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Abstract

Since the advent of high throughput omics technologies, various molecular data
such as genes, transcripts, proteins, and metabolites have been made widely
available to researchers. This has afforded clinicians, bioinformaticians,
statisticians and data scientists the opportunity to apply their innovations in
feature mining and predictive modelling to a rich data resource to develop a wide
range of generalisable prediction models. What has become apparent over the
last 10 years, is that researchers have adopted deep neural networks (or 'deep
nets') as their preferred paradigm of choice for complex data modelling due to
the superiority of performance over more traditional statistical machine learning
approaches, such as support vector machines. A key stumbling block, however, is
that deep nets inherently lack transparency and are considered to be a ‘black box’
approach. This naturally makes it very difficult for clinicians and other
stakeholders to trust their deep learning models even though the model
predictions appear to be highly accurate. In this Chapter, we therefore provide a
detailed summary of the deep net architectures typically used in omics research,
together with a comprehensive summary of the notable 'deep feature mining'
techniques researchers have applied to open up this black box and provide some
insights into the salient input features and why these models behave as they do.
We group these techniques into the following three categories: a) hidden layer
visualisation and interpretation; b) input feature importance and impact
evaluation; and c) output layer gradient analysis. Whilst we find that omics
researchers have made some considerable gains in opening up the black box
through interpretation of the hidden layer weights and node activations to
identify salient input features, we highlight other approaches for omics
researchers, such as employing deconvolutional network-based approaches and
development of bespoke attribute impact measures to enable researchers to
better understand the relationships between the input data and hidden layer

representations formed and thus the output behaviour of their deep nets.
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1. Introduction

The completion of the human genome project and the development of microarray
technologies have contributed to heralding a new era of genome-based medicine
that provided new insight into the complex genetic networks involved in the
development of human diseases. Precision genome-based medicine aims to
investigate and leverage various kinds of omics data for the development of a new
generation of diagnostics and prognostics models and treatment personalisation
that can maximise therapeutic benefits and minimise the risk of adverse drug
reactions. In genotype-phenotype research studies, facilitating the subtle
discrimination between different groups of biological samples, such as
healthy/diseased, survival/death or poor/good prognosis is reliant on the
recognition of key molecules that significantly exhibit the susceptibility to a
disease or clinical outcome, and therefore, they can be employed in the
construction of computational models for detecting diseases, monitoring its
progression, or estimating susceptibility to treatment therapy. Knowledge
discovery based on data mining methods has been incorporated in computational
biology and bioinformatics for the extraction and interpretation of novel
molecular markers. Although diverse methodologies and techniques from
different fields have been merged for mining subtle patterns from omics data, the
curse of dimensionality and the relative lack of data samples have significantly
challenged those mining models to exploit the data and uncover significant
knowledge. Therefore, retaining potential interesting complexity underlying
complex data like omics requires sophisticated data mining techniques that focus
on reducing the amount of spurious associations and false-positive predictions,
whilst capturing what is general for detecting something meaningful about new
unseen biological samples. The selection of methods for developing such
intelligent systems demands raising the awareness of the key challenges, along
with the deep understanding of the required computational and statistical
resources to allow for more efficacious solutions to be developed.

This has motivated a significant amount of investigations to be conducted,

which have demonstrated the superiority of artificial neural network methods



that form and utilise deep hierarchies of features automatically from the data
(these methods are colloquially known as 'deep nets’ or ‘deep learning’). As will
be made clear in this section of the book, such deep nets provide significant
advantages over their classical 'shallow’ machine learning counterparts (such as
Support Vector Machines and Logistic Regression) across a wide range of
problem domains [4,11,38,60]. However, the fundamental issue with the deep
learning paradigm is that they lack inherent transparency due to the original
input being subject to deeply nested nonlinear transformations and are thus
considered to be a ‘black box’ approach. Subsequently, the strength of the deep
learning paradigm also appears to be its weakness. There appears to be little
consensus in the literature as to how to interpret these complex internal
representations underlying the mapping between the input and output layers and
therefore explain why these models predict/behave as they do. This makes it very
difficult for clinicians and other stakeholders to trust their deep learning models
even though the model predictions appear to be highly accurate. Since 2017, a
number of notable innovations within the medical and bioinformatics fields,
including cognate disciplines such as omics, have sought to decode the ‘black box’
of these deep learning models to understand what their hidden layers are
encoding. This process of decoding the block box in order to make interpretations
and inferences regarding the salient input features and reasons for the model’s
responses can be referred to as deep mining. Deep mining essentially refers to the
process of extracting meaningful knowledge embedded within the hidden
representations automatically formed within a deep network, in order to
understand the decisions or responses produced by the model.

The chapter is structured as follows: we first begin with an overview of the
fundamental concepts of omics data, focusing on omics data types and providing
a summary of omics data sources. Deep Mining is then presented in detail,
beginning with a comprehensive overview of the deep learning models currently
used in omics research today. We then concentrate of the key aspect of this
chapter, which is consideration of the notable deep mining techniques
researchers have developed in a bid to open up the so-called 'black box’ of deep

nets. These techniques principally attempt to discover various ways in which to



sensibly interpret the hidden representations formed within deep nets, thus
helping to provide insight into the salient input features identified and decisions
made by these models. Where possible, we contextualise the discussion of these
techniques to current bioinformatics research, including omics. Finally, we
conclude with a discussion to provide readers with some insight into how these
deep feature mining or '’knowledge extraction’ techniques have been embraced

by the omics community and areas for the further exploration.

2. Omics Data

With the advent of high throughput omics technologies, various molecular data
have been provided, such as genes, transcripts, proteins, and metabolites.
Recently, microarray technologies simultaneously measure genetic variants
between individuals and the sequencing of thousands of genes to reveal if there
is any abnormality that is associated with a trait [47]. Single Nucleotide
Polymorphisms (SNPs) can be considered the most essential source for the
variance in the genetic information (DNA) between individuals, and a SNP is a
variation at a single DNA site [31]. The microarray can be considered the most
commonly used technology for transcriptome analysis to measure mRNA and
summarises the actively expressed genes. Microarray-based gene expression
profiling technologies have been widely exploited for mining and classifying
cancer data to support making accurate and reliable clinical decisions. For
instance, van’t Veer et al. estimated the clinical outcome of breast cancer using
gene expression profiling [96].

Moreover, proteomics and metabolomics areas have also the potential to
extract novel molecular signatures from cancer data (e.g., [2]). Proteomics is
another interesting area of research that measures all proteins expressed in a cell
at a given time or under specific biological conditions and can provide more
comprehension to the complex biological procedures due to its direct role in cell
physiology [10]. The proteome can be considered a reflection of genomic and
environmental factors, therefore, it may hold a promising piece of knowledge,

which can address different biological questions of interest [87]. On the other



hand, the metabolome is the outcome of integrating the transcriptome and the
proteome, thus, changes in the metabolome are related to changes in this product
[94]. The metabolomics area investigates the products of metabolism, such as
sugars, lipids and amino acids.

Omics fields of proteomics and metabolomics have similar statistical and
computational challenges with the main omics fields of genomics and
transcriptomics. The development of the breakthroughs for addressing omics
data challenges and the discovery of a good representation of the input data is at
the core of personalised and precision medicine. Omics technologies not only
have helped to improve our understanding of the physiological system by
detecting genomics, transcriptomics, proteomics and metabolomics in a specific
biological sample [53], but also offer more comprehension to processes that
underlie a disease, and thus expanding our knowledge about the aetiology of
complicated diseases, such as cancers and diabetes. Therefore, such data could
play a vital role in developing precision diagnostic and prognostic models, and
the potential of constructing such risk prediction systems that outperform
conventional models increases by boosting the capacity of extracting novel omics

variants.

2.1. Omics Data Resources

The recent availability of a wide range of molecular data as well as individual
patient characteristics brings tremendous opportunities for clinicians,
bioinformaticians, statisticians and data scientists to benefit from this abundance
of biomedical data to advance health care research by developing multi-modal
high-throughput biomedical systems [6]. For instance, the availability of data
repositories such as The Cancer Genome Atlas (TCGA) [100], which is a
collaboration between the National Cancer Institute (NCI)! and the National
Human Genome Research Institute (NHGRI) 2, that fundamentally aims to

understand the molecular basis of cancers, through the exploitation of omics

L https://www.cancer.gov/
2 https://www.genome.gov/



analysis technologies. The TCGA is considered one of the largest biomedical data
repositories, containing diverse types of data like somatic mutation, copy
number, gene expression, miRNA expression, DNA methylation, reverse protein
phase array and clinical information for more than 10,000 samples derived from
33 types of cancer with known response groups. The availability of these vast
amounts of omics data not only demands sophisticated data mining methods but
also flexible infrastructures and efficient tools to use and link these data
resources. Therefore, several web portals and communication platforms were
originated to support researchers and graduate students to access and employ
these biomedical datasets and minimise the complexity of accessing these
information resources and allow for diverse analysis and visualisation services to
be utilised. For instance, cBioPortal [23,33] is an open-access repository
developed by investigators at Memorial Sloan Kettering Cancer Center (MSKCC)3
for a wide range of cancer omics datasets. cBioPortal provides a flexible platform
to many data sets and easy-to-use visualization analysis services.

