Layman Summary

The application of machine learning approaches has become increasingly popular in the field of DNA
analysis. Specifically the use of machine learning to detect parts of the DNA which are responsible for
the regulation of protein levels. Since proteins are created from the DNA in a process called
transcription (followed by translation), we refer to this phenomenon as transcriptional regulation.
This process is responsible for instructing cells to perform different functions at different times and
different contexts. For example, the cells that make up muscles having the ability to expand and
contract, and the cells in the brain having the ability to receive and send electrical signals. In a sense,
the complex networks created by regulation of transcription carry the instructions for creating and
sustaining a living organisms on a cellular level. Throughout the lifetime of an organism, changes in
the DNA code occur. Caused by specific exposures such as cigarette smoke, UV-light etc., and by the
passing of time. It has been shown that ~80% of these DNA changes associated with diseases, occur
in regions responsible for transcriptional regulation. This underlines the importance of understanding
these regions, referred to as regulatory elements.

In recent years, the primary way of elucidating regulatory elements is through a combination of
natural language processing and machine learning. Natural language processing refers to finding
patterns within textual data, such as the DNA. These patterns can then be used to predict the location
and functionality of specific regulatory elements. Since the genome of an average person contains
about 6.270.000.000 bases, and the interactions between regulatory elements varies based on the
sequence context, cell type and developmental stage, machine learning approaches outperform
human analyses. Particularly machine learning approaches that take advantage of using many layers
in their architecture. These extra layers allow such tools to transform the input more and in novel
ways, thus leveraging more complex patterns within the DNA to make predictions about regulatory
elements.

However, considering that these regulatory features of the DNA represent such an immensely
promising field of study, based on the amount of disease mutations that target them. It is crucial to
think about the risks related to the application of these tools. Most notably, the lack of
interpretability of machine learning tools which apply many layers. Since every layer is free to
transform the output of the previous layer in ambiguous ways, it becomes more complicated to
explain how predictions were made. And should the perfect prediction be the end goal? Or the
perfect understanding?

Through reviewing historical challenges, the methods used to surmount them and the hurdles that
still remain, we aim to empower the reader to be aware of the implications of the current
approaches. We highlight the methods by which the interpretability of many-layered machine
learning tools can be enhanced, alongside the value of testing hypotheses provided by such tools. In
doing so, we reach a positive but weary conclusion, namely that the current direction of the field is
more promising than any before it, but that it cannot be walked blindly.



Generative Al statement

The author acknowledges limited application of Generative Al in the creation of this review. The
application of these tools can be split into two categories; Namely, the identification of relevant
sources, and the alteration of sentence/paragraph structure.

The identification of relevant sources exclusively involved supplying a generative Al with a topic and
requesting possibly relevant sources. These sources where subsequently manually reviewed and used
to increase the understanding of the topic. The alteration of sentence/paragraph structure was
limited to supplying a generative Al with information and text created by the author and requesting a
clearer or more concise structure.

All concepts, ideas, and opinions were created by the author; who expressly discourages the muddled
understanding of a topic through over application of generative Al. Which is one of the primary
arguments within the review itself. The author approximates that 15-25% of the text in the final
product was subject to some degree of structural alteration. Herein no specific sections are exempt.
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Abstract

This review explores the intersection of Natural Language Processing (NLP), machine learning, and
genomics, with a focus on the understanding and interpretation of DNA regulatory elements. Tracing
the evolution of NLP from its linguistic roots to its current state as ‘neural NLP’, powered by
probabilistic methods and machine learning. It highlights the role of DNA regulatory elements as the
‘switches’ of the genome and discusses the challenges and breakthroughs in elucidating these
elements. The review critically examines the shift towards machine learning NLP based methods in
genomic research, determining if this approach may lead to incomplete or incorrect understanding. By
delving into historical challenges, recent advancements, and ongoing hurdles, this review aims to
provide a comprehensive overview of the state-of-the-art machine learning based approaches in the
study of DNA regulatory elements and their potential impact on disease treatment and prevention. In
doing so we observed risks regarding the interpretability of computational tools released after 2020,
due to the deep-learning trend in the field of machine learning.



Introduction

Natural language processing (NLP) is a field of research aimed at reading, deciphering and assigning
meaning to textual data. While it originated in the field of linguistics, it has since become an
interdisciplinary subfield of both linguistics and computer science. Herein the computer science aspect
can be split into the rule-based and the probabilistic. Where the probabilistic methods have seen a
significant increase in popularity due to advancements in the field of machine-learning. The unison
between machine learning and NLP is now referred to as ‘neural NLP’. These approaches have had
increasing success in deciphering more complex texts, such as the genome [1]. For in the simplest
sense, the genome is but a ‘text’ structured in such a way, so that it can facilitate facets required to
sustain life.

