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Chapter 1

Introduction to Deep Learning and

genomic DL models

Cis-regulatory codes are fundamental to the regulation of gene expression,
representing a signi cant portion of the functional complexity in biological sys-
tems. Understanding the roles and interactions of CREs remains a highly active
eld of research, crucial for exploring the mechanisms underlying biological func-
tions. Their inherent complexity makes CREs a prime subject for the application
of DL methods. This chapter establishes a background for the development of DL
techniques and their applications to regulatory genomic functions. The chapter be-
gins by introducing the function and complexity of cis-regulatory codes (Chapter
1.1) and the various DL related methods that's been applied to study them (Chap-
ter 1.2, 1.3). Then we discuss the technical innovations in DL the enabled these

developments (Chapter 1.4).
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1.1 Cis-regulatory code

The human body is composed of around 37 trillion cells (Chen et al., 2022c;
Panigrahi and O'Malley, 2021) that are vastly different in morphology and func-
tion but largely contain identical genetic information. Differential gene expression
is one of the fundamental processes underlying the formation of different cell types
during embryogenesis through precise spatio-temporal expression of genes (Pan-
igrahi and O'Malley, 2021; Ong and Corces, 2011). Moreover, dysregulation of
gene expression can lead to cells not carrying on their normal function at the right
place and at the right time (Jindal and Farley, 2021). This can be caused by vari-
ous sources of mutations in the non-coding, regulatory genome. For instance, the
majority of disease-causing SNPs are mapped to non-coding genome (Wong et al.,
2021). Therefore, understanding gene expression regulation is fundamental to the

study of normal development and disease biology.

Cells achieve precise activation and repression of genes speci c to a cell
type throughcis- andtransregulatory elements (Wittkopp, Haerum, and Clark,
2004). CREs are non-coding sequences that activate or repress transcription from a
gene. CREs regulate gene expression by bindirtgaos-regulatory factors (Wit-
tkopp, Haerum, and Clark, 2004), such as TFs. TFs are proteins that contain a
DNA binding domain that recognizes and binds to speci ¢ sequence elements or
sequence motifs within CRESs, leading to activation of transcription through various
mechanisms. Factors other than sequence motif, e.g. motif anking nucleotides,
nucleosomal context of the DNA, presence of cofactors and co-binding TFs can

affect TF binding (Inukai, Kock, and Bulyk, 2017).

The main types of CREs are promoters and enhancers, which activate gene

expression and silencers which downregulate expression (Panigrahi and O'Malley,
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2021). A 72bp region in Simian Virus 40 (SV40) genome was the rst element
demonstrated to increase gene expression levels of a given promoggokin

gene) independently from its orientation and genomic distance to the promoter
(Baneriji, Rusconi, and Schaffner, 1981). In the original manuscript detailing this,
the authors refer to the newly discovered element as an enhancer “for convenience”.
Subsequently, stemming from this, the classical de nition of an enhancer focuses
on suf ciency to activate transcription as well as orientation and distance indepen-

dence of an element.

Since then, the study of enhancers has resulted in various further de ni-
tions. These are fundamentally different because of the methodology used to iden-
tify enhancers (Gasperini, Tome, and Shendure, 2020). For instance, a common
method of de ning enhancers is biochemical characterization through various as-
says that probe the chromatin state (Gasperini, Tome, and Shendure, 2020). High-
throughput chromatin pro ling assays such as DNase | hypersensitive site sequenc-
ing (DNase-seq) (Song and Crawford, 2010) can be used to de ne accessible or
DNase hypersensitive sites (DHSs) in the genome. Active TFBSs are more likely
to be within those regions and, therefore, DHS regions are often tagged as putative
CREs. Another common method to characterize candidate regulatory elements is
the histone code (Heintzman et al., 2009)- the set of post-translational modi ca-
tions of histone proteins that can change the biophysical state of the chromatin.
These can be measured using histone Chromatin immunoprecipitation followed by
sequencing (ChlP-seq) experiments (Ren et al., 2000). For instance, H3K27ac is
a common mark of enhancer regions. Together, such assays describe the state of
the chromatin at a given gene but do not directly characterize the sequence de-
terminants of these functional elements. Moreover, these methods only identify

candidate regulatory elements and do not link them to the genes they target.
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Another common strategy is identi cation of elements through perturba-
tion experiments, i.e., measuring gene expression changes upon modi cations to
the DNA sequence. Certain kinds of MPRAs (Kinney et al., 2010; Levo and Se-
gal, 2014), e.g. self-transcribing active regulatory region sequencing (STARR-
seq) (Arnold et al.,, 2013), allow testing if an element is suf cient to activate
transcription from a minimal promoter (similar to the classical de nition). Oth-
ers approaches, such as clustered regularly interspaced short palindromic repeats
or CRISPR interference coupled with dead Cas9 (Diao et al., 2016; Fulco et al.,
2016; Gasperini et al., 2017) can epigenetically inactivate a speci ¢ element (of
around 1000 basepair (bp) length) and measure any changes in gene expression
pro le. In contrast to the MPRA experiments, this approach essentially measures

if an enhancer is necessary for the expression of a given gene.

All of these methods provide valuable information about the complicated
set of elements that orchestrate gene expression. However, they target different bio-
logical questions and unsurprisingly identify different and largely non-overlapping
subsets of elements as enhancers. Moreover, only some of them can link an en-
hancer to its target gene in "native' conditions — i.e. within the genome. For in-
stance, although assays such as ATAC-seq or Histone ChIP-seq provide valuable
insights into the state of the chromatin, and where the regions with higher activity
are, they do not identify enhancer-promoter pairs. Assays such as STARR-seq do
provide such a mapping, i.e. which enhancers can activate a given promoter. How-
ever, this is done in an episomal assay, and therefore the contribution of factors
such as distance between the candidate enhancer and a promoter or the in uence

of other CRESs in the genomic context is not taken into account.

CREs can be kilobases away from the target promoter through looping and
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3D structures in the genome therefore making the search space for putative regula-
tory elements larger (Fulco et al., 2019). Additionally, they can act in a quantitative
way (Kim and Wysocka, 2023; Zeitlinger, 2020) instead of simply turning promot-
ers on or off, leading to a dynamic range of activities. Finally, for the majority of
genes there are multiple elements acting within the "neighborhood' of a gene and
it is unclear how they interact in order to drive promoter activity (Lin et al., 2022a,;

Jin et al., 2013; Zeitlinger, 2020). All of these make the study of the regulatory
code and even the de nition of what an enhancer is very complicated. Addition-
ally, the genomic context of enhancers has been shown to affect enhancers as well.
For instance, so called "'shadow' enhancers are groups of redundant enhancers that
completely or partially share functionality and can activate the gene even after one
in the setis inactivated (e.g. enhancers of Atoh7 gene (Miesfeld et al., 2020) in reti-
nal development). Similarly, cooperativity among enhancers has also been demon-
strated. For instance, (Lin et al., 2022a) conducted pairwise CRISPRI inactivation
experiments of the 7 MYC enhancers showing complex, epistatic and hierarchical
relationships between pairs of enhancer. Thus, enhancer-enhancer relationships
can also complicate how enhancers are studied and de ned as the presence of one

enhancer can change the behavior of the others.

On the other hand, less is known about silencers, i.e. elements that reduce
transcriptional activity (Doni Jayavelu et al., 2020). These are elements that contain
repressor binding sites or form heterochromatin. Most of the screens for CRE
elements are conducted within DHS regions of the genome which might bias the
inclusion of these elements as candidates. Therefore, it is currently unclear where
we can ef ciently search for silencers within the genome and the extent to which

they affect gene expression regulation.

In summary, many genes contain a complex landscape of enhancing and
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silencing elements that potentially interact with each other and lead to the pre-
cise and tissue and/or developmental time speci c expression levels of a given
gene. Each of these elements contains a set of TF binding sites that in turn in-
teract hierarchically to orchestrate regulation of transcriptional rate. The study of
CREs has led to contradicting conclusions and debates about the exact de nition
of an enhancer. Moreover, the complex hierarchical interactions, tissue-speci city,
guantitative binding of TFs and vast non-coding space where enhancer or silencer
CREs can reside complicate the study of the cis-regulatory grammar. Models of
sequence-to-function relationships, i.e. how sequence determinants lead to regula-
tory activity of elements can shed light on this complex CRE grammar. However,
the complexity of the problem requires exible models that can approximate the
complex sequence-to-function landscape. DL models are well suited for this prob-

lem.

1.2 Advancing genomics with deep learning

1.2.1 Whatis deep learning?

DL models are now used for understanding complex systems in various
elds, including in genomics. The reason behind their versatility is that DL mod-
els are often considered as universal function approximators, capable of uniformly
approximating any continuous function (Cybenko, 1989). Compared to traditional
machine learning, this capability originates from the layered structure of neural
networks. Each layer employs a number of operators applying non-linear trans-
formations to its input data and passing on to the next layer. Through successive
applications of non-linearities, DL models can learn to identify useful features di-

rectly from data, and learn complex, high-order functions.
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According to the Universal Approximation Theorem, a neural network with
at least one hidden layer and a suf cient number of neurons can approximate any
continuous function to a desired degree of accuracy, given appropriate activation
functions (Cybenko, 1989). But in practice, deeper models and more complicated
operators are usually used. Expressivity is typically used to describe the capability
of a model to represent a wide variety of complex functions. The expressivity of
DL models is impacted by many design factors including width and depth, types
of layers and activation functions, optimization algorithms, etc (Raghu et al., 2017;
Shaham, Cloninger, and Coifman, 2018). The design choices also re ect our as-
sumptions about the data structure which is often refereed to as an inductive bias.
The inductive bias of a model determines its effectiveness in learning from the
training data and its ability to generalize well to new, unseen data. A well-chosen
inductive bias will make it easier for the model to learn ef cient representations,

extracting features helpful for the predictive tasks.

