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ABSTRACT

Recently deep learning has been used as a new classification platform and has been applied
to many domains. In some domains such as bioinformatics and healthcare constructing a
large-scale well annotated data-set is very difficult. As such labeled data are limited. This
structured data in healthcare are small data-set and because of that deep learning approaches
do not perform well on their classification. Transfer learning relaxes the hypothesis that
learning should occur purely based on specific data-sets, which motivates us to use transfer
learning to solve the problem of insufficient training data. In this dissertation, I introduce
my efforts toward creating a complete, fully automated and efficient deep transfer learning
method to handle the imbalanced data of breast cancer. I compared our results with state-of-
the-art techniques for addressing problems of imbalanced learning, poor performance learning
and confirmed the superiority of the proposed methods. I conducted a meta-analysis to
analyze the status of healthcare-related Transfer Learning(TL) studies in terms of the study
targets, TL model(s) used, Healthcare data, type of study area, and level of classification
accuracy achieved. Subsequently, a detailed review is conducted to describe/discuss how
TL has been applied for improving the accuracy of diagnosis in healthcare including images,

text, audio, video and structured Electronic Health Record data classification. I further



present my deep transfer learning model to improve the accuracy of classification in diabetes
disease. Finally, I demonstrate the significant performance gains of our model compared to
state of art techniques for classification. Based on the experimental results, we concluded
that the proposed deep transfer learning on structured data can be used as an efficient method
to handle imbalanced classes and poor performance learning on small dataset problems in

clinical research.
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Chapter 1

INTRODUCTION

1.1 Structured Electronic Health Record

EHR adoption has facilitated clinical documentation data for research and better inform
clinical decision making [1]. However, it was designed primarily for patient care and reim-
bursement purposes and often lack the standardization necessary for secondary data analysis.
Structured data entry can be time-consuming, and its adoption varies widely among different
end-users [2],[3]. Clinicians often are unwilling to accept the data entry burden because of
the negative impact on physician productivity unless receiving significant returns for their
efforts. Therefore insufficiency of labeled data in healthcare renders many statistical ap-
proaches unusable. For example, a patient diagnosed with "type 2 diabetes mellitus” can be
identified by laboratory values of hemoglobin A1C greater than 7.0, presence of 250.00 ICD-9
code, "type 2 diabetes mellitus” mentioned in the free-text clinical notes, and so on. On the
other hand healthcare data suffers from "rare cases” or "rare classes” [4],[5],[6]. Imbalanced
property of healthcare data is a major challenge. For example, most health datasets usually
have very few cases of the target disease, when compared to the number of healthy patients

in the dataset [7]. When positive instances or target class has significantly fewer observations
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than negative instances of other classes, the imbalanced classification problem presents in
binary classification. The former is usually called a minority class, and the latter, a majority

class.

1.2 Motivation and research objectives

Machine learning and deep learning have found many applications in healthcare domains,
where we look to build predictive models based on labeled training data.

The success of predictive algorithms largely depends on feature selection and data represen-
tation. Contrary to traditional machine learning approaches, deep learning does not require
domain-specific data pre-process and it is expected to change human life in the future [8].
Deep learning can help clinicians diagnose disease, identify cancer sites, recognize drug ef-
fects and understand the relationship between genotypes and phenotypes, phenotyping and
predict infectious disease outbreaks with high accuracy [9],[10]. Phenotyping has many ap-
plications in cohort construction for genomic studies, quality improvement, risk adjustment
and detection undiagnosed disease [11].

In practice, obtaining high-quality labels are typically unavailable during delivery of care,
and to label, new data is time-consuming and expensive, because the domain experts are
highly trained physicians. Labels in the electronic health record are scarce, and even when
we obtain a training dataset by paying an expensive price, it gets easily out of date and
thus can not be effectively applied in the new task [12],[13]. A small and labeled dataset
for a specific task is easier to collect but results in machine learning algorithms that tend to
perform poorly on new data [14]. On the other hand, leveraging data from other institutes
are difficult because of differences with patients and its data coding and capture.

The scarcity of labeled data in healthcare renders many statistical approaches like deep

learning unusable [15] because successful training deep learning models always need large
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amounts of data to understand the latent patterns of data [16],[17],[18]. In this research, we
use transfer learning to mitigate imbalanced classes and small training data problem. The
transfer learning methodology relaxes the assumption that the training and test data must
have the same feature space or distribution, thus models trained on one domain (source) can
be applied to a different domain (target) [19],[20]. We explore the transfer of knowledge from
one or more source structured EHR in which training labels are plentiful and more mean-
ingful to target tasks in which have fewer labels with limited clinical value. In particular,
we use case studies including breast cancer and diabetes which are two rapidly increasing
diseases in the world to illustrate the importance of Deep Transfer Learning on structured
EHR data. For case study 1, I used publicly available breast cancer datasets to develop
source model and used that to facilitate learning on MayoClinic Health system target DTL
classification model. Then I used Mammographic Mass dataset to generalize my results. For
case study 2, I used the diabetic readmission dataset to develop a source model. Then, I
used this source model to facilitate learning on the Pima Indian diabetes DTL classification

model.

1.3 Contributions and outlines

To be specific, two main problems have been addressed in this dissertation. In the following
paragraphs, I first explain each problem, then the contributions of this study to resolve those
problems are discussed. The first problem is the highly imbalanced data in healthcare which
causes classifiers to classify instances as negative and makes classifiers insufficient to get used
in clinical decision making. This problem is presented and addresses through in case study
1.

The second problem is the lack of sufficient labeled data for deep learning to accurately

predict disease and help clinicians in clinical decision making. Unlike traditional machine



learning methods, in which the creator of the model has to choose and encode features ahead
of time, deep learning enables a model to automatically learn features that matter. In this
way, a deep learning model learns a representation of the dataset. The pre-order layers in the
model can identify high-level features of training data, and subsequent layers can identify the
information needed to help make the final decision. Deep learning models extract important
features by iteratively transforming the data, ”going deeper” toward meaningful patterns in
the dataset with each transformation. However, a large dataset is needed for the utilization
of complex healthcare data. This problem is presented and addresses through in case study
2.

I proposed a network-based deep transfer learning (DTL) which is non-linear classification
model on structured healthcare data to address a class imbalance problem and insufficiency
of labeled data in healthcare. Deep learning extracts more effective features by building
deep structures. These features relax mismatch between source and target domains. Conse-
quently, deep learning can generate more domain-invariant features for knowledge transfer
between domains.

Using transfer learning can potentially solve lack of sufficient labeled data problem by bridg-
ing the source and target domains vis-a-vis learning invariant feature representations from
the source domain. In transfer learning the source domain can differ from the target domain
by having a different feature space, a different distribution of instances in the feature space,
or both. This DTL assumes that all the data lie in the same feature space with differences
in underlying distributions across tasks. It uses learning from one task on to another task
without the requirement of learning from scratch and in this way it directly addresses the
smarter parameter initialization point for training the neural network. Using transfer learn-
ing, especially in the Healthcare area which suffers from the imbalanced dataset and small
labeled dataset improves AUC. AUC has a meaningful interpretation of disease classification

from healthy subjects.



1.4 Dissertation organization

Chapter 1 provides an introduction to this study. Chapter 2 provides challenges, current
solutions to those challenges, related work in applying transfer learning on structured health-
care data and details of implementing DTL in structured healthcare using two real world
case studies. Chapter 3 focuses on the Meta-Analysis of Transfer Learning in Healthcare
Effectiveness. In chapter 4, the summary of this study is discussed. It is followed by future

directions for this research.



Chapter 2

LITERATURE REVIEW OF DEEP
TRANSFER LEARNING IN
HEALTHCARE

2.1 Introduction

Electronic health records (EHRs) are capturing the thoughts and orders of the best-trained
physicians along with images and reactions from their treated patients. Meanwhile advances
in deep learning are beginning to supplement clinical medicine. Machine learning and deep
learning have become a new trend in healthcare and opened a research era. Deep learning is
fast becoming a key instrument in artificial intelligence applications. For example, in areas
such as computer vision, natural language processing, and speech recognition, deep learn-
ing has been producing remarkable results. Therefore, there is a growing interest in deep
learning. One of the areas where deep learning excels is image classification. With deep
learning, researchers discover nonlinear relationships between variables and help clinicians

and patients with an objective and personalized definition of disease and solutions. Deep
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learning models are basically made up of data itself rather than requiring domain experts
and models divide the clinical trials into subgroups according to their clinical information.
Deep learning is assisting medical professionals and researchers in discovering the often hid-
den opportunities of research and decision making within large stores of medical data and,
therefore, in serving the healthcare industry better. Deep learning in healthcare provides
doctors with accurate disease analysis and helps them treat their patients better, also result-
ing in better medical decisions. Deep learning algorithms attempt to learn high-level features
from mass clinical data, which makes deep learning surpass traditional machine learning. It
can automatically extract data features by unsupervised or semi-supervised feature learning
algorithms and hierarchical feature extraction. In deep learning models, pre-ordered layers
in the model can identify high-level features of training data, and the subsequent layers can
Identify the information needed to help the model to make a classification [21].

In contrast, traditional machine learning features need to be designed manually, which in-
creases user burden. Therefore, plenty of experimental works have implemented deep learning
models for health informatics, reaching alternative techniques that have been used by most
clinicians in order to predict and diagnose disease before actual healthcare problems occur.
Nevertheless, the application of deep learning to health information raises a serious problem
of the lack of sharable data in healthcare. Deep learning has a very strong dependence on
large training datasets compared to traditional machine learning methods because it needs
a large amount of data to understand the latent patterns. In deep learning, there is an
interesting phenomenon where the scale of the model and the size of the required data has
an almost linear relationship. An acceptable explanation for why deep learning requires a
large training dataset is that for any given problem, the expressive space of the model must
be large enough to discover the patterns under the data.

Although there are no hard guidelines about the minimum number of training sets, includ-

ing more data can make more stable and accurate models. However, insufficient training



data is an inescapable problem in the medical domain. There is often a lack of available
data because in general, the number of patients is limited in a clinical scenarios for most
diseases, and particularly for rare diseases, such as certain age-related diseases. In addition,
health informatics requires domain experts more than any other domain to label complex
data and test whether the model performs well and is practically usable with such small
training datasets [22].

The collection of data is complex and expensive that makes it extremely difficult to build a
large-scale, high-quality labeled dataset. Although labels generally help to have good per-
formance of clinical outcomes or actual disease phenotypes, label acquisition is expensive.
For example, each sample in the bioinformatics dataset is often demonstration a clinical
trial or a pain patient. In addition, even we obtain a training dataset by paid an expensive
price, it is very easy to get out of date and thus cannot be effectively applied in the new
tasks. Therefore, there is still no complete knowledge of the causes and progressions of many
diseases due to the lack of available clinical data.

The basis for achieving an accurate model is the availability of large amounts of data with
well-structured data store system guidelines. Also, we need to attempt to label EHR data
implicitly with unsupervised, semi-supervised, and transfer learning, as previous articles [23].
In general, the first admission patient, disabled or transferred patient may be in worse health
status and emergent circumstance, but with no information about medication allergy or any
history. If we can use simple tests and calculate patient similarity to see the potential for
each risk factor, modifiable complications and crises will be reduced.

Transfer learning relaxes the hypothesis that the training clinical data must be independent
and identically distributed (i.i.d.) with the test clinical data, which motivates us to use
transfer learning against the problem of insufficient training clinical data [24]. For example,
adversarial transfer attempts to handle non-IID data, such as data that is not independent

and identically distributed [25]; for instance, social network data utilizes adversarial based



transfer techniques. In transfer learning, the training data and test data are not required
to be i.i.d., and the model in the target domain does not need to train from scratch, which
can significantly reduce the demand for training clinical data and training time in the target
domain. Furthermore, to train the target disease using different disease data, especially
when the disease is class imbalanced, transfer learning, multi-task learning, reinforcement
learning, and generalized algorithms can be considered. In addition, data generation and
reconstruction can be other solutions besides incorporating expert knowledge from medical
bibles, online medical encyclopedias, and medical journals.

With the growth of deep learning [23], transfer learning has become integral to many ap-
plications especially in medical imaging, where the present standard is to take an existing
architecture designed for natural image datasets such as IMAGENET, together with corre-
sponding pre-trained weights (e.g. ResNet, Inception), and then fine-tune the model on the
medical imaging data.

Deep learning is well suited for medical data as it can identify patterns in sparse, noisy
clinical data, and requires little input-feature engineering. Due to the dominant position of
deep learning in Healthcare, a survey on deep transfer learning in the healthcare and its ap-
plications is particularly important [26],[27]. This survey paper aims to, define deep transfer
learning in healthcare and review transfer learning papers on different types of disease. This
paper provides an overview of current methods being used in the field of transfer learning as
it pertains to data mining tasks for classification. Then we categorize transfer learning into
four main categories and provide a researcher interested in transfer learning in healthcare
with an overview of related work. The selected surveyed works in this paper are meant to
be diverse and representative of transfer learning solutions in the past 5 years. Most of the
surveyed papers provide a generic transfer learning solution; however, some surveyed papers
provide solutions that are specific to individual applications.

Since the publication of the transfer learning survey paper by Pan [28] in 2010, there have



been over 700 academic papers written addressing advancements and innovations on the
subject of transfer learning in healthcare. These works broadly cover the areas of new al-
gorithm development, improvements to existing transfer learning algorithms, and algorithm
deployment in new application domains.

The remainder of this paper is organized as follows. The “Definitions of transfer learning”
section provides definitions and notations of transfer learning. The “Homogeneous transfer
learning” and “Heterogeneous transfer learning” sections provide solutions to homogeneous
and heterogeneous transfer learning, while “Negative transfer” section provides information
on negative transfer as it pertains to transfer learning. “Transfer learning application” sec-
tion provides examples of transfer learning applications. Lastly, “Conclusion and discussion”

section summarizes and discusses potential future research work.

2.2 Deep Transfer Learning in Healthcare

Traditional learning in the healthcare area is isolated and occurs purely based on specific
tasks, healthcare datasets, and training isolated models. No knowledge can be transferred
from one model to another [29],[30]. In transfer learning in healthcare, we can leverage
knowledge (features, weights, etc.) from previously trained models on open-source data for
training newer models on the specific disease and even tackle problems like having less data
for the newer task. These methods as shown in Figure 2.1 benefit the pretrained models in.
healthcare. In transfer learning, the neural network is trained in two stages: 1) pretraining,
where the network is generally trained on a large-scale benchmark dataset representing a
wide diversity of labels/categories; and 2) fine-tuning, where the pre-trained network is
further trained on the specific target task of interest, which may have fewer labeled examples
than the pretraining dataset [31],[32]. The pretraining step helps the network learn general

features that can be reused on the target task. This kind of two-stage paradigm shown in
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Figure 2.2, has become extremely popular in many settings, and particularly so in healthcare.
This process is generally meaningful and making a significant improvement when the target
dataset is small to train and researchers intend to avoid overfitting.

Usually, after training a base network on clinical data, the first n layers are copied and used
for the target network and the remaining layers of the target network are randomly initialized.
The transferred layers can be left as frozen or fine-tuned, which means either locking the
layers so that there is no change during training the target network or backpropagating
the errors for both copied and newly initialized layers of the target network [33]. A data
augmentation technique [34] is being used to amplify the clinical data in the preprocessing
level of transfer learning on images in healthcare. In the context of healthcare images, this
involves making a number of non-exact copies, or transformations, of each image. This
served to provide the target model with more training examples by incorporating the salient

features in multiple orientations.

2.3 Notations and Definitions of deep transfer learning

In this section, we introduce some notations and definitions that are used in this survey.
First of all, we give the definitions of a "domain” and a "task”, respectively. For a given
domain D = X, P(X) where X is a feature random vector and P(X) is its probability, a
task T is defined by two components, a label random variable Y, and a predictive function
f(.) denoted as T' =Y, f(.) which is not observed but learned from a set of feature vector
and label pairs z;,y; where x; € X and y; € Y.