In order to perform this function of sustaining life, the regulation of the transcription of the genome
has shown to be of critical importance. As the interaction between gene transcripts, and their protein
products form complex gene regulatory networks (GRNs). These GRNs control gene expression
cascades responsible for development of multicellular constructs, such as us, and the cellular
interactions that sustain them. They are spatially and temporally adaptive, making sure distinct cell-
types fulfil their required function when and where they are supposed to [2]. Due to their fundamental
nature, many disease phenotypes can be traced back to the mis-regulation of GRNs, from the loss of
DNA repair functionality in cancer [3] to the mis regulation of cerebral layer formation in autism
spectrum disorder [4]. GWAS studies have shown that ~ 80% of disease-causing variants occur not in
coding but in regulatory regions of the genome [5].

GRNSs rely on the interplay between gene activation and repression, whereby the transcription of one
gene can influence that of one or more other genes. This regulation of transcription is facilitated by
DNA regulatory elements. These elements, which include enhancers, promoters, silencers, insulators,
and transcription factor binding sites, function as the ‘switches’ of the genome, increasing or
decreasing the level of gene transcription. They play a pivotal role in determining when, where, and
how much of a gene is expressed [6]. The mode of regulation is different between these distinct
elements. For instance, enhancers elevate the expression of a gene compared to its level of
transcription when the enhancer is absent, while silencers have the inverse effect [7]. The effect of
each type of element will be further discussed later.

Elucidation of the exact mechanisms of the interplay between DNA regulatory elements, has
historically represented a significant challenge for researchers. Recent technological advancements
together with our in-depth understanding of evolutionary principles, applied to artificial neural
networks, have enabled the creation of machine learning tools capable of detecting patterns in vast and
complex data. These tools have since shown to out-perform experimental approaches, which were
historically the predominant way of investigating DNA regulatory elements [8].

Improving our understanding of DNA regulatory elements holds the potential to revolutionize the way
we approach disease treatment and prevention. As through understanding genomic linguistics, we
might be enabled to edit genomic information to restore cellular function or even create entirely new
functionality if so desired [9]. When we consider the immense potential that the understanding of
DNA regulatory elements holds, we should ask ourselves if the current shift in our approach of
elucidating these regulatory elements, is indeed the optimal one. Or if the current shift towards
machine learning NLP based methods has potential pitfalls, leading to an incomplete or even incorrect
understanding.

This review seeks to answer that question by delving into the historical challenges encountered in this
field, the breakthroughs that surmounted them, and the hurdles that continue to impede state-of-the-art
machine learning based approaches.



Background

DNA Regulatory Elements

DNA regulatory elements are integral components of the genome that control gene expression. These
elements, which include enhancers, promoters, silencers, insulators, repressors, boundary elements and
transcription factor binding sites, function as the ‘switches’ of the genome, increasing or decreasing
gene expression. They play a pivotal role in determining when, where, and how much of a gene is
expressed, thereby influencing a wide range of biological processes and phenotypic traits.

Regulatory elements were split into two categories, namely cis and trans elements. Here cis-regulatory
elements (CRES) are those that have an allele-specific effect, regulating specifically targeted alleles.
While trans-regulatory elements (TRES) are regulatory elements trat encode transcription factors,
RNA-binding proteins, and non-coding RNAs, which affect regulation of multiple alleles
simultaneously. Depending on the TRE product, they can influence regulation at level of the DNA,
RNA or protein, ranging from a specific target within the same domain to any number of targets across
the cellular neighbourhood [10]. Furthermore, regulatory elements are split in another two, related but
clearly distinct, classifications. Namely, proximal, or distal. Proximal regulatory elements are those
located near the gene target, generally within a few hundred base pairs of the transcription start site.
While distal elements are those located far from the target sequence. These distal elements can be
separated from their target genes by millions of base pairs [11]. In the three-dimensional space of the
nucleus however, distal elements are often localized in close physical proximity to the gene-proximal
regulatory sequences through the formation of chromatin loops [12]. TREs are often automatically
classified as distal and CREs as proximal, as the majority of CREs are in close proximity to their gene
targets due to their allele-specific effects. While TREs can inherently act at greater distances.
However, both proximal TREs and distal CREs have been described, indicating the importance of the
distinction between these classifications.