1.2.2 Brief history of deep learning

Despite the recent craze in genomic DL, DNNs have been used to under-
stand biological problems since the 1980s and 1990s. They were initially applied
to relatively simpler tasks such as identifyig coli translational initiation sites
(Stormo et al., 1982), annotating coding regions (Snyder and Stormo, 1993), align-
ing regulatory sites (Heumann, Lapedes, and Stormo, 1995) and recognizing pro-

tein domains (Bengio and Pouliot, 1990).

DL, despite its long history of study, experienced a period of relative stag-
nation until 2012, marked by the publication and success of AlexNet (Krizhevsky,
Sutskever, and Hinton, 2012). AlexNet, a deep CNN was submitted to the Ima-
geNet Large Scale Visual Recognition Challenge. It signi cantly outperformed the

then state-of-the-art (SOTA) models based on support vector machines by a large
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margin. This success underscored the potential of DNNs to tackle complex pre-
dictive tasks in an end-to-end manner. Following AlexNet, there was a signi cant

resurgence of interest in DL. This led to the development of diverse model struc-
tures and training algorithms, catalyzing a ‘revival' in DL research and applications

(LeCun, Bengio, and Hinton, 2015).

1.2.3 The rise of genomic deep learning

Modeling of genomics sequence-to-function relationships underwent a sim-
ilar revolution after the success of DL models in other elds such as image classi -
cation. This was also fueled by the need for advanced methods given the complex-
ity of the cis-regulatory code and the ability of DNNs to model complex hierarchi-

cal relationships in the data.

One of the rst modelsin the eld is DeepBind (Alipanahi et al., 2015b) - a
CNN for prediction of protein biding score from both microarray and TF ChlP-seq
experiments using 14-101 nucleotides of DNA sequence as input. DeepBind used
a simple model structure with a single convolutional layer followed by a ReLU ac-
tivation and max pooling. The convolutional Iters were thought to t well to the
task given their conceptual similarity to PWMs [see section 1.2.4 on PWMs]. The
ReLU layer allowed to prune out positions with negative activation (corresponding
to positions that did not match the learnt Iters) and the maxpooling layer summa-
rized the activation across the input sequence. With this simple design DeepBind

outperformed the other methods, e.g. based on kmer content.

DeepSea (Zhou and Troyanskaya, 2015a) is another early genomics DNN
that expanded the architecture to include 3 layers of convolutional and maxpool-
ing blocks which allowed learning features at multiple scales. These layers trans-

formed the input features (DNA sequence of length 1 Kb) to predict a vector of
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binary labels corresponding to multiple epigenetic assays, speci cally TF and hi-
stone modi cation ChiP-seq and DNase-seq (975 tasks in total). In addition to
these innovations the model was proposed and used to score SNPs for their po-
tential to be causal of epigenetic changes. Similarly, Basset (Kelley, Snoek, and
Rinn, 2016) utilized 3 blocks of convolution, ReLU and maxpooling to predict

DNase-seq peaks (binary labels) of 164 cell lines from 600bp input DNA.

These models set the foundations for genomic DNNSs introducing the use
of multiple convolutional layers to learn motifs and multi-scale interactions, pre-
dicting various assay output (multi-tasking) and expanding input DNA length to
incorporate genomic context into the predictions. Each model was shown to out-

perform traditional bioinformatics methods which are described next.

1.2.4 Advantage over traditional PWMs/k-mer methods.

Traditionally, statistical methods such as PWMs have been used for un-
derstanding sequence-function relationships. PWMs quantify the variation of nu-
cleotides at speci ¢ positions within a set of aligned sequences known to share
a common function such as protein binding (Stormo et al., 1982; Berg and Hip-
pel, 1987; Stormo, 2000; Foat, Morozov, and Bussemaker, 2006). However, they
are convolution-based models that assume an additive effects model, treating each
nucleotide independently and ignoring motif positioning within sequences. Vari-
ous extensions to the PWM have been proposed to incorporate pairwise interaction
terms between adjacent positions in the motif (Bulyk, Johnson, and Church, 2002;
Siddharthan, 2010; Berger et al., 2006) or between all positions in the motif (Omidi
etal., 2017; Zhao et al., 2012; Tomovic and Oakeley, 2007); allow multiple PWMs
for a single motif (Hannenhalli and Wang, 2005); or extend the PWM model in a

Markovian manner by allowing the probability at each position to depend on some
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number of previous positions (Siebert and Soding, 2016; Mathelier and Wasser-
man, 2013; Ge et al., 2021), in addition to more expressive Bayesian networks
(Barash et al., 2003; Keilwagen and Grau, 2015; Pudimat, Schukat-Talamazzini,
and Backofen, 2005). A key limitation of previous PWM-based methods is that
they do not consider long-range dependencies between motifs or sequence context,
beyond the core binding sites — factors that can in uence non-additive functional
activity via cooperativity (Venkatesh et al., 2021; Slattery et al., 2011; Monahan
etal., 2017; Huang et al., 2015), competition (Baeza-Centurion et al., 2019; Kwas-
nieski et al., 2012), or other dependencies, such as nucleosome positioning (Zhu

etal., 2018; Segal et al., 2006).

Comparatively, CNNs can be considered as a generalization of PWMs, with
each layer serving as a PWM-like model. Thus, deeper layers take as input PWM-
like scans from the previous layer, enabling them to learn non-linear interactions
within and across binding sites. Also, unlike the rigid binary motif scans employed
by traditional PWMs, CNNs adopt a more exible assumptions about the expres-
sive representation of motifs, capturing a wider range of af nities than PWMs.
Additionally, DNNs have a larger receptive eld, i.e. longer input area that affects
the calculation of a given output unit (Araujo, Norris, and Sim, 2019). Therefore,
more of the surrounding genetic context and distance dependencies between de-
tected motif pattern are considered during prediction. Collectively, these features

make DNNs more bene cial for understanding sequence to function relationships.

1.2.5 The second wave of genomic DNN applications

With the growing interest in using DNNs to model sequence-function rela-
tionships in genomics several early innovations followed the initial attempts (out-
lined in section 1.2.3). Below is a brief review of the important innovations in the

early stages following these pioneering works. For more extensive reviews refer
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to (Angermueller et al., 2016; Eraslan et al., 2019; Ching et al., 2018; Zou et al.,
2019; Koo and Ploenzke, 2020).

One of the earlier models, DanQ (Quang and Xie, 2016) was developed to
predict 919 binary target vectors from ChlP-seq and DNase-seq assays for each
input of 1Kb DNA sequence. It introduced bi-directional long short-term memory
network (BLSTM) on top of a convolutional and maxpooling layer block as an
innovation in genomics models. This was motivated by the need to allow motif po-
sitioning and interactions to be learnt across the length of the sequence. Coda (Koh,
Pierson, and Kundaje, 2017) was another model introducing a novel approach to
denoising histone ChlIP-seq and DNase-seq datasets using two separate CNNs -
one for binary classi cation of presence or absence of a peak and the other for the
regression task of normalized read counts (per 25bp bin). Following the popularity
of DNNs in genomics (Zeng et al., 2016) compared simple architectural choices
(e.g. number of convolutional layers) and benchmarked their utility for prediction

of DNA-protein binding.

Following the early success of DNNs in other tasks (Cuperus et al., 2017)
aimed to model the expression levels of a functional protein required for growth
based on a library of 5' UTR sequences in yeaatcharomyces cerevisia€his
was one of the earliest attempts at predicting expression (through the massively
parallel growth selection assay outputs) as well as overcoming the limitations of
the inherently small size of the training set by designing new synthetic sequences.
Ref.(Angermueller et al., 2017) used DNNs to impute missing single cell data us-
ing DNA sequence and single cell CpG methylation data using bidirectional gated
recurrent networks. This was the rst use of DNNSs to predict the methylation state
of the chromosome. Similarly, SpliceAl (Jaganathan et al., 2019) was the rst

DNN trained to clasify genomic positions as splicing donor, acceptor or neither of
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those classes using a 10Kb sequence as input. This work also compared different
depths of DNNs and scales of input sequences in addition to using dilated convo-
lutions and residual connections. Overall, this wave of models explored a diversity

of new prediction tasks and some early innovations of architectural choices.

1.3 A maturing eld: major breakthroughs in ge-
nomic DNN applications since 2017

Following the early success of genomic DNNSs, there has been a surge of ap-
plications, pushing the boundaries of what can be predicted from DNA sequences.
Building on the early models which mostly used simple blocks of convolutions and
maxpooling the next generation of DNNs used various architectural tricks to im-
prove the models [see section 1.4.1 for architectural innovations]. These allowed
for larger input sizes, better performance outcomes and (in theory) improved ow
of information between different parts of the input sequence. This is crucial for
certain modeling tasks such as gene expression prediction which depend on distal
regulators. Many of these models were also trained to predict quantitative readouts
of larger sets of epigenetic marks (at various resolutions). In addition, new data
modalities were introduced, e.g. prediction of regulatory activity chromatin struc-
ture or gene expression. Overall, this generation of DNNs applied innovations in

architecture and explored various target datasets as discussed next.

1.3.1 Chromatin pro ling: TF binding and histone marks and

chromatin accessibility

DNNs have been used for prediction of cell-type speci ¢c chromatin pro les

using DNA sequence only or coupled with other data modalities. Initial efforts
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(Quang and Xie, 2019; Li, Quang, and Guan, 2019; Asif and Orenstein, 2020)
were towards prediction of binarized target labels (binding or no binding events
based on peak-calling algorithm outputs). To make models generalizable to cell
types not included in the training dataset some of the models incorporated ATAC-
seq or DNase-seq as cell-type speci ¢ input to the models (Quang and Xie, 2019;
Cazares et al., 2023). More recently modeling efforts have shifted to quantitative

or base-resolution prediction of the TF binding pro les.