In our cancer classification example, Y is the set of all labels, which is True, False for a binary
classification task, and y; is “True” or “False”, and f(x) is the learner that predicts the label
value for the patient x. From a probabilistic viewpoint, f(z) can be written as P(y|x). We

consider source healthcare domain clinical data as Dg where Dg = {(zg,,¥s, ), ---» (Ts,, Ys,) }
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Figure 2.1: Transfer Learning
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Figure 2.2: Deep Transfer Learning for Breast cancer Classification
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where x5, € Xg is the ith clinical data instance of Dg and yg, € Ys is the corresponding
class label for zg,. In the same way, Dy is defined as the target domain clinical data where
Dr =A{(xr,yn,), ..., (x1,,y7,) }, where z1, € Xr is the ith clinical data instance of Dy and
yr, € Yp is the corresponding class label for xp,. Further, the source task is notated as
Ts, the target task as T7 , the source predictive function as fg(), and the target predictive
function as fr(). Given a source domain Dg and learning task T, a target domain D7 and
learning task T'p, transfer learning aims to help improve the learning of the target predictive
function fr(.) in Dp using the knowledge in Dg and Ts, where Dg # Dy, or Ts # Tr.
Condition where Dg # Dy means that Xg # Xr and/or P(Xg) # P(Xr).

The case of traditional machine learning is Dg = Dy and Ts = T .On the other hand, the
case where Xg # Xp with respect to transfer learning is defined as heterogeneous transfer
learning. The case where Xg = Xp with respect to transfer learning is defined as homo-
geneous transfer learning. Going back to the example of cancer, heterogeneous transfer
learning [35] is the case where the source cancer has different variables (features) than the
target cancer. Alternatively, homogeneous transfer learning [36] is when the cancer metrics
are the same for both the source and the target cancer disease. Continuing with the defini-
tion of transfer learning, the case where P(Xg) # P(X7) means the marginal distributions
in the input spaces are different between the source and the target domains. Referring to
the cancer classification, an example of marginal distribution differences is when the source
cancer is related to breast and the target cancer is related to skin. Another possible con-
dition of transfer learning (from the definition above) is Ts # Tr , and it was stated that
T = {y, F(.)} or to rewrite this, T = {Y, P(Y|X)}. Therefore, in a transfer learning en-
vironment, it is possible that Ys # Yr and/or P(Ys|Xs) # P(Yr|X7). The case where
P(Ys|Xs) # P(Yr|Xr) means the conditional probability distributions between the source
and target domains are different. An example of a conditional distribution mismatch is when

a particular cancer yields different outputs in the source and target domains. The case of
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Ys # Yr refers to a mismatch in the class space. An example of this case is when the source
cancer has a binary label space of true for having breast cancer and false for not having
breast cancer, and the target domain has a label space that defines four levels of Birads
changes in Breast cancer. Another case that can cause discriminative classifier degradation
is when P(Ys) # P(Yr), which is caused by an unbalanced labeled clinical data set between
the source and target domains.

In addition, when there exists some relationship, explicit or implicit, between the feature
spaces of the two domains, we say that the source and target domains are related.

Negative transfer, with regards to transfer learning, occurs when the information learned
from a source domain has a detrimental effect on a target learner. More formally, given a
source domain Dg, a source task Tg, a target domain Dy , a target task T , a predictive
learner fr;(.) trained only with Dy , and a predictive learner fro(.) trained with a transfer
learning process combining Dy and Dg, negative transfer occurs when the performance of
fr1(.) is greater than the performance of frs(.). The section of negative transfer explains
the need to quantify the amount of relatedness between the source domain and the target
domain and making decision about the possibility of transferring knowledge from the source
domain. Extending the definition above, positive transfer occurs when the performance of
fra2(.) is greater than the performance of fr;(.).

Phrases such as transfer learning and domain adaptation are used to refer to similar pro-
cesses. The following definitions will be used in this paper. Domain adaptation, as it pertains
to transfer learning, is the process of adapting one or more source domains for the means of
transferring information to improve the performance of a target learner. The domain adap-
tation process attempts to alter a source domain in an attempt to bring the distribution of

the source closer to that of the target.
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2.4 A Categorization of Transfer Learning Techniques in
Healthcare

There are different strategies and implementations for solving a transfer learning problem.
The majority of the homogeneous transfer learning in healthcare solutions apply one of three
general approaches which include trying to correct for the marginal distribution difference in
the source, trying to correct for the conditional distribution difference in the source or trying
to correct both the marginal and conditional distribution differences in the source healthcare
domain [37]. The majority of the heterogeneous transfer learning solutions are focused on
adjusting the input spaces of the source and target healthcare domains with the assumption
that the domain distributions are the same. If the healthcare domain distributions are not
equal, then another domain adaptation steps are needed. One more important form of a
transfer learning is the scheme of healthcare information transfer referring to what is being
transfered. In healthcare area, studies used different types of transfer learning for classifying
different types of disease as shown in table 2.1.

The aspect of information transfer is categorized into four general Transfer learning categories
including: Transfer learning in Healthcare through instances, Transfer learning in Healthcare
through features, Transfer learning in Healthcare through neural Network, Transfer learning

in Healthcare through adversarial learning.
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Table 2.1: Disease classification using Transfer learning

Discase _clinicalpata Model Source Target Type Ace/sens(%) Reference
Cancer
Skin | Image DCNN-+softmax AlexNet ph2 dataset Network 98.61/98.33 38
- | Image CNN+SVM MatConNet VGG-M Interactive Atlas of Dermoscopy Feature based 73.2 39]
- | Image DCNN+SVM U-Net PH2 Feature based 93 40]
Breast | Image CNN+LR G16,VGG19,ResNet50 BreakHis dataset feature-based 92.60 11
- | Image CNN+FC VGGI6, ResNet50, InceptionV3, CBIS-DDSM.INbreast 81.16 12
- | Image CNN AlexNet CBIS-DDSM 82.6/ 79.10 43]
- | Image DCNN InceptionV3,InceptionResNet V2, Xception, VGGNet  ICIAR 2018 Grand Challenge 44
- | Image DCNN ImageNet DCNN DDSM Network 45]
- | Image CNN+FC ALEXnET dbt DATA Network 46]
- | Image CNN GoogleNet, AlexNet BCDR network 17]
- | Image CNN+FC InceptionV3 BCDR-F03 Network 97.50 48
- | Image CNN+SVM InceptionV3,VGG19 OASBUD Feature based 87.82/77.70 9]
- | Image CNN Googles Inception-V3,ResNet50 BACH 2018 network 97.50,91.25/99.9.98  [50)
- | Image CNN-classifier InceptionV3 Camelyonn16 Feature based 84 51
Prostate | Image DCNN+FC InceptionV3,VGG16 prostateX from 3TMR,MAGNETOM Trio 93.4 52
- | image CNN+FC Alex-Net, GoogleNet, VGGNet PROSTATEx-2 Network 86.92/88.09 53]
Lung | Image CNN+FC GoogleNet Network LIIDC data 81/84 51
Cervix | Image CNN VGGI6 on imageNet 42 cervical cancer patients Netw 89/75 55
Colon | Images DCNN+FC Inception-V3,VGG16,SE-Resnext50 CLM images Network 91.2/82.8 56
- | Image CNN+SVM VGG16 CC-i-Scan Datatbse Feature based 87.70 57]
- | Image CNN+SVM AlexNet, VGG16,VGG19,GoogleNet MICCAT 2015 Feature based 92 58]
- | Image CNN Inception-V3 Harbin medical hospital network 94.4/85 59)
- | Image CNN VGG-16 EBRT.BT 3 70/61 55)
Gastric | Image DCNN+FC VGG16, InceptionV3.InceptionResNet V2 M-NBI images 98/98 60]
Alzhimer | Image DCNN+last-3L-finetuned AlexNet (OASIS) dataset Network 61
- | Image CNN+FC VGG-16 ADNI dataset Network 62]
- | Image TrAdaboost ADNI dataset local hospital Instance 3.7/87 63]
- | Tmage CAE+3DCNN CAE ADNI database Feature 86.60/88.55 64
- | Image CNN+FC VGG.Inception OASIS data, network 92.3,96.25 65
- | Image CNN+FC AlexNet OASIS data, network 92.85/92.85 61
- | Image CNN+FC ADNI dataset trained on similar VGG19 ADNI dataset, network 99 66
- | Image DTFS+SVM ADNI dataset ADNI dataset Feature based 7]
- | Image Multi-Domain Transfer Feature+-SVM  (http://adni.loni.usc.edu/) 186 AD, 395 MCI, and 226 NC) Feature based 94.7 68]
Diabetes | Image AlexNet+SVM AlexNet SERI dataset feature based 96.7/97.66 69]
- | Image CNN+FC AlexNet Kaggle partition (MildDR) Netw 74 70)
- | Image CNN+FC GoogleNet Duke OCT data Network 94 71]
- | Image AlexNet, VggNet,Google! DRI, MESSIDOR datasets Network 92/86 72]
- | Image AlexNet,GoogleNet, Res OCT image database network 97 73]
- | Image 'VGGNet, ResNet SiDRP Network 98.9 &
Brain | Image CNN+FC InceptionV3 ISPECT scans 95/96.3 network 75
- | Image CNN+SVM AlexNet PaHaW Feature based 98.28 76
- | Image DCNN-+softmax VGG ONN St.Jude childrens hospital Network 89.8 77)
- | Image CNN+SVM AlexNet,GoogleNet, VGGNet Figshare Feature based 98.69 78|
- | Image CNN+FC ResNet34 Brain MR images network 79]
- | Image FCN FLAIR and T1 RUN DMC Network 80]
- | Image CNN+SVM GoogleNet Brain MRI images Feature based 81
- | Image CNN+SVM AlexNet Aminu Kano Teaching Hospital data Feature based 82
Lung | image DCNN+Fe ChestX-ray14,VGG16,DenseNet Xception, InceptionV3  Labeled(oct) and chest X-ray images Network 96.7/92 83]
- | Image DCNN-+Softmax Inception-v3 pulmonary JSRT database Network 94.71/86.40 84
- | structured  PBD chronic bronchitis,emphysema data COPD demographic,EMR,Lab data instance-+ feature learning  90.8 85
- | Image DCNN GoogleNet, AlexNet. ILD dataset Network 86,90 86]
- | Image CNN+FC VGGI6 on Cifar-10 CT images taken at Yamaguchi University Hospital network 83.8 87
- | tmage MIL Danish Lung cancer screening DLCST instance based 90 88
- | Image CNN ALOT,DTD KTB KTH-TIPS-2b The HUG database Network 89
Heart | Image CONN+FC VGG-Net PTB database network 99.2/98.76 90]
- | image CNN+SVM InceptionV3,GoogleNet ICBEB Feature based 3 91]
- | Image DCNN Inception-ResnetV2 IVOCT Network 78.9/77.9 92]
- | Image CNN+FC InceptionV3,ResNet50, Xception 2058 masses Network 79 93]
Glucoma | Image CNN+FC VGG16 RIM-ONE Network 92.4/91.7 94
- | Image RS 3000 OCT Topcon OCT-1000 Feature b 82.5 95
- | Image InceptionV3 EyeyPacs kaggle Network 64 96
- | Image VGG16,InceptionV3,ResNet OCT images Network 91/92 97
- | Tmage TnceptionNetwork OCT data Network 08.6/95.6 98]
Others | activity UCI smartphone UCI smartphone Network 98 99]
- | Image DCNN+FC VGGNet Shanghai Jiaotong University Network 96.6 100]
- | activity CNN+MMD UCLUSC-HAD UCLUSC-HAD feature based 87 101]
- | Image Inception-ResNet-v2 Zenodo repository Feature based 96 102)
- | Text i\ (http://ww.Sentiment140.com) (http://www.taoconnect.org) feature based+Network 78 103]
- | protein MIMTL (http:/lamda.nju.edu.cn/files/MIMLprotein.zip) (http:/ /lamda.nju.edu.cn/files/MIMLprotein zip)  Tnstance based high-rank 104]
- | Text BiDirectional LSTM MIMIC III dataset ShARe/CLEF disorders Feature based 5 105]
- | Image CNN+FC VGG16.ResNet50,IncpetionV3 Jeol 1400 T 95/95 106]
- | Image CNN+FC InceptionV3 endoscopy image dataset 98/87 107

2.5 Transfer learning in Healthcare through instances

Reusing knowledge from the source domain to the target task is usually an ideal scenario.
In most cases, the source domain clinical data cannot be reused directly. Rather, there are
certain instances from the source domain that can be reused along with target clinical data

to improve results. Instance-based transfer learning [108] assumes that there are some parts
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of source clinical data that are usable with a few labeled target instances to train a learner
for the target task and improve the learning performance [109], [110]. Selecting the instances
from the source clinical data that will benefit the target task is a key step for instance-based
transfer learning [111]. A common method used in this case is assigning weights to source
domain instances so that they can match the target domain well. One of the algorithms
used extensively in healthcare for instance based transfer learning is TrAdaBoost[112], [113].
TrAdaBoost extends AdaBoost for transfer learning [114].

AdaBoost[115] is a learning framework which aims to boost the accuracy of a weak learner
by carefully adjusting the weights of training instances and learn a classifier accordingly.
Paper[63] used TrAdaboost to classify Alzheimer’s Disease(AD), mild cognitive impair-
ment(MCI), and normal controls (NC) data from Alzheimer’s Disease Neuroimaging Ini-
tiative (ADNTI). These reweighted instances are then directly used in the target domain for
training. These reweighting algorithms work best when the conditional distribution is the
same in both domains. Due to the probability distribution discrepancy across healthcare do-
mains, it is natural to account for the difference by directly inferring the resampling weights
of instances based on feature distribution matching across the source and target clinical data
[116],[117].

Another way to use instance-based transfer learning is to use a combination of source do-
main classifiers to label the unlabeled target clinical data[118]. This is accomplished by first
building a classifier for each separate source domain. Then a weight value is found for each
classifier as a function of the closeness in conditional distribution between each source and
the target domain[119]. The weighted source classifiers are summed together to create a
learning task that will find the pseudo labels (estimated labels later used for training) for
the unlabeled target clinical data. Finally, the target learner is built from the labeled and

pseudo labeled target clinical data.
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2.6 Transfer learning in Healthcare through features

This approach aims to minimize domain divergence and reduce error rates by identifying
good feature representations that can be utilized from the source to target domains. De-
pending upon the availability of labeled data, supervised or unsupervised methods may be
applied for feature-representation-based transfers. In a transfer learning environment, there
are scenarios where a feature in the source domain may have a different meaning in the
target domain. The issue is referred to as context feature bias, which causes the conditional
distributions between the source and target domain to be different. Adding duplicate copies
of the original feature set in the augmented source feature space represents a common feature
set, a source-specific feature set, and a target-specific feature set and solves the problem of
context feature bias.

Feature-based transfer learning builds the most intuitive way by finding a good common
feature representation known as latent space to minimize the distributions differences while
preserving the discriminative ability in both source and target domains [120],[121] which is
known as feature-based domain adaptation.

In the context of images, Features extracted by deep neural networks can be seen as complex
hierarchical representations of the inputs, which can well capture recessive characteristics in-
side the images. Once the common feature space is built [99], it does not need to re-train if
more source data is available[122],[123]. Depending on the availability of labeled instances in
the target domain, feature-based domain adaptation approaches can be divided into two cat-
egories: semi-supervised approaches with labeled instances[124],[125],[126] and unsupervised

approaches without labeled instances(Self-Taught learning).

Semi-supervised Transfer Learning Semi-supervised learning exploits connections between
the input distribution P(X) and a target conditional distribution P(Y|X). In general, these

two distributions, seen as functions of x, may be unrelated to each other. But in the world
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around us, it is often the case that some of the factors that shape the distribution of input
variables X are also predictive of the output variables Y [127]. Deep Learning relies heavily
on unsupervised or semi-supervised learning and assumes that representations of X that are
useful to capture P(X) are also in part useful to capture P(Y'|X).

In [125] authors applied semi-supervised transfer learning to classify Seizure. They use the
unlabeled testing clinical data to remedy the shortage of training clinical data. Study[128§]
use transductive transfer learning where they have a set of labeled training data in the source
domain and a set of unlabeled data in the target domain. By minimizing the Maximum mean
discrepancy (MMD) [129],[130], the difference in clinical data distribution between the source
and the target domains reduced effectively, which made the testing performance close to the
training performance. Also, other types of semi-supervised transfer learning have been used
to classify disease. Paper [131] used samples of AD and NC as labeled clinical data and
MCI-C and MCI-NC as unlabeled clinical data. Then, the SVM model is trained based
on both labeled and unlabeled clinical data. Finally, samples of MCI-C and MCI-NC are
treated as testing clinical data to evaluate the performance of each learned model.

We note that even though semi-supervised learning was originally defined with the assump-
tion that the unlabeled and labeled data follow the same class labels [132], it is sometimes
conceived as “learning with labeled and unlabeled data.” Under this broader definition of
semi-supervised learning, self-taught learning would be a particularly widely applicable in-

stance of it.