As the scope of this review is limited to DNA regulatory element, the primary focus will be on CREs.
These regions of non-coding DNA are split into several sub-classifications, acting together through
collaboration of hundreds of transcription factors. Herein, promotor and enhancer elements are those
facilitating transcription initiation, these elements share features such as divergent transcription and
the modes of transcription factor binding. [13]. Where initiation of transcription through one or the
other has been described to influence transcript stability [14]. Conventionally, promoters are
considered as the primary site for the assembly of the transcriptional machinery [15]. Promoters are
associated with the initiation of RNA synthesis, whereas enhancers stimulate specific promoter
activity, providing further specificity in gene regulation through targeting limited core promoter
elements, see figure 1 [16,17,18, 19,20].

Fig 1. Representation of the interaction
between enhancer and promotor elements.
The proximal promotor facilitates the
assembly of the transcriptional machinery.
The proximal or distal enhancer stimulates
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Besides the initiation and promotion of transcription, DNA regulatory elements responsible for the
downregulation and obstruction of transcription Silencers, which, when bound by proteins known as
repressors, downregulate the expression of a target gene. They function in a manner opposite to that of
enhancers, repressing gene expression by recruiting proteins that disrupt or inactivate the formation of
polymerase Il transcription complexes at otherwise accessible promoters, see figure 2 [21]. Silencers
have been identified to act both distal- and proximally at multiple genes and at the level of
chromosomal domains, indicating their broad regulatory impact [22,23]. Similarly, insulators are
regulatory elements which can impede the undesired transcription of genes. They serve as boundaries
between different regions of the genome. Playing a crucial role in maintaining the integrity of the
genome by preventing the interaction between enhancers, silencers and promoters that are not meant to
interact. This ensures that genes are correctly regulated and prevents inappropriate gene expression or
the silencing thereof, see figure 2 [24]. Furthermore, insulators contribute to the establishment of
functionally independent regions within genomes and confer autonomy to each domain.
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Another important player in the study of regulatory elements is chromatin structure. Chromatin is a
complex of DNA and protein found in eukaryotic cells [25]. Its primary function is to package long
DNA molecules into more compact, denser structures. By determining which parts of the genome are
‘packaged’, it defines which regions are aren’t accessible, defined as chromatin accessibility.
Chromatin accessibility, or the physical access to chromatinized DNA, is a widely studied
characteristic of the eukaryotic genome. As active regulatory DNA elements are generally
‘accessible’, the genome-wide profiling of chromatin accessibility can be used to identify candidate
regulatory genomic regions in a tissue or cell type [26].

The precise identification and understanding of regulatory elements are crucial in comprehending the
intricate landscape of gene regulation. Kern et al. emphasized that gene regulatory elements are central
drivers of phenotypic variation and are critical for understanding the genetics of complex traits [27].
Furthermore, Zhou et al. highlighted the unmasking of thousands of functional cis-regulatory elements
integral to transcriptional regulation, such as enhancers and promoters, within the noncoding genome,
underscoring their significance in genetic and epigenetic alterations associated with cancer [28].
Heidenreich and Kumar also stressed the impact of genetic alterations within regulatory elements,
emphasizing the potential identification of extended therapeutic targets through an understanding of
such modifications [29].
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Experimental/biochemical approaches

Due to the limitations in sequencing technologies and the lack of computational assays, DNA
regulatory elements relied heavily on experimental approaches until the end of the 20th century. These
approaches can be generalized to the induction or observation of a specific perturbation followed by
the detection of gene expression changes. These types of analyses were mostly focused on a single or
small number of transcription factors, to be able to determine causality. Due the complexity of the
regulatory landscape, the detection of regulatory elements was an especially challenging task. [30].
While historical techniques were unable to take into account elements acting from greater distances
and the more complicated influence of the regulatory context, they provided valuable insights.
Primarily the detection of promotor regions, whose gene relative locus is more conserved. shedding
light on the ways gene expression could be regulated. Thus, building the foundation within the field
[31].