Deviating from this pattern, BPNet (Avsec et al., 2021a) was trained to pre-
dict ChIP-Nexus pro les from DNA sequences for 4 TFs of interest. The model
was then used to perforim silico experiments to address questions about TF
co-binding depending on distance revealing known patterns of TF-TF interaction.
Similarly, DNNs were initially trained to predict accessibility of binarized DNase-
seq (Kelley, Snoek, and Rinn, 2016; Minnoye et al., 2020) and histone modi cation
ChlIP-seq data (Yin et al., 2019). The trend in this task group is the same in moving
from binary to quantitative pro le predictions. Moreover, a series of models by
(Kelley et al., 2018a; Kelley, 2020; Avsec et al., 2021c; Linder et al., 2023) intro-
duced gquantitative and parallel prediction of binned (lower than base-resolution)

accessibility, histone and TF ChiIP-seq and CAGE-seq track predictions.

1.3.2 Regulatory element activity

Many of the introduced models have been benchmarked using datasets of
perturbation-based functional genomics assays, such as CRISPRi or MPRA. A sub-
set of models has also focused on directly modeling the regulatory function of DNA
elements based on data from such assays. For instance, STARR-seq measures en-
hancer activity in a massively parallel episomal assay and DeepSTARR (Almeida

et al., 2022) was trained to predict this activity based on input DNA sequence of
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the putative regulatory element discovering different syntax rules governing house-
keeping and tissue-speci ¢ gene regulation. Similarly, lentiMPRA measures reg-
ulatory activity of DNA segments inserted into the genome at random positions
and (Agarwal et al., 2023) trained MPRAnNN to predict the regulatory activity of a
given element in a speci c cell line and identi ed elements with cell type speci ¢
activity. Regulatory element activity was also modelled in yeast (Vaishnav et al.,

2022) in order to uncover evolutionary dynamics of these elements.

1.3.3 DNNs for deciphering the cis-regulatory code

In the past, DNNs have been used to model various data types — e.g. ATAC-
seq, ChlIP-seq, and CAGE. Although not all the models have been used or inter-
preted to their full potential, DNNs and interpretability methods have been used to
dissect the CREs in speci c cell lines. For instance, Kim et al. (Kim et al., 2020),
used this approach to model the regulatory grammar of epithelial cells, discovering
a combinatorial and dynamic set of motifs that determine tissue differentiation. In
a similar work, Nair, et al. (Nair et al., 2023), used DNNs to uncover transiently ac-
tive and non-canonical motifs of TFs involved in broblast differentiation. Others
have applied this to study cardiogenesis (Ameen et al., 2022), DNA accessibility
in Drosophila embryos (Brennan et al., 2023), binding af nities in yeast and mam-
malian TFs (Le et al., 2018; Alexandari et al., 2023), etc. Here | will summarize the

main directions of DNN model application classi ed by the target assay modality.

1.3.4 Gene expression

One of the main challenges in predicting the amount of steady-state mRNA
expression levels through RNA-seq from DNA sequence as input is the multi-
tude of factors affecting the rates of RNA production, stability and degradation

as well as presence of long-range silencer- or enhancer-promoter interactions etc.
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Although many of these factors are believed to have sequence determinants, these
can be located kilobases away from the promoter sequence. Early models were
limited to shorter input sequences because of computational and technical con-
straints. Therefore, the initial efforts focused on using only the promoter sequence
albeit with limited success. This was pioneered by (Agarwal and Shendure, 2020)
and (Zhou et al., 2018a) who developed models that predicted a scalar value of
gene expression as log RPKM (Reads Per Kilobase per Million) from bulk RNA-
seq per input DNA sequence. Afterwards the efforts of predicting gene expression
shifted to predicting quantitative CAGE-seq pro les (Kelley et al., 2018a; Kelley,
2020; Avsec et al., 2021c; Karbalayghareh, Sahin, and Leslie, 2022) as a proxy for
gene expression achieving performance almost equal to replicate-replicate agree-
ment for gene-centered loci. Similarly, (Dudnyk, Shi, and Zhou, 2023) used DNNs
to predict readouts of transcription initiation (through CAGE, GRO-cap, PRO-seq,
RAMPAGE) using DNA sequence. Notably, (Karbalayghareh, Sahin, and Leslie,
2022) incorporated the 3D structure of the genome in the predictions essentially
forcing the model to focus on biologically important information - i.e. elements in
the spacial proximity, into the predictions. Finally, (Linder et al., 2023) reversed the
trend in the eld by developing Borzoi - a large scale DNN that predicts RNA-seq
coverage values at 32bp resolution for more than half a megabase DNA sequence.
This was mainly possible due to architectural innovations which allowed the inclu-
sion of a larger input size sequence while maintaining a large receptive eld (see
section 1.4.1 on technical details). Overall, one of the trends in the eld of genomic
sequence-to-function DNNs, especially in expression prediction is incorporation of

more data modalities and longer input sequences.



Chapter 1. Introduction to Deep Learning and genomic DL models 16

1.3.5 Chromatin structure

Vertebrate genomes are organized in a hierarchical way in the 3D space so
that long-range interactions between enhancers and silencers can take place. Al-
though the extent to which this in uences or is causal to transcription is unclear
this is an important part in gene regulation. Moreover, mistakes in genome fold-
ing can lead to enhancer 'hijacking' which in turn can cause disease (Della Chiara
et al., 2023). The 3D structure of the genome can be studied using Chromosome
Conformation Capture or 3C (Dekker et al., 2002) assays such as Hi-C (Belton
et al., 2012) or Micro-C (Hsieh et al., 2015) that map the high contact regions rep-
resenting them as a heatmap or a 2D matrix. DNNs have been used to uncover the
sequence determinants of the 3D genome structure in a cell-type speci ¢ manner
by modeling such matrices based on input DNA sequences (Yang et al., 2023; Fu-
denberg, Kelley, and Pollard, 2020; Schwessinger et al., 2020; Tan et al., 2023;
Zhou, 2022). These models, notably Orca (Zhou, 2022) operate at chromosome
length scales and have shown aptitude to predict genome folding given structural
variants. However, very few models (Karbalayghareh, Sahin, and Leslie, 2022)

have incorporated 3D genome structure into gene expression prediction.

1.3.6 Disease associated variants

Predicting the implications of putative disease causing variants is a ma-
jor downstream application of sequence-to-function models (Wong et al., 2021).
In an ideal scenario, a DNN trained to predict epigenetic assays or gene expres-
sion levels would capture the biological mechanisms in sequences that lead to nor-
mal expression of transcripts or their post-transcriptional regulation (e.g. splicing,
RNA-stability, etc). In order to assess how well models capture the effect of point

mutations (Avsec et al., 2021c) used the CAGI5 (Critical Assessment of Genome
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Interpretation) dataset of saturation mutagenesis (Kircher et al., 2019), to score how
well the introduced model, i.e. Enformer, predicts changes in expression caused by
point mutations. Generally, models like Enformer would then be used to score
non-coding sequence mutations and rank them according to how detrimental they
would be to normal expression levels. Alternatively, these could be used to score
known GWAS or eQTL variants to ne-map variants of interest among candidate
positions. Lastly, DNNs could be used to predict implications of genetic variation
for a particular gene from personalized genomes. However, (Huang et al., 2023)
and (Sasse et al., 2023) have shown that current state-of-the-art models struggle to

do this as summarized in (Tang, Toneyan, and Koo, 2023).

DNNSs in regulatory sequence design. Sequence design is the rational design of
new sequence elements that satisfy or improve certain desiderata. An example of
this is adeno-associated virus or AAV capsid sequence design where there are mul-
tiple objectives or goals, e.g. packaging ef ciency. This is usually done at the DNA
sequence level as libraries are constructed for viral assembly. Machine learning or
deep learning can then be used to predict the packaging ef ciency and therefore
propose mutated versions of the sequence that will yield a higher enrichment for
successfully packaged viruses (Zhu et al., 2024; Ogden et al., 2019). Similarly,
DNNs can be used fate novodiscovery of enhancer elements for tissue-speci ¢

expression of a given gene (Almeida et al., 2022; Almeida et al., 2024).

1.4 Innovations that are empowering breakthroughs

1.4.1 Architectures

Although the majority of sequence to function models still rely on convo-

lutional networks without architectural innovations, many modern techniques that
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can achieve better performances have be developed. Among these, dilated convolu-
tional layers (Yu, Koltun, and Funkhouser, 2017) were designed to broaden the re-
ceptive eld without an increase in parameter count. By introducing a dilation rate
that skips input values at a given interval, dilated convolutions allow the network
to collect information over larger areas of the input data, enabling more ef cient
detection of long-range interactions (Yu and Koltun, 2015; Kelley et al., 2018b;
Jaganathan et al., 2019). Similarly, various pooling layers have been developed to
reduce the dimensions of input features while retaining critical information. Tech-
niques like max pooling and average pooling are commonly used to maintain either
the most signi cant or average feature statistics learned by the network (Boureau,
Ponce, and LeCun, 2010). In contrast, attention pooling offers a dynamic focus
during dimensionality reduction (Er et al., 2016). In addition to expanded recep-
tion eld, skipped connection was developed to address the diminishing gradient
problem of traditional linear model structure, simplifying model training (He et al.,
2016). These architectural innovations combined constitute squeeze-and-excitation
(SE) networks. SE blocks can adaptively weigh channel-wise feature importance
by explicitly modelling interdependencies between channels (Hu, Shen, and Sun,
2018). There have also been innovations more speci ¢ to features of biological
data. Reverse-complement equivariant CNNs were developed to ensure that the
DNNs learn the inherent symmetry of reverse complement DNA sequences (Mal-

let and Vert, 2021).