Unsupervised Transfer Learning The source and target domains are similar, but the tasks
are different. In this scenario, labeled clinical data is unavailable in either of the domains.
In the unsupervised representation-learning phase, one may have access to examples of only
some of the classes, and the representation learned should be useful for other classes. One,

therefore, assumes that some of the factors that explain P(X|Y') for Y in the training classes,
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and that will be captured by the learned representation, will be useful to predict different
classes, from the test set. In particular, transfer learning from unlabeled clinical data for
predictive tasks is known as self-taught learning [133], where a joint generative model is
not assumed to underlie unlabeled samples even though the unlabeled samples should be
indicative of a structure that would subsequently help predict tasks.

self-taught learning places fundamentally fewer limitation on the type of unlabeled clini-
cal data[l134], in many possible applications (such as image, audio or text classification) it
is much easier to apply than typical semisupervised learning or transfer learning methods.
And while we treat any biological motivation for algorithms with great caution, the self-
taught learning problem perhaps also more accurately reflects how humans may learn than
previous formalisms [135], since much of human learning is believed to be from unlabeled
data. self-taught learning consists of two stages: First they learn a representation using only
unlabeled data. Then, we apply this representation to the labeled data, and use it for the
classification task. Once the representation has been learned in the first stage, it can then
be applied repeatedly to different classification tasks; for example, once a representation has
been learned from Internet images, it can be applied not only to images of animals but also
to medical image classification tasks.

It seems that any algorithm for the self-taught learning problem must, at some abstract level,
detect structure using the unlabeled clinical data. Many unsupervised learning algorithms
have been devised to model different aspects of “higher-level” structure; however, their ap-
plication to self-taught learning is more challenging than might be apparent at first blush
[136]. Principal component analysis (PCA) is among the most commonly used unsupervised
learning algorithms. It identifies a low-dimensional subspace of maximal variation within
unlabeled clinical data. Principal component analysis (PCA) is used for optimization and
dimensionality reduction. To address the difference in marginal distribution between the

domains, the maximum mean discrepancy distance measure could be used to compute the
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marginal distribution differences and then get integrated into the PCA optimization algo-
rithm. At the end, the features identified by the modified PCA algorithm could be used to

train the final target classifier[137].

2.7 Transfer learning in Healthcare through Neural Net-
work

This approach works on the assumption that the models for related tasks share some pa-
rameters or prior distribution of hyperparameters. Unlike multitask learning, where both
the source and target tasks are learned simultaneously, for transfer learning, we may apply
additional weightage to the loss of the target domain to improve overall performance.

In network based transfer approach, some kind of network based model is supposed and
the transferred knowledge is encoded into parameters [103]. Network-based deep transfer
learning refers to the reuse the partial network that pre-trained in the source domain, in-
cluding its network structure and connection parameters, transfer it to be a part of deep
neural network which used in target domain[138],[45]. First, network gets trained in source
domain with large-scale training dataset. Second, partial of network pretrained for source
domain are transfer to be a part of new network designed for target domain|[75]. Finally, the
transfered sub-network may be updated in fine-tune strategy [55],[100],[139].

Usage of transfer learning and CNN in visual recognition tasks gives better results. If a
comparison is made between deep approaches, transfer learning with a pre-trained model
method is more successful than end-to-end CNN approaches. The reason for this is the need
for large clinical data to obtain an accurate CNN model. Most of the related studies are
tested with one or two datasets [65].

Learning to transmit is often faster than training a new neural network because all the

parameters in the new network are not estimated from scratch. In the lower layers of the
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network, more general features exist such as color and shape and they can be transferred to
other tasks as well. However, in higher layers, features are more task-specific [140].

Recent studies in healthcare have used pre-trained CNNs to produce human-level diagnostic
results in the classification of cancer, Alzheimer [62],lung, diabetes and heart disease, and
other diseases [75]. They demonstrated that transfer learning from deep neural network pre-
trained on non-medical data(mostly images) can readily be applied to the analysis of plain
medical images. Furthermore, good accuracy of classification can be achieved even with mod-
est sample sizes. It had also been used in text classification. Universal Sentence Embeddings
are a huge step forward in enabling transfer learning for diverse NLP tasks. ELMo gives us
word embeddings which are learned from a deep bidirectional language model (biLM) [141],
which is typically pre-trained on a large text corpus, enabling transfer learning for these

embeddings to be used across different NLP tasks.

2.8 Transfer learning in Healthcare through adversarial learn-

ing

Unlike the preceding three approaches, the adversarial transfer attempts to handle non-IID
data, such as data that is not independent and identically distributed. In other words, data,
where each data point has a relationship with other data points; for instance, social network
data utilizes adversarial transfer techniques.

Adversarial learning has been successfully embedded into deep networks to learn transfer-
able features, which reduce distribution discrepancy between the source and target domains
[142]. Existing domain adversarial networks assume fully shared label space across domains.
In the presence of big clinical data, there is a strong motivation for transferring both classi-
fication and representation models from existing large-scale domains to unknown small-scale

domains.
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Adversarial based deep transfer learning methods learn new representations through adver-
sarial learning processes. To learn domain-uninformative representations, [143] used Domain
Adversarial Training of Neural Network (DANN) in order to add one domain classifier at
the last block and learned domain invariant features by minimizing the loss of this classifier
and utilizing reversed gradient during the backpropagation process.

Adversarial-based deep transfer learning refers to introduce adversarial technology inspired
by generative adversarial nets (GAN)[144] to find transferable representations that apply
to both the source domain and the target domain. It is based on the assumption that
"For effective transfer, a good representation should be discriminative for the main learn-
ing task and indiscriminate between the source domain and target domain” [145],[146],[147].
Clustering-based approaches achieve transfer learning by building a similarity graph between
all instances and the weight on each edge represents the similarity between two instances
[148]. On the other hand, fooling the adversarial network to match the distribution of outlier
source clinical data and target clinical data will make the classifier more likely to classify
target data in these outlier classes, which is prone to negative transfer.

Among adversarial learning-based approaches, most works [149] are based on Generative
Adversarial Networks [150] by using generators to synthesize clinical images or representa-
tions in different domains to learn domain invariant features. For example development of
an algorithm to learn a shared representation for classifying labeled source clinical data and

reconstructing unlabelled target clinical data.

2.9 Conclusion

Electronic health records (EHRs) can improve the ability to diagnose diseases and re-
duce—even prevent—medical errors, improving patient outcomes. The application of deep

learning to clinical data from Electronic Health Record is limited by the scarcity of mean-
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TLin EHR

Figure 2.3: Transfer Learning

ingful labels. In this survey paper, we reviewed and categorized current researches of deep
transfer learning in the healthcare area. Application of transfer learning in different types
of diseases is reviewed and Deep transfer learning in the healthcare area is classified into
four categories including instances-based deep transfer learning, feature-based deep transfer
learning, network-based deep transfer learning, and adversarial-based deep transfer learning.
Transfer learning in healthcare is used in multiple context to make a diagnosis of different
types of disease as shown in figure 2.3.

Most current researches focus on supervised learning, how to transfer knowledge in unsuper-
vised or semi-supervised learning by the deep neural network may attract more and more
attention in the future. Negative transfer and transferability measures are important issues
in traditional transfer learning. The impact of these two issues in deep transfer learning
also requires us to conduct further research. Network-based Transfer learning in healthcare
is mostly applied in the healthcare area and second-grade feature-based transfer learning is
more popular. Instance-based transfer learning has been used less in healthcare and that
might be because of the difficulty of adapting instances from other healthcare institutions

to improve the accuracy of prediction in the specific healthcare area. Also, a very attractive
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research area is to find stronger physical support for transfer knowledge in the deep neural
network, which requires the cooperation of physicists, neuroscientists, and computer scien-
tists.

In many transfer learning solutions, the domain adaptation process performed is focused
either on correcting the marginal distribution differences or the conditional distribution dif-
ferences between the source and target domains. Correcting the conditional distribution
differences is a challenging problem due to the lack of labeled target clinical data. To ad-
dress the lack of labeled target clinical data, some solutions estimate the pseudo labels for the
target clinical data, which are then used to correct the conditional distribution differences.
This method is problematic because the conditional distribution corrections are being made
with the aid of pseudo labels. Improved methods for correcting the conditional distribution
differences is a potential area of future research.

Additionally, the optimal transfer is another fertile area for future research. Negative transfer
is defined as a source domain having a negative impact on a target learner. The concept of
optimal transfer is when selected information from a source domain is transferred to achieve
the highest possible performance in a target learner. There is an overlap between the con-
cepts of negative transfer and optimal transfer; however, optimal transfer attempts to find
the best performing target learner, which goes well beyond the negative transfer concept.
Studies have demonstrated comparable results to the state-of-the-art for automated disease
detection having trained the model using only a modest sample size. Deep transfer learning
has the potential to significantly improve workflow productivity, minimize the risk of error,

and prevent patient harm by reducing diagnostic delays.
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Chapter 3

CLASSIFICATION USING DEEP
TRANSFER LEARNING ON
STRUCTURED HEALTHCARE DATA!

!Akram Farhadi,David Chen,Rozalina McCoy,Christopher Scott,Celine M. Vachon,Jingyi Zhang,Ping
Ma,Che Ngufor and John A. Miller.” Classification Using Deep Transfer learning on Structured Healthcare

Data” To be submitted to Journal of Data Science and Analytics (JDSA) (2020).
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ABSTRACT

The primary limitation of building a supervised learning system for healthcare data is access
to a sufficiently large, labeled dataset. A small and labeled dataset for a specific task is
easier to collect but results in machine learning algorithms that tend to perform poorly
on new data. To address this problem, we propose an accurate and efficient deep transfer
learning method to handle the problem with small datasets in healthcare, in particular, an
imbalanced data problem. In contrast to existing approaches based primarily on large image
databases, we focus on structured data, which has not been commonly used for deep transfer
learning. We use several publicly available breast cancer datasets to generate a source model
and transfer learned concepts to predict high-grade malignant tumors in patients diagnosed
with breast cancer at Mayo Clinic. We then use the diabetes dataset to generalize the idea of
transfer learning on structured data. We compare our results with state-of-the-art techniques
for addressing problems of imbalanced learning, poor performance learning and demonstrate
the superiority of the proposed methods. To further demonstrate the ability of the proposed
method to handle different degrees of class imbalance, a series of experiments are performed
on publicly available breast cancer data under simulated class imbalanced settings. Based on
the experimental results, we conclude that the proposed deep transfer learning on structured
data can be used as an efficient method to handle imbalanced class and poor performance

learning on small dataset problems in clinical research.

3.1 Introduction

The imbalanced data problem presents a challenge to the machine learning algorithms. These
algorithms typically generalize patterns observed over the majority class and ignore those
observed over the minority class [151]. The Synthetic Minority Over-Sampling Technique

(SMOTE) [152] is currently the most popular approach in handling the class imbalance prob-
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lem. SMOTE generates artificial instances of minority classes within the overlapping regions
to render the data more balanced. SMOTE has been widely used to solve imbalanced data
problems in many medical areas, such as breast cancer classification, prostate cancer staging,
and medical imaging [153],[154],[155],[156], [157],[158].

However, SMOTE and variants such as RUSBoost [159] are pre-processing techniques, which
may cause the information deficiency problem. SMOTE may generate uninformative data
that is useless for training, while RUSBoost may lose informative samples. Recently, SMOTE
has been shown to perform better in handling imbalanced data when combined with ensem-
ble learning techniques [156],[160],[161],[162]. However, as demonstrated in this study, these
hybrid techniques can still generate sub-optimal classification results for severely imbalanced

breast cancer datasets.

Another major problem in most machine learning algorithms, especially deep learning meth-
ods, is data dependence. The algorithms require large amounts of training data to obtain well
predictive models for the test data. However, in healthcare, it is very difficult to construct a
large-scale well-annotated dataset on a particular disease due to the complexity or rarity of
the disease, heterogeneity of clinical data sources, and costs associated with annotating the
data. Insufficient training data is an inescapable problem in healthcare. Even if sufficient
training data can be obtained and annotated, it becomes outdated rapidly due to the influx
of new data, which shifts the distributions of the training and testing sets, and makes the

model inapplicable.

The transfer learning methodology relaxes the assumption that the training and test data
must share the same feature space or distribution, thus models trained on one domain
(source) can be applied to a different domain (target) [19],[20]. As a result, transfer learning
can be used to mitigate insufficient training data and class imbalance problems in a given

target domain. Deep transfer learning (transfer learning with deep learning) has been well
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studied in the context of the image classification, i.e. to transfer knowledge from complex
publicly available image databases to solve small healthcare image classification problems
[20],[163]. However, recent research in [164] found that almost one third of the medical
imaging procedures performed in the US and other high-income countries are unnecessary.
Using these irrelevant images in training classification models may lead to more imbalanced
problem or negative transfer of information in transfer learning settings [20]. Furthermore,
imaging procedures are expensive, and may have radiation risks [164]. Among the electronic
health records (EHR) [165], images comprise only a small fraction. A large proportion of the
EHR are structured data [166]. Structured data, such as diagnosis, medication and labora-
tory test results are organized in a specific manner. It is used by clinicians and researchers
to diagnose and manage diseases. Therefore, transfer learning on large and readily avail-
able structured healthcare data can be a cost-effective and computationally efficient learning

strategy.

Deep learning extracts more effective features by building up deep structures. These fea-
tures relax the mismatch between source and target domains. Consequently, deep learning
can generate more domain-invariant features for knowledge-transfer between domains. At
present, there are many works on combining transfer learning and deep learning. [167] pro-
posed a shared hidden layer multilingual DNN (SHL-MDNN), in which the hidden layer is

common in many languages, while the softmax layer is language-dependent.

Deep Transfer Learning (DTL) is largely applied to image data due to numerous public
available image datasets for large scale deep learning (e.g. ImageNet [168]) and pre-trained
models generated on these image databases (e.g. AlexNet [169]). Although DTL is popular
in image analysis, its application on structured data to address the small dataset problem
and the imbalanced learning problem is understudied. In this paper, we propose a DTL

approach on structured data to address the imbalance and insufficient data classification
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problem of healthcare data.
Our central hypothesis is that DTL, also known as domain adaptation, enables structured-

data-based solutions that can improve the early detection and classification of disease.

Using two case studies, we illustrate the importance of DTL and its applicability to struc-
tured healthcare data. Case study 1, represents the efficiency of transfer learning on a
structured breast cancer dataset which is imbalanced. Further using the Mammographic
Mass dataset with different imbalanced ratio we generalize our results. Case study 2, rep-
resents the importance of transfer learning on improving the accuracy of classification of

structured diabetes dataset.

Breast cancer is the most frequently diagnosed cancer among women in the U.S. and world-
wide and is a leading cause of cancer-related death in women [170]. Early diagnosis is
essential for successful treatment and survival [171]. Thus, the accurate and efficient early
diagnosis of breast cancer is critical. Digital mammography is currently the most commonly
used and widely available method for detecting masses or abnormalities suggestive of breast
cancer [172]. The widespread use of mammography screening has significantly improved
breast cancer survival [170],[173]. However, the classification of masses into benign or ma-

lignant by most classification methods has been hindered by the rarity of malignant events.

Diabetes is one of the common and rapidly increasing diseases in the world. According to
the International Diabetes Federation, there are 285 million diabetic people worldwide. This
total is expected to rise to 380 million within 20 years [174]. Diabetes contributes to heart
disease, increases the risks of developing kidney disease, nerve damage, blood vessel damage

and blindness. So, efficiently predicting diabetes is a critical concern.

To demonstrate the general applicability of the proposed DTL approach, extensive eval-
uation experiments were performed on a Mayo Clinic breast cancer dataset, the publicly

available UCI Mammographic Mass breast cancer dataset and publicly available UCI Pima
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Indians diabetes dataset [175]. The evaluations on the UCI Mammographic mass dataset
were performed by constructing different class imbalance ratios (IR), defined as the ratio of
the number of instances in the majority class to the number of examples in the minority class.
Thus, high IRs (;10) represent severely imbalanced datasets. These simulated experiments
allow us to quantify the model performance gains under controlled varying degrees of IRs
in the training data. Experimental results show a clear advantage of DTL over 12 state-of-
the-arts methods, including standard deep learning methods, XGBoost, SMOTEBoost, and

RUSBoost.