High throughput assays

With the advent of high-throughput sequencing platforms, the world of DNA-regulatory element
detection changed rapidly, enabling comprehensive and systematic analyses of the genome. Chromatin
immunoprecipitation followed by high-throughput sequencing (ChlP-seq) emerged as a powerful
technique for mapping protein-DNA interactions, allowing the genome-wide identification of
transcription factor binding sites and histone modifications [32]. Additionally, Assay for Transposase-
Accessible Chromatin with high-throughput sequencing (ATAC-seq) has enabled the sensitive and
rapid profiling of open chromatin regions, providing insights into the interplay between genomic
locations of open chromatin, DNA binding proteins, individual nucleosomes, and higher-order
compaction at regulatory regions with nucleotide resolution. Gaulton et al identified a map of open
chromatin in human pancreatic islets, revealing the presence of cell-selective regulatory domains
associated with single genes [33]. Rijnkels et al described interactions between the extracellular
matrix and chromatin conformation, suggesting the role of the extracellular matrix as an epigenetic
regulator [34]. In summary, high-throughput methods have significantly advanced our understanding
of DNA regulatory elements, offering a comprehensive view of the dynamic chromatin landscape and
the regulatory networks that govern gene expression.

Computational approaches

Computational approaches, including advanced algorithms and machine learning techniques, have
revolutionized the management of the vast data generated by high-throughput techniques. These
methods, such as deep learning, have significantly improved the predictive power of DNA-binding
proteins by training on larger, higher-quality annotated genomic sequences [35]. Furthermore,
integrative methods have been developed to prioritize alterations in regulatory elements and facilitate
the systematic analysis of gene regulatory networks. The popularity of computational rendering of
high-level gene regulatory networks has led to the development of computational network inference
approaches, particularly in the context of high-quality genomes and transcriptomes [36].

Machine learning, particularly deep learning, has been instrumental in predicting the location and
function of regulatory elements in large annotated genomic sequences. By training models on a large
dataset of genomic sequences with known locations of regulatory elements, these approaches can
predict the locations of regulatory elements in new, unannotated genomic sequences by identifying
patterns learned during training. This approach allows for the analysis of vast amounts of genomic
data and can uncover complex, non-linear relationships between genomic features and regulatory
elements. The development of computational strategies has significantly enhanced our ability to
manage the vast amounts of data generated by high-throughput approaches, providing valuable
insights into the regulatory landscape of the genome and the functional roles of DNA regulatory
elements. These advancements have not only improved our understanding of gene regulatory networks
but have also paved the way for the identification of key pathways and genes in various biological
processes, such as obesity and cancer [37,38].



Historical challenges and breakthroughs in
investigating DNA Regulatory Elements

Identification of gene targets

Determining the gene targets of regulatory elements presents significant challenges due to the complex
nature of regulatory interactions and the cryptic properties these elements possess. Franco-Zorrilla et
al have shown that transcription factors can bind to hundreds or thousands of DNA loci, with only a
fraction of targets responding transcriptionally, making it difficult to distinguish relevant binding sites
[39]. Additionally, Snetkova & Skok emphasized the variability in the distance separating enhancers
and their target promoters, which poses a challenge in determining which elements engage in the
regulation of a particular gene [40]. The cell-type specificity and difficulties in characterizing the
regulatory targets of these elements further limit the ability to identify causal genetic variants [41].
This phenomenon, referred to as polysemy, describes how a single regulatory element can affect
different genes based on its context. Such as the cell type, cellular neighbourhood, or developmental
stage. Consequently, the amount of data required to study each element increases, having to consider
many contexts to determine gene targets, making its detection and characterization more challenging.
Despite these challenges, understanding the polysemy of regulatory elements is crucial for a
comprehensive understanding of gene regulation and is a key focus in the field of regulatory element
detection [42].

The creation of specialized corpora annotated with regulatory DNA elements has provided valuable
resources for training NLP models to disambiguate polysemous terms in the context of DNA
regulatory element detection. These corpora have been instrumental in training NLP algorithms to
accurately identify and interpret regulatory element-related terms within their specific biological
contexts, thereby overcoming the challenges posed by polysemy [43]. Furthermore, the detection of
distal regulatory elements and their targets has seen considerable progress. Herein computational tools
have been developed with the goal to consider larger sequences and use positional encoding to allow
these systems to consider interactions regardless of distance. More on this in the section on ML in
NLP.

Elucidation of regulatory interactions

Determining interactions between regulatory elements presents significant challenges due to the
complex and dynamic nature of these interactions. Regulatory elements engage in looping interactions
that have been implicated in gene regulation, but the precise mechanisms and dynamics of these
interactions remain elusive [44]. The surrounding sequence context of interacting regulatory elements
is also known to affect local transcriptional output as well as the enhancer and promoter activity of
individual elements, adding to the complexity of understanding their interactions. Three-dimensional
interaction between regulatory elements is a fundamental process in gene regulation, and questions
regarding the structural interaction between regulatory elements can be addressed by analysing
interactions between these elements in individual cells [45]. Furthermore, Valuchova et al applied a
rapid method for detecting protein-nucleic acid interactions by protein-induced fluorescence
enhancement and showed that protein/nucleic acid interactions are further affected by neighbouring
proteins, small molecules, and the physical properties of the environment, such as temperature or pH,
highlighting the complexity of these interactions [46].