Beyond CNNs, other types of neural networks has also been applied to se-
guence data. Recurrent neural network (RNN) architectures such as Bidirectional
Long Short-Term Memory (bi-LSTM) layers are speci cally designed to capture
long-distance interactions within data. This is achieved by maintaining an internal
state that 'memorizes’ contextual inputs over time. When applied to sequence mod-

els, the convolution layer captures regulatory motifs, while the recurrent layer latter
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captures long-term dependencies between the motifs in order to learn a regulatory
‘grammar’ to improve predictions (Quang and Xie, 2016; Zhang et al., 2020). Ad-
ditionally, there has been a resurgence of RNN based state-space models. These
new layers are more often used in self-supervised sequence models (Nguyen et al.,

2024a; Gu and Dao, 2023).

Lastly, self-attention layers, capable of learning dependencies across the
full span of the input sequence regardless of distance, offer a signi cant advantage
in contexts where comprehensive contextual understanding is critical. Initially de-
veloped for natural language processing, this approach has been applied to diverse
elds including biological tasks, offering promising performances (Avsec et al.,

2021c; Dalla-Torre et al., 2023; Lin et al., 2022b; Zhou et al., 2023).

1.4.2 Training methods

In addition to architectural innovations training strategy choices can also
affect the DNN and various methods have been used in genomics. Below is an

outline of the main components of training methods.

Activation function  Activation function is (most of the time) a non-linear func-
tion that is used to produce the nal outputs of units or neurons. Mirroring the
success of recti ed linear unit (ReLU) activation function in image classi cation
(Krizhevsky, Sutskever, and Hinton, 2012), genomics models also most commonly
use ReLU which clamps negative values to zero. Other functions such as tanh, soft-
plus, Gaussian Error Linear Unit (GELU) (Hendrycks and Gimpel, 2016) etc. have
also been deployed. Interestingly, (Koo and Ploenzke, 2021) showed that using ex-
ponential activation function instead of ReLU improves the interpretability of the

genomic models illustrating the importance of nuances in training method choices.
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Initialization Initialization of weights, i.e. how the weights are set to start the
training, is another important aspect of modeling. Note, that all initialization strate-
gies sample from different distributions instead of setting all the values to the same
number to ensure symmetry breaking - i.e. units learning non-redundant features.
Interestingly, early work (Glorot and Bengio, 2010; Pennington, Schoenholz, and
Ganguli, 2017; He et al., 2015) on how to sample these values demonstrated that
there is interaction between the choice of initialization and activation function, il-
lustrating that the modeling choices do not act independently. Despite the relative
lack of theoretical basis, the most commonly used initializations in genomics are
He (He et al., 2015) and Glorot (Glorot and Bengio, 2010) due to their empirical

Success.

Regularization Regularization strategies aim to reduce over tting and increase
model generalization to held-out data. Some approaches, such as dropout and
early stopping are widely adopted in genomics and elsewhere. Dropout (Srivas-
tava, 2013) randomly removes a subset of nodes (and connections to those nodes)
during training, essentially training an ensemble of multiple sub-models and aver-
aging those to make a prediction. Another approach commonly used in genomics
Is weight decay, where the loss calculation is modi ed to include a penalty term
to reduce the number of non-zero parameters (L1-norm) or reduce the values of
weights (L2-norm). Batch normalization (loffe and Szegedy, 2015) which normal-
izes the activations of each layer across data points and layer normalization (Ba,
Kiros, and Hinton, 2016) which normalizes across activation values in the layer
per data point are also commonly used to stabilize the model gradients and prevent

over tting.

Optimizers and learning rate The loss surface — i.e. the error or loss value at

each possible combination of weights or parameters of most DNNs is extremely
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complex due to over-parameterization of DNNs (much larger number of DNN
parameters than data points (Wu, Wang, and Su, 2022). Because of the lack of
an analytical solution to the optimal parameter set, DNNs are optimized through
gradient-based, iterative optimization methods. One of the simplest methods is
stochastic gradient descent (SGD) (Robbins and Monro, 1951) where the param-
eters are updated by computing the gradient of the loss (w.r.t. weights) given a
data point (or a mini-batch) and subtracting this gradient multiplied by the learning
rate. The learning rate determines the step size of the changes in the parame-
ters. Although certain genomic DNNs use SGD, the most popular method is Adam
(Diederik, 2014). This method uses momentum combined with root mean square
propagation (RMSProp). Intuitively, momentum allows parameter updates to take
into account the “inertia’ of the weight change in the prior step which reduces oscil-
lations on the loss surface, especially when the gradients in one direction are very
large. RMSProp adjusts the learning rate for each parameter by dividing it with the
exponentially weighted sum of all previous gradients. Additionally, various, more
advanced tricks have been proposed, e.g. cosine annealing (Loshchilov and Hutter,
2016) or stochastic weight averaging (Izmailov et al., 2018) which require further

exploration in genomic DNNSs.

With a similar logic, (Lee et al., 2023) developed EvoAug — a new suite
of evolution-inspired data augmentations, e.g. inversions, deletions, etc. This dra-
matically increases the number of data points and reduced over tting leading to
superior performance on held-out test set across different tasks. Similarly, (Dun-
can, Mitchell, and Moses, 2023) introduced phylogenetic augmentation which uses
phylogenetic information to enlarge the training dataset and incorporate more se-

guences from related species.
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Transfer learning  Transfer learning is a machine learning technique where knowl-
edge learnt from pre-training task(s) is used to improve performance or ef ciency
of a related target task. It is particularly helpful when the dataset size of the tar-
get task is the main limiting factor for prediction performance. It is believed that
by harnessing relevant knowledge from pre-training, the transferred model will
not only provide better performance, but also have better generalizability to new
tasks and data (Crawshaw, 2020; Jain et al., 2023). It has also been successful for
sequence to function models. Through using models pre-trained on large sets of
general biological functions, downstream models focusing on speci ¢ biological
mechanism or disease have shown better performances (Avsec et al., 2021c; Chen

etal., 2022a).

Binary vs quantitative The readouts from bulk sequencing assays such as TF
ChlP-seq are the number of reads that pile up at a given genomic region. These are
often normalized using a control experiment and are represented as quantitative
pro les showing various heights and shapes of peaks at regions of high activity.
To answer the question if a region is active or not (e.qg. if a TF binds to the region
or not) various peak calling algorithms have been developed that use statistically
determined thresholds for binarizing the data. This has the potential to reduce the
noise in the data and Iter for important regions. However, it also reduces the
information about a peak (shape and magnitude) into a single value. Moreover,
given the lack of ground truth it is unclear which thresholding strategy is the best
and whether intermediate intensity peaks should be considered as well. So, there
are two representations of such experiments used widely - binary peak locations or
the quantitative readouts of the assays. In genomics DNN models both have been
used as modeling targets or labels. Initially, given the easier nature of the data type,

the eld used this to frame the modeling as a classi cation task with two possible
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outputs (peak or no peak). Subsequently, with the development of more advanced
models the eld moved to quantitative models framing the problem as a regression
task. Some of these use base-resolution readouts as targets for prediction while

others bin the data into various lower resolutions to simplify the task.

Loss function Depending on the task formulation the loss function choice is dif-
ferent between binary and quantitative models. In case of a classi cation task with
binary or peak-based labels binary cross entropy loss is used which is a standard
approach in classi cation problems. In case of the regression based guantitiative
readouts the choice of the loss function is more diverse. Models such as (Kelley
et al., 2018a; Kelley et al., 2018b; Avsec et al., 2021c) used poisson negative log
likelihood (NLL) which assumes each base position or bin read count is indepen-
dent from the neighboring ones. In contrast, BPNet (Avsec et al., 2021Db) split the
loss function to focus on two parts: (i) pro le shape via multinomial NLL and (ii)

total read counts per input sequence via mean squared error.

Multi-task learning  Multi-tasking models are trained to predict multiple differ-
ent tasks in parallel. In genomics this can include prediction of the same epige-
netic assay outputs across cell lines, prediction of different epigenetic tracks (e.qg.
ATAC-seq and ChiIP-seq) or both. Multi-tasking is advantageous because (i) the
model is less likely to overt, (ii) can learn a common repertoire of representa-
tions (e.g. convolutional lters representing motifs) that are shared between tasks
and (iii) for a large number of tasks it can be ef cient to train one uni ed model
instead of one model per task. However, depending on the combination of tasks
this can lead to adverse effects such as negative transfer, i.e. lower performance
in certain tasks compared to single task learning. The majority of genomic DNNs
(Zhou and Troyanskaya, 2015b; Avsec et al., 2021d; Kelley et al., 2018b; Kelley

et al., 2018a; Chen et al., 2022b) utilize multi-tasking, with the number of tasks
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ranging from a few ((Avsec et al., 2021b) used 4 cell line datasets) to thousands
((Avsec et al., 2021c) trained Enformer to predict almost 7,000 tracks from human
and mouse biosamples). However, it is unclear if combining all the tasks without
any grouping or changes in the training con guration is the most optimal approach

and requires further investigation.

1.4.3 Model interpretability

Model interpretability has become a crucial aspect of applying DL within
genomics, as it aids in understanding the predictive models' decision-making pro-
cesses. Standard interpretation methods include techniques like lter visualization

and performing attribution analysis.