Besides the need for transparent and flexible bioinformatics software and
platforms to share, use and benefit from the wealth of such data, contributions
from the research community of computational biology and bioinformatics are
also required to advance omics data mining. Mining novel information from any
of these omics data types necessitates disentangling high-level abstracted
genomic, transcriptomic, proteomic or metabolomic patterns that play an
important role in the evolution of disease-based phenotypes. Those generic
determinants can be considered key factors in the development of generalisable
risk assessment systems for complex diseases, such as cancers or in
pharmacogenomics for assessing the efficacy of drug therapies. Furthermore,
proposing advanced data mining techniques for disentangling meaningful
information from omics data has the potential not only to support the decision-
making process in clinical practice but also to enable innovative opportunities for

conducting clinical and translational research, along with the potential benefit of

3 https://www.mskcc.org/



reducing healthcare costs. Therefore, in the next section, we introduce deep

mining for data-driven molecular biology.

3. Deep Mining

Deep mining refers to the integration of deep learning technologies into an
organisation’s workflow processes, tools and techniques for extracting
information or knowledge latent across disparate data sources to inform future
decision making. In the context of mining omics data, one may want to determine
the function of different protein folds/structures (e.g., [5]) or identify robust
biomarkers associated with particular diseases, such as breast cancer (e.g., [7]);
or classify genomic sequences according to the transcription factor binding site
(e.g., [14]). Deep learning is a general term that refers to the development,
optimisation and application of artificial neural networks [38, 75] that possess
many hidden layers of nonlinear processing elements that transform the original
omics input data into hierarchical abstract representations well-suited to the
omics task at hand. These type of networks are referred to as ‘deep neural
networks’ (or more simply, ‘deep nets’) and with their hierarchical abstract
representations performing a type of automatic data pre-processing, have
provided cutting-edge performance and insights into a variety of omics-related
problem domains (e.g., [9,55,69,111]). Subsequently, researchers have rapidly
embraced the ‘deep net’ paradigm as a mainstream approach to modelling and
analysing omics data, with the number of omics-focused deep learning
publications increasing exponentially since 2010 [110]*

Whilst deep learning approaches to omics problems has produced superior
performance over popular statistical machine learning methods, such as support
vector machines [4], they lack inherent transparency and are considered to be a

‘black box’ approach. Subsequently, the strength of the deep learning paradigm

4 We direct the reader to the recent survey and guidelines produced by Zhang et al [110] for
a more detailed systematic review of deep learning technologies (including available software
tools), their application to omics data and good practice guidelines.



also appears to be its weakness. There appears to be little consensus in the
literature as to how to interpret these complex internal representations
underlying the mapping between the input and output layers and therefore
explain why these models predict/behave as they do. This makes it very difficult
for clinicians and other stakeholders to trust their deep learning models even
though the model predictions appear to be highly accurate. Since 2017, a number
of notable innovations within the medical and bioinformatics fields, including
cognate disciplines such as omics, have sought to decode the ‘black box’ of these
deep nets to understand what their hidden layers are encoding. These methods
range from a) hidden Ilayer visualisation and interpretation (e.g.,
[7,29,37,56,91,95]); b) feature importance and impact evaluation (e.g., [89,90]);
and c) output layer gradient analysis (e.g., [85,86]).

We, therefore, begin in the next section with a comprehensive overview of the
deep learning models currently used in omics research today, and then we
describe the most prominent techniques used by researchers for extracting useful

knowledge from the ‘black box’ of these deep learning technologies.

3.1. Deep Learning

The most common type of artificial neural network used in deep mining, is the
multi-layered perceptron (MLP) network which consists of relatively simple,
neuron-like processing elements that are arranged in layers and connected to
other neuron-like elements within subsequent, previous and/or the same
layer(s). These processing elements are referred to as artificial neurons and are
at the core of all deep neural network models. Figure 1 shows a schematic of a
typical artificial neuron. It can be seen that the neuron accepts input stimuli, such
as pixels from an x-ray image or a numerical vector representing a set of genes,
on its input layer (x1 to x,) and a separate weight value (w1 to wy) is assigned to
each input unit to indicate the relative importance of the input during the
calculation of the neuron’s output. A linear combiner function, such as the dot
product, is applied to the subsequent input and weight vectors to produce an

overall net input. To determine the actual output (or activation) of the neuron,



this net input is passed through an activation function®>. Whilst the activation

function can be a simple
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Figure 1: An artificial neuron or ‘perceptron’.

identity function (i.e., returning the net input value) or a hard limiting function
such as a step function (i.e.,, returning -1 if O or below, otherwise (1), it is most
commonly a nonlinear function with the following properties: output varies
nonlinearly with the weighted input, it is continuous, monotonic and everywhere
differentiable. A range of common activation functions are shown in Figures 1 (b)
to (e), with the binary sigmoid function squashing the net input to a continuous

value between 0 and 1; hyperbolic tangent (tanh) function squashing to a

5 As shown in figure 2.1(a), an additional ‘bias’ weight, b, associated with a single unit set to a
constant value of 1, is assigned to each processing element within the hidden and output layers of
an MLP. The bias weight allows the activation function to ‘move’ horizontally across the net input
space (x—axis); whereas the standard weights w1...wn transforms the shape and direction of the
activation function to enable it to pivot around the horizontal point, therefore allowing for more
adaptive and effective learning [78].
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continuous value between -1 and 1 and finally, the rectified linear unit (ReLU) and
leaky ReLU functions providing no upper bounds or ‘saturation’ on the positive
scale [66].

As shown in Figure 1 (a), a simple MLP network typically has at least three
layers, an input layer, to receive external input signals from the environment; a
hidden layer to represent a learned set of transformations (or features) of the
input layer, and finally, an output layer to represent the MLP’s response to the
environment. A critical requirement for all MLP networks is that the neurons
within the hidden layer use nonlinear activation functions to allow for useful
‘problem solving’ representations to be learned. The weights to a hidden unit
represent a transformation of the input pattern whereas the activation of the
hidden unit represents its response to that transformation. Unlike the hidden
layer, the output layer is permitted to use either linear or nonlinear activation
functions. An MLP is said to be a ‘deep net’ when there is more than one hidden
layer (of nonlinear processing elements) separating the input and output layers,
where each hidden layer transforms activations from the previous hidden layer
to create a more abstract representation of the original input signal (see Figure 2
(b)). When many hidden layers are stacked together in this way, a hierarchical
feature representation of the original input vector is formed. It is important to
note that the weighted values (or connection strengths®) joining neurons
together represents the MLP’s long-term knowledge (affecting all input pattern
responses) whereas a hidden or output neuron’s activation represents the MLP’s
short-term knowledge (referring to a single input pattern response). Also,
activation information within an MLP typically flows from the input layer,
transformed through the hidden layer(s) and then finally integrated and
transformed through the output layer (forming a feed-forward MLP or FF-MLP
architecture). However, in the recurrent neural network paradigm (discussed
later), activation flow is permitted backwards to the same or preceding layers to

create complex internal memory-based systems [67,91].

6 The terms weights, weighted values, connections and connection strengths will be used
synonymously throughout this section.
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Deep learning occurs when general recursive rules are applied to adapt the
connection strengths between these units when provided with examples of input
features and desired output response patterns. The most notable learning
algorithm used in deep learning models to-date is variants of the back-
propagation learning rule, popularised by [76] in 1986. Back-propagation is a
form of stochastic gradient descent that uses the chain rule to efficiently compute
the gradient of the loss function, E, with respect to the unit weights, W, and bias
weights, b, of the network, enabling the weights to be adapted in a way that
minimises the overall error (difference between the actual and desired response)

of the system,

Input Hidden Output Input Hidden Hidden  Output
Layer Layer Layer Layer Layer 1 et Layer L Layer

(a) Shallow MLPs have a single hidden layer ~ (b) Deep MLPs have many hidden layers (all connections not

shown)

Figure 2: Shallow and deep feedforward multi-layered perceptrons (FF-MLPs).

E(W,b) (see [17,70]). FF-MLPs trained with back-propagation have been
theoretically proven to be able to learn any complex learnable function [49],
although the practical reality is much different.