Recent advancements in NLP & ML have played a crucial role in overcoming historical challenges in
the field of DNA regulatory element research. By developing innovative NLP techniques and
integrating computational approaches, researchers have made considerable progress in accurately
interpreting and disambiguating the diverse meanings of regulatory element-related terms, thereby
enhancing the precision and reliability of DNA regulatory element detection in the face of polysemy
and 3-dimensional/distal interactions. Lee & Rhie highlight the molecular and computational
approaches to map regulatory elements in 3D chromatin structure, emphasizing the significance of
computational strategies in understanding the complex regulatory landscape [47]. Additionally, Doane
& Elemento discuss technical advances and current challenges for the mapping of regulatory elements
at the genome-wide scale, underscoring the role of computational methods in uncovering these
elements via reconstructing regulatory networks from large genomic datasets [48].



ML in NLP & DNA Regulatory Element
detection

Feedforward Neural Network

A feedforward neural network (FNN) is the first of two types of artificial neural networks discussed in
this review. They are defined by the one-directional flow of information through the system. Starting
at the input layer, followed by a layer of hidden nodes, and finally to the output nodes. There are no
cycles or loops in the network. The working of a feedforward neural network involves two phases: the
feedforward phase and the backpropagation phase. In the feedforward phase, the input data is fed into
the network, and it propagates forward through the network. Once a prediction is made,
backpropagation is applied to minimize the error (difference between the predicted output and actual
output). This minimizing of the error is achieved through the adjustment of the weights of the hidden
neuron layer(s) , see figure 3 [49].

Fig 3. Schematic representation of simple
feedforward neural architecture. X defines the
system inputs, W defines the weights applied to
the input of the prior layer, determined through
backpropagation to produce output y with

minimalized errors.
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Convolutional Neural Network

Convolutional neural networks are a type of feedforward network, primarily applied to image
recognition. It improves upon the standard feedforward architecture through introduction of filters to
the hidden layers. These filters represent patterns for the network to recognize. Neurons within the
network will judge the similarity of their input to given patterns. Subsequent neuron layers of the
network take the most relevant output of the previous layer to create more complicated filters. By
increasing the number of hidden neuron layers, convolutional models are able to recognize more
complicated patterns [50,51]. This topic will be further discussed under the term coined for the
application of multiple/many hidden neuron layers, ‘deep learning’.

Besides image recognition, convolutional networks were among the first with the ability to process
temporal data such as speech and text, thus having created the first artificial network capable of natural
language processing. Collobert & Weston defined a general convolutional network architecture and
described its application to various natural language processing (NLP) tasks, including part-of-speech
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tagging, chunking, named-entity recognition, learning a language model, and semantic role-labeling.
This demonstrates the early utilization of convolutional networks in processing textual data [52]. Word
embedding, the act by which words are translated into vectors, significantly decreased the
computational power and time required to train these networks. On top of this, word embedding
allows text with similar meanings to be represented by similar vectors. These advancements have
significantly enhanced the efficacy of CNN [53].

Standard CNN have significant limitations in the context of identifying DNA regulatory elements
using NLP. This is due to the filter size used for the convolution, which is only able to consider the
information in the immediate vicinity of the input [54]. While CNNs have shown state-of-the-art
predictions for transcription factor binding and DNA accessibility, their application in identifying
regulatory elements is hindered by the inability to capture the long-range interactions and variable
sizes of these elements [55,56].

Transformer

The transformer architecture facilitated a significant increase in the efficacy of ML models in the
context of DNA regulatory element detection. It is a type of feedforward neural network architecture,
now including positional encoders, which complement word vectors by generating a vector to
represent distance between input sequences [57]. Subsequently the word vectors with this positional
information are passed to an attention layer and a feedforward layer, which together make up an
encoder block. The attention layer enables the model to emphasize distinct parts of the input sequence
regardless of distance, thereby enabling the model to consider dependencies between sequences
regardless of their positions in the input sequence [58].

Through the application of encoder and decoder blocks, this type of neural network is enabled to
translate information types between layers, such as positional information of regulatory sequences to
the association between regulatory elements. The encoder consists of 2 parts: the self-attention
mechanism and the position-wise feed-forward network. The self-attention mechanism allows
different positions in a single sequence to interact to compute a representation of that sequence with
contextual information. Thus, allowing this architecture to weigh the importance of parts of a
sequence, such as regulatory elements. The output of the self-attention mechanism is fed to the
position-wise feedforward layer. In which each position of the input sequence has its own path to this
feedforward layer, allowing them to be considered individually. The combination of these parts of the
encoder allows for understanding the context and relationships in the data, see figure 4 [59].