Filter visualization A standard approach for model interpretation is lter vi-
sualization (Alipanahi et al., 2015a), which involves analyzing the rst convolu-
tion layer of a model. This layer scans the input sequence with a set of pattern-
recognizing lters, whose weights are optimized during training. Typically, an
accessible site on DNA, where regulatory proteins bind, is of interest. Predictive
models of accessibility are expected to capture these binding sites or motifs by
learning their sequence. However, it's important to note that lters in the rst layer
are not guaranteed to learn motifs. Nonetheless, certain design principles enable
Iters to capture motifs effectively (Koo and Eddy, 2019; Koo and Ploenzke, 2021;
Novakovsky et al., 2023). By identifying inputs from the test set that maximally
activate a lter, aligning them, and converting them into position frequency matri-
ces, these can be compared to known motifs in databases (Castro-Mondragon et al.,

2021).
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Attribution analysis Attribution analysis, methods for attributing importance
scores to each nucleotide based on DNN predictions, further aids post-hoc in-
terpretation of genomic DNNs. These scores form attribution maps, which can
help to identify motifs, especially TF binding sites, and their dependencies. Other
observed CREs include nucleosome positioning signals and interactions between
TFs. Among the plethora of attribution methods, each bears unique advantages and

considerations.

In Silico Mutagenesis (ISM) (Zhou and Troyanskaya, 2015b) stands out
for its direct correlation with single-nucleotide saturation mutagenesis, offering a
straightforward attribution approach in genomic contexts. By comparing the pre-
dictions for in silico single-nucleotide variants (SNVs) against the wild-type se-
guence, ISM constructs an attribution matrix that reveals the impact of each variant,

mirroring traditional genomics experiments.

Saliency maps offer a simpler approach, computing input attributions by re-
turning the gradient of the output with respect to the input (Simonyan, Vedaldi, and
Zisserman, 2014). This method can be seen as a rst-order Taylor expansion of the
network at the input, with gradients indicating feature importance. Saliency anal-
ysis uses the entire network to identify in uential signals in the input data leading
to task-speci c predictions. This method reveals the importance of each nucleotide
in a sequence by computing the gradient of a class prediction with respect to the
inputs, allowing the generation of sequence logos highlighting nucleotide signif-
icance. Further enriching the interpretability toolkit are methods like Integrated
Gradients (Sundararajan, Taly, and Yan, 2017), SmoothGrad (Smilkov et al., 2017),
DeepSHAP (Lundberg and Lee, 2017), and DeepLIFT (Shrikumar, Greenside, and
Kundaje, 2017).
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Despite these methods, interpreting models remains complex since differ-
ent methods may yield varying insights, shaped by the characteristics of the func-
tions learned by the DNN. Following up with tools like TF-MoDISco (Shrikumar
et al., 2018) or in silico experiments, and ultimately experimental validation, can
con rm these hypotheses. For instance, TF-MoDISco clusters attribution maps
into segments, offering averaged representations for each cluster that can be linked

to task-type-speci c regulation.

Global interpretations  Global interpretability methods such as GIA (Koo et al.,

2021) extends interpretability to a broader scale, quantifying the effect size of pu-
tative patterns on model predictions across a population. This method tests hy-
potheses on patterns and their interactions, mapping speci ¢ functions learned by

the network.

In summary, interpretability methods in genomics provide essential insights
into the predictive models' workings. These methods not only help uncover motifs
and CREs but also facilitate a deeper understanding of cell-type-speci c transcrip-

tion regulation.

1.5 Overview of thesis chapters

As discussed in this chapter, technical innovations in DL have led to sig-
ni cant advancements for a diverse set of biological inquiries. However, the grow-
ing number of model design choices and training techniques has made evaluating
their utility, particularly within the domain of regulatory genomics more complex.
Since we not only care about training task performance, but also a model's ability
to generalize to experimental design and clinical applications, as well as its inter-

pretability for understanding regulation mechanisms. It is unclear how well tted
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some of the newest model innovations are for our research interests. In this thesis, |
explored the representational capabilities of current DL methods. In Chapter 2, we
will introduce a framework designed to assess supervised models, focusing only on
prediction performance but also robustness and generalizability. And in Chapter 3,
we shifts the focus towards the evaluation of unsupervised models, and explore
whether language models can extract meaningful representations from DNA se-
guences. Finally in Chapter 4, we will discuss the broader implications of DNNs

in biology, discussing their generalizability, the limitations we've encountered in

our research, and the potential paths forward.
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Chapter 2

Evaluating deep learning for

predicting epigenomic pro les

Deep learning has been successful at predicting epigenomic pro les from
DNA sequences. Most approaches frame this task as a binary classi cation relying
on peak callers to de ne functional activity. Recently, quantitative models have
emerged to directly predict the experimental coverage values as a regression. As
new models continue to emerge with different architectures and training con gu-
rations, a major bottleneck is forming due to the lack of ability to fairly assess the
novelty of proposed models and their utility for downstream biological discovery.
Here we introduce a uni ed evaluation framework and use it to compare various
binary and quantitative models trained to predict chromatin accessibility data. We
highlight various modeling choices that affect generalization performance, includ-
ing a downstream application of predicting variant effects. In addition, we intro-
duce a robustness metric that can be used to enhance model selection and improve
variant effect predictions. Our empirical study largely supports that quantitative

modeling of epigenomic pro les leads to better generalizability and interpretabil-

ity.
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2.1 Introduction

DL has achieved considerable success in predicting epigenomic pro les
from DNA sequences, including transcription factor binding (Quang and Xie, 2019;
Li, Quang, and Guan, 2019; Zheng et al., 2021), chromatin accessibility(Kelley,
Snoek, and Rinn, 2016; Minnoye et al., 2020), methylation (Angermueller et al.,
2017), and histone marks (Zhou and Troyanskaya, 2015b; Yin et al., 2019). By
learning a sequence-function relationship, trained DL models have been utilized
on various downstream tasks, such as predicting the functional effects of single-
nucleotide variants associated with human diseases (Dey et al., 2020; Cheng et al.,
2021; Zhou and Troyanskaya, 2015b; Zhou et al., 2019; Park et al., 2021; Kelley,
Snoek, and Rinn, 2016; Zhou et al., 2018b).

Over the past several years, the variety of DL models proposed to address
regulatory genomic prediction tasks has increased substantially(Kim et al., 2021;
Novakovsky et al., 2021; Atak et al., 2021; Li et al., 2021; Karbalayghareh, Sahin,
and Leslie, 2022; Chen et al., 2022b; Janssens et al., 2022; Vaishnav et al., 2022,
Zhou, 2022). The wide variety of proposed models, the datasets they are trained on,
how the datasets are processed, and the tricks used to train the models make it chal-
lenging to assess which innovations are driving performance gains. A direct com-
parison of model performance cannot always be made easily due to the variations
of how the prediction tasks are framed. For instance, previous approaches typically
frame the task as binary classi cation, where binary labels represent functional
activity based on a peak caller. However, in collapsing the amplitude and shape of a
peak into a binary label, information about differentiégd-regulatory mechanisms
potentially encoded in these attributes is lost. Recegtligntitativemodels(Kelley
et al., 2018b; Kelley, 2020; Maslova et al., 2020; Avsec et al., 2021b; Avsec et al.,

2021d) have emerged, similarly taking DNA sequences as input but now directly
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predicting experimental read coverage values as a regression task, thus bypassing
the need for a peak caller and preserving quantitative information of epigenomic
tracks. Since standard metrics differ across classi cation and regression tasks, it
remains unclear how to directly compare models trained on binary tasks versus

guantitative tasks.

To address this issue, Kelley et al(Kelley et al., 2018b) propose to "bina-
rize' their quantitative predictions using a peak caller, which enables a comparison
of the overlapping regions with binary labels. However, this approach narrowly fo-
cuses evaluation on regions of the genome that have been annotated as functional
according to a peak caller, which is noisy and sensitive to parameter choices of
the peak caller(Koohy et al., 2014). Alternatively, Avsec et al(Avsec et al., 2021b)
compared the performance of a binary model with an augmented version of the bi-
nary model that appends an output-head that simultaneously predicts quantitative
pro les. While this measures the added bene t of quantitative modeling, this ap-
proach requires retraining multiple versions of the model, which can be sensitive

to initialization, and it does not easily extend to comparisons with existing models.

Moreover, other modeling choices within a prediction task make it chal-
lenging to directly make fair comparisons. For instance, existing quantitative mod-
els predict different resolutions of the epigenetic pro les. Baseniji (Kelley et al.,
2018b) predicts non-overlapping binned epigenomic pro les with a resolution of
128 base-pairs (bp), while BPNet(Avsec et al., 2021b) predicts at base-resolution.
Comparing models across different resolutions is not straightforward, because bin-
ning affects the smoothness of the coverage values which, in turn, can in uence
performance metrics. Moreover, existing methods employ different data augmen-
tations and analyze different subsets of training and test data, further complicating

any direct comparisons.
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As the number of applications continues to grow, a bottleneck of modeling
innovations is forming as we lack the ability to perform a critical assessment of
newly proposed models. Here, we propose an evaluation framework for DL mod-
els trained on regulatory genomics data that enables a systematic comparison of
prediction performance and model interpretability, irrespective of how the predic-
tion task is framed. Using this framework, we perform a critical assessment of
guantitative models and binary models on a chromatin accessibility prediction task
to elucidate bene cial factors in model architecture, training procedure, and data
augmentation strategies. Moving beyond predictive performance, we assess each
model with additional criteria: 1) robustness of predictions to small perturbations
to the input sequence, 2) variant effect predictions, and 3) interpretability of the
learned representations. Our evaluation framework is packaged in a python-based

software, called GOPHER (GenOmic Pro le-model compreHensive EvaluatoR).