At this juncture, it is important to clarify that the back-propagation learning
rule can be used for both supervised learning and a form of unsupervised
learning. In supervised learning, we provide the MLP with many ‘input feature
vector’ and ‘desired output response vector’ pairs (e.g., a gray-scale image of a
chest x-ray given as an input vector and a disease classification, such as cancer or
pneumonia, as the desired output vector) and require back-propagation to learn

this mapping with a view to correctly classifying the future unseen input feature
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vectors. In this type of learning, we might want to perform classification, where
the output vector represents a categorical variable (e.g., disease-type with
mutually exclusive values of tumour, edema, pneumonia) or prediction, where
the desired output vector represents a continuous variable (e.g., triglyceride
concentrations or IgG serum immunoglobulin levels in response to COVID-19).
With respect to unsupervised learning, we provide the MLP with just the input
feature vectors and require it to reproduce them on its output layer (a task
referred to as auto-association), again using back-propagation. When an MLP is

used in this manner it is referred to as an Auto-Encoder [44].

3.1.1. Auto-Encoder

The purpose of Auto-Encoder is to perform dimensionality reduction and/or
feature learning by typically restricting the size of the hidden layer to have fewer
units than the input layer, forming an undercomplete representation that
captures the salient features of the input data’ [12,42]. Figure 3 illustrates a deep
Auto-encoder network showing the two unit code or ‘bottle-neck’ layer,
representing a highly reduced description of the original five unit input layer.
Hidden layer units and weights to the left of the code layer are referred to as the
‘encoder’ layers of the network, responsible for transforming the input signal in
a useful way; whilst hidden layer units and weights to the right of the code layer,
refers to the ‘decoder’ layers of the network as they’re responsible for recovering
the original input vector from the code layer, by ‘decoding’ the hidden unit
transformations made in the encoder layer(s). A shallow Auto-encoder network
is simply an Auto-encoder with a single hidden layer that forms an
undercomplete representation of the input vector.

Before the landmark papers by Hinton et al [42] and Bengio etal [12], learning

useful representations within deep nets consisting of two or more hidden layers

7 The purpose of the hidden layers within an Auto-encoder is not to reproduce a precise copy
of the higher dimensional input vector on the output layer. Rather it is meant to be a rough
approximation (within an allowable error tolerance) that is less sensitive to variations within the
training data, thereby filtering out noise and forcing the network to concentrate on covariances
within the input data by nonlinear projections onto a lower dimensional space - akin to a form of
nonlinear principal component analysis.
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proved notoriously difficult with back-propagation. The three main reasons for
this were: a) random weight initialisations typically resulted in poor solutions
[42]; b) the back-propagated error gradients vanished exponentially as they
propagated from the output layer back to the input layer, such that only the
weights of the hidden layers close to the output layer experienced meaningful
adaptation, and little adaptation or learning took place at the weights nearest the
input layer [13,45]; c) training times were intractable for networks with large
numbers of connections (e.g., 100,000+) due to both the need of larger data sets
to constrain the weights and the limitations of mid-range to high-end desktop
computers and workstations at that time, such as those with Intel Core2 Duo and

Xeon processors, where training times could exceed weeks or months for

Input Bottleneck or Output
Layer ‘Code’ Layer
Layer

Encoding Layers Decoding Layers

Figure 3: Deep auto-encoder (DAE) network (bias weights not shown)

realistic data sets8.

8 For example, training an MLP with back-propagation for 100,000 epochs to learn the MNIST
hand-written digits benchmark data sets [61], consisting of 60,000 images for training and 10,000
for testing, would not be feasible on such multi-core serial processors) due to insufficient memory
and/or lengthy training times (months) caused by intractably slow processing [28].
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The first two issues were primarily solved by decomposing the task of training
a deep net into two basic stages: i) unsupervised pre-training of each hidden
layer, one at a time, using Auto-Encoders in a recursive manner to ensure input
information is maintained throughout the evolving network; and ii) supervised
fine-tuning where the final ‘stacked hidden layers of the individual Auto-
encoders’ is augmented with an output layer, typically representing a
classification or prediction task, using back-propagation or some other method of
gradient descent to minimise the desired cost function. The unsupervised pre-
training procedure is referred to as a greedy layer-wise approach as every
additional hidden layer is realised by training an Auto-Encoder with a single
hidden layer that tries to reconstruct its input. Whilst the stacked Auto-Encoder
shown in Figure 4 is based on feed-forward MLP models trained with back-
propagation, the same type of stacked model can be successfully realised with
Restricted Boltzmann Machines

Encoding Layer Decoding Layer

LAYER-WISE
UNSUPERVISED
PRE-TRAINING
USING

AUTO-
ENCODERS

SUPERVISED
FINE-TUNING
OF DEEP NET
USING

GRADIENT B
DESCENT Pneumonia

Fine tune ALL
network weights
with back-

} propagation

Feature Layers Classification Layer
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Figure 4: Layer-wise training of deep nets using recursive Auto-encoding (bias

weights not shown) (RBMs) [42,43].

3.1.2. Restricted Boltzmann Machines

The Restricted Boltzmann Machines (RBMs) architecture consists of an input or
‘visible’ layer and a hidden feature layer connected together with bi-directional
symmetric links and no links amongst nodes within the same layer. Rather than
using the back-propagation rule, the symmetrical weights are adjusted using a
probabilistic energy-based learning rule such as ‘contrastive divergence’ which
utilises Gibbs Sampling within a gradient descent procedure [21]. Hinton et al
[42] and Bengio et al [12] comprehensively demonstrated that RBMs can be
recursively stacked in a similar way to that shown in Figure 4 to form a visible
layer connected to a deep network of many hidden feature layers augmented with
an output layer to form so-called the Deep Belief Network whose weights are
finetuned with the back-propagation learning rule. Whilst there has been a
number of successful applications of Deep Belief Networks to omics data [109]
this class of model is much more computationally intensive than their MLP
counter-parts and less suited to large data sets [64]. More generally, the
computational efficacy of forming a deep net in this recursive layerwise-manner
(using either MLP- or RBM-based Auto-Encoders) was cogently argued in
[12,32,62,98] with empirical evidence demonstrating that these models avoid
getting stuck in the typical poor random starting conditions associated with
random initialisations.

The third issue preventing the wide-spread use of deep nets pre 2010, long
intractable training times using mainstream desktop computers, was overcome
by the increasing availability of Graphical Processing Units (GPUs). For example,
Ciresan et al [28] demonstrated that a very large MLP network (with up to 9
hidden layers with 10 to 2500 neurons per layer; and between 1.34 and 12.11
million adjustable parameters; scaled tanh activation functions) could be trained
with simple back-propagation without the greedy layer-wise approach to

successfully classify handwritten digits from the famous MNIST benchmark
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dataset [61]. The model was successfully trained with 60,000 images using an
nVidia GTX280 over a period of 114.5 hours. The GTX280 augments a PC with an
additional 240 cores and 622 GFLOPS for floating point computations (as
opposed to 6 to 8 cores and up to 72.51 GFLOPS for typical Xeon processors of the
time). Ciresan et al [28] reported a 0.35% error rate across 10,000test images
surpassing the greedy-layer wise approaches by Simard et al [84] (who reported
an initial state-of-the-art error rate of 0.4%) and Ranzato et al [62] (who reported
a 0.39% error rate). Arguably the most significant step change in terms of the size
of deep network that can be successfully trained to produce state-of-the-art
performance was that demonstrated by Krizhevsky et al [58] with their AlexNet
program for classifying 1.2 million high resolution images from the ImageNet
ILSVRC benchmark dataset (with a 1000 different output classes). The network
architecture was a deep convolutional neural network (initially designed for
image classification and discussed further below) consisting of 60 million
adjustable parameters, 650,000 neurons derived from: an input layer of 150,528
dimensions; 7 hidden ‘convolutional’ or ‘pooling’ layers of between 4,096 and
253,440 neurons each; and a ‘softmax’ output layer of 1,000 neurons
representing the possible different pattern classes. As with Ciresan et al [28],
Krizhevsky et al [58] did not use greedy layer-wise training; however, they
abandoned the tanh activation functions used by Ciresan et al [28], in favour of
the non-saturating ReLU units as defined by [66] (see Figures 1 (d) and (e));
reporting accelarated learning up to seven times faster than with tanh. Also, to
avoid over-fitting, the ‘drop out’ approach to regularisation was adopted (where
random subsets of hidden nodes are switched off across the network during
learning. In order to train their network, Krizhevsky et al [58] spread their deep
net across two nVidia GTX580 GPUs?in parallelised scheme, ensuring each GPU
processes roughly half of the neurons each. Subsequently, the network took 5 to
6 days to learn 1.2 million training images and was tested on 150,000 test images

yielding a state-of-the-art error rate of 37.5% (17% better than the nearest rival

9 The nVidia GTX580 GPU provides up to 512 cores and between 197.6 GLOPS and 1.581
TFLOPS floating point compute power.
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in the ImageNet LSVRC-2010 contest); a revised model submitted to the
ImageNet LSVRC-2012 contest reported a winning test error rate of 15.3%
(compared to 26.2% achieved by their nearest rival) highlighting the superiority
in performance of this model class.