The decoder in the transformer architecture comprises two attention layers and a feedforward layer.
The secondary attention layer incorporates the attention weights from the encoder and its preceding
attention layer. This design empowers the network to perform sequence-to-sequence translation tasks,
such as converting a DNA sequence into a probability vector representing sequences linked to
promoter regions [60].



Recurrent Neural Networks

As opposed to feedforward architectures, Recurrent neural networks include feedback loops, allowing
them to consider previous inputs when processing current ones, see figure 4 [61,62]. Which makes the
network behave more dynamically, making them better suitable for modeling time series data and
sequential information [63]. The performance of these networks exceeded that of the (multilayer)
feedforward architectures in the context of sequence analysis. However, due to the sequential nature of the
network, it has been shown that these networks do not handle long-term dependencies very well. This
limitation is particularly significant in tasks such as natural language processing, speech recognition, and
time series analysis, where understanding and retaining long-range dependencies is crucial [64].

Variants of the traditional Recurrent neural networks such as ‘Long Short-Term Memory’ and ‘Gated
Recurrent Units’ have been designed to circumvent the vanishing gradient problem. These variants have
demonstrated superior performance in capturing and retaining valuable information over extended
sequences, improving their suitability for tasks involving sequential data analysis [65].
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Fig 4. Overview of differences between Recurrent, Convolutional and Transformer Neural Networks*.
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Deep learning

Deep learning is a branch of machine learning that has revolutionized many aspects of research,
industry, The “depth” of these models comes from the multitude of hidden neuron layers that allow
them to learn hierarchical representations, with lower-level features (like lines and edges in image
processing) being combined and abstracted in higher layers to detect more complex concepts (like
shapes or objects). This depth enables deep learning models to perform tasks that require an
understanding of complex patterns and relationships in data, such as image recognition, natural
language processing. The inclusion of many hidden neuron layers enables deep learning architecture to
process more complex input data, not requiring feature extraction, such as featurization using a
database of known motifs. Without requiring pre-processing of input data, the system is enabled to
detect relations without requiring prior knowledge, see figure 5 [66].

Fig 5. Schematic representation of the
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machine learning and Deep learning.
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\\\’% machine learning algorithms is that
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structured data, while deep learning
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data such as images, audio and text .

DEEP LEARNING

+ learning outputs

The complexity of genomic regulation, as evidenced by the intricate structures observed in gene
regulatory networks (GRNs), underscores the importance of unbiased detection of all possible
relationships within input sequences to enhance the efficacy of deep learning models GRNs
constructed from gene expression data reflect the interactions of regulatory elements in biological
systems, revealing the inner complex mechanisms that drive adaptability to the environment and the
growth and development of organisms [67]. However, deep learning architectures come with several
drawbacks. For instance, they are more computationally intensive and require large amounts of data
and time to train. Furthermore, deep learning models lack the interpretability of classical machine
learning models, meaning that it is easier to see why a model made a certain prediction. This drawback
is often overlooked when these models are applied and generate accurate and functional predictions.
These predictions are widely applied without consideration of the underlying reasoning, for instance.
Can we truly consider a field to be understood when much of the knowledge is obtained using
indescribable reasoning? Molnar et al emphasized the need for tools for model-agnostic
interpretability methods to improve the adoption of machine learning, indicating that interpretability is
a recognized challenge in the field of machine learning [68]. Similarly, Chen & Deng highlighted the
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lack of interpretability in deep learning models, despite their superior performance in predictions in
many fields, suggesting that this drawback is a significant concern, particularly in practical
applications [69].

As of writing this review, Deep CNN have shown to outperform other architectures in predicting gene
expression and the identification of DNA regulatory elements, in both human and mouse genomes
[70]. O’Donovan et al demonstrated that CNNs significantly outperformed classical machine learning
techniques in predicting the time series of gene expression in primary human hepatocytes given a
measured time series of gene expression from primary rat hepatocytes following exposure to a
previously unseen compound [70]. Additionally, Trabelsi et al found that deeper and more complex
architectures, particularly hybrid CNN/RNN architectures, outperformed other methods in terms of
accuracy for predicting DNA/RNA sequence binding specificities [71]. Furthermore, Yuan & Bar-
Joseph showed that their method, CNN for co-expression, improved upon prior methods in tasks
ranging from predicting transcription factor targets to identifying disease-related genes to causality
inference [72]. However, it is important to note that not all studies support the claim. Elbashir et al
highlighted that the availability of gene expression data influences prediction accuracy of deep-
learning models. Where a small number of samples and a relatively large number of dimensions, may
not be suitable for deep CNN architectures [73].