2.2 Results

Many newly proposed DL models are accompanied with custom software;
however, their scope is often limited to employing a speci ¢ pipeline, making it dif-
cult to mix-and-match innovations across methods. To gain deeper insights into
the factors that drive model performance, it is critical to be able to make a system-
atic and fair comparison across existing and newly proposed DL models. To ad-
dress this gap, we developed a new, integrative software package called GOPHER
that consists of high-level Tensor ow/Keras-based APIs for data processing, data
augmentation strategies, and comprehensive model evaluation, including variant
effect predictions and model interpretability, for binary and quantitative modeling

of epigenomic pro les (Fig. 2.1).
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FIGURE 2.1: GOPHER overview. & Comparison of binary and

guantitative prediction tasks for regulatory genomids) I{lustra-

tion of the 3 main components of DL analysis: data preprocess-

ing (i.e. input size, target selection and resolution), model training

(i.e. model architecture, loss and data augmentations) and evalu-

ation (i.e. generalization performance, robustness, interpretability
and variant effect predictions).
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2.2.1 Performance evaluation of best-in-class quantitative mod-

els

Prominent quantitative models for regulatory genomics are Baseniji(Kelley
et al., 2018b) and BPNet(Avsec et al., 2021b). Each employ different strategies
for model design, data processing, loss function, evaluation metric, and data aug-
mentations (Supplementary Table A.1), which makes it dif cult to identify the key
factors that drive performance gains. Thus, we performed a systematic comparison
of Baseniji- and BPNet-inspired models on a multi-task quantitative prediction of
chromatin accessibility ATAC-seq data across 15 human cell lines (see Methods).
This dataset provides a suf cient challenge in deciphering the complexity of en-
hancer activity across cell types but maintains a dataset size that is amenable to the

scale of comprehensive evaluations performed in this study.

For each base model, we used GOPHER to search for optimal hyperpa-
rameters using each model's origintatget resolutionandtraining set selections
(Supplementary Fig. B.1). Target resolution de nes the bin size of the prediction
task, which is used to create non-overlapping windows of coverage values, with
the lowest resolution being a bin size of the entire input sequence (i.e. predicting a
single quantitative output) while the highest resolution is a bin size of 1 (i.e. base-
resolution). BPNet was trained at base resolutiorpeak-centerediata (BPNet-
base), which consists of a training set selection of genomic regions that contain
at least 1 peak from a target cell-type. On the other hand, Basenji was trained at
128 bin-resolution (Baseniji-128) wittbverage-thresholdata, which consists of
training set selection based on segmenting each chromosome into non-overlapping
regions and then sub-selecting the regions that have a max coverage value above a
set threshold. Details of the default choices for the dataset and training parameters

are detailed in Methods.
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Overall, the quality of the model predictions were in line with previous
studies (Fig. 2.2a). Using the optimized models as a baseline, we compared the im-
pact of various factors that in uence prediction performance, including loss func-

tion, target resolution, training set selection, and test set selection.

Loss function. The choice of loss function for quantitative models is not as
straightforward as binary models, which is typically a binary cross-entropy. Loss
functions can penalize the shapes (e.g. Pearson's r) or the magnitudes (e.g. mean-
squared-error (MSE)). BPNet employs a combination of MSE for the magnitude
and multinomial loss for the shape. On the other hand, Basenji employs a single
loss, Poisson negative log-likelihood (NLL). To explore the effect of loss function
on quantitative modeling, we systematically evaluated Baseniji-based models and
BPNet-based models (using the optimized parameter setting from hyperparameter
search) across 5 different loss functions at 8 different target resolutions (Fig. 2.2b).
Evidently, Poisson NLL outperformed the other losses at all tested bin-resolutions,
i.e. lower MSE and higher Pearson's r on the held out test set. On the other hand,
Pearson's r and the combination of Pearson's r and MSE loss yielded the second
best overall performance. Interestingly, higher bin sizes tend to yield better perfor-
mance up to a bin size of about 1 kb for Basenji-based models, which is roughly
the width of an ATAC-seq peak. Surprisingly, BPNet-based models yielded a dif-
ferent trend, where base-resolution models performed the best, albeit Poisson NLL
remained the best loss (Supplementary Fig. B.2a). This is expected (to a degree)
as each of these models were optimized for different resolutions. This suggests
that model design can be optimized for a given resolution but may not necessarily

generalize across resolutions.

Target resolution. Quantitative models that employ different target resolu-

tions cannot be directly compared, because the bin sizes serve to down-sample the
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FIGURE 2.2: Evaluation of Basenji-based quantitative moded$. (
Example visualization of bigWig tracks for experimental measure-
ments and model predictions for GM23338 cell line on a test chro-
mosome for Basenji-128.b} Loss function analysisScatter plot
of the whole-chromosome Pearson's r versus the MSE for different
loss functions and target resolutions. Predictions were scaled us-
ing ground truth mean coverage (Methodsg) Target resolution
analysis.Heatmap of the whole-chromosome Pearson's r for mod-
els trained on a given bin size with predictions down-sampled to a
lower resolution for evaluationdj Training set selection analysis
Scatter plot of whole-chromosome Pearson's r versus different tar-
get resolutions for Baeniji-based models trained on datasets with a
different coverage threshold. Peak-centered represents when model
is trained only on genomic regions identi ed as a peak) Test
set selection analysisScatter plot of the thresholded Pearson's r,
which is average of per sequence correlation in the thresholded test
set, versus different coverage thresholds applied to the test set for
different resolution Basenji-based models trained on default data.
(b-e) Pearson's r represents the average across cell lines.
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number of data points, which can affect performance metrics based on correlation
and binning effectively smoothens high-frequency noise. To explore whether the
observed relationship between a higher bin size (i.e. lower resolution) and higher
prediction performance for Basenji-based models is due to more accurate predic-
tions or because of the statistical artefacts from binning, we developed an evalu-
ation scheme that enables a direct comparison across target resolutions. Speci -
cally, we binned the predictions of the higher resolution models to match the lower
resolution predictions. This effectively provides an avenue to fairly compare the
performance across target resolutions. As expected, models trained at a given tar-
get resolution yield a higher Pearson's r with increased smoothing, despite that
the biology underlying the predictions remains unchanged (Fig. 2.2c). A similar
observation was made for BPNet-based models (Supplementary Fig. B.2b). To
further demonstrate the sensitivity of Pearson’'s r on smoothness properties, we
systematically smoothed predictions while maintaining the predicted resolution by
applying a box-car lter with window sizes that matched a lower-resolution bin

and observed a similar trend (Supplementary Fig. B.3).

Training set selection. One major component of generalization perfor-
mance depends on the composition of training data. To explore the impact of train-
ing set selection, we systematically trained Basenji-based models at different reso-
lutions on new datasets with increasing stringency of a coverage threshold, which
serves to modulate the balance between the original BPNet's peak-centered train-
ing approach and the original Baseniji's whole-chromosome training approach. For
comparison, we also trained each model on peak-centered data. By evaluating each
model on the whole-chromosome test set for consistency, we found that the train-
ing set with the lowest threshold yielded the best performance, while peak-centered
models performed the worst (Fig. 2.2d). Limiting the model to only higher func-

tional activity reduces the data set size, and hence the number of examples the
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model has to learn from, which may explain some of the drop in performance. On
the other hand, providing too many inactive regions may imbalance the model's
focus on features within inactive sites, though we did not observe this undesirable

behavior.

Test set selection.Choice of test set can in uence the measure of gener-
alization performance. The common approach is to process the training set and
test set in the same way and split them via random splits or held-out chromo-
some(s). Alternatively, predictions across the whole chromosome (via tiled predic-
tions) puts a greater emphasis on generalization to regions of non-functional sites.
To explore the in uence of test set selection on model performance, we generated
new test sets with progressively stringent coverage thresholds to modulate between
the two extremes. To compare performance across test thresholds, we calculated
the average Pearson's r per sequence, instead of calculating a single Pearson's r
across tiled predictions. Interestingly, Basenji-base's performance monotonically
increases with the coverage threshold on the test set (Fig. 2.2e). A similar trend
was observed across other resolutions. This illustrates that predictions are more ac-
curate for higher coverage regions and thus focusing only on high-activity regions

can in ate test performance.

In addition, we performed a more targeted evaluation of the performance at
high-activity regions across models trained on either peak-centered or coverage-
threshold datasets (Supplementary Table A.2). We observed a consistent trend
where models trained on peak-centered data had a slight performance advantage
over models trained on coverage-threshold data in terms of scaling the heights of

the reads (i.e. lower MSE). However, models trained on coverage-threshold data
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yielded substantially better peak detection performance across the whole chromo-
some (i.e. higher Pearson's r). Thus, there is a slight trade-off in scaling the predic-
tions when training on coverage-threshold data, but it leads to lower false positive

activity predictions genome-wide.

2.2.2 Robustness test to identify models with fragile predictions

Robustness to input perturbations is a widely used criterion for evaluat-
ing the trustworthiness of DL models(Madry et al., 2017; Cohen, Rosenfeld, and
Kolter, 2019). Adversarial attacks using small, targeted noise to the inputs dra-
matically affects the prediction of non-robust models(Goodfellow, Shlens, and
Szegedy, 2014). These noise-based perturbations do not naturally extend to ge-
nomic data. Alternative perturbations, such as single-nucleotide mutations, can
affect function and hence are also inappropriate. We developed a robustness test
to measure the sensitivity of model predictions to translational shifts of the input
sequences, whose function is largely maintained by also shifting the target predic-
tions (see Methods). Speci cally, our robustness test provides a variation score
for a given input sequence that is randomly transl&letimes — the predictions
are aligned and only overlapping regions are considered for the variation summary

statistic (Fig. 2.3a).