[tis clear from the above, that for omics researchers to leverage the full benefit
of the representational power of deep neural networks trained with

backpropagation, they must at least make the following design considerations:

(a) Incremental or holistic network construction. As indicated above, there is
evidence to support both the incremental greedy layer-wise approach to
constructing a deep neural network and the simple approach of training a
very deep network using back-propagation with substantial data and
computing resources. However, if a greedy layer-wise approach is not
applied, there is an important need to consider whether non-saturating
activation functions are essential in this context given the research by
Krizhevsky et al [58]), He et al 201510 [40] with their ‘resnet’ model of
residual functions, and more recently, Ramachandran et al [74] from
Google, who introduced so-called swish activation function 11 and
demonstrated that it worked better than ReLU on deeper models across a

number of challenging datasets.

(b) Suitable architecture and learning algorithm. Whilst MLP-based deep
neural networks trained with back-propagation appear to show much
success, state-of-the-art performance with deep nets has mostly been
reported with convolutional neural networks for image recognition (as
discussed above) and more recently, tasks relating to omics data
[3,59,65,72,72,93]. The ‘best’ choice as to which type of network therefore

10 Residual functions make stronger reference to layer inputs by allowing the architecture to
include jump connections’ where the input from one layer can be provided as input to a hidden
feature layer n layers ahead, where n > 1. This is represented in an equation as F(x) = H(x)-x where
H(x) represents the nonlinear hidden mapping we want to learn with input x through an array of
stacked nonlinear hidden layers. H(x) is then reformulated as F(x) + x, where F(x) and x represent
the stacked nonlinear layers and identity function respectively.

11Which is simply f(x) = x - sigmoid(x).
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remains open and subject to empirical exploration and determination; as
are the choices for critical hyper-parameters such as the number of hidden
layers, types of hidden layer (e.g., normal flat 1D array or 2D feature maps
used in convolutional neural networks), the number of hidden units per

layer and the connection patterns between layers.

(c) Software architecture and hardware platform. In order to realise their
research goals with deep nets, omics researchers must consider the most
appropriate software framework and tools for designing and implementing
their experiments on systems endowed with GPUs. Popular open source
software tools such as Caffe [52], TensorFlow [1] and PyTorch [68] have
been notably recommended for Omics researchers wanting to apply large

deep neural networks across GPUs [64,110].

3.1.3. Convolutional Neural Networks

Given the rising importance of Convolutional Neural Networks (CNNs) across a
range of problem domains, including omics, this section concludes with a brief
overview of this particular paradigm together with that of Long short-term
memory (LSTM) models, a popular type of recurrent neural network, which is
also seeing increased popularity within the omics field and there is a high
likelihood of the need to also mine feature information from these complex
models.

CNNs are a class of artificial neural networks designed by LeCunn et al [61] to
tackle the problem of recognising images of two dimensions (2D) in a more robust
and reliable way (e.g., recognising a particular object appearing within a series of
images at varying orientations and resolutions). As shown in Figure 5, the CNN
architecture consists of two interconnected parts: i) a series of feature extraction
layers and ii) a series of classification layers. The feature extraction layers consist
of: the input layer, containing a matrix of pixels from a 2D image of interest; one
or more convolutional layers, where each convolutional layer represents a

feature map formed by passing a small receptive field over the original input and
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applying a convolutional operator; and a pooling layer consisting of one ‘pooled
feature map’ per feature map in the convolutional layer where each pooled
feature map is derived from a smaller receptive field (e.g., 25% or 50% the size of
the convolutional feature map) passed over the convolutional feature map where
either an averaging or maximum operation is performed. Figure 5 provides an
illustration of the both the convolutional operator and pooling operator that are
used in the feature extraction layers. The first classification layer is connected to
the last pooling layer where these reduced feature maps are transformed into a
simple 1D vector of activations, which are then fed forward through a series of
standard hidden layers to either a softmax output layer for classification or a set
of linear activation functions for prediction. The back-propagation learning rule
and its variants can then be applied to adjust the weights according to the
derivative of the cost function.

In essence, the feature extraction layers achieve effective detection and
representation of invariant features through the use of local receptive fields,
shared weights and spatial sub-sampling. The use of local receptive fields was
inspired by the research of Hubel and Wiesel (1962) [50] relating the cat’s visual
system!2. Each single feature map has its own weight matrix (called a filter) and
those weights are shared as its local receptive field (i.e., a square subset of input
features from the layer before) shifts around the input image one positional

change

12 Hubel and Wiesel’s discovered that the cat’s visual system had locally-sensitive, orientation-
selective neurons.
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Figure 5: Convolutional neural network.

at a time, performing a convolutional operation at each step. The feature map
responses to an input is passed through the ReLU (or similar) nonlinear
activation function. A feature map will eventually learn to recognise a specific
feature at varying locations within an image, e.g., line end-points or object
corners. These low-level features are then combined by the subsequent layers to
detect higher order features. As a complete convolutional layer is composed of
many feature maps (each with their own different weight vector), multiple
features can be extracted at each location. To maximise the probability that an
extracted feature is position invariant, the pooling layer is utilised, which is a sub-
sampling layer that reduces the spatial resolution of the feature map its
associated with and performs a local averaging or maximisation of the feature
map (as seen in Figure 5). This creates a very sophisticated feature detection
mechanism that appears to be far superior to the hidden layer representations
form within standard Deep MLP networks, and likely responsible for its state-of-

the-art performance in a variety of omics tasks (as indicated above). Omics data
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is typically non-image data, therefore for CNNs to be used, the omics data of
interest must be transformed into a useful 2D form as demonstrated by Min et al
[65] with their DeepEnhancer model for classifying enhancers from background
genomic sequences; and more recently, Sharma et al [82] with their Deeplnsight
model which utilises CNNs to study 6216 samples of 60,483 genes from RNA-seq
or gene expression TCGA dataset (https://cancergenome.nih.gov) to predict ten
types of cancer.

The deep nets discussed above would have significant difficulty in processing
omics data that is temporal in nature i.e., a sequence of chronologically ordered
observations, such as genes, where each observation is typically dependent
indirectly or directly on the preceding observation. This is due to the lack of
memory faculty within its architecture to relate one observation to another. The
final type of deep neural network discussed in this section is therefore the Long
Short-term Memory (LSTM) model [46], Gers et al [35] from the recurrent neural

network paradigm.

3.1.4. Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are typically adaptations of the traditional
feed-forward MLP trained with back-propagation or its variants. RNNs extend the
feed-forward MLP architecture to include recurrent connections that allow
network activations to feedback as inputs to units within the same or preceding
layer(s). Units that receive feedback values are often referred to as context,
memory or state units. Such internal memories enable the RNN to then construct
dynamic internal representations of temporal order and dependencies that exist
within the data (e.g., the formation of syntactic structure or semantic meaning of
a sentence as it is presented one word at a time). An RNN processes a sequence
of observations (e.g., genes), one at a time, calculates unit responses to each
observation and the subsequent error of its response (with respect to some
desired target value and cost function) and then calculates the resulting weight
changes for each observation. A variant of back-propagation called

backpropagation through time (BPTT) [101,102] is commonly applied to ensure
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the resulting weight changes are with respect to a sequence of observations
rather than a single observation within it (achieved by sharing the same weight
values across an input sequence which is akin to unrolling the network over-time
to per-
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Figure 6: A Long Short-term Memory (LSTM) recurrent neural network.

form the above calculations and then re-rolling the network back up to perform
the weight changes). These properties have led to wide appeal of RNNs for
modelling time-series data [15,20,30,34,67,91,92]. The most common form of
RNN used for omics data is the LSTM model and Figure 6 depicts a schematic of
the model’s architecture. As can be seen, the LSTM architecture has been unrolled
over three time steps, processing three genes within a four gene sequence (G, C,
T, and G, with T being the observation being processed). It can be seen that the
hidden layer response to G at time-step t - 2, is fed as input to the hidden layer at
time-step t-1, with the corresponding gene input C; likewise the hidden layer
response for gene input C is also passed as input to the hidden layer at time ¢,
together with gene T and so on. What is notably different about the LSTM model
is the use of memory cells or blocks rather than units for its hidden layer. Each

memory block utilises multiple activation functions whose input is controlled by
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three gating mechanisms (input, output and forget gates) to enable the LSTM to
retain only important input information over time, whilst forgetting less
important inputs.