All data have hidden features that hold immense predictive power if we can extract them
before applying classical machine learning algorithms. Deep learning is a branch of machine
learning that extracts features by utilizing multi-layer artificial neural networks with many

hidden layers stacked one after the other.

3.1.1 Deep Learning

Recently deep learning has been applied to process EHRs for a specific, usually supervised,
predictive clinical task [176]. Deep learning can help clinicians diagnose disease, recognize
cancer sites, understand the relationship between genotypes and phenotypes, explore new
phenotypes, and predict disease with high accuracy [177],[178],[179]. It discovers nonlin-
ear relationships between features and helps clinicians in clinical decision-making processes.
Deep learning is a type of machine learning algorithm that has deeper (or more) hidden layers
of similar function cascaded into the network and can learn the representation of healthcare
data with multiple levels of abstraction. In contrast to traditional models, its approach does
not require domain-specific data pre-processing, and it is expected that it will ultimately

improve human life in the future [180].
The deep learning algorithms use simple features in the lower layers and more complex fea-
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tures in the higher layers. A neural network with one hidden layer is shallow while the neural
network with two or more hidden layers is deep [181]. The hidden layers can be considered
as increasingly complex feature transformations and the final output layer as a non-linear
classifier making use of the most abstract features computed in the hidden layers. While
the non-linear classifier should be different for different datasets, the feature transformations

can be shared across related domain datasets.

3.2 Challenges in Applying Classification in Healthcare

As stated in [180],” Nevertheless, the application of deep learning to health informatics raises
the number of challenges that need to be resolved, including data informativeness (high
dimensionality, heterogeneity, multi-modality), lack of data (missing values, class imbal-
ance, expensive labeling), data credibility and integrity, model interpretability and reliability

(tracking and convergence issues as well as overfitting), feasibility, security, and scalability”

[180).

In this section we explain key challenges in applying machine learning in healthcare area and
how to handle them. In short, health represents a distinct challenge for machine learning
because of human still-limited understanding of disease, the effects of human interventions,
and the lack of integrated data that can effectively capture this information at meaningful
scale. Given this more challenging analytical environment, we need to be more thoughtful

about how we employ machine learning in health and healthcare.

3.2.1 Data Scarcity Problem in Healthcare

Healthcare data have several distinguishing characteristics that make them different from
data in other areas. Healthcare data are difficult to access due to patient privacy considera-

tions and most researchers in the healthcare area have difficulties practicing data science due
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to the risk of data misuse by other parties and lack of data-sharing incentives. Healthcare
data are often collected using fixed forms and are relatively structured, partially due to the
extraction process that simplifies raw data [182]. Another important feature is that medicine
is practiced in safety-critical conditions in which decision-making activities should be sup-
ported by explanations. Healthcare data can be costly due to human involvement, the use
of expensive instrumentation, and the discomfort of the patients involvement. Healthcare
data are relatively small compared to data from other areas and may be collected from a
non-reproducible situation. Healthcare data can be further affected by several sources of
uncertainty, such as measurement errors, missing data, or errors in coding the information
buried in textual reports. Therefore, domain knowledge is more important in both analyzing

the data and interpreting the results [183].

Insufficiency of labeled data in healthcare is one of the main problems of machine learning
and data mining, because the insufficient size of data is very often responsible for poor per-
formances of learning, how to extract the significant information for inferences is a critical
issue [184]. Semi-supervised learning could balance performance and precision using small
sets of labeled or annotated data and a much larger unlabeled data collection. The scarcity
of labeled data in healthcare renders many statistical approaches like deep learning unusable
[15]. There are two possible ways to overcome the data scarcity problem. One is to collect

more data while the other is to design techniques that can deal with smaller datasets.

3.2.2 Class Imbalance Learning

An imbalanced dataset introduces a unique challenge to the learning problem. Imbalanced
data typically refer to a classification where the number of observations for one class is vastly
more than those in the other class. Class imbalance learning is a challenging task mainly

because standard classification algorithms assume that the test data are drawn from the
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same distribution as the training data. Thus, if the training and testing data samples were
drawn from a different distribution, the generated model may produce inferior results. An-
other reason is that most standard classifiers are designed to optimize a loss function based
on minimizing error (or maximizing the predictive accuracy) on the training data. However,
the predictive accuracy is a misleading performance metric in imbalanced learning as it as-
signs an equal cost to false positives and false negatives. When the dataset is imbalanced,
for example, 90% of instances are healthy and only 10% have the disease - there is a great
way to lower the cost. Predict that most instances belong to the healthy class and get an
accuracy of 90%. But, in the case of a rare and fatal disease, the actual costs that we assign
to every error are not equal [185]. As a result, failing to diagnose the disease of a sick person

is much higher than the cost of sending a healthy person to more tests [186].

Sensitivity is another performance metric that assesses the effectiveness of the classifier on
the positive/minority class whereas specificity assesses the classifiers effectiveness on the
negative/majority class. Sensitivity is the proportion of true positives that are correctly
identified by a diagnostic test. Specificity is the proportion of the true negatives correctly
identified by a diagnostic test. Using the Receiver Operating Characteristic (ROC) curve
helps us in determining an appropriate balance between sensitivity and specificity. Precision
and F-measure are other preferable performance metrics that can better evaluate the minor-
ity class. Precision denotes the proportion of predicted positive cases that are real positives.

F-measure conveys the balance between precision and sensitivity [187].

Existing methods for dealing with the class imbalance problem can be categorized into three
major groups: (a) Data sampling methods: This is a pre-processing step in which the train-
ing data is modified to produce a more balanced class distribution, allowing the machine
learning algorithm to be capable of learning the classes as in standard classification tasks

[151],[187],[188],[189]. This is the most popular imbalanced learning method, and typical
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approaches include down-sampling majority classes, oversampling minority classes, or both
[152],[153],[155], [156],[159].

In over-sampling techniques, some minority examples are duplicated, while SMOTE methods
generate artificial minority examples. Both approaches can lead to the creation of uninfor-
mative examples or examples that are correlated (i.e. non-i.i.d), thus making it difficult to
learn by the machine learning method [155],[190].

In contrast, down-sampling balances the data by removing majority examples and therefore
may lead to information loss. (b) Algorithmic modification: Modifying existing algorithms to
be more attuned to the class imbalance problem, e.g. placing more emphasis on the minority
classes, improving the information content of the training data, or modifying the decision
boundary between classes. (c¢) Cost-sensitive learning: This approach assigns different costs
or weights to the classes, e.g. a higher penalty for misclassifying the minority class samples.
The main problem with this approach is that it is often difficult to optimize the cost matrix

for a given problem [187].

The majority of studies on imbalanced learning have shown that the significant loss in per-
formance is mainly due to the skewed class distribution, which is given by the IR [190].
However, some studies have also suggested several factors other than class imbalance that
may be responsible for performance degradation. For example, feature selection was found to
be beneficial in handling high-dimensional imbalanced datasets. The conclusion from [191]
was that before feature selection, samples in the original data were too disparate to make
generalizations about class memberships. However, when the right features are selected, a
significant performance jump was observed, regardless of the classifier used. [191] indicates
that the original dataset may lack density and information or that the classes may be over-
lapped, but feature selection provides the right information needed to discriminate between

the classes.

35



3.2.3 Combining Data Sources

Insufficiency of data in healthcare makes urgent the need to use other datasets in the same
area. By combining these datasets with other data sources, it may be possible to produce
reliable estimates for even smaller datasets. Besides, other data sources may measure fea-
tures not found in one dataset, which may give a richer picture of the relationship between
different features. Ultimately, combining different data sources draws on the strengths and
counterbalances the weaknesses of each source, resulting in more useful information, or lower

costs, than what would be achievable from a single source [192].

However, leveraging data from other data sources can be challenging due to institutional
differences with patients and the data coding and capture. As a result, the data from dif-
ferent sources may not deterministically be linked. [193] described four examples in which
multiple data sources were combined to (1) extend and improve the coverage, (2) handle
transitions from one approach of measurement of a variable to another, (3) correct errors in

self-reported data, and (4) improve small-area prediction.

3.3 Techniques to Address the Challenges

3.3.1 Re-sampling Imbalanced Data

When the training data are extremely imbalanced, adjusting the class distributions (so that
they are balanced) is currently the most popular approach to addressing the class imbal-
ance problem. The two main sampling approaches include random oversampling (ROS)
and random undersampling (RUS). Oversampling randomly duplicates the minority class
samples, while undersampling randomly discards the majority class samples to modify the
class distribution. Oversampling may cause overfitting as it replicates the same instances

while undersampling may discard potential useful majority samples [186]. Chawla et al.
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[152] introduced the Synthetic Minority Over-Sampling TEchnique (SMOTE), a sampling
approach that over-samples the minority class (rare cases) by generating synthetic or arti-
ficial examples. These artificial data points are generated along the line segments between
each minority data point and one of its k-nearest neighbors, thereby increasing the num-
ber of minority cases. Several hybrid methods have been proposed to improve SMOTE
[155],[157],[158], [159].

SMOTE has been combined with ensemble methods in a variety of classification problems,
including breast cancer classification [156],[157],[159],[160], [161],[162].

SMOTEBoost [156] combines SMOTE with boosting, which reweights the rare cases and
compensates for skewed class distribution. RUSBoost [159] is a variation of SMOTEBoost,
which combines boosting with random under-sampling (RUS). RUS removes examples ran-
domly from the majority class until the desired balance is achieved. However, as stated
above, these data balancing approaches may lead to correlated or less informative train-
ing data, thus producing suboptimal models, especially for severely imbalanced datasets as

demonstrated in this study.

3.3.2 Transfer learning

In transfer learning, knowledge acquired from a source domain is transferred to a target
domain, while the data distributions and feature spaces of the source and target may only
partially overlap. Transfer learning can be used to solve the data dependence problem in
areas with insufficient or unbalanced training data [194], [195], [196].

To mitigate the potential negative transfer of information from the source domain and to
optimize the predictive performance on the target domain, the distributions of the target

and source domain should be related [19],[20].
Transfer learning can be categorized into four categories: instance-based, feature-based,
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network-based and adversarial-based transfer learning [20]. Instance-based transfer learning
assumes that there are certain instances from the source domain that can be reused along
with target data to improve the performance of target task [112]. Feature-based transfer
learning builds a common feature representation, known as the latent space, to minimize
the differences between the distributions of the source domain and the target domain while
preserving the discriminability. In network-based transfer learning approach, network-based
models are applied, and the transferred knowledge is encoded into parameters [197]. Finally,
adversarial-based transfer learning methods learn new representations through adversarial

learning process [194].

Notations Unless otherwise stated, the following notations will be used throughout this

study.

Transfer learning can be defined as {D;, Dy, fi}, where Dy = (X, Y;) and D, = (X,,Y;) are
source domain and target domain respectively, X, € RM isan N 9_dimensional feature space
for the source and X, € RM is an NY-dimensional feature space for the target, f; is the
predictive function for target domain. Theoretically, the objective of transfer learning is to
help to improve the learning of the target predictive function f; in D, by transferring latent
knowledge from D, to D;, where D, # D,. Suppose there are n, and n; observations for
source data and target data respectively, typically, n, is larger than n;, and transfer learning

uses this rich information to improve learning of the target predictive function f;.

For generating generalizable transfer learning models, the key is to find out the relationship
between the source and target domains, i.e., the latent transferable knowledge. For example,
in deep neural networks, the latent transferable knowledge could be the latent space that
minimizes the shifts between source and target. Such latent space can be generated by
weights and biases of hidden layer v¥ € R? which minimizes D(p(v'),p(v})),0 < I < L.

Here L is the total numbers of layers, and D denotes the distance measuring the difference
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between the distribution of the source latent space p(v!) and the distribution of the target
latent space p(v!), such as Kullback-Leibler (KL) divergence [198] and maximum mean

discrepancy (MMD) [199]. We formulate the problem as follows. Suppose we observe data

Ds = {(s,,¥s,)

[)t = {<xtmyti)

xsi S Xsaysi € {Oa 1} ?ila (31)

xti S Xt7yti € {Oa 1} ?;1 (32)

from both source domain and target domain. We assume that there exists a sequence of latent
feature spaces {Vskj M, and (v} M, ki l; € {0,1,..., L} for source and target task, which
are spanned by the related hidden layers. The latent feature spaces satisfy (1) d( ij ) =
d(VY4), with d(-) representing the dimension of the space, and (2) The distance between
ij and V¥ is small enough, for j = 1,..., M. If the assumption does not hold, transfer
learning may be unsuccessful, and may even result in inferior performing models in the target
domain (i.e. negative transfer)[19]. Consequently, in this study, we transfer information from
publicly available labeled healthcare datasets, which contain multiple discriminative features,
to predict disease in an institutional dataset with potentially fewer discriminative features.
Suppose we have the trained neural network y = f(x) with L hidden layers, where x is the
original feature and y is the response. Denote vi = (¥(x;),l = 1,..., L, to be I-th hidden layer
related to the original feature x;. Further denote v = ¢*77(vF¥), with ¢(*7" represents the
“transform” function between hidden layer v¥ and v". Consider the transfer learning from
the source data Dy to the target data D, the previous assumptions imply that the following
conditions hold. There exist a sequence of transferable representations {Qf I jj\il and {dj jj‘il
for source data and target data respectively satisfying (1) d (ij (xs)) =d <C,fj (thi)), and (2)
D (p({fj (xs)),p(dj (xt))> < 0, with 0 to be certain threshold, for all j = 1, ..., M. Once these

two assumptions hold, the transfer learning can be conducted between D, and D, [200]. Our
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goal is to build a neural network y = ft({fi’”) based on the transferred latent space spanned
by the transferred hidden layer ¥/, such that the target risk r(f,) = ||y; — f:(¥'™)| can be
minimized. Here v;» = (M= (C,fl(a:t)). As a result, the objective function for our transfer

learning method is
L _
H};nn—tz lye, — £, (3.3)
i=1

where m < M represents the number of layers to transfer.

Notice that the total number of layers suitable for transferring, which is denoted as M
previously, is based on the predetermined threshold e. A large e means that more information
can be borrowed from source data. However, if the borrowed information is too specific to
the source data, it may results in an inefficient model to the target data. If € is small, we
turn to transfer latent features which are more similar between source and target. Then the
transferred information could be too general. As a result, the threshold e should be carefully
chosen in transfer learning [200],[201],[202].

Deep transfer learning can be categorized into four categories: instance-based, mapping-

based, network-based and adversarial-based deep transfer learning [20]

3.3.3 Deep Network-based Transfer Learning: Transfer learning with

source models

With the recent dominance of deep neural networks (DNN), specifically Convolutional Neu-
ral Networks (CNN) for image classification, network-based transfer learning has become
a standard training procedure, whereby a pre-trained network is used as a starting point
for learning new tasks (images). Fine-tuning a network with transfer learning is usually
much faster and easier than De Novo training a network with randomly initialized weights.
The learned features can be quickly transferred to a new task using a smaller number of

training images. Currently, a variety of popular pre-trained networks such as AlexNet [169],
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GoogLeNet [203], VGGNet [204], and ResNet [205], have been trained on millions of images
and can classify images into thousands of object categories. These pre-trained networks are
publicly available and are used extensively by researchers for image classification through
transfer learning. The primary motivations for such work are insufficient training data and
the high computational cost involved in training a CNN from scratch. However, because
transfer learning works best when the source and target tasks are related and images share
underlying characteristics, application of transfer learning (especially pre-trained networks)
to other areas such as structured EHR data can be more challenging. Here in case study 1,
we employ a network-based transfer learning on Breast cancer to address a class imbalance

in structured data.

3.3.4 Feature-based Transfer Learning: Transfer learning with unsu-

pervised models

Feature-based transfer learning is another category of transfer learning. The interest of this
approach is to learn a transformation to map the original data to a new feature space where
the distance between different domains can be reduced implicitly or explicitly. We adopt
autoencoders to construct a feature mapping from an original instance to a hidden represen-
tation. Autoencoders are unsupervised neural networks that learn a representation of data,
not original data [206]. They use machine learning to do compression with backpropagation

and broadly used in transfer learning with domain adaptation.

Here we mapped source and target data to joint distribution using autoencoder-decoder.
We only extract the latent representation of both models and use these compressed features
to classify the target data using a neural network classifier. Hidden layer added to smooth
learning through backpropagation. Hyperparameters tuned to models best and drop-out

used to prevent overfitting. Finally, binary cross-entropy with the sigmoid function used
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for binary classification of output. Here in case study 2, we employ feature-based transfer

learning to address poor performance learning on small dataset problems in structured data.

