit, but with multiple visits
to the hospital. Several deep learning models have been proposed for handling these time-
series data [66,68]. To embed those concepts into our MME design methods and its
automatic generation is the next essential challenge for supporting the rapid prototyping

of MME.
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Chapter 7

Conclusion

The proposed system aims to enable physicians to develop CDSS prototypes without
specialized knowledge of preprocessing and neural network model design. CDSS currently
used in the medical field often warns of duplication of treatment from drug order informa-
tion and detects contraindications for concomitant use of drugs. In recent years, research on
CDSS that supports physicians’ diagnosis using machine learning methods has increased.
Thus, this research focused on CDSS that supports diagnosis.

For example, blood tests and biochemical tests in the medical field that measure the
number of enzymes in blood and urine are collectively called sample tests. In addition, ab-
dominal ultrasonography, physiological examinations, and imaging examinations are per-
formed in addition to electrocardiograms, X-ray fluoroscopy, and CT examinations and
image examinations include MRI examinations and endoscopy. The physician uses mul-
timedia inspection data, including numerical and image data and palpation results, to
comprehensively diagnose the patient’s disorder.

This study named the deep learning model, which is a classifier included in CDSS, a
multimodal medical encoder (MME). The design methodology to comprehensively develop
the deep learning model with multimedia medical data input for diagnosing patient dis-
orders was proposed. The proposed design method includes receiving multimedia medical
data as input and extracting features from each data, combining the obtained features, and
outputting a result according to the user’s determined purpose, which may be either diag-
nosis or prognosis prediction. The proposed design method could be roughly divided into
main parts including data input, preprocessing, feature extraction, feature integration, and
output. Different input layers are prepared for each data type and operate separately in
the data input part. The preprocessing and feature extraction parts are connected to lay-
ers that perform preprocessing of input data. The layers combine ViT for clinical images

and fully connected layers for EMR. The proposed layers were prepared to concatenate
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multimodal clinical data features passed from the preprocessing and feature extraction
parts in the feature integration part. Before the integration part, the layer to adjust the
number of dimensions of the feature was prepared. Finally, the output part interprets the
integrated clinical features, calculates the disease probability, and outputs the diagnostic
or prognostic results. In addition, based on the proposed design method, this study devel-
oped an automation design system of an appropriate deep learning model regardless of the

combination of multimedia clinical input and its output purpose.

Verification of the utility of the proposed design was performed for preprocessing and
feature extraction, feature integration, and automatic generation. The dataset for veri-
fication included 315 data samples from patients who were diagnosed with wet AMD at
Kyoto University Hospital macular clinic and completed a regimen of intravitreal injection
of aflibercept for one year. In verifying the preprocessing and feature extraction part, pre-
dicting postoperative VA of AMD was performed. EMR, FP, and OCT images were used
as input data. In experiments, prediction errors in the proposed model with preprocessing
and integration layers were compared with those in the baseline model with manual pre-
processing. The prediction error of the proposed model incorporating the proposed design
was 0.054 and that of the baseline model was about 0.052 for verification data, which are
similar revealing that the proposed design method can preprocess multimodal medical data

automatically.

In verifying the feature integration part, prediction of postoperative VA of AMD was
selected as a task. Three models were prepared to verify the effectiveness of the proposed
design: a model that utilizes only image data as input, one that uses only EMR data, and a
model that uses both. The prediction errors for the test data were 0.081, 0.052, and 0.047,
respectively. This result suggests that more accurate support of physicians’ diagnosis and
prognosis can be achieved by integrating and interpreting multimedia medical data based

on features.

In verifying the automatically generated system, this study confirmed whether the
system could generate an appropriate model according to the given input data and purpose.
In verifying the accuracy of the developed model, data used to diagnose AMD was converted
into data expected to be received by the automatic generation system, and the model
generated by actually inputting was confirmed. As a result, a structure with BN layer
and an FC layer for array type numerical data, a design with BN layer and FC layer for
dictionary type numerical data, and a structure with ViT for image data were generated. In
addition, when the purpose is diagnosis, the softmax layer is generated as an output layer,
and when the purpose is prognosis prediction, the Dense layer is generated as an output

layer. The result showed that a model to which the design prepared for each data was
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applied was generated, and the model had an output layer according to selected purpose.

Verification results of the preprocessing and the feature extraction part showed the
proposed method could generate a classification model that achieved performance similar to
that of a physician manually preprocessing input data. The experimental results revealed
that our proposed preprocessing and feature extraction design could handle multimedia
medical data with a unified standard.

Verification results of the feature integration part revealed that combining multimedia
medical data and our proposed integration layers yielded better performance than baseline
results due to optimization with training.

Verification results of the automatic generation system suggested that an appropriate
model could be automatically generated according to input data and purpose. Thus, it
is expected that the automatically generated structure proposed in this study will enable
users to create prototypes of diagnostic support systems using deep learning models and

analyze diseases using data of their choice.

7.1 Contributions

Since physician diagnosis requires deep clinical knowledge in multiple clinical fields,
it is a burden for physicians to diagnose patients in a short time period. It is essential
to develop a better CDSS to support comprehensive diagnosis to reduce these burdens.
For example, CDSS could inform physicians of possible diseases to prevent them from
overlooking those diseases. To be able to handle data similar to the way a physician does
brings several advantages. It can exhaustively search and refer to diagnosis histories in
the hospital information system (HIS) . In addition, by comprehensively interpreting the
features of the data as physicians do, CDSS could find an abnormal condition by transverse
analysis. This proposed design method and automatic generation system could build an
appropriate CDSS engine model using a combination of sample test data in a medical
institution. This proposal has two significant contributions to developing CDSS in clinical
settings; the automation of preprocessing of input data and automatic generation of a deep
learning model.

As for preprocessing automation, from the viewpoint of physicians performing diag-
noses, most do not have technical knowledge of deep learning. CDSS can inform physicians
of system estimated diagnostic results by a deep learning model. In addition, even though
a target disease may not be within the clinical field for which a physician was trained,
the model can assist the physician since it can be trained with cross-medical-field datasets

in HIS. In current practice for developing deep learning models, physicians play a major
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role in categorizing patient profile data and trimming and resizing clinical images. The
proposed design method releases physicians from these burdens by automatically deciding
appropriate preprocessing layers inside the model structure.

The automatic generation system contributes to shortening the development period
of the entire CDSS. If the automatic generation system enables physicians to develop
prototypes of CDSS without specialized knowledge of preprocessing and neural network
model design, physicians will be able to prototype and consider models themselves. In the
development process, physicians decide the target disease, collect data, preprocess it, and
then ask the system vendor to develop a CDSS which could take years since they may have
to make and test many prototypes in consultation between physicians and engineers. Long-
term development is also susceptible to increased human costs and model modifications
due to changes in diagnostic criteria. Physicians can prototype a model without special
knowledge about deep learning by collecting data with the automatic generation system.
The time required for creating the classifier can be reduced by examining the CDSS in
advance with our proposed model auto-generation system.

Through those improvements of CDSS development, it is expected that patients receiv-
ing medical care will have more opportunities to receive safer medical care from a physician
using CDSS. The reduction of the development cost of CDSS by the automatic generation
system will lead to the development of CDSS corresponding to various diseases. Diagnosis

by physicians and CDSS for many diseases will give patients more peace of mind.
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