A detailed treatment of the LSTM memory mechanism is given by Hochreiter
and Schmidhuber [46] and Gers et al [35]. In terms of recent application to omics
data, Sekhon etal [79] used a hierarchy of LSTMs in their DeepDiff model to model
how various histone modifications cooperate automatically in their endeavour to
predict differential gene expression from histone modification signals to better
understand the functional heterogeneity of cells; Karimi et al [54] presented their
DeepAffinity model which integrated CNNs with an RNN containing gated
recurrent units [26], an LSTM of reduced parameter and gating complexity, to
successfully predict compound-protein affinity from sequences alone with high
applicability, accuracy and interpretability to aid drug discovery; more recently,
Chung et al [27] used an LSTM to predict measurements of proteins and
metabolites as part of their deep hybrid system to perform unsupervised

classification of proteins and metabolites in mice during cardiac remodeling;

4. Deep Feature Mining Techniques

As mentioned in the introduction to deep mining section, whilst deep learning
approaches to a variety of bioinformatics problem domains, including omics,
have consistently produced superior performance over popular statistical
machine learning methods (e.g., logistic regression [105], support vector
machines [41] and decision tree methods such as random forests [19] and XG
Boost [25]), they lack inherent transparency and are considered to be a ‘black
box’ approach by most clinicians and bioinformatics researchers. This is due to
the number of nonlinear transformations the original input signal is exposed to
as it is propagated through the hidden layers of a deep net [7]; and if deep nets
are to gain broad clinical acceptance then some method to explain or interpret
these latent representations is essential [81].

This section therefore provides a brief comprehensive overview of the notable

techniques that researchers have applied in order to gain useful insight into what
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the hierarchical abstract representations embedded within these deep nets are
representing and the salient input features identified. we broadly categorise
these techniques as follows: a) hidden layer visualisation and interpretation; b)
Feature importance and impact evaluation; and finally, c) Output layer gradient
analysis. It is left until the discussion in the next section to highlight the current

and future significance of these approaches to omics research.

4.1. Hidden layer visualisation and interpretation

In the context of deep feature mining, we refer to hidden layer visualisation, as
the process of evaluating the hidden layer weights and node activations of a deep
net that has typically been trained to perform an image classification task (e.g.,
such as the CNN used by Krizhevsky et al [58] to classify 1.2 million high
resolution images from the ImageNet ILSVRC benchmark dataset). At the
simplest level of visualisation, the weights feeding in to each hidden node within
a hidden layer!3 can be viewed as a specific transformation of the input eminating
from the previous layer. As the raw input to the deep net is image data then these
weights (and feature map activations in CNNs) can be rendered as an image
themselves and therefore be visualised. If the original input image was that of a
face, for example, then these particular weight transformations might represent
important low- or high-level features of faces, where the hidden layers closer to
the input layer are representing the lower level features (e.g., face contours, eye,
lip, nostril etc) and those closer to the output layer representing more abstract
features (e.g., outline of head-shape of specific spatial orientations, grainy
integration of lower level features such as nose and mouth, opaque grey-scale
clusters with highly activated regions representing position of notable features
such as eye, ears, jaw and so forth). This type of weight-based visualisation has a
long history and has been notably been demonstrated for face recognition (see
Taigman et al [88] and the survey paper by Wang et al [99]) and autonomous
vehicle control for both shallow (Pomerleau, D.A. [71]) and deep nets (Bojarski et

al [16]). Zeiler etal [107] proposed a more sophisticated technique for visualising

13 Which could be a standard MLP hidden layer or a convolutional or pooling layer in a CNN.
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the representations formed in CNNs. Zeiler et al proposed a visualization
technique that directly identifies aspects of the original input image that
meaningfully activate individual CNN feature maps at any layer in the model. The
authors build on their previous work on ‘deconvolutional networks'# [108] to
project the hidden layer responses back to the input pixel space. The authors train
a CNN in the same way as proposed by Krizhevsky et al [58] and then attach a
deconvnet to each of its layers in order to provide a continuous path back to the
original image pixels. To start, an input image is presented to the CNN and
features computed throughout the layers. The authors then examine specific
feature map activations within the CNN by setting other activations in the feature
map to zero and passing these as input to their attached deconvnet layer. Zeiler
et al then reverse the CNN’s convolutional and pooling operations by successively
applying (i) unpooling, (ii) rectification and (iii) filtering to reconstruct the
activity in the layer beneath that gave rise to the chosen activation. This process
is repeated, traversing back through the CNN’s hidden layers, until the original
input pixel space is reached. Unlike the previous visualisation technique
mentioned, this also enables Zeiler et al to better understand which aspects of the
input image are most important to the classification task by ablating particular
regions of the input image and evaluating the subsequent impact. The authors
reported that the projections from each layer show the hierarchical nature of the
latent features formed by the CNN (e.g., layers close to the input layer, such as
Layer 2, represents lower level features such as corners and other edge/color
conjunctions; whereas the higher layers closer to the output layer, such as layers
4 and 5, show class-specific variation (e.g., dog faces, birds legs) and entire objects
with significant pose variation (e.g., dogs and keyboards). In a bid to support
researchers with their efforts to visualise the latent representations of such CNNs
used by Zeiler et al, Yoskini et al 2015 [106] developed two important open
source image visualisation software tools: i) a tool to visualise the hidden layer

activation profiles produced on CNNs as it processes imaging or live stream video

14 A deconvolutional net or ‘deconvnet’ uses the same filtering and pooling layers of a standard
CNN but in reverse, so instead of mapping pixels to feature maps, it maps features to input pixels.
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data in real-time; and ii) a new regularisation method for improving the quality
and interpretability of the features on the hidden layers. These tools were
developed with accessibility in mind and thus have gained wide acceptance due
to their broad applicability to many problem domains. More recently, Simonyan
et al [85] notably presented two visualisation techniques for deep classification
using CNNs based on computing the gradient of the class score with respect to the
input image. The first generates an artificial image, which is representative of a
class of interest and maximises the class score and representation of that class;
whereas the second technique computes a class saliency map, specific to a given
image and class. The benefit of the class saliency map is that it can be utilised for
weakly supervised object segmentation for image classification using proposed
Simonyan et al also demonstrated consistencies between their proposed gradient
visualisation methods and the visualisation techniques for CNNs proposed by
Zeiler et al [107].

We now consider hidden layer interpretation, which for our purposes we take
to mean either i) the standardised distribution of the weights and the relationship
of highly positive or negative weight values to the connected input and hidden
units; or ii) the relationship of hidden unit responses to either the input tokens in
a feed-forward MLP, where these responses might represent a higher order
concept spanning multiple input tokens; or to an underlying sequence of inputs
processed by an RNN where the pattern of hidden unit responses represent some
traversal across basins of attractors within state space representing the
underlying temporal structure of the data (e.g, a grammar describing the
linguistic input). Tan et al [90] were arguably the first to successfully demonstrate
the value of analysing the magnitude and direction of hidden weight and node
activation values within an Auto-Encoder to extract useful information from
omics data. More specifically, they trained a Denoising Auto-Encoder (DA) [97]
with a single hidden layer on the METABRIC breast cancer dataset to construct
and summarise useful features concerning breast cancer. A DA is simply a
standard Auto-Encoder trained with inputs that have been corrupted with
random noise and whose subsequent learned representations are far more

resilient to input variations than standard Auto-Encoders [97]. To demonstrate

27



the robustness of their DA representations, Tan et al evaluated their trained
model on an independent breast cancer data set, taken from the TCGA archive,
and demonstrated that their DA constructed latent features that: i) discriminate
between subjects with tumours and those without; ii) classify patient’s estrogen
receptor (ER) status; iii) summarise intrinsic subtypes; and iv) identifies activity
of key transcription factors. Tan et al also observed that the extracted features
were more predictive of patient survival than the commonly used markers
(tumour grade and ER status). The approach adopted by Tan et al to reveal these
insights was based on interpreting the weights to each hidden unit and also the
node activation distribution in response to a series of input patterns. As shown in
figure 7, the weights to each hidden unit followed a normal distribution and the

hidden unit activations followed a bimodal distribution.
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Figure 7: Hidden unit interpretation (adapted from Tan et al [90]).
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The authors analysed the hidden unit activations to understand how they
related to different sample characteristics (e.g., features that distinguish between
those who have a tumour and those that do not). To achieve this, Tan et al divided
their METABRIC sample into two parts: two thirds for training or ‘discovery’ and
the remaining third for testing. Each hidden node’s activation was binarised
based on the minimum and maximum activation values for the discovery set
(which was facilitated by the natural bimodal distribution of responses) and 10
activation intervals were defined within this range. Each of these node intervals
were evaluated against the discovery set for predicting the desired sample
characteristic. The nodes with the highest balanced classification accuracies were
selected and their corresponding thresholds recorded. These thresholds were
then used when the model was applied to the test set. To avoid sampling bias, Tan
et al repeated this process ten times with random selections of the patterns for
the training and test sets. To evaluate the crossover of this approach to their
independent TCGA test set, Tan et al performed an independent evaluation by
calculating the average of the thresholds determined from the ten METABRIC
training and test experiments and applying these to the TCGA test set. Specific
nodes were identified as being useful for predicting survival, that is separating
good and poor prognosis. With respect to hidden weight analysis, Tan et al
developed a weight interpretation approach to link transcription factors to the
hidden units (constructed features). The approach is based on the inherent
assumption that weight values connecting the input and hidden layers determine
how each gene in the input layer influences the hidden unit activity values. The
authors found that the distribution of weights for all genes to a single node
approximately resembled a normal distribution centered at zero (as shown in
figure 7 which was adapted from Tan et al). The key insight reported, which was
further supported by subsequent findings by Danaee et al [29] and Alzubaidi et al
[7], is that most input genes were assigned weight values of zero or values around
zero for each hidden node; a small number of genes, however, gave highly positive
or highly negative weight values (at least +/- 2 standard deviations from the
mean) and it is therefore these genes that warrant further consideration. Tan et

al found that highly weighted genes were over-represented by genes bound to
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one transcription factor and this allowed them to perform further useful analysis
proving the significance of these transcription factor genes. A notable limitation
of the work presented by Tan et al is that their analysis of the hidden layer was
restricted to a shallow model, i.e,, a single layer of hidden units; and thus
providing little insight into how one might perform such weight interpretation
for deep nets, which have many hidden layers.