To test the robustness of models across augmentation strategies and choice
of training sets, we compared how different combinations of augmentations, in-
cluding random reverse-complement (RC) transformations and random shifts of
the input sequence (up to 1024 bp), affect the model's robustness properties for
BPNet-128 and Baseniji-128 trained on either peak-centered or coverage-threshold
training data. We opted to compare BPNet-128 at a lower resolution (instead of
base-resolution) to make a direct comparison across models, since the robustness

metric is sensitive to bin-resolution. Indeed, models trained with augmentations
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FIGURE 2.3: Testing model robustness against translational shifts.
(a) Schematic overview of robustness test. For each 3 kb sequence,
N random 2 kb sub-sequences were extracted, and the standard devi-
ation across predictions within the overlapping regions is calculated.
Average variation score of predictions (i.e. average per-position
standard deviation of coverage values normalized by the total mean
coverage value) was used as a measure of model robustr®ss. (
Scatter plot of the Pearson's r (averaged across a per-sequence anal-
ysis) versus the robustness variation score across models with dif-
ferent augmentation methods (shown in a different color). Each 128
bin-resolution model (shown in a different marker) was trained 3
times with different random initializations. Pearson's r represents
the average across cell lines.
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yielded improved robustness compared to models without augmentations, espe-
cially when trained on peak-centered data (Fig. 2.3b). On the other hand, models
that were trained on coverage-threshold data already bene ted to a large degree on
the non-centered, random nature of the epigenomic pro les. This could explain
the observation that in BPNet-128 with RC augmentation alone was suf cient,
although Basen;ji-128 still bene ted from both augmentations. Surprisingly, we
observed that models with similar prediction performance could yield large dif-
ferences in their robustness levels, demonstrating that prediction performance and
model robustness are not strictly correlated. This suggests that robustness can be
utilized along with generalization performance as an additional metric to facilitate

model selection.

2.2.3 Comparing quantitative model architectures

The space of binary model architectures has been well explored; however,
the exploration in quantitative models has been more limited. Existing quantitative
models often have complex designs, including dilated convolutions with skipped
connections and task-speci ¢ output-heads. It remains unclear to what extent that
complex model structures are needed to t quantitative data. We therefore wanted
to address two questions: (1) could standard convolutional neural networks (CNNSs)
that were successful on binary classi cations have similar success at quantitative
regressions, and (2) could further exploration of the architectures improve perfor-

mance?

To address these questions, we benchmarked a baseline CNN — with 3
convolutional layers and 1 fully connected hidden layer — at base and 32 bin-
resolutions. We created 2 versions of each model where predictions are made based
on task-speci ¢ output-heads, where each task is given a nonlinear prediction mod-

ule or all predictions are based on a linear mapping from a single representation,
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Pearson’'s r (whole

Model Activation | Output-head| Base | 32 Bin
BPNet RelLU Task-specic| 0.601 0.583
Basenji GELU Single 0.617 0.654

RelLU Single 0.600 0.605

Task-specic| 0.607 0.604

CNN e oonontial _ SNOIE | 0599 | 0,600
P Task-specic| 0.599 | 0.601
Single 0.642 | 0.655
ResidualBind RelU Task-specic| 0.637 0.670
. Single 0.655 | 0.665
Exponential

Task-specic| 0.654 0.677

TABLE 2.1: Table shows the whole-chromosome Pearson's r (aver-

aged across cell lines) for various quantitative models with different

activations, output-heads, and trained on different target resolutions.

For activations, Exponential refers to the application of it to only the
rst-layer Iters while ReLU is used in deeper layers.
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l.e. the common multi-task approach. In addition, we set the rst-layer activations
of each model either to be recti ed linear units (ReLU) or exponential activations,
which has been shown to improve the quality of learned motif representations(Koo
and Ploenzke, 2021). To test the bene ts of a wider receptive eld to give context
to the patterns learned in lower layers, we created an augmented version of the
baseline models by adding a residual block (He et al., 2016), each with 4 dilated
convolutional layers (Yu and Koltun, 2015; Yu, Koltun, and Funkhouser, 2017),
after each of the rst two convolutional layers in a manner similar to ResidualBind
(Koo et al., 2021). Together, this results in a total of 8 custom models (see Methods

for details).

Surprisingly, we found that baseline CNNs perform on par with Basenji-
and BPNet-based models, with the exception of Basen|i-32 (Table 2.1). This shows
that simple model architectures can be effective at predicting epigenomic pro les
as a quantitative regression. On the other hand, including dilated residual blocks,
but with components arranged differently than Baseniji, substantially improved per-
formance at both tested resolutions for ResidualBind. Interestingly, task-specic
output-heads consistently yielded better performance versus a single output-head,
albeit the effect was variable and small. Moreover, exponential activations yielded
comparable results to ReLU-based models, suggesting that high-divergence activa-
tions do not negatively affect the ability to make quantitative predictions. Together,
this demonstrates that design considerations for quantitative models are largely

under-explored and can greatly improve performance.
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2.2.4 Benchmarking model performance across binary and quan-

titative models

Although quantitative models were developed with the aim of preserving
more information about epigenomic pro les, directly comparing the different pre-
diction formats between binary and quantitative tasks is not straightforward. To
bridge this gap, we developed a way to directly compare binary models to quanti-
tative models by converting predictions from one format to the other (Fig. 2.4a).
To convert binary predictions to a quantitative format, we treated the logits (i.e.
before the output activation function) as the predicted coverage values. While bi-
nary models are not trained to learn signal strength, the model's con dence can
be encoded in the unbound logits. Thus, binary models can now be evaluated
with quantitative metrics. Moreover, to convert quantitative predictions to a binary
format, we calculated the average coverage predictions at positive regions and neg-
ative regions based on corresponding binary-labelled data. These two distributions
can be used to calculate standard classi cation metrics, such as the area-under the
precision-recall curve (AUPR) and area-under the receiver-operating-characteristic

curve (AUROC).

Using this task-conversion evaluation framework, we directly compared the
performance of various quantitative models with various binary models (Supple-
mentary Table A.3). Interestingly, when evaluating on peak-centered data, sev-
eral binary models yielded similar (if not better) AUROC and AUPR compared to
guantitative models (Fig. 2.4b and Supplementary Fig. B.4a). However, when
converting the binary models to quantitative metrics, quantitative models outper-
formed all binary models. This effect became more pronounced when evaluation
was extended across the whole chromosome, where all quantitative models yielded

better performance across both metrics (Fig. 2.4c and Supplementary Fig. B.4b).
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FIGURE 2.4: Performance comparison between binary and quan-
titative models. §) Schematic overview of prediction task con-
version. Binary models can use logits to generate continuous
“coverage-like' values to calculate regression metrics. On the
other hand, the coverage predictions of quantitative models can be
grouped according to binary labels (i.e. peak and no peak groups)
to calculate standard classi cation metricd) Scatter plot of the
classi cation-based AUROC versus the regression-based Pearson's
r for various binary models (blue) and quantitative models (orange)
on peak-centered test data (left) and whole-chromosome test data
(right). Metrics represent the averaged value across cell lines.
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Together, this demonstrates that while some binary models can be competitive with
guantitative models within high-activity functional sites, quantitative models tend

to yield better overall performance across whole chromosomes.

2.2.5 Out-of-distribution generalization: variant effect predic-
tion

A major downstream application for DL models that learn sequence-function
relationships is to utilize them to score the functional effects of mutations. High-
performing models can inform how their predictions change relative to wild-type
when queried with a new mutated sequence. Thus, we benchmarked each model
on this out-of-distribution (OOD) generalization task by validating predictions with
experimental data from the CAGI5 Competition (Kircher et al., 2019; Shigaki et
al., 2019a), similar to previous studies (Minnoye et al., 2020; Avsec et al., 2021d).
CAGI5 dataset consists of massively parallel reporter assays (MPRAS) that mea-
sure the effect size of single-nucleotide variants through saturation mutagenesis
of 15 different regulatory elements across different cell-types. Instead of a stan-
dard approach that makes a single prediction based on a sequence centered on
the variant-of-interest, robust predictions were calculated by introducing random
translations and averaging the central overlapping region, similar to our robustness
test (see Methods). Robust predictions were calculated separately for reference
and alternative alleles and the effect size was calculated based on their log2 fold
change. An anecdotal visualization shows that the variant effect predictions by
guantitative models are qualitatively effective despite being trained on OOD data —

i.e. chromatin accessibility in different cell lines (Fig. 2.5a).

By benchmarking various models, we found that quantitative models con-

sistently outperformed binary models (Fig. 2.5b). In addition, by cross-comparison
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FIGURE 2.5: Comparison of functional effect predictionsa) (
Example visualization of predictions of a sequence with a refer-
ence allele (black curve) and an alternative allele (red curve) for a
given mutation. Below, heat maps show the experimental measure-
ments of variant effects for the TERT promoter in a GBM cell line
(ground truth) and the predicted variant effects from ResidualBind-
32. (b) Scatter plot of the prediction performance across whole-
chromosome test seg-axis) and the average CAGI5 performance
(x-axis). Each dot represents a different mode).Bar plot shows
the CAGI5 performance difference between robust predictions mi-
nus standard predictions. Each bar represents a different model.
Groups of models represent different training strategies or target
resolutions. Inset shows the cumulative distribution of variant ef-
fect performance differences for models trained with and without
random shift data augmentation.
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with prediction performance, we found that whole-chromosome generalization is
a reliable metric for variant effect performance. As a control, we also compared
whether robust predictions are bene cial for predicting variant effects compared
to the standard approach of employing a single-pass prediction centered on the
variant-site. Strikingly, we found that 50 out of 56 models performed better us-
ing robust predictions (Fig. 2.5c¢). Upon further investigation, models that did not
employ random shift data augmentations were the ones that indeed bene ted the
most from robust predictions (Fig. 2.5c, inset). This suggests that robust models
yield more trustworthy variant effect predictions, but our post hoc workaround of

making predictions more robust could improve the ef cacy of less robust models.