3.3.5 f-divergence

Given two points P and () in a space S, we may define a divergence D[P : )] which measures
their discrepancy. The standard distance is indeed such a measure. However, there are many
other measures frequently used in many areas of applications [207].

The problem of f-divergence estimation is important in the fields of machine learning, in-
formation theory, and statistics. In probability theory, f-divergence is a function D¢(P||Q)
that measures the difference between two probability distributions P and ). The diver-
gence is intuitively an average, weighted by the function f, of the odds ratio given by P
and (). Many useful divergence measures belong to the set of f-divergences, independently
introduced by Ali and Silvey [208], Csiszar [209], [209], and Morimoto [210] in the early
sixties. KL-divergence and Hellinger distance are special cases of f-divergence, coinciding
with a particular choice of f. In particular, for two probability distributions p(z) and ¢(x),
one can define various measures of f divergence D[p(z) : ¢(x)] such as the Kullback-Leibler
divergence and the Hellinger distance. A divergence is not necessarily symmetric, that is,
the relation D[P : Q] = D|Q : P] does not generally hold, nor does it satisfy the triangular
inequality. It usually has the dimension of squared distance, and a Pythagorean-like rela-
tion holds in some cases. Divergence estimation is useful for empirically estimating the decay
rates of error probabilities of hypothesis testing [211], extending machine learning algorithms

to distributional features [212], and other applications such as text clustering [213].

In this study we use KL-divergence and Hellinger distance to quantify the difference between
source and target dataset before and after encoding. Significant reduction in difference be-

tween two distributions prepares data for homogeneous transfer learning between source and
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target.

Kullback-Leibler (KL) divergence To measure the difference between two probability dis-
tributions, a measure, called the Kullback-Leibler divergence, or simply, the KL divergence,
has been popularly used in the data mining studies. The concept was originated in entropy
and information theory.

The KL divergence, which is closely related to relative entropy, information divergence, and
information for discrimination, is a non-symmetric measure of the difference between two
probability distributions P € R*! and Q € R*!. Specifically, the Kullback-Leibler (KL)
divergence of @) from P, denoted DK L(P, ), is a measure of the information lost when @

is used to approximate P. DK L(P, Q) is defined in following equation:

Dkr(p,q) = Zp(x)log% (3.4)

The KL divergence measures the expected number of extra bits required to code samples
from P when using a code based on (), rather than using a code based on P. Typically P
represents the ”true” distribution of data, observations, or a precisely calculated theoretical
distribution [214],[215]. The measure @ typically represents a theory, model, description, or
approximation of P.

Although the KL divergence measures the “distance” between two distributions, it is not a
distance measure. This is because that the KL divergence is not a metric measure. It is not
symmetric: the KL from P to () is generally not the same as the KL from @) to P. Further-
more, it need not satisfy triangular inequality. Nevertheless, DK L(P||Q) is a non-negative
measure [216]. DK L(P||Q) > 0 and DK L(P||Q) = 0 if and only if P = Q.

Notice that attention should be paid when computing the KL divergence.

We know limp_,o Plogp = 0. However, when P # 0 but @ = 0, DKL(P||Q) is defined

as 00. This means that if one event i is possible (i.e., P(i) > 0), and the other predicts
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it is absolutely impossible (i.e., @Q(i) = 0), then the two distributions are absolutely differ-
ent. However, in practice, two distributions P and Q are derived from observations and
sample counting, that is, from frequency distributions. It is unreasonable to predict in the
derived probability distribution that an event is completely impossible since we must take

into account the possibility of unseen events.

Hellinger distance Hellinger distance[217] is a metric to measure the difference between
two probability distributions. It is the probabilistic analog of Euclidean distance. Given
two probability distributions, P = (p1,p2, ..., px) and Q = (q1, q2, --, ¢ ), Hellinger distance is
defined as:

WP,Q) = % VP Var (3.5)

It is useful when quantifying the difference between two probability distributions. Hellinger
distance satisfies triangle inequality. The reason for including v/2 in the definition of Hellinger
distance is to ensure that the distance value is always between 0 and 1. When comparing a
pair of discrete probability distributions the Hellinger distance is preferred because P and Q

are vectors of unit length as per Hellinger scale.

3.3.6 Comparing distributions

In our study, we apply the Kullback-Leibler (KL) divergence to measure the differences
between the source and target domains. The KL divergence approach as relative entropy is
a nonsymmetric measure of the divergence between two probability distributions [218], [219].
Such a measure has been widely accepted to define the “distance” between two distributions
[220]. Given two probability distribution p € R¥*! and ¢ € R¥*! defined on the probability
space X, the KL divergence of ¢ from p is the information lost when ¢ is used to approximate

p. We used the following formula to compute KL divergence between two datasets with a
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different distribution.

n

Dkr(p,q) = Zp(w)log% (3.6)

1=

The KL divergence can take on values in [0, co]. Particularly, if p and ¢ are the exact same
distribution (p = ¢q) , then Dg L(p||q) = 0.

The other method to compare the discrepancy of two distributions is Maximum Mean Dis-
crepancy (MMD). MMD is based on embedding probabilities in a reproducing kernel Hilbert
space to find the discrepancy between two distributions. This measure has found numerous
applications in machine learning and nonparametric testing. This distance is based on the
notion of embedding probabilities in a reproducing kernel Hilbert space. In applications
such as two-sample test and independence test that involve MMD, an estimate of MMD is
constructed based on the estimates of j1p and jig respectively. The simple and most popular
estimator of pp is the empirical estimator, pp, = %Z?:l k(., X;) which is a Monte Carlo
approximation of pp based on random samples (X;)"; i=1 drawn i.i.d. from P [221].

Also, [222] proposed a nonparametric method to learn a piecewise constant function to ap-
proximate the underlying probability density function. Thier algorithm is defined based on
the binary partition of ¢ and it uses Quasi Monte Carlo analysis to control the partition
process.

As above mentioned there are several ways to compare the discrepancy of two distributions

and here we utilized KL Divergence and Hellinger distance to measure the distance.

3.4 Related work

In this section, we briefly review related work in applying transfer learning, deep network-

based transfer learning, and feature-based transfer learning in the healthcare area.
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3.4.1 Transfer Learning in Structured Healthcare Data

Transfer learning methods have been recently applied in solving a wide range of real-world
problems in healthcare applications. However, there are few studies of effectively using these
methods in datasets other than images, audio, video, and raw text. Li et al. in their study
of ”constrained elastic net-based knowledge transfer for healthcare information exchange”
proposed a model that can measure the differences among multivariate data distributions
and based on this measurement they can avoid an unsuccessful transfer. They demonstrate
the performance using the diabetes electronic health records (EHRs) which contains patient
records from all fifty states in the United States. They successfully transfer the knowledge
across different states to improve the diagnosis of diabetes in a certain state with insufficient
records to build an individualized predictive model with the aid of information from other

states [223].

Wiens et al. in their study of ”A study in transfer learning: leveraging data from multi-
ple hospitals to enhance hospital-specific predictions” applied similar transfer learning ap-
proaches to the medical data. They investigated an approach for building predictive models
that involve augmenting data from individual hospitals with data from other hospitals. Us-
ing LIBLINEAR [224], they learned three different risk prediction models.

When data from two other hospitals are included in the training set, they saw a significant
improvement in performance. These results demonstrate how auxiliary data can be used
to augment hospital-specific models. Hospital A had only 82 positive training examples,
compared with hospitals B and C with a combined 587 positive training examples. These
additional positive examples helped the model generalize to new data. Comparing the per-
formance of three classifiers, they saw that the classifier learned solely on data from the

target task (i.e, Target-only) performs the worst [29].
Compared to our study, [225] provided a unified framework that potentially takes advantage
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of auxiliary data using a transfer learning mechanism and simultaneously builds a robust
classifier to tackle this imbalance issue in the presence of few training samples in a par-
ticular target domain of interest. They proposed a novel boosting-based instance transfer
classifier with a label-dependent update mechanism that simultaneously compensates for
class imbalance and incorporates samples from an auxiliary domain to improve the classifi-
cation. They provided the details of the performance of various algorithms under different
evaluation metrics using real-world datasets including Healthcare demographics, Parkinson
dataset, and Text dataset. Their framework simultaneously compensated for the lack of data

and the presence of class imbalance using a transfer learning model.

3.4.2 Deep Network-based Transfer Learning in Structured Healthcare

Data

Similar transfer learning approaches have been applied successfully to medical data. [226]
proposed a deep transfer learning framework using MeSH domain knowledge to improve au-
tomatic ICD-9 coding. First they trained a neural network for automatic MeSH indexing
using BioASQ3 dataset. Then they used shared network (Convolutional Neural Network)
and a fully connected layer with sigmoid function to predict the probability of the label
on smaller target medical text. They demonstrated that transfer learning was the key
component in improving automatic ICD-9 coding. Using transfer learning Micro-average
F-measure, Micro-average Precision, Micro-average Recall increased from 0.39, 0.44, 0.35
to 0.41, 0.48 and 0.36. Their experimental results indicate that transfer learning is a key
component to improve the performance of automatic ICD-9 coding and a deep learning ap-
proach is a foundation in the success of their proposed model. Compared to our approach,
they did not try other transfer learning models to compare the performance of deep transfer

learning model with a Feature based transfer learning model. [120] surveyed recent advances
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in transfer and multitask learning for bioinformatics applications. Transfer and multitask
learning offer an attractive alternative, by allowing useful knowledge to be extracted and
transferred from data in auxiliary domains to help counter the lack of data problem in the
target domain. Their survey shows that most current work on transfer learning is focused
on sequence classification, gene expression data analysis, biological network reconstruction,
biomedical text, image mining, and sensor-based ubiquitous healthcare. Similar to our paper,
their study is on transfer learning in biomedical application, however their research review
is more comprehensive including research work in transfer learning and multitask learning

in the area of bioinformatics and biomedical applications.

Gupta et al. in their study of "Transfer Learning for Clinical Time Series Analysis Using
Recurrent Neural Networks” investigate that to what extent transfer learning can address is-
sues of training deep RNNs in clinical time series. Training deep Recurrent Neural Networks
(RNNs) requires such a large labeled data, high computational resources, and significant
hyperparameter tuning effort in clinical time series. Authors demonstrate that (i) models
trained on features extracted using RNN source model outperform or, in the worst case,
perform as well as task-specific RNNs; (ii) the models using features from source models are
more robust to the size of labeled data than task-specific RNNs; and (iii) features extracted
using source RNN model are generic enough and perform better than typical statistical
hand-crafted features [227]. Using transfer learning the performance of classification im-
proved from 0.90 to 0.95. Similar to our study they used neural network based model to
implement transfer learning, however they used Logistics regression at the end of the layers

for classification.
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3.4.3 Feature-based Transfer Learning in Structured

Healthcare Data

Unsupervised feature transfer enables neural networks to transfer latent layer features for a
classifier trained in a supervised way. Chetak Kandaswamy et al. in their paper [200] pro-
posed training stacked denoising autoencoders (SDAs) on a source problem and transferring
its features to help to solve the target problem. Similar to our approach, they implemented
both feature based transfer learning and network-based transfer learning on their study. For
example they pick the features of the model built to classify images of digit from 0-to-9 and
reused them to classify images of letters from a-to-z. Similar experiments were conducted by
reversing the role played by each problem. For unsupervised transfer: First, they transferred
unsupervised features of stacked denoising autoencoders from source to target problem. Then
they fine-tuned the entire multi-layer perceptron with back-propagation on the target prob-
lem. For supervised transfer: they transferred pre-trained k layers from source to target and
then they fine tuned the whole target model. In contrast to our method, they used Logistic
regression for classification. They showed that SDAs using the unsupervised feature transfer
outperform regular models. They achieved 7% relative improvement on average error rate
and in the case of supervised feature transfer they achieved 5.7% relative improvement in

the average error rate.

[228] stated a successful transfer using stacked denoising auto-encoders arises in the con-
text of domain adaptation, i.e., where one trains an unsupervised representation based on
examples from a set of domains but a classifier is then trained from few examples of only
one domain. Their paper focused on the context of the Unsupervised and Transfer Learn-
ing Challenge where they care about predictions on examples that are not from the same
distribution as the training distribution. In their paper, they refer to related work in deep

transfer learning explaining that deep learning seems well suited to transfer learning because
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it focuses on learning representations and in particular ”abstract” representations, represen-
tations that ideally disentangle the factors of variation present in the input. As opposed to
our paper, they have not reported any case study of actual implementation of different types

of transfer learning.

Similar to our method on feature based transfer learning model, [229] trained a neural net-
work to predict source task with present labels that were not directly related to phenotype
targets but contained enough information to provide a training signal for learning a useful
representation of raw EHR data. They specifically applied a variation of the split-brain au-
toencoders (med2rx and rx2med models) with two hidden layers to predict the prescription
from diagnostic codes. Then they used these auto-encoders as fixed features extractors in
the logistic regression model trained to predict the target task using a much smaller number
of reliable samples. Using auto-encoders as feature extractors improved AUC from 0.74 on
baseline to 0.84 in predicting Essential Hypertension. AUC improved from 0.76 to 0.79 for
predicting Diabetes in patients using transfer learning. Unlike our paper, they have not
reported other performance measurements such as accuracy, F-score, recall using feature
based transfer learning in order to generalize the improvement in performance of feature

based transfer learning model.

3.5 Deep Transfer Learning on Structured Data

The Deep Neural Network Architecture To better understand the implementation of the
deep transfer learning (DTL) in this study, we briefly review the formulation of the DNN,
which is simply the conventional multilayer perceptron with more than two hidden layers
[230]. Figure 3.1 depicts a DNN with L+1 layers: an input layer, L —1 hidden layers, and an
output layer. For simplicity, we call the input layer as layer 0, and the output layer as layer

L, thus the hidden layers are [ = 1,..., L. — 1. Given a data point x (patient features), its
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corresponding binary label or output unit y € {0,1} (benign/malignant breast cancer and
diabetic/non-diabetic) can be obtained in DNN through a series of mappings of weighted

sums of the inputs over the hidden layers as follows

VO = x (3.7)

vi=nE) =WVt 4B, 0<I<L (3.8)

where for layer 1, z' = Wiv!=! 4 bl is called the excitation vector, v is the activation vector,

W' is the weight matrix, and b’ is the bias vector.

Each layer has a specified number of neurons N' and 1 : RN — R™' is the activation function
applied to the excitation vector. The output layer [ = L represents a binary classification

task; so we use a sigmoid function n'(-) to produce class probabilities

' (z) = (3.9)

The threshold is applied to the cut-off point in class probabilities, which is 0.50 to assign
class labels. By evaluating the true positive and false positives for different threshold values,
a curve can be constructed that stretches from the bottom left to top right and bows toward
the top left which presents the ROC curve. For the activation function 1 we used the
exponential linear unit (ELU) [231], which is known to speed up learning in DNN and can

improve classification accuracy. The ELU is defined by

ae® —a, ifx<0
n(z) = (3.10)
x, ifx>0
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where hyperparameter a controls the value to which the ELU saturates for negative inputs.
We used the default value 1 in the deep learning software package [232]. By minimizing the
cross-entropy loss function, the model parameters {W! b'} | 0 < [ < L were learned through
the backpropagation algorithm. We used the grid search capability from the scikit-learn
python machine learning library to tune the hyperparameters of deep learning and transfer

learning models.

Autoencoder-decoders Unsupervised Learning deals with data without labels. An ex-
ample of Unsupervised Learning is dimensionality reduction, where we condense the data
into fewer features while retaining as much information as possible. An auto-encoder uses
a neural network for dimensionality reduction. This neural network has a bottleneck layer,
which corresponds to the compressed vector. When we train this neural network, the 'label’
of our output is our original input. Thus, the loss function we minimize corresponds to how
poorly the original data is reconstructed from the compressed vector.

Autoencoder-decoder can be represented two segments of neural network.

6:X 5 F (3.11)
§:F X (3.12)
¢,6 = argmin||X — (¢ - 6) x X||? (3.13)

The encoder function, denoted by ¢, maps the original data X, to a latent space F', which
is present at the bottleneck. Bottleneck contains the compressed representation of the in-
put data. This is the lowest possible dimensions of the input data. The decoder function,
denoted by d, maps the latent space F' at the bottleneck to the output. The output, in this

case, is the same as the input function and Reconstruction Loss measures measure how well
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the decoder is performing and how close the output is to the original input. Thus, we are
basically trying to recreate the original data after some generalized non-linear compression.
The training then involves using back propagation in order to minimize the network’s recon-

struction loss.