Interpreting the weights from stacked Auto-Encoders for omics research was
notably demonstrated by Danaee et al [29], who presented a Stacked Denoising
Auto-Encoder (SDAE) to derive hierarchical abstract features from a training set
of RNA-seq expression data from TCGA database for both tumor and healthy
breast samples. The data was heavily imbalanced (1097 breast cancer samples,
and only 113 healthy samples) so synthetic minority over-sampling technique
(SMOTE) [24] was used to create an evenly balanced dataset. Danaee et al
proposed a SDAE with an inputlayer of 15,000 gene expressions and three hidden
layers of dimension 10,000, 2,000, and 500 nodes respectively. To analyse the
importance of the genes by interpreting the hidden layer weights, the authors
computed the product of the weight matrices for each layer of the SDAE, resulting
in a 500 x G dimensional matrix W, where G is the number of genes in the
expression data, computed for an n-layer SDAE by

— H W,
W -1 . (D

As with Tan et al, Danaee et al found that the terms of matrix W were strongly
normally distributed and were able to identify a subset of 500 genes (same
dimension as SDAE last feature layer), called DIFFEXP500, by calculating p-values
from a two-tailed statistical test to establish which genes associated with the
connections through the network that were either highly negative or highly
positive. The matrix W is considered to be a linearisation of the compounded
effect of each gene on the SDAE hidden units and therefore genes with the largest
weights in W are considered to be the most strongly connected to the extracted
and highly predictive features. Danaee et al referred to these genes as Deeply
Connected Genes (DCGs). The authors identified 244 up-regulated and 256 down-
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regulated genes using this process. It is important to state that Danae et al
evaluated a number of classifiers to determine whether or not a breast tissue
sample has cancer, with some using just the most useful abstract feature layer
from SDAE as input and others using the 500 extracted genes just mentioned. The
SVM-based classifier trained with SDAE’s actual abstract representations
achieved an F-measure score of 98.3% for the test set compared to a score of
75.5% obtained by the best SVM-based classifier trained on the extracted gene
expression data; demonstrating the quality of the hidden unit layer
representations formed by the deep net (which are possibly utilising more
encoded gene expression information than those extracted through the weight
interpretation process). An issue with Danaee et al’s approach is thatitis not clear
how they defined the DCGs especially when each gene has 500 values and there
is no evidence whether they have considered the the negative direction. Alzubaidi
et al [7] subsequently introduced a weight interpretation method better suited
for extracting features from deep Auto-Encoders. Alzubaidi et al [7] proposed a
revised Auto-Encoder deep net framework, referred to as the Sparse Compressed
Auto-Encoder (SCAE), to learn omics problems that are characterised by high
dimensionality and small sample size (HDSSS). SCAE is similar to a standard Auto-
Encoder, however, it is deliberately constructed in an under-complete manner,
where a sparsity penalty is added to the cost function based on the values of the
hidden units, in a similar way L1 and L2 regularisation adds a penalty term to the
cost function based on either the scaled total absolute sum of the weights or the
scaled squared sum of the weights respectively [38]. The intention is to avoid
overfitting by restricting the magnitude of the hidden unit activations to form
sparse representations where activations are close to zero and thus unable to be
highly responsive to a specific inputs.

To evaluate SCAE and the weight interpretation method, Alzubaidi et al used
ovarian cancer data from the FDA-NCI Clinical Proteomics Program Databank to
identify serum (blood-derived) proteomic patterns that differentiate the serum
of patients with ovarian cancer from that of women without ovarian cancer (i.e.,
216 samples and 15000 features). The METABRIC Breast Cancer dataset was also

used for classification relating to the status of Estrogen Receptor (ER) and
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Progesterone Receptor (PR); thatis if breast cancer cells have high ER, the cancer
is described as ER-positive (ER+), and if breast cancer cells have high PR, the
disease is specified as PR-positive (PR+) cancer. ER and PR expressions are
accepted as robust indicators for the evaluation of breast cancer. The mRNA
expression dataset used contained 24368 genes and 1904 samples. The proposed
deep mining model was used to open the black box of such deep learning models
to find which genes were dominant within its internal representations. The deep
mining model relies on leveraging the Input Weight matrix (IW) of the Stacked
SCAE (SSCAE) with its Layers Weight (LWs) matrices, which results ina d x 1
weight vector called DM, where d corresponds to the number of features in the
original datasets so that each feature has a weight score that reflects its

contribution, as follows:

L
=W’ [J1w/
DM i=1 ) (2)
The weight vector DM resembles a normal distribution as shown in Figure 8

of ovarian cancer dataset at fold 1 of the cross validation procedure. A small per-
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Figure 8: Histogram of z-scores of the weight vector.

centage of features in the DM exhibit High Positive (HP) or High Negative (HN)
weight as shown in Figure 8. The findings of this research have demonstrated the
capability of the proposed deep mining model to recognise the biomarkers that
exhibit High Positive (HP) and High Negative (HN) weight scores over the depth
of the network. HP weighted biomarkers are the molecules that have a strong
positive correlation with the positive group, where HN weighted biomarkers are
the molecules that have an inverse association with the positive group. This
explains the internal mechanism of the deep mining model in assigning HP weight
to the features that are highly expressed for the positives in comparison to most
of the negatives. In contrast, HN weights were allocated by the model to the
features that are lowly expressed for most of the positives in comparison to the
negatives. The validation process reveal that the discovered biomarkers
demonstrate computational and biological relevance as well as the capability to

construct highly accurate and reliable prediction models. This provides
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significant evidence that the deep mining model was very effective in offering
explainability to the deep learning model and detecting key determinants
underlying its latent representations.

To conclude this section on hidden layer visualisation and interpretation, we
now turn our attention briefly to recurrent neural networks. RNNs have the
added complication of an internal memory mechanism, typically situated on the
input layer, although interim hidden layers in deep RNNs might also contain
internal memory layers accepting past activations from the layer in front. As
discussed earlier, the effect is that each hidden layer response to the current
external input is also dependent on the previous activation history of the network
in order to generate a new set of state values and an output response back to the
environment. When discussing interpretation we therefore need to consider
sequences of related input stimuli (e.g., representing words in a sentence or
nucleotides in a DNA sequence) and the corresponding hidden unit activations
generated in response to these input sequences. This sequence of hidden unit
activations could be considered a trace across state space where positions within
the state space represent some underlying concept. In essence, by understanding
how these hidden units respond to each input symbol over time, it is possible to
determine whether or not these networks have formed an adequate
representation of the underlying data generation process (so for a linguistic
problem this might typically refer to a grammar; and for a DNA sequencing
problem this might refer to the underlying information a cell needs to assemble
protein and RNA molecules). For a comprehensive overview of knowledge
extraction methods for RNNs and associated challenges, we refer the reader to
the following notable approaches and discussion articles [22,36,48,51,57,104].
To give the reader an appreciation of how knowledge can be extracted from an
RNN, we briefly discuss the approach adopted by [91]. Assuming the input stimuli
is a sequence of related symbolic tokens representing say words or some other

unit of meaning, Principal Component Analysis (PCA)'>[103] can be applied to

15 PCA is commonly used for dimensionality reduction by establishing a new set of variables,
from the original set, that better captures the variation in the sample and can be viewed as
rotations of the original variable set. There are fewer new variables than the original and these
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the hidden state activations of an RNN trained on some symbolic induction or
transducer task. The internal representation formed by the weights of an RNN
after training can be revealed by analysing the resulting hidden unit activations
and how they vary with respect to each new input within a sequence. This can be
determined by calculating the principal components of the covariance matrix of
hidden unit activations and their respective mean values. The average activation
for each hidden unit is based on the unit’s response to all symbols in the training
set. The resulting principal components are ordered according to the magnitude
of the corresponding eigenvalues, where the highest eigenvalue represents the
most feature information captured within the internal (hidden) state and the
lowest represents the least. Two Principal Components (PCs) can then be used to
generate a two-dimensional view of the state-space of the networks. During the
training process, it is expected that within its internal state, a trained RNN will
form clusters of activations in state-space that represent some concept relevant
to the mapping task (e.g., states of an underlying grammar for linguistic input). It
is further expected that where training has been successful, these state-based
activations will themselves be arranged in patterns that distinguish between
regions of the solution space (e.g., different sections of the underlying grammar
generating the input sequence). The key aim of using PCA in this way is to allow
two-dimensional views of the RNN’s state-space to be generated, thereby
facilitating visualisation of the above clusters and patterns and providing
opportunity for further insight into the networks’ inner workings and testing of
our understanding of their operation. Tepper et al cogently demonstrated the
usefulness of this technique for extracting and evaluating approximations of finite
state machines formed by a range of different RNNs for a complex grammar
induction task. Whilst further research is required to understand how to extract

useful knowledge from deep RNNs, these rule extraction methods do show

new variables are referred to as principal components and are uncorrelated and ordered by the
fraction of the total information retained. A limitation is that there is an underlying linearity
assumption of the relationship between the data and set of variables.
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promise and indeed the potential for examining the internal dynamics of the