Recent advancements

The field of NLP and ML has been rapidly evolving and shows no signs of slowing down. In this
period of rapid advancements, we aim to elucidate the ways ML based tools for the detection of DNA
regulatory elements have transformed recent history. Based on the evolution of these tools we attempt
to chart the path in which the field is expected to develop, which problems are likely to be overcome
and which hurdles might remain.

Starting with ‘DNABert’, a machine learning based tool developed in 2021. It was developed to
satisfy three properties put forward by its inventors, which are considered required for the ideal
computational method to detect regulatory elements; namely, (i) The ability to globally take all the
contextual information into account to distinguish polysemous CREs; (ii) develop generic
understanding transferable to various tasks; (iii) generalize well when labelled data is limited [74].

Their approach to satisfy these requirements saw them adapt a bi-directional encoder transformer
architecture. Pre-training was performed on unlabelled ‘human genome data obtained through direct
non-overlap splitting and random sampling’. DNA-sequences with a max length of 512bp were
tokenized using a k-mer representation. This is done to enrich the contextual information the model
can consider. The model was then fine-tuned for the prediction of promotors, transcription factor
binding sites and splice sites. Furthermore, this tool includes direct visualization of relevancy of
nucleotides to regulatory elements and semantic relationship within sequences [75]. While this visual
representation increases the interpretability of the results, this model still contains a large ‘black box’
as the mechanisms by which predictions are made are left ambiguous due to the many hidden layers
included in the network.

In 2021 ‘DeepRegFinder’ was released. As the name implies this is another deep learning architecture.
It aims to further improve the efficacy of DNA regulatory elements by focusing on the detection of
both promotors and enhancers. While most promotor elements are considered to have been identified
prior, the same cannot be said for enhancer elements, whose mode of regulation has obstructed their
identification. Namely, the potential distance from the transcription start site, which can be up to 1Mb
[76]. Deep learning architectures such as DeepRegFinder’, are not reliant on labelled data and perform
their own feature extraction, outperforming prior approaches in detection of enhancer regions. Herein
DeepRegFinder has been applied to identify 7,796 putative enhancer sites [76]. To avoid false positive



predictions, this model applied mean average precision instead of the AUC score, which have been
described to be more meaningful interpretable [77]. The input flexibility, extensive pre-training, and
ability to use different network architectures make this model very accessible. In 2022 the predictive
abilities across diverse biological contexts were further enhanced by the release of ‘Sei’. The model
encompasses an estimated 1,000 nonhistone DNA-binding proteins, 77 histone marks, and chromatin
accessibility across more than 1,300 cell lines and tissues. This comprehensive model aims to
associate specific sequences or variants to regulatory activities, predicting 21,907 distinct chromatin
profiles. The predictive abilities of Sei are further reinforced by its integration of tissue-specific
expression, expression quantitative trait loci, and evolutionary constraint data [78].

More recently, in 2023 to be exact, an updated version of the DNABert model was released, the aptly
named ‘DNABert-2’ represents a significant advancement over the original DNABert model.
Replacing the k-mer tokenization with byte pair encoding, leveraging a compression algorithm
commonly used by large language models. This approach aims to circumvent a known issue of k-mer
tokenization, namely inferring semantic relationships. K-mer tokenization breaks down input text into
fixed-length subsequences of characters, which may not always align with meaningful linguistic units,
effectively limiting the consideration of the sequence context. Byte Pair Encoding replaces k-mer
tokenization by employing a data-driven subword tokenization algorithm, which dynamically
identifies and encodes frequent sequences of characters within the input sequence. This approach
effectively addresses some of the limitations associated with k-mer tokenization and offers an
enhanced representation of semantic relationships [79]. DNABert-2 further improves on its
predecessor by getting rid of input length limitations. This is done by incorporating flash attention
instead of positional embedding. In doing so, the model achieves state-of-the-art performance while
simultaneously reducing computational cost 56-fold and the number of parameters 21-fold [79].