We implemented two types of DTL on publicly available diabetes dataset: Network-based
transfer learning and feature based transfer learning. In Network-based transfer learning,
we trained source model and saved weights and biases of the first and second hidden layers.
Then we transferred the saved network to the target model with the same architecture as
the source model and retrained the target model. On the other hand, in feature based trans-
fer learning, autoencoders aroused in the context of domain adaptation where unsupervised
representation trained from a set of domains but the classifier was then trained only from
the target domain.

For that purpose, bottleneck layers of source and target were saved and transferred to the
target DNN model. This bottleneck forces a compressed knowledge representation of the
original input. If the input features were each independent of one another, this compression
and subsequent reconstruction would be a very difficult task. However, if some sort of struc-
ture exists in the data (ie. correlations between input features), this structure can be learned
and consequently leveraged when forcing the input through the networks bottleneck. In the
representation-learning phase of autoencoder, some of the elements that explain marginal
distribution for Y in the training classes are captured by the learned representation. The
output of the encoder is a set of neurons that forms the encoding (compressed set of fea-
tures), so the learner trained on the target set just needs to pick up those elements relevant

to the discrimination among target set classes.
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3.6 Baseline Methods for Imbalanced Classification

For performance comparison, we trained four popular baseline machine learning methods:
logistic regression (LR), random forest (RF), DNN, and stochastic gradient boosting (XG-
Boost) on the target data. We experimented with 3 and 5 hidden layers in DNN. XGBoost
[233] is an ensemble classifier which works on the principle of gradient boosting decision
trees, where decision trees are sequentially added in the model, and each tree corrects the
errors of the previous tree in the sequence. It therefore produces a strong model from a

collection of weak models.

To address the imbalanced learning problem, we used SMOTE as a preprocessing step to
oversample the data and create more balanced data for training the baseline classifiers. We
used k = 5 nearest neighbors in the SMOTE algorithm. SMOTEBoost and RUSBoost were

also included in the baseline models.

3.7 Training, Validation, and Evaluation

We implemented the DNN models using the Keras Python library [232], wherein the Patience
hyperparameter (Table 3.4) is set to monitor the performance of the model and trigger early
stopping. A 5-fold cross validation procedure was used, wherein one fold was used for
validation, one fold used for testing, and the rest used for training the models. The models
were evaluated using AUC, F1- measure (F1-Score), and sensitivity (Sens). The software

code for the DTL model implemented in this study can be downloaded from GitHub 2.

’https://github.com/AydaFarhadi/TransferLearning
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3.8 Case Study 1

3.8.1 Data

Source Data

Breast Cancer Datasets We used two publicly available breast cancer datasets from the
UCT machine learning repository [172] as source data to implement the proposed DTL on
structured data. The breast cancer datasets include: (1) The Wisconsin Diagnostic Breast

Cancer (WDBC) with 357 benign and 212 malignant cases.

Features have been computed from a digitized image of a fine needle aspirate (FNA) of a
breast mass. Breast Cancer appears as a result of mutations, or uncommon evolve in the
genes responsible for regulating the growth of cells and keeping them normal. The genes are
in each cell nucleus, which acts as the ”control room” of each cell [234]. In order to capture
the features contributing in breast cancer, ten initial real-valued features were computed
for each cell nucleus such as radius (mean of distances from the center to points on the
perimeter), texture (standard deviation of gray-scale values), perimeter, area; smoothness
(local variation in radius lengths), compactness (perimeter?/area—1), concavity (severity of
concave portions of the contour), concave points (number of concave portions of the contour),
symmetry, and fractal dimension. The mean, standard error, and mean of the three largest
values of these features were calculated for each image, resulting in 30 features (2) The
Wisconsin Prognostic Breast Cancer (WPBC) data represents follow-up data for patients
seen at the University of Wisconsin Hospital at Madison, Wisconsin from 1984 until 1995.
It included only cases with invasive breast cancer and no evidence of distant metastases at
the time of diagnosis. As with the WDBC data set, 30 of the 34 features in the data were
calculated for each image. There were 47 breast cancer recurrence and 151 non-recurrence

cases in WPBC.
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The WDBC and WPBC contain 30 similar features, therefore we merge the two datasets
vertically by these features to create a single source dataset to generate the source model.

We have overall 767 in the merged dataset (Details of features are presented in Appendix,

table A.2).

Target Data

The Mayo Mammography Health Study (MMHS) The primary data used to demon-
strate the effectiveness of the proposed transfer learning method on structured data consists
of 15,386 women, age > 37, diagnosed with breast cancer between January 15, 2009, and Jan-
uary 15, 2016. This data is a subset from the Mayo Mammography Health Study (MMHS)
Cohort, a cohort of 19,936 women enrolled at the Mayo Clinic, Rochester, with a screening
mammogram performed between 2003 and 2006. Only women in the full cohort who had at
least one full-field digital mammograms performed during the follow-up period were eligible
for this study. Information was collected through the EMR, self-reported and clinical ques-

tionnaires.

The Mayo Clinic institutional review board approved the MMHS. The dataset for this study
contains patients demographics, body mass index (BMI), family history, and serial mea-
surements of clinical breast density, assessed according to the 4-category Breast Imaging
Reporting and Data System (BI-RADS). Table 3.1 presents the distribution of features se-
lected for this study stratified by diagnosis status. During the follow-up period, 487 (3.2%)
women were diagnosed with invasive breast cancer (malignant), significantly underrepre-
sented compared to those without breast cancer (benign), 14,899 (96.8%). Thus, the MMHS
data resulted in severely imbalanced data (IR = 30.6). This, in addition to the fact that
only a limited number of features was used for these women (see Table 3.1), made the data
challenging for standard classification methods to learn. Further details about the MMHS
can be found in [172],[235] .
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To handle missing values in the data, we employed two imputation techniques. First, we used
LOCF (Last Observation Carried Forward) and NOCB (Next Observation Carried Backward)
[236] to impute the serial breast density levels. Specifically, missing levels in breast density
measurements were imputed by carrying forward the last most recent valid non-missing
level. We then converted the serial values from a long format to a wide format, such that the
individual values at each time point became feature vectors. We then applied MissForest to

impute all other missing features.

UCI Mammographic Mass Data This is a publicly available dataset collected at the
Institute of Radiology of the University Erlangen-Nuremberg between 2003 and 2006 [237]
and available from the UCI machine learning repository [175]. The data was used in this
study to predict the classification (benign or malignant) of a mammographic mass lesion.
It contains 516 benign and 445 malignant cases. Because the mammographic mass dataset
was relatively balanced (IR = 1.2), the baseline classifiers were expected to perform well.
As such, we also used the data to investigate the effect of imbalanced learning by training
the models under different IRs in the training data. Specifically, we carried out a controlled
experiment by simulating class imbalance in the training data, whereby samples from the
malignant class were removed randomly. We created training datasets where the proportion
of observations in the minority class was: 10% (IR = 5.4), 5% (IR = 10.7), and 2% (IR =
26.8).

We imputed missing values in the mammographic mass data set with MissForest.

3.8.2 Method

Proposed Deep Transfer Learning for Breast Cancer

The proposed deep transfer learning is based on the DNN described above; where the goal

is to transfer knowledge from a structured source domain data with potentially large and
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balanced class distribution to a structured target domain data that is imbalanced (see table
3.3). We use ”"TensorFlow” deep learning library in python to develop our neural network
models [238].

The model consists of an input layer, an output layer and three hidden layers with a total
of 8334 parameters.

The weights were initialized with random values and the backpropagation algorithm was
used to optimize the weights. The hyperparameters of the Breast Cancer Network were
tuned using grid search and presented in Table 3.4. By the theory of DNN, the initial layers
(say [ = 1,2) capture generic features about the disease (cancer), while the later layers focus
on specific disease characteristics (e.g. breast cancer pathology). Therefore, given a source
DNN model generated on one dataset, we can freeze (fix the weights) one or more initial
layers, and retrain the remaining layers on another dataset. Thus, in DTL, we essentially
use the same DNN architecture, where the initial layers of the source model are used as a
starting point for retraining on the new data. Note, however, that in transfer learning, any
of the layers of the DNN may be frozen (weights are not updated after each training epoch)
or unfrozen (weights are updated after each training epoch), and as such these layers are
referred to as transferred hidden layers.

we also develop our target DNN using 5 layered DNN and 7 layered DNN based on the
Mayo Clinic Breast cancer data. We implemented both freeze transferred hidden layers and
unfreeze transferred layers, with a different number of layers. Specifically, we implemented
and compared the performance of the DTL models represented on Table 3.5.

Figure 3.2 illustrates the implemented DTL network architecture, where the source model
(shown in blue) is a DNN. To derive the 5L-2T-Freeze model, for example, we transferred

the top two hidden layers of the source model to target model and froze their weights [239].

To generate the source DNN model, we set the learning rate to 0.001 and 0.0001 for the

retraining model. Setting a smaller learning rate for the retraining model ensures that large
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Figure 3.1: Illustration of transfer learning. Left: locating transferable hidden layers. Right:
transferring layers that can improve the learning of the target predictive function.
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Figure 3.2: Deep transfer learning for breast cancer classification



gradient updates do not distort the pre-trained weights [240],[241].

3.8.3 Results

The performance of classifiers on Breast Cancer dataset Figure A.2 in Appendix
presents mean of the 10 original features in combined WDBC and WPBC source data with
a total of 767 observations. The minority class was composed of cases with malignant tu-

mors (from WDBC) or recurrent cancer (from WPBC) with an IR of 1.96. Thus the source

dataset was relatively balanced.

Basic descriptive statistics of the features in the MMHS target breast cancer data stratified
by breast cancer diagnosis is presented in Table 3.1. The table includes 6 BI-RADS breast
density assessments over six time periods (years). Each of the 4 BI-RADS levels represents
gradations of the likelihood that a cancer exists, from lowest to highest probability. We also
include a transformed variable with levels (0, -1, and 1) indicating no change, decrease, and

increase in the BI-RADS respectively over the six time periods.

Performance of Source DNN on Source Data

We used AUC to select the best model parameters during training and validation in predict-
ing breast cancer on the source data. The corresponding validation AUC on breast cancer

source model was 0.96(0.10).

Performace of DTL and Baseline Models

We first trained the baseline models on the target datasets without sampling, and then
retrained the models on oversampled data using SMOTE. For oversampling, only the training

portion of the cross-validation was sampled. The validation and test set were left unchanged.

We equally trained the DTL models: 5L-2T-Freeze, 7L-2T-Freeze, 5L-2T-UNFreeze, and 5L-
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1T-UNFreeze as previously described to classify breast cancer on the MMHS data and the
UCI Mammographic mass datasets.

Table 3.10 presents performance results of the models on the MMHS data. With respect to
the AUC metric, resampling the data with SMOTE marginally improved the performance of
LR, while the performance of RF deteriorated. As previously said, the poor performance of
RF on the oversample data was likely due to the introduction of uninformative or correlated
examples by SMOTE. The performance of RUSBoost, which creates a balanced training set
by undersampling rather than generating synthetic examples, was significantly better than
all baseline models including SMOTEBoost. On the other hand, all the DTL models except
7L-2T-Freeze outperformed the other comparator methods. The 5L-2T-UNFreeze showed
the best AUC performance. However, the 7TL-2T-Freeze model was the most sensitive model

in detecting malignant cases.

Clas " == 2L-1ADD-Freeze - LR s+ RF SMOTEboost
=+ IL-1ADD-UNFreeze MLP-3L RUSboost =+ XGBoost

Balanced 2%

10% 5%
Mingrity class proportion (degree of imbalance)

Figure 3.3: Performance of models on the UCI Mammographic mass data with simulated imbal-
anced training data distribution

Figure 3.3 presents performance results of the models on the UCI Mammographic Mass
data. As expected, the performance of the models deteriorated as the proportion of minority

classes in the data decreased (or increased in IR). The AUC values for Balanced in the figure
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represents the performance of the models on the original dataset (IR = 1.2). The 5L-2T-
Freeze (2L-1ADDFreeze) DTL model showed slightly better performance compared to other
methods, and remained dominant throughout the different simulated levels of IRs. Finally,
the 5L-2T-Freeze and 5L-2T-UNFreeze (2L-1ADD-UNFreeze) DTL models significantly out-
performed all the other models for the very severe imbalanced (IR = 26.8) case. We omitted
the results for the 7L-2T-Freeze and 5L-1T-UNFreeze DTL models as they slightly under-
performed compared to the 5L-2T-Freeze and 5L-2T-UNFreeze but performed better than

most of the baseline models.

Interestingly, the performance of some of the methods actually increases from a 5% minor-
ity class rate to the 2% rate. It is unclear what may be the reason for this increase. A
contributing factor may be due to the randomness in which we simulated the imbalanced
class levels. Based on the comparison results, it can be concluded that the DTL is an effi-
cient methodology for standard classification tasks with balanced or imbalanced structured

healthcare data.

3.9 Discussion

Breast cancer is a cause of significant morbidity and mortality in the US and worldwide.
Early detection of high grade malignant breast cancers is critical for improved survival and
other patient outcomes. Yet, despite the large number of women with the disease, effective
early identification of malignant vs. benign lesions with digital mammography (the primary
modality of breast cancer screening) is difficult due to the small numbers in the overall popu-
lation. Traditional methods for predicting rare events do not provide adequate accuracy. In
this work, we demonstrated that transfer learning on structured data is an efficient learning
technique that can mitigate the class imbalance problem prevalent in most disease classifi-

cation tasks in healthcare.
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In healthcare, correctly detecting the rare events or minority class is crucial, as they cor-
respond to high-impact events and misclassifying them can carry significant consequences.
For example, misclassification of non-cancerous cells as malignant (i.e. false positive) may
lead to unnecessary clinical testing (with its own side effects and harms) and patient anxiety.
Similarly, misclassification of cancerous cells as benign (i.e. false negative) results in delayed
diagnosis, higher burden of disease at the time of detection, and ultimately lower probability

of successful treatment and survival [242], [171].

This work proposes an accurate and efficient deep transfer learning approach (DTL) for im-
proving early detection of breast cancer as a test case for other similar problems in health
care by addressing the key issue of imbalanced healthcare/medical data. DTL has com-
monly been used to deal with lack of data when the input is non-structured (e.g. images),
however, its application to structured data to address the class imbalanced problem has not
been investigated. We demonstrated in this work that DTL from a structured and rela-
tively balanced source data can be used to facilitate accurate modeling in a more general,
imbalanced problem. We illustrated our claims in a real healthcare problem by facilitating
the prediction of breast cancer occurrence in a general screening cohort (MMHS data) by

transferring features learned from differentiating between malignant and benign or recurrent

and non-recurrent cancers (public WDBC and WPBC data).

The results reflect known research for imbalanced data; as a dataset skews further towards
extreme imbalance, predictive algorithms tend to perform worse (at times significantly so).
For once, the signals which may be predictive of the minority class shrinks with respect to
the noise. Further, the loss function of the learning algorithm no longer accurately reflects
the intended problem, but naturally prioritizes learning the majority cases. As with many
problems, attempts to mitigate these problems in our use-case using resampling or reweight-

ing show only minimal benefit, or in some cases disadvantageous. We hypothesize that the
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real features which are needed to learn to differentiate the classes (at risk for breast cancer
and not at risk) is not strongly present, which prevents the classifiers from benefiting from
data resampling or reweighting. In other words, the models based on resampled data alone
are not sufficiently trained. In contrast, transfer learning can be leveraged to learn these

features without significant manipulation of the target data.

In traditional transfer learning application problem, the source data is typically very large,
as it is assumed that large dataset is needed to develop a well-trained model. However, we
show that despite this common assumption, the features learned are not completely inval-
idated. In fact, the features actually benefit a new task where there was previously a lack
of data. We believe this is due to the source data being rich in discriminative information
compared to the target data. This finding is potentially extremely useful as many clinical

decision support tools have poor accuracy due to too little signal in the training cohort.