RNNs used by omics researchers such as [26,27,54].

4.2. Feature importance and impact evaluation

Due to the original inputs to a deep net being subject to successive layers of
nonlinear transformations, it is extremely difficult to ascertain precisely which
input features have the most impact on the model predictions. The process of
trying to establish the subset of features of the highest importance to the
classification or prediction task is referred to as ‘feature selection’. Simple linear
models, such as linear regression or logistic regression, could be considered a
simple one-layer perceptron with input features connected to a linear unit (or
sigmoid function for logistic regression) via coefficients indicating the
importance of the feature in the final calculation for the prediction. For example,
with logistic regression'® the coefficients associated with an input feature are said
to represent a measure of importance of that feature in the form of a log odds
ratio, i.e.,, log(p/q) = Po + f1x1and where p represents the probability of success,
and q of failure, i.e., g = 1 - p)17. So, if x1 represented the feature of gefitinib dosage
for a logistic regression model to classify patients as responders or non-
responders to various lung cancer therapies; and the associated coefficient S is
assigned a value of 1.3392; then this indicates a unit change in x: results in a
subsequent 1.3392 unit change in the log of the odds associated with the
probability. However, as with linear regression, logistic regression holds an
inherent assumption of linearity amongst its predictor and response variables,
therefore affecting the reliability of the coefficients and limiting it to relatively
simple problem domains. Decision trees abandon any such linearity assumption,
and methods such as C4.5 [73] and Random Forests [18], use the inverse binary

log rule, first introduced by Claude Shannon in his seminal work on Information

16 A logistic regression model establishes a relationship between a binary outcome or
‘response’ variable and a group of feature or ‘predictor’ variables. It models the logit-transformed
probability as a linear relationship with the predictor variables - for more information please see
[63,77].

17 Actual probabilities can be recovered by simply exponentiating the log odds ratios.
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Theory to estimate the amount of disorder or entropy within a communication
channel [80] to determine the ‘information gain’ or impurity of a feature variable
based on whether its values are able separate the data into the different pattern
classes. Random forests typically apply the Gini importance measure as follows

(for a simple binary classification task):

G=pi(1 - p1) + p2(1 - p2). (3)

where p1 and p2 refer to the probabilities of class 1 and 2 respectively being the
dominant class for that feature. As the probabilities approach zero the Gini index,
representing node impurity (degree to which feature is unable to reliably split
the data into the two categories), is said to be minimized. The total decrease in
Gini index is calculated after each node split and subsequently averaged over all
trees where the lower the impurity, the higher the importance of the feature
[103], Saarela et al [77]]. The importance scores can provide the researcher with
a stronger indicator as to the important feature subset which could be used as
input to other prediction models such as a deep net.

Two common approaches to force the coefficients to be less sensitive to the
individual input features by restricting their values are the L1 and L2
regularisation methods. L1 regularisation, also referred to as Least Absolute
Shrinkage and Selection Operator (LASSO) regularisation [38], adds a scaled
penalty term to the cost function based on the absolute total sum of the
coefficients, thus as the magnitude of coefficients rise, so does the error and likely
correction to reduce the value of the coefficients. This has the distinct advantage
of driving the weights or coefficients of less important features closer to 0 and
thus performing a type of feature selection. L2 regularisation, also referred to as
ridge or Tikhonov regularisation [38], on the other hand, adds a scaled penalty
term to the cost function based on the total sum of the squared coefficients. The
effect of this penalty term is commonly referred to as ‘weight decay’ as it drives
the coefficients closer to the origin by multiplicatively shrinking the weight vector
by a constant factor on each gradient calculation step [38]. Whilst L2

regularisation restricts the growth of the coefficients and helps to minimise over-
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fitting, it does not perform the desired feature selection as L1 does. L1 and L2
regularisation methods can be used for key machine learning methods such as
linear regression, logistic regression and deep nets and are considered a global
approach to determining feature importance due to the impact on all input
patterns caused by the coefficients being directly affected. L1 and L2 penalties of
the lasso and ridge methods can be integrated to further restrict the weights and
coefficients (known as the ‘elastic net’ [112]. In terms of computational
complexity, these methods are between so-called wrapper and filter 18
approaches to feature selection.

Rather than directly restricting the weights or coefficients of a deep net using
the above regularisation techniques, Shao et al (2021) [81] developed a novel
impact scoring technique that evaluates the impact of input features representing
clinical observations on the outcome (probability of death within one year of a
major cardiovascular procedure (MCVP)). More specifically, they examined
various features of a cohort of 21,355 veterans, namely demographic data (e.g.,
age, gender, race) and medical history (diagnosis and procedure codes for
cardiovascular disease; medication; all-cause hospitalisations and clinical notes
over the last two years). The authors split their feature variables into two
categories: temporal features (discretised patient history data spanning the last
two years) and static variables, which included the demographic information. In
order for convolutional neural networks to be used, the input data was converted

into a two-dimensional plane (akin to image data format). The structure of the

18 Wrapper-based approaches train a machine learning model (e.g., Support Vector Machine,
Logistic Regression or Decision Tree) on a range of independent subsets of features and compare
their predictive accuracy on a hold-out test set. The model’s error rate associated with the test set
is the score given for the subset of features used. Given the iterative training procedure, the
approach is computationally very intensive. Filter methods on the other hand, use common
statistical algorithms such as Pearson product-moment correlation coefficient and mutual
information, to score each feature/class combination. Filter methods are much faster than
wrapper-based approaches and can be used as a pre-cursor to the wrapper method to filter out
irrelevant features before the iterative training process. A common such approach is Recursive
Feature Elimination [39] where feature subsets are trained with Support Vector Machines and
features with low weights are removed and the process repeated. See [103] for more information.
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CNN was such that the temporal data was first passed through a number of
convolutional and pooling layers; and the demographic data was then provided
as input to the fully connected hidden layer (located deeper into the architecture)
which served to integrate the demographic data with the flattened pooling layer
emerging from the earlier convolutional process with the temporal data. After
successfully training the CNN based on a standard early stopping using the
validation set and selecting the optimum model using the area under the receiver
operating characteristic curve (AUC), Shao et al evaluated the value of their input
features within their deep net by setting non-zero ‘pixel’ values to zero
(essentially ablating the input) and evaluated the impact on the prediction
accuracy using the logit function. Furthermore, they evaluated the impact of these
input features at the population level by simply averaging the logit-based impact
scores for each individual ablated temporal and non-temporal feature across all
patients in the training set who had an observation or impact score available. The
authors compared their approach with a standard logistic regression model and
associated log odds ratio for determining feature importance. The signs of the
resulting impact scores (for deep net) and log odds ratio (for logistic regression)
proved pivotal for the comparative analysis of feature importance given by the
different approaches. The AUC reported for the deep net was 0.787 and 0.746 for
the logistic regression model. The resulting top ten features for both models were
examined and compared using Pearson’s correlation, Spearman’s rank
correlation and sign agreement between the deep net impact scores and logistic
regression log odds ratio. Shao et al reported significant correlations between the
variable selections for the respective top 18 features suggesting that the
nonlinear deep net and linear logistic regression model identified similar
features. Unfortunately, there are a number of notable limitations of Shao et al’s
study (some of which they recognised), namely, the small sample size; the lack of
insight with respect to the integration of features relevant to the outcome and
finally, the role of nonlinearity in the deep net selections, i.e., how important were
those features the CNN selected as significant where the logistic regression model
did not?
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4.3. Output layer gradient analysis