The same issues regarding k-mer tokenization were observed and tackled by a deep-transformer
architecture called ‘HyenaDNA’, released in 2023. This model applies a single-character tokenizer
instead of byte pair encoding. Effectively increasing context length to one million tokens at the single
nucleotide level, or in other words a context of a million bases. Moreover, HyenaDNA has
demonstrated its remarkable ability to process context lengths of up to 131,000 tokens with a shallow
architecture comprising only two hidden layers, showcasing its efficiency in handling extensive
genomic data without relying on deep-learning architectures [80]. However, while these results give an
impressive indication of the abilities of non-deep architectures, they are still easily outcompeted by
their deep counterparts. Particularly due to knowledge that context at a million bases is relevant to
transcriptional regulation.

It should be noted that all the models discussed make nucleotide-level importance predictions, which
enhance their interpretability. However, such predictions are akin to hypotheses proposed by the
model, which require testing to confirm and convey a deeper understanding of the prediction itself.
Effectively moving, not solving, the interpretability issue. Tools to evaluate these nucleotide level
importance predictions at the scale of the genome, such as DeepLIFT and TF-MoDISco have been
developed. They aim to cluster motifs with elevated importance predictions. Through this clustering it
becomes possible to attach meaning to predictions made by deep-learning architectures at the motif
level [81,82].



Conclusion

Through our exploration of regulatory element detection, the historical challenges, breakthroughs, and
innovative methods used to predict them, we’ve gained insight into the progression of the field. We
observed that computational models are actively being enhanced to cope with the inherent complexity
of regulatory elements. Particularly the influence of specific cellular, sequence and developmental
context which influences regulatory aspects. Along with the variety in distal and proximal regulation,
where some regions of the DNA form functionally independent regions, due to insulators and
chromatin accessibility. While other elements are known to interact across millions on bases, taking
advantage of the 3-dimensional structure of the DNA.

With the rapid increase in computing power and the availability of extensive training data, we have
seen the development of numerous tools designed to tackle these challenges. These tools leverage
advanced machine learning techniques and vast genomic datasets to predict the location and
functionality of regulatory elements with increasing accuracy. Deep learning models have shown great
promise in this area. They are capable of handling the high-dimensional data, typical in genomics, and
can model complex relationships, which are essential for understanding the polysemous nature of
regulatory elements [83, 84]. However, while capable of complex data processing, deep-learning
models, particularly those with many layers or neurons, are challenging to interpret. Thus, while it is
expected we will accurately map the locations and functions of regulatory elements to a relatively
complete degree within the next decade, we could still be met with an era of trial and error. For
instance, when we have fully charted the regulatory landscape and wish to use that knowledge to bring
about specific functionality in the lab, our deeper understanding of DNA regulatory elements will be
required and possibly absent due to this black-box effect of deep learning models [85]. When this
understanding would be absent, our primary option to achieve such a goal, would be to act according
to an approach put forward by a deep architecture, following its instructions to create the desired
functionality. Having no or minimal indication of the efficacy of the proposed solution until it is
attempted, in other words, an era of trial and error [86].

However, this view can, and hopefully will be, be considered short-sighted, as efforts are being made
to develop tools with increased interpretability and separate tools to untangle the black-box aspects of
deep-learning architectures. For instance, TF-MoDISco, a tool aimed at clustering motifs based on
nucleotide level importance predictions. Allowing for functional annotation of motif clusters. These
hypothesized functional clusters can be tested experimentally or computationally [87]. However, it
should be noted that polysemy will necessitate significant data variability, as motif clusters are context
dependent [88].

Regardless of these concerns, deep learning architectures have demonstrated their power in the
identification of regulatory elements, particularly in situations with abundant ChIP-seq, ATAC-seq,
DNase-seq, gene expression, and methylation data [89]. We do not expect non-deep architectures to
compete with the efficacy of these models, particularly in cases where substantial data is available.
Which is the case for many of regulatory element relevant data types such as ChIP-seq, ATAC-seq,
DNase-seq, gene expression and methylation data. The vast amount of data that is currently available
is expected to increase, improving the accuracy of prediction in distinct contexts such as cellular,
differential, and developmental states. Which are known to be critical to the functioning of regulatory
elements.



In summary, deep learning architectures have proven to be invaluable tools in the study of regulatory
elements, leveraging the abundance of available data to improve prediction accuracy in diverse
biological contexts. However, there is a need for further research into experimental/computational
confirmation of their predictions. We expect a deeper understanding of transcription regulation to have
a significant positive effect on related fields. Particularly our understanding of disease mechanisms, as
GWAS studies have found a significant correlation between disease phenotypes and mutations in non-
coding regions. Where this understanding has the potential to improve disease treatment, prevention
and even eradication.
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