Limitations of this study should be noted. First, the performance of this method was eval-
uated only on breast cancer datasets, which limits the conclusions that can be drawn from
this experiment. However, the results are encouraging and we plan to apply this method
in other real-world healthcare datasets. Second, real-world healthcare data is often afflicted
with high levels of missing data for various reasons. Although we used a model-based method
to address missing values, it is unclear how this may have biased our model. In the future,
we plan on evaluating the method on datasets with varying degrees of missingness. Third,
we implemented a simple technique for simulating imbalanced data by randomly dropping
minority examples. A more systematic approach that controls for the imbalanced degree can

be implemented [189].
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3.10 Case Study 2

3.10.1 Data

Source Data

Diabetes datasets We also used the dataset representing 10 years (1999-2008) of clinical
care for diabetes patients at 130 US hospitals and integrated delivery networks, from the
University of California Irvine, to generalize our models of transfer learning on Structured

dataset. The dataset encounters satisfy the following conditions:

e It is an inpatient encounter (a hospital admission)

It is a diabetic encounter, that is, one during which any kind of diabetes was entered

into the system as a diagnosis.

The length of stay was at least 1 day and at most 14 days.

Laboratory tests were performed during the encounter.

Medications were administered during the encounter.

The target variable of readmission had two levels of < 30" (patient readmitted within 30
days), "> 30’ (patient was readmitted after 30 days) which we defined as ’yes’ and 'no’
(patient was not readmitted). We defined it as a binary classification problem. It includes
over 49 features representing patient and hospital outcomes. The Total number of instance
are 100,000 data [243].

Table 3.7 indicates features of diabetics readmission dataset. Missing values in the data were
imputed using the MissForest [244] algorithm. MissForest iteratively trains a random forest

model on the observed (non-missing) portion of the data to predict the missing values.
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Target Data

Pima Indians Diabetes Dataset This is a publicly available dataset from the UCI machine
learning repository [175]. The dataset includes the following features: number of times
pregnant, Plasma glucose concentration 2 hours in an oral glucose tolerance test, Diastolic
blood pressure (mm Hg), Triceps skinfold thickness (mm), 2-Hour serum insulin (mu U/ml),
Body mass index (weight(kg)/(height(m))?), Diabetes pedigree function and Age (years).

A total of 768 cases are available in the Pima Indians diabetes dataset.

3.10.2 Method
Proposed Deep Transfer Learning for Diabetes

We implemented two types of transfer learning on this dataset. Mapping based trans-
fer Learning and Network-based transfer Learning. To implement mapping-based transfer
learning: First we developed two autoencoder-decoders for the publicly available Diabetes
readmission dataset and Pima Indian diabetes dataset respectively (Fig.3.4, Fig.3.5). Each
network has an encoder, bottleneck layer and a decoder. We saved the bottleneck layer of
both models in order to transfer them to the target model for classification. Proposed Deep

Transfer Learning for Diabetes using Mapping based transfer learning is presented here. The
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DNN model was similar to the one described for Breast Cancer with differences in the op-

timized hyperparameters (see table 3.4). We developed DNN using a 5 layered DNN based
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on the Pima Indian diabetes dataset described above.

Also we developed network-based transfer learning similar to Breast cancer dataset with
different number of hidden layers and optimized hyperparameters (see table 3.8, table 3.9).
The goal was to transfer knowledge from structured source domain data with a large amount

of data to a structured target domain data with a smaller amount of data.

Table 3.8 shows the parameters of the model with details of I- layers, W - weights and b -
biases. The weights were initialized with random values and the backpropagation algorithm
was used to optimize the weights. The hyperparameters of the network were tuned using
grid search and presented in Table 3.9. Our optimization problem was reducing the distance

between encoded representation and target dataset using backpropagation on DTL classifier.

We used max-val-ACC to save the model only when there is an improvement in ACC. Batch
normalization used after encoded layer to reduce the internal covariate shift by preventing
outliers in the aggregate code distribution. Given a source DNN model generated on one
dataset, we can freeze (fix the weights) one or more initial layers, and retrain the remaining
layers on another dataset. Therefore, in DTL, we essentially use the same DNN architecture,
where the initial layers of the source model are used as a starting point for retraining on the

new data.

3.10.3 Results

Divergence between source and target features in Diabetes dataset As a good and
widely accepted measure of the distance between two distributions, KL divergence between
source and target data is applied to describe the difference between the source and target

domains. We compare KL divergence before and after encoding to check the possibility of re-
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ducing KL divergence between source and target data. Difference in dimensions of source and
target dataset made calculating KL divergence challenging. We applied Principle Compo-
nent Analysis (PCA) on original data to remove redundancy in the dataset. PCA is a linear
transformation with a well defined inverse transform [245]. On the other hand, autoencoders
can have nonlinear encoder/decoders. As a result, we extracted Principle Components (PCs)
and encoded features on two datasets. Then we compared KL divergence between PCs of
source and target data, and encoded features of source and target data using a method as

explained below.

Let K Lie ore denote the KL-divergence before encoding, and K Lg ¢, denote the KL-divergence

after encoding. Consider the following hypothesis:

HO : KLafter = KLbefore~
Hl : KLafter < KLbefore'

For such hypothesis testing, we first randomly chose 200 samples from the source PCs and
target PCs, then calculated the KL-divergence. In particular, the densities for the samples
can be estimated using Kernel density estimation. With the estimated densities for source
PCs and target PCs, the KL-divergence can be obtained. There are some existing methods
in calculating the KL-divergence, here we use the R package Fast Nearest Neighbor Search
Algorithm (FNN) [246], [247], [248]. In this package, it first estimates the distributions p
and q for source data (dimension: nl*d, in the paper, is 200 * 10) and target(dimension:
n2 * d, in the paper, is 200 * 10) using K nearest neighbors such that for small regions it
needs to search small area and for large region it needs to search in large distances to find
nearest neighbors. Then it calculates the KL-divergence by summing up the divergences of

q(z) from p(z) and p(x) from q(z).

By repeating this for 300 times, we could get the empirical distribution of the KL-divergence

between source PCs and target PCs (see the red curve in Figure. 3.7). Then we conducted
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the same experiment for encoded features and got the empirical distribution of the KL-
divergence between the encoded features (marked as the blue curve in Figure 3.7). However,
the work on this is preliminary and is undergoing further validation for a journal submission.
Based on the empirical distributions shown in Figure 3.7, we conducted the two-sample test.
The p-value for the test was nearly 0 (p-value < 2.2 x 1071). The testing result confirmed
that implementing the Autoencoder-decoder could reduce the KL-divergence between the
source and the target, and result in proper domain adaptation for transfer learning [249].
We applied the feature based transfer learning method (3.3) to this data and chose § to be

DKL({ES,{I?t)/S .

Next we compared Hellinger distance between PCs of source and target data, and encoded
features of source and target data. We computed the Hellinger distance between features
of two datasets and then we took an average of all divergences. Assume the § is Hellinger
distance between between PCs of source and target dataset. Encoding prepared data for
transfer learning by reducing § to Dyp(xs, x;)/6 between source and target dataset (Differ-

ence reduced from 0.043 to 0.07).

The performance of classifiers on Diabetes dataset

Performace of Source DNN on Source Data

We used ACC to select the best model parameters during training and validation in pre-
dicting diabetes on source data. The corresponding ACC on diabetes source model was

0.91(0.03).

Performance of Source DNN on Source Data

We used ACC to select the best model parameters during training and validation in pre-

dicting diabetes on source data. The corresponding ACC on diabetes source model was
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0.91(0.03).

We first trained the baseline models on the target datasets. Then, we equally trained the
DTL models: 6L-2T-Freeze, TL-2T-Freeze, 6L-2T-UNFreeze, and 7L-2T-UNFreeze as previ-
ously described to classify breast cancer on the Pima Indians Diabetes dataset. Finally, we

trained the feature based DTL model.

Figure 3.8 shows the model loss before transfer learning against the training epochs of the
target data. Figure 3.9 shows the model loss after transfer learning against training epochs
of the target DNN in predicting diabetes on the target data. Before transfer, training loss
decreases rapidly throughout the training epochs, while the validation loss initially decreases
rapidly to 0.45, levels off on 0.41 with high variation, and then start increasing slowly at
around 60 epochs. However, after transfer, both training and validation loss decreases slowly
to 0.40 with less variation throughout the training epochs, level off at 0.38, and then starts
increasing slowly at around 80 epochs. Consequently, after the transfer, 80 was considered
as the converge point; the point at which the model test performance starts to deteriorate,

thus indicating overfitting is in effect.

Performance of DTL and Baseline Models

The performance of classifiers are compared using python for classification.  Using source
model on diabetes readmission dataset improved the accuracy on target data to 0.85 using
DTL-5L-Feature (Features extracted via unsupervised learning to target NN model to retrain

source network on the target model).

Table 3.10 presents performance results of the models on the UCI Pima Indians diabetes
data. As expected, with cross-validation we get a true performance of the models. Feature
based DTL model with 5L outperforms all other models of classification. On the second

level, the 6L-2T-UNfreeze DTL model outperforms baseline models of classification.
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3.11 Discussion

Diabetes means blood sugar is above the desired level on a sustained basis and it is one of
the most wide-spread diseases. Diabetes can cause serious health complications including
blindness, blood pressure, heart disease, kidney disease and nerve damage, etc. which is haz-
ardous to health. Early detection of this disease could significantly decrease healthcare costs
via the diagnosis of diabetes. Yet, despite a large number of researches in this area, medical
studies demonstrated that diabetes pathology is increasing in the last decades and the trend
does not tend to stop [250]. Traditional methods for predicting disease in small datasets
do not provide adequate accuracy. In this work, we demonstrated that transfer learning on
structured data is an efficient learning technique that can make efficient classification when

a large amount of labeled datasets in healthcare is not accessible.

We demonstrated in this work that DTL from a structured and large balanced source data
can be used to facilitate accurate modeling in a more general problem. In the unsupervised
representation-learning phase of autoencoder, some of the items that explain P(X|Y) for
Y in the training classes are captured by the learned representation and they are useful in
predicting different classes from the target data set. Among different approaches to trans-
fer learning, the feature-based transfer learning methods have proven to be superior for the
scenarios where original raw data between domains are very different while the divergence
between domains can be reduced. Encoders discover features that capture the generic items
of variation present in all the classes, so the classifier trained on the target set just needs to
pick up those items relevant to the discrimination among target set classes. We illustrated
our claims in real healthcare problems by facilitating the prediction of diabetes occurrence
by transferring features learned from differentiating between diabetic and non-diabetic pa-

tients.
Limitations of this study are similar to the ones listed for Case study 1.
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3.12 Conclusion

Healthcare is one of the most common domains suffering from scarcity of labeled data and

imbalanced data, and addressing them are an urgent priority.

Unlike traditional machine learning methods, in which the creator of the model has to
choose and encode features ahead of time, deep learning enables a model to automatically
learn features that matter. In this way, a deep learning model learns a representation of the
dataset. Deep learning models extract important features by iteratively transforming the
data, ”going deeper” toward meaningful patterns in the dataset with each transformation.

However, a large dataset is needed for the utilization of complex healthcare data.

Using transfer learning can potentially solve this problem by bridging the source and target
domains vis-a-vis learning invariant feature representations from the source domain. It uses
learning from one task on to another task without the requirement of learning from scratch
and in this way it directly addresses the smarter parameter initialization point for training
the neural network. Using transfer learning, especially in the Healthcare area which suffers
from the imbalanced dataset and small labeled dataset improves AUC which has a meaningful

interpretation of disease classification from healthy subjects.

In this study, we have trained a model on multiple balanced breast cancer datasets, and
transfer the knowledge learned to predict benign/malignant breast cancer status from a
severely an imbalanced local dataset with high AUC. We have trained a model on diabetes
readmission dataset, and transfer the knowledge learned to predict diabetic/non-diabetic
status with higher accuracy. Our transfer learning approach is equally competitive with
state-of-the-art methods for varying degrees of imbalanced datasets. We also demonstrated
that feature based transfer learning works better compared to network based transfer learning
in the case of diabetes prediction. Overall, our results indicate, the the proposed approach

resulted in the best classification results compared to other machine algorithms.
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These source models are well documented and publicly available in GitHub. We believe that
this work provides researchers and professionals with state-of-the-art knowledge on transfer
learning with computational intelligence and will provide guidelines about how to develop
and apply transfer learning over structured healthcare data to support users in various

health-related decisions.
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Table 3.1: Statistical analysis of target MMHS data (Logistics Regression)

Features Number Benign(N=14899) Malignant(n=487) Total(N=15386) p-value coef OR (30.5)
BI-RADS Breast Density Changes | 1
First Month 0.000  0.017
1 3652(24.5%) 74(15.2%) 3726 (24.2%) 0.020
2 6175(41.4%) 215(44.1%) 6390(41.5%) 0.034
3 4339(29. 1%) 179(36.8%) 4518(29.4%) 0.041
4 733(4.9%) 19(3.9%) 752(4.9%) 0.025
Second Month | 2 0.000  0.008
1 3434 (23.0%) 73(15.0%) 3507(22.8%) 0.021
2 6437(43.2%) 226(46.4%) 6663(43.4%) 0.035
3 4364(29.3%) 166(34.1%) 4530(29.4%) 0.038
4 664(4.5%) 22(4.5%) 686(4.5%) 0.033
Third Month | 3 0.83 0.0007
1 3193(21.4%) 86(17.7%) 3279(21.3%) 0.026
2 6459(43.4%) 200(41.1%) 6659(43.4%) 0.030
3 4633(31.1%) 178(36.6%) 4811(31.3%) 0.038
4 614(4.1%) 23(4.7%) 637(4.1%) 0.037
Fourth Month | 4 0.78 -0.0009
1 2990(20.1%) 89(18.3%) 3079(20.0%) 0.029
2 6638(44.6%) 201(41.3%) 6839(44.4%) 0.030
3 4702(31.6%) 177(36.3%) 4879(31.7%) 0.037
4 569(3.8%) 20(4.1%) 589(3.8%) 0.035
Fifth Month | 5 0.98 -0.0007
1 2809(18.9%) 88(18.1%) 2897(18.8%) 0.031
2 6740(45.2%) 214(43.9%) 6954(45.2%) 0.031
3 4812(32.3%) 163(33.5%) 4975(32.3%) 0.035
4 538(3.6%) 22(4.5%) 560(3.6%) 0.040
Six Month | 6 0.13 0.003
1 2602(17.5%) 89(18.3%) 2691(17.5%) 0.034
2 6858(46.0%) 222(45.6%) 7080(46.0%) 0.032
3 4899(32.9%) 149(30.6%) 5048(32.8%) 0.030
4 540 (3.6%) 27(5.5%) 567(3.7%) 0.05
Family History of BC | 7 2698(18.1%) 119(24.4%) 2817(18.3%) 0.007  0.009
Age at Enrollment | 8 56.66(11.31) 58.82(10.30) 56.73(11.29) 0.000  0.037
Autofluorescence Bronchoscopy Group |9 0.000  0.005
0 1970(13.2%) 5 (13.3%) 2035(13.2%) 0.032
1 2267(15.2%) 69(14.2%) 2336(15.2%) 0.030
2 5801(38.9%) 193(39.6%) 5994(39.0%) 0.033
3 3308(22.2%) 107(22.0%) 3415(22.2%) 0.032
4 1445(9.7%) 47(9.7%) 1492(9.7%) 0.032
9 108(0.7%) 6(1.2%) 114(0.7%) 0.05
Age at Menarche | 10 0.001  0.002
1 2503(16.8%) 0 (16.4%) 2583(16.8%) 0.031
2 7954 (53.4%) 283(58.1%) 8237(53.5%) 0.035
3 3481 (23.4%) 93 (19.1%) 3574(23.3%) 30.026
8 866(5.8%) 27(5.5%) 893(5.8%) 0.031
9 95 (0.6%) 4(0.8%) 99(0.6%) 0.042
Menopause at Enrollment | 11 9081(61.0%) 346(71.0%) 9427(61.3%) 0.20 0.004
BMI at Enrollment | 12 28.14(6.42%) 28.39(6.43%) 28.14(6.42%) 0.000  0.004
BI-RADS at Enrollment | 13 0.000  0.0151
1 3268(21.9%) 73(15.9%) 3341(21.7%) 0.022
2 5865(39 4%) 194(39.8%) 6059(39.4%) 0.033
3 4731(31.8) 176(36.1%) 4907(31.9%) 0.037
4 1035(6. 9%) 44(9.0%) 1079(7.0%) 0.042
Age at Diagnosis | 14 0.000  -0.035
0130 352(2.3%) 0 352 0
1]40 4253(28.5%) 28(5.74%) 4281(27.8%) 0.006
2|50 4335(29.09%) 110(22.5%) 4445 (28.8%) 0.025
3160 3492(23.4%) 167 (34.2%) 3659(23.7%) 0.047
4|70 2031(13.63%) 131 (26.8%) 2161 (14%) 0.064
5+ | 80+ 435(2.8%) 1(9.8%) 485(3%) 0.11
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Table 3.2: Statistical analysis of target MMD data (Logistics Regression)