As mentioned earlier when discussing visualisation methods to identify
important input features, techniques were notably developed where either the
network operation was reversed to project back onto important aspects of the
original input image (which may have ablated inputs) [107] or gradients of the
output layer were computed for the class score with respect to the input image,
i.e,, we have a product of the input layer and output gradient [85]. Sundararajan
et al [86] extend the gradient based approach, where the machine learning
process itself is adapted to better associate input features with output responses
to enable some rationale to be identified for a deep net’s predictions, e.g., which
part of an input image should a doctor focus on when understanding a deep nets
recommendation? The general principle underpinning the gradient approach is
that the higher the gradient for a feature variable, the greater the importance on
the output response for that specific feature value of interest. The gradient for a
specific feature varies according to the feature’s value and interacts with other
features to effect an output response, thus generating a local gradient for the
specific feature of interest. For example, to understand the impact of a feature, its
value is typically set to zero (the reference value) and the impact on the output
and associated gradient evaluated. Sundararajan et al specifically devise an
approach to ensure that the sensitivity and implementation invariant
requirements are not broken, i.e.,, in cases where a network response to the
change of a specific feature value is different, a non-zero attribution value (rather
than the 0 reference value) should be applied to the input feature when the
gradient for the specific data point is zero. Sundararajan et a refer to this new
attribution approach as ‘Integrated Gradients’ as the output gradients are
integrated as one traverses the path from the reference input value to a particular
output response. The authors cogently argue their position by exemplifying the
implementation invariance issue with the DeepLift model [83], a gradient method
which links the output prediction of a deep net to a specific input feature by
backpropagating the gradients (contributions of all neurons in the network to

every feature of the input) and then comparing the activation of each neuron to
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its ‘reference activation’ and assigns contribution scores according to the
difference. As DeepLift replaces continuous gradients with a discretised version
and applies a modified form of back-propagation this causes incompatibilities
with the chain-rule used by back-propagation resulting in implementation
invariance, i.e., the network becomes sensitive to poor predictors. As with Zeiler
et al and Simonyan et al, the focus of this research is centred on associating local
regions of an input image with particular responses and its usefulness for omics-
related problems has yet to be determined; however, it is a proven approach to
associating output responses with input features and worthy of exploration by

omics researchers who seek to open the block box of their deep nets.

5. Discussion

Since the advent of high throughput omics technologies, various molecular data
such as genes, transcripts, proteins, and metabolites have been made widely
available to researchers. In particular, the availability of omics data repositories
such as The Cancer Genome Atlas (TCGA) [100], containing diverse types of data
like somatic mutation, copy number, gene expression, mRNA expression, and
DNA methylation has revolutionaised omics research by providing high quality
multimodal data. This has afforded clinicians, bioinformaticians, statisticians and
data scientists the opportunity to apply their innovations in feature mining and
predictive modelling to a rich data resource to develop a wide range of
transparent and generalisable prediction models.

What has become apparent from research over the last 10 years, is that
bioinformatics researchers, including those in cognate disciplines such as omics,
have adopted deep neural networks as their preferred paradigm of choice for
complex data modelling. This is not surprising, as since the inherent limitations
of training artificial neural networks with many hidden layers using back-
propagation was largely overcome in 2006, performance of deep learning models
has outstripped that of their ’shallow feature learning’ counter parts such as
support vector machines, logistic regression and decision trees, providing

cutting-edge performance and insights into a variety of omics-related problem
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domains (e.g. [7,53,66,107]. When utilising deep nets, we highlighted the need for
omics researchers to make key design and implementation decisions such as the
type of architecture (e.g., feed-forward, recurrent, convolutional or pooling
hidden layers); training approach (e.g., incremental layer-wise training of Auto-
Encoders or use one large network with non-saturating activation functions, such
as ReLU or similar); software framework (e.g., TensorFlow or Pytorch); and
implementation platform (e.g., GPUs for fast parallel computations). The reasons
for their success are generally attributed to their ability to automatically
transform the original omics input data into hierarchical abstract representations
formed through multiple layers of nonlinear transformations, much better-suited
to the omics task at hand. A key stumbling block, however, is that deep nets lack
inherent transparency and are considered to be a ‘black box’ approach. In
addition, there appears to be little consensus in the literature as to how to
interpret these complex internal representations underlying the mapping
between the input and output layers and therefore explain why these models
predict/behave as they do. This naturally makes it very difficult for clinicians and
other stakeholders to trust their deep learning models even though the model
predictions appear to be highly accurate.

We subsequently presented a number of notable deep feature mining techniques
researchers from various disciplines have developed to open up the 'black box’ of
deep nets in a bid to provide readers with some insight into the current direction
of travel. We grouped these techniques into the following three categories: a)
hidden layer visualisation and interpretation; b) input feature importance and
impact evaluation; and c) output layer gradient analysis.

In terms of hidden layer visualisation, where hidden weights or node
activations can be rendered as images providing some visual insight into what
higher level features have been formed from the original input image, this
approach has largely been restricted to image recognition problems (such as face
recognition or autonomous vehicle control) using either MLP networks or
convolutional networks. Likewise, approaches such as that by [107,108] that
trace back from features across multiple hidden layers to the original input image

have also shown promise in revealing what these hidden layers are encoding.
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However, the direct relevance to omics problems remain unclear at this time. As
discussed previously, CNNs have been successfully applied to omics problems as
cogently demonstrated by [62,78,81], where an initial pre-processing stage is
required to map the 1d omics input data to a 2d input plane so that it can be
presented as input to a CNN. It might be that such visualisation could be applied
to the CNNs to reveal useful bespoke visual patterns relating to how the input has
been hierarchically organised for the tasks at hand? At this point, it is worth
briefly mentioning that it is our view that approaches for visualising or
interpreting sequences of hidden states within recurrent neural networks in a
stable and reliable manner remain firmly within its infancy. Whilst Tepper et al
[91] and others [22,36,48,51,57,104] have demonstrated how various statistical
techniques, such as PCA, can be used to reduce the dimensionality of state space
so that it can be meaningfully visualised, further research is certainly required to
understand how we can automatically identify meaningful collections of stable
states from deep recurrent networks, such as those used by omics researchers
[52,75].

Omics researchers have reported notable success with opening the black box
of the hidden layer(s) using the weight interpretation approach, where the
weights between layers are typically standardised and those weights below a
particular p-value are subject to further investigation. Tan et al [90], found that
the distribution of weights for all of their input genes to a single hidden node
within a shallow network approximately resembled a normal distribution
centered at zero and this was supported by findings by Danaee et al [29].
Alzubaidi et al [7] found that two subsets of genes are assigned highly positive
and highly negative weight values (at least +/- 2 standard deviations from the
mean), and these generic genes exhibit a positive and negative association with
cancers of interest, in which highly positive (HP) weights were assigned by the
deep mining model to the genes that are highly expressed for the positives in
comparison to most of the negatives. In contrast, highly negative (HN) weights
were allocated by the model to the genes that are lowly expressed for most of the
positives in comparison to the negatives. These generic subsets of molecular

indicators were utilised for developing generalisable risk prediction models
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across multiple independent breast invasive carcinoma datasets. The work so far
has demonstrated that the genes selected in this manner offer superior
performance in data-driven molecular biology than other feature mining
methods (such as genetic algorithm-based approaches) [8].

When determining attribute importance within deep neural networks, it is
likely that L1 and L2 regularisation techniques with its associated
hyperparameters will remain a ubiquitous restriction applied to the learning
process to minimise the possibility of over-fitting and maximise the likelihood of
only the most salient features having the higher weightings [38]. It is anticipated
that in addition to continuing widespread use of the standard wrapper and filter
methods alluded to earlier, further bespoke attribute impact measures, such as
the promising approach proposed by Shao et al [81], will emerge to enable
researchers to better understand the global impact of individual input attributes
on the response of a deep neural network.

We then briefly presented the output gradient analysis approach for
interpreting a deep net’s black box. As discussed, the basic premise of the gradient
approach is that the higher the computed gradient for a feature variable (by
backpropagation), the greater the importance on the output response for that
specific feature value of interest. The array of different attribute values are
evaluated by simply comparing the model’s performance against the situation
where that feature variable is fixed to a known reference value, such as 0. Whilst
these approaches have shown some traction in image recognition tasks, the
applicability to omics research remains unclear. That said, it does appear that the
general premise and technique could easily be transferred to non-image
problems and thereby help omics researchers to associate output responses with
input features and so in our view, worthy of further consideration by omics
researchers.

In this current era of high quality omics data and the success of the deep
neural network paradigm in this domain, we are clearly in an exciting period of
innovation in the field of deep mining from omics data. It is also very clear that
there is a concomitant need to not only embrace existing approaches but to

further tailor and exploit the deep feature mining methods discussed in this
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Chapter to imbue bioinformaticians, clinicians and researchers, from cognate
disciplines, with the confidence needed to trust their accurate deep learning

models.
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