Features Number Benign(N=427) Malignant(n=404) Total(N=831) p-value coef  OR (1.05)

BI-RADS Breast Density Changes |0 0.001  0.023
0 2(0.4%) 3(0.7%) 5(1.2%) 1.5
2 7 (1.6) 0(0%) 7 (0.8%) >7
3 20 (4.6%) 4(0.9%) 24(2.8%) 5
4 364 (85) 100(24%) 464(55%) 3.6
5 31 (7) 285 (70%) 316 (38%) 0.1
6 2 (0.4) 7(1.7%) 9(1%) 0.2
Age |1 0.000  0.006
0 5 (1.17%) 0 5(0.6%) >5
1 35 (8.1%) 1(0.2%) 36(4.3%) 35
2 64(14.9%) 13 (3.2%) 77(9.2%) 4.9
3 108(25.2%) 51 (12.6%) 159 (19.1%) 2
4 117 (27%) 95 (23%) 212(25.5%) 1.2
5 75 (17.5%) 128 (31.6%) 203 (24.4%) 0.5
6 20 (4.6%)) 83 (20.5%) 103 (12.3%) 0.2
7 4 (0.9%) 33 (8.1%) 37 (4.4%) 0.1
8 0 3 (0.7%) 3 (0.3%) 0
Shape | 2 0.000  0.094
1 159(37.5%) 33(8.1%) 192(23%) 4.8
2 149 (34.8 %) 30 (7.4%) 179(21.5%) 4.9
3 39 (9.1%) 42 (10.3%) 81(9.7%) 0.9
4 81 (1.8%) 300 (74%) 381 (45%) 0.2
Margin | 3 0.000  0.095
1 283 (66.2%) 39 (9.6%) 322(38%) 7.2
2 8 (1.9%) 13(3.2%) 21(2.5%) 0.6
3 39 (9.1%) 68 (%) 107 (12.8%) 0.5
4 76 (17.7%) 176 (%) 252 (30%) 0.43
5 20 (4.6%) 106 (%) 126 (15%) 0.18
Density | 4 0.000  -0.167
1 6(1.4%) 5 (1.2%) 11(1.3%) 1.2
2 40 (9.3%) 21(5.1%) 65 (7.8%) 1.9
3 379 (88%) 375 (92%) 754(90%) 1.0
4 4 (0.9%) 4 (0.9%) 8(0.9%) 1

Table 3.3: Parameters of the Breast Cancer Network

IR [V |
1 | RN™N' (30 x100) RN (100)
2 | RN"N* (100 x50) RN (50)
3 | RVN (50 x30) RN’ (30)
4 | RN>N'(30x1) RN (1)

Table 3.4: Hyperparameters of the Breast Cancer Network

Activation Optimizer Patience Epoch Batch Drop-out Early-Stop
ELU Nadam 300 1000 50 0.15 Min-val-loss
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Table 3.5: DTL models

5L-2T-Freeze

Top 2 Layers transferred from the source model to retrain
network on the target model. Transferred layers are frozen
during training.

5L-2T-UNFreeze

Top 2 Layers transferred from the source model to retrain
source network on the target model. Transferred layers
are UNfrozen during training.

5L-1T-UNFreeze

Top Layer transferred from the source model and 2 hid-
den layers added to retrain source network on the target
model. Transferred layer is UNfrozen during training

TL-2T-Freeze

Top 2 Layers transferred from the source model and 3 hid-
den layers added to retrain source network on the target
model. Transferred layers are frozen during training

Table 3.6: Performance of models on hold out fold of MMHS

’ Classifiers \ AUC-cv Sens-cv Fl-cv
LR 0.59 0.20 0.30
RF 0.61 0.09 0.05
XGBoost 0.68 0.10 0.15
DNN-5L 0.65 0.32 0.37
DNN-7L 0.66 0.32 0.37
LR-sampling 0.65 0.20 0.31
RF-sampling 0.53 0.47 0.07
SMOTEBoost 0.67 0.36 0.44
RUSBoost 0.76 0.74 0.17
5L-2T-Freeze 0.80 0.75 0.29
5L-2T-UNFreeze 0.81 0.75 0.28
5L-1T-UNFreeze 0.80 0.71 0.27
TL-2T-Freeze 0.76 0.81 0.19
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Table 3.7: Features of Diabetic Readmission Dataset

Features SubSets
Gender
Age
Weight
Admission type
Race

Inpatient encounter

Payer code
Medical specialty
Number of diagnosis

Admission source
Discharge disposition

Diabetic encounter

Number of lab procedures
Number of inpatient visits
Leneth of sta Number of outpatient visits

& Y Time in hospital

Number of emergency visits

Diagnosis 1

Diagnosis 2

Diagnosis 3
Glucose serum test result

Alc test result

Laboratory tests

Number of procedures
hange of medications
Diabetes medications

24 features for medications
Number of medications

Medications

Table 3.8: Parameters of the Diabetes Network using Feature based Transfer learning

W [V |
1 | RY>N'(10 x 49) | RN (49)
2 | RVN*(49 % 30) | RN (30)
3 | RV>*N(30 x 10) | RN (10)
4 | RN>NY 10 x7) | RN (7)
5 | RNN(7x1) | RV (1)

Table 3.9: Hyperparameters of the Diabetes network

Activate Optimizer Patience Epoch Batch Drop-out Early-stop
ELU Adadelta 80 100 50 0.15 Min-val-loss
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Table 3.10: Performance of models on diabetes dataset

] Classifiers \ AUC Sens Acc F1 AUC-cv Sens-cv Acc-cv Fl-cv ‘
Logistic-regression | 0.72  0.78 0.77 0.77 0.70 0.77 0.75 0.76
LDA-classifier 0.74 0.78 0.78 0.78 0.71 0.78 0.75 0.77
Decision-Tree 0.82 0.82 0.82 0.82 0.65 0.72 0.75 0.71
Random-Forest 0.91 093 0.93 0.93 0.67 0.73 0.74 0.73
XGBoost 0.97 0.98 097 0.98 0.71 0.75 0.77 0.74
DNN-5L 0.78 0.70 0.82 0.72 0.75 0.68 0.79 0.71
DNN-6L 0.80 0.74 0.83 0.75 0.79 0.72 0.81 0.73
DTL-5L-Feature 0.86 0.79 0.88 0.82 0.85 0.80 0.86 0.81
6L-2T-Freeze 0.82 0.77 0.83 0.76 0.81 0.76 0.83 0.75
6L-2T-UNFreeze 0.82 0.79 0.85 0.77 0.82 0.75 0.85 0.75
7TL-2T-Freeze 0.80 0.75 0.82 0.75 0.80 0.73 0.82 0.74
7L-2T-UNFreeze 0.82 0.78 0.85 0.77 0.80 0.72 0.82 0.74
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Chapter 4

DISCUSSION AND CONCLUSION

EHR systems include structured data (demographic, diagnostic, physical exam, sensor mea-
surements, vital signs, laboratory test) and unstructured data (notes charted by physicians,
images, observations and more). Most deep learning uses unstructured data in EHR because
obtaining structured data is expensive and time-consuming. Although there are no guide-
lines about the minimum number of training sets of labeled data, more data can make more
accurate machine learning models. Specifically using more data, deep learning has shown
promising results for various clinical prediction tasks such as diagnosis, mortality prediction,
predicting the duration of stay in the hospital, etc. Healthcare is one of the most common
domains suffering from scarcity of labeled data and imbalanced data, and addressing them is
an urgent priority. I have done two case studies on structured healthcare data, case study on
breast cancer dataset and diabetes dataset. In this dissertation, I introduced my endeavors
to address each of the above issues, notably for healthcare data.

In chapter 2, I applied deep transfer learning to solve the problem of the imbalanced dataset
and small labeled dataset. This deep transfer learning models use one or multiple source
data and transfer knowledge from source data to target data to improve the classification

accuracy.
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Data scarcity can be overcome by supplementing examples from the target population with
a “source” population, for which data are more abundant, in a statistical process known as
transfer learning. Transfer learning tackles the problem of leveraging data from a related
source task to improve performance on a target task. Auxiliary data tend to have the great-
est impact when the number of target training samples is small and there is overlap in shared
feature space. Transfer Learning approaches have been applied successfully to medical data.
In chapter 3, I have done a meta-analysis to analyze the status of healthcare-related TL
studies in terms of the study targets, transfer learning (TL) model(s) used, healthcare data,
type of study area, and level of classification accuracy achieved. Subsequently, a detailed
review is conducted to describe/discuss how TL has been applied for improving the accuracy
of diagnosis in healthcare including images, text, audio, video and structured EHR data clas-
sification. In the end, a conclusion regarding the current state-of-the-art methods, a critical
conclusion on open challenges, and directions for future research are presented.

Finally, I demonstrated that our transfer learning approach is equally competitive with state-
of-the-art methods for varying degrees of imbalanced datasets. Overall, our results indicate,
the proposed approach resulted in the best classification results compared to other machine
algorithms. Based on this, I conclude that transfer learning techniques can substantially
alleviate the burdensome, site-specific data collection requirements for producing effective
clinical classifiers. Furthermore, the resulting classifier's performance may be superior to

that of the otherwise comparable, non—transfer-trained classifier.
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Appendix A

APPENDIX

Table 5.1 presents the mean of the 10 initial features. Coefficients help us to determine the
importance of features in the regression model. The p-value for each independent variable

tests the null hypothesis that the variable has no correlation with the dependent variable.
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A.1 KL Divergence of original data

We compared KL divergence of readmission of diabetic patients and Pima Inidan diabetes
before and after encoding. Considering that the number of instances for two dataset were
different, we randomly removed some instances from readmission of diabetic patients dataset

to match the number with the other dataset. Finally we had 768 instances for both datasets.

We computed KL Divergence for categorical and continuous variables of two datasets sepa-

rately. (Needs to be noted that some of the features of categorical data are shown here not

all)

Pregnancies Glucose  BloodPressure SkinThickness  Insulin BMI DiabetesPedigreeFunctior Age
‘age 618728129 359230543 998.9165904  55.05913846 418.8577614 275.807223 11033.59374| 106, 4‘15I
time_in_hospital 688208774 99.9675198 1325250709  4901.27116 2098.980888 658.975499 23105.63782 203.7901
num_lab_procedures 509458703 87.9509179 1135.006757  3870.363017 1801.154649 544288322 23340.07043 2037901
num_procedures 102947282 115397761 1560543974  6205.386799 2481.154085 782.212667 14755.47502 2037901
num_medications 518819229 90.8457518 1186890595  4115.918242 1867.092942 590.580636 23588.22767 203.7901
number_diagnoses 128160108 109.869371 1468.582451  5734.66107 2352675022 713.124588 4724245515 203.7901
nummed 17927.5875 117.733971 1554476523  6441.468082 2597.349102 687.595464 11003.07603 203.7901
number_outpatient_log1p 195551453 147.145631 2084754502  8942.377903 3233.848765 1146.27838 10603.18536 203.7901
service_utilization_loglp 164425597 140751416 1974117402 8358.014566 3079.650002 1059.62558 6934.77598  203.7901
num_medications.time_in_hospital 924519184  163.26667 373.1326456  248.982947 122.8298529 784.864215 5560.53625 604.2785
num_medications.num_procedures 20064034 71445498  69.70728065  389.5516734 5307675473 436501703 4509308341 608.4354
time_in_hospital.num_lab_procedures 1549.92856  186.69964 348.3300811  420.9026353 32.71145735 638.189005 6407.963068 481.2208
num_medications.num_lab_procedures 695583687 115.251355 162.8483078  231.9611558 7873064911 316.016111 7331218402 289.7286
num_medications.number_diagnoses 504117403 156.906746 419.5071857  281.6367066 55.63179743 608.01579 7708.726461 4643462
age.number_diagnoses 620107209 843004258 1233174141  119.6349861 203230128 212625574 10264.15692 175.8125
change.num_medications 2385.00657 356027242 598258114  2057.604314 1142.405035 14.0939785 1040.928541 487.8484
number_diagnoses.time_in_hospital 893758247 62.6184665 240.3885975  52.02764502 355.0043981 706657349 5744182138 4769125
num medications.numchange o JHALT8083  66.77899  976.0998608 _ 3397.047113 1557.210467 295921754 4966.991567 452.0563
Figure A.1: BeforeTransfer
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Proposed Deep Transfer Learning for Diabetes using Mapping based transfer learning is

presented here.
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Table A.1: Descriptive statistics of combined WDBC and WPBC source data (Logistics Regres-
sion2

Features Number Benign(N=>508) Malignant(n=259) Total(N=767) p-value coef

Radius | 1 0.02 -2.1
Mean 13.63 17.63 14.97
SD 3.18 3.24 3.72
Min 6.99 10.95 6.98
Max 24.63 28.11 28.11
Compactness | 2 0.78 -0.01
Mean 19.25 21.63 20.06
SD 4.62 3.75 4.49
Min 9.71 10.38 9.71
Max 39.2 39.28 39.28
Texture | 3 0.13 1.68
Mean 88.38 116.49 97.87
SD 21.77 22.13 25.6
Min 43.79 71.9 43.7
Max 166.20 188.50 188.5
Concavity | 4 0.35 0.35
Mean 602.5 998.5 736.2
SD 301.8 374.9 377.8
Min 143.5 361.6 143.5
Max 1841.0 2501 2501
Perimeter | 5 0.6 0.02
Mean 0.095 0.102 0.097
SD 0.014 0.012 0.013
Min 0.052 0.073 0.052
Max 0.16 0.144 0.163
Concave points | 6 0.19 -0.16
Mean 0.098 0.144 0.11
SD 0.049 0.051 0.054
Min 0.019 0.046 0.019
Max 0.311 0.34 0.34
Area | 7 0.91 -0.017
Mean 0.078 0.16 0.106
SD 0.073 0.072 0.082
Min 0 0.023 0
Max 0.42 0.42 0.42
Symmetry | 8 0.66 0.057
Mean 0.043 0.089 0.058
SD 0.035 0.034 0.041
Min 0 0.020 0
Max 0.20 0.20 0.20
Smoothness | 9 0.69 0.014
Mean 0.18 0.19 0.184
SD 0.027 0.026 0.027
Min 0.106 0.130 0.106
Max 0.304 0.304 0.304
Fractal dimension | 10 0.17 -0.09
Mean 0.062 % 62 0.062
SD 0.006 .007 0.007
Min 0.05 0.049 0.049
Max 0.097 0.097 0.097




Table A.2: Features of WDBC, WPBC and Combined Source Data

Features of WDBC

Features of WPBC

Features of Combined Dataset

ID number
Radius
Texture
Perimeter
Area
Smoothness
Compactness
Concavity
Concave points
Symmetry
Fractal dimension

ID

Radius
Texture
Perimeter
Area
Smoothness
Compactness
Concavity
Concave points
Symmetry
Fractal dimension
Time

Lymph node

Radius

Texture
Perimeter

Area
Smoothness
Compactness
Concavity
Concave points
Symmetry

Table A.3: Tuned Hyper-Parameters of classifiers on diabetes dataset

’ Classifiers \ pl p2 p3
Logistic-regression penalty="12’ solver="lbfgs’ max-iter=500
LDA-classifier solver="svd’ tol=0.001 component=min(classes-1,feats)
Decision-Tree min-split=2 max-features=0.7 max-depth=>5
Random-Forest min-split=2 n-estimators=130 max-features=0.7
XGBoost learn-rate =0.01 n-estimators=1000 max-depth=>5
NN-5L 51 optimizer=adam activation="elu’
NN-6L 61 optimizer=adam activation="elu’
6L-2T-Freeze 61 optimizer=adam activation="elu’
6L-2T-UNFreeze 61 optimizer=adam activation="elu’
TL-2T-Freeze 71 optimizer=adam activation="elu’
7L-2T-UNFreeze 7l optimizer=adam activation="elu’

Table A.4: Grid search on Neural network hyperparameters

Learning-rate \ optimization activation epochs

0.1 Adam Sigmoid 30
0.01 Nadam Tanh 50
0.001 Adadelta Elu 100
0.0001 SGD ReLU 150
0.00001 RMSprop Swish 300
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