2.2.6 Model interpretation

A major downstream application of genomic DL models is interpretability
analysis, which can lead to the discovery of functional motifs and their complex
interactions (Koo and Ploenzke, 2020). Here we compare binary and quantita-
tive models across several common interpretability approaches: motif discovery
through lter visualizations, foot-printing motifs at base-resolution using attribu-
tion methods, and quantitatively testing hypotheisesilico using global impor-

tance analysis (GIA).

Filter interpretability.  First-layer convolutional Iters provide an inductive bias

to learn translational patterns such as motifs. However, the extent that they learn
interpretable motifs largely depends on design choices, such as the max-pool size
(Koo and Eddy, 2019), activation function (Koo and Ploenzke, 2021), or even the
utilization of batch normalization (Ghotra et al., 2021). However, it is not clear
whether the same design principles established for binary models extends to quan-

titative models. To evaluate which models yield better motif representations, we
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visualized the rst-layer Iters of various models according to activation-based
alignments(Alipanahi et al., 2015a; Kelley, Snoek, and Rinn, 2016) and compared
how well they match motifs in the JASPAR database(Castro-Mondragon et al.,
2021) using Tomtom (Gupta et al., 2007), a motif search comparison tool. Since
the absolute number of hits can be misleading because of low-quality hits from
partial motifs, we also consider the g-value, which speci es the con dence level of
motif- lter matches. We found that among models that employ ReLU-based acti-
vations, binary models generally yield a lower hit-ratio as well as highalues,
which indicates poor quality hits (Supplementary Table A.3). However, models
that employ exponential activations in the rst convolutional layer yield higher hit-
ratios and higher quality hits for both binary and quantitative models. We did not
notice any signi cant differences in learning motif representations across architec-
tures for a given activation. This suggests that the improved predictions do not
necessitate learning better motif representations in the rst layer, but the design
principle using exponential activations can greatly improve the interpretability of

learned motifs in rst layer lters for both binary and quantitative models.

Embedding representations and attribution maps. To visualize structure in

the data as seen through the lens of the model, we embedded the penultimate (or
bottleneck) representations of test sequences for a given class using Uniform Mani-
fold Approximation and Projection (UMAP)(MclInnes, Healy, and Melville, 2018).
ResidualBind-32 with exponential activation yielded distinct UMAP structures and
clustered data points with similar pro le distributions in each cell line (Supplemen-
tary Fig. B.5). By exploring different regions of the UMAP embeddings for the
PC-3 cell line as an example, we found that ResidualBind-32 is largely encoding
the magnitudes and locations of the read distributions (Supplementary Fig. B.6).

We generated attribution maps (based on saliency analysis) from different regions
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FIGURE 2.6: Interpretability analysis for ResidualBind-32 on PC-
3 cell line. @) GIA for optimal anking nucleotides. Ranked plot
of the global importance for each tested ank. Dashed line repre-
sents the global importance of the core motif with random anks.
The hue represents the position-weight-matrix score for an AP-1
motif from the JASPAR database. The black dot indicates a high
position-weight-matrix score motif that yields a global importance
close to the core motif with randomized ank@) GIA for distance
dependence between two motifs with optimized anks. Global im-
portance plot for sequences with an AP-1 motif xed at the center of
the sequence and another motif that is systematically placed in dif-
ferent locationgc) GIA for cooperative interactions between AP-1
and another motif. Each subplot shows a box-plot of the global
importance when each motif is placed in random background se-
guences individually and in combinations.
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and found that the ResidualBind-32 has learned many known regulatory motifs,
such as AP-1, SP1, and GABPA, among others (Supplementary Fig. B.6). Inter-
estingly, many accessible regions with high functional activity for PC-3 contained
repeated clusters of AP-1, suggesting that our model considers AP-1 to be a critical
motif for accessible sites for PC-3. We also observed an unknown motif (ATAAA)
that anked the AP-1 motif in many attribution maps potentially corresponding to a
Forkhead family transcription factor binding site (Castro-Mondragon et al., 2021).
Many of these motifs were observed in attribution maps of other models, but due

to the lack of ground truth, a quantitative comparison remains dif cult.

Global importance analysis. While attribution maps can help to identify and
footprint putative motifs, they cannot quantify the importance of motifs beyond in-
dividual nucleotides. GIA is an interpretability approach that enables direct testing
of hypotheses gained from attribution analysis(Koo et al., 2021). GIA computes the
effect size, or global importance score, of hypothesis patterns that are embedded
within a population of background sequence, where the other positions are effec-
tively randomized. This approach essentially marginalizes out any confounding
patterns within any individual sequence, revealing the global importance of only
the embedded patterns on model predictions. Using GIA, we test various hypothe-

ses of AP-1, ATAAA and GATA motifs.

First, we used GIA to explore how the two anking nucleotides adjacent
to the core motif on either side and the central nucleotide in AP-1 in uences
accessibility predictions in PC-3 cells. We compared the results from our high
performing models within each prediction task, quantitative ResidualBind-32 and
ResidualBind-binary, both with exponential activations. Strikingly, we nd that

anking nucleotide combinations relative to the AP-1's core binding site can drive
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predictions by a factor of 2 to 3 (Fig. 2.6a), similar to what was observed pre-
viously(Mauduit et al., 2021; Almeida et al., 2022). A position-weight-matrix-
based approach(Stormo et al., 1982), which considers each position independently,
would score many AP-1 binding sites the same, despite their wide spread in func-
tional activity. A similar observation was made for other models, both quantitative
and binary (Supplementary Fig. B.7). This demonstrates that DL models consider
complex higher-order dependencies of anking nucleotides to be an important fea-
ture of TF binding sites, a well-known phenomenon (Le et al., 2018; Levo et al.,
2015). Moreover, both binary and quantitative models can capture this information

de novarom being trained on just the sequences.

We then explored to what extent the distance between motifs plays a role in
model predictions. Speci cally, we performed GIA experiments where the AP-1
motif was xed at the center of the sequences and the position of the other motif
(i.,e. AP-1 or ATAAA) was varied (Fig. 2.6b). Interestingly, we found that two
AP-1 motifs yielded a symmetric 50 bp window where predictions are plateaued,
beyond which, the global importance begins to drop off for both models. On the
other hand, the ATAAA motif exhibits an asymmetric distance dependence with
a favorable location on the 3' end anking the AP-1 motif with a few nucleotide
gap, beyond which there is a precipitous drop in global importance. This was
also observed across other models, with variable magnitudes in effect size but a
similar relative trend (Supplementary Fig. B.8). These results suggest that anking
nucleotides and distance dependence was consistently learned across quantitative

and binary models.

From the attribution maps, it appears that multiple motifs are often present
in combinations across accessible sites. To test whether ResidualBind-32 and

ResidualBind binary have learned cooperativity between AP-1 and other motifs,
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we compared the global importance for the motifs embedded in sequences alone
and in combinations with other motifs (at the optimal distance identi ed through
the distance dependence GIA experiments). In ResidualBind-32, we observed the
sum of individual effects were lower than when both motifs were present, indi-
cating the model has indeed learned cooperative interactions (Fig. 2.6c). The ef-
fect size was varied across transcription factors, with a smaller effect observed for
GATA::AP-1 compared to other motifs, such as ATAAA::AP-1 and AP-1::AP-1.
This suggests that cooperative interactions are strongly associated with chromatin
accessibility levels. Surprisingly, a discrepancy arose for binary models, including
in ResidualBind binary, for which there was no strong evidence that cooperativity
was learned. These trends were also observed across other binary and quantitative

models (Supplementary Fig. B.9).

Instead of directly imposing patterns on background sequences, we also
conducted occlusion-based interventional experiments where we identi ed exact
instances of the core motif for AP-1 and replaced them with randomized sequences
across the test set — a global importance of motif occlusion within its natural se-
guence context. We nd that the number of AP-1 motifs indeed drives high func-
tional activity for PC-3, while other cell lines depend on a different distribution of

motifs for their functional activity (Supplementary Fig. B.10).

Together, the interpretations of quantitative models appear to be more con-
sistent with each other than binary models. Despite under-performing on gener-
alization tasks, well-trained binary models can largely capture similar biological
interpretations as quantitative models, with the exception of cooperative interac-

tions.
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2.3 Discussion

The variety of deep learning models being proposed to predict regulatory
genomic tasks has increased substantially in recent years. The variations of pro-
posed models, how the prediction tasks are framed, the composition of the data sets,
and the tricks used for training make it challenging to assess which innovations are
driving performance gains. Moreover, while many methods provide software to
deploy their methods, which only includes their speci c pipeline, it is often chal-
lenging to mix-and-match modeling innovations across methods. To address this
gap, we introduced GOPHER to provide an evaluation framework to compare var-
lous modeling choices and enable a comprehensive and fair evaluation of existing
and emerging DL models in regulatory genomics. While previous software, such
as Janggu (Kopp et al., 2020) and Selene (Chen et al., 2019), help to process bi-
ological data (mainly focused on peak-centered data) and high-level APIs to train
neural network models in TensorFlow (Abadi et al., 2015) and Pytorch (Paszke
et al., 2019), respectively, they do not focus on downstream evaluation across dif-
ferent prediction tasks. By contrast, GOPHER provides a comprehensive model
evaluation framework that also supports data processing of peak-based binary clas-
si cation and quantitative regression analysis of bigWig tracks, in addition to train-
ing custom deep learning models with various data augmentations. GOPHER also
incorporates many popular model interpretability tools, such as rst-layer lter vi-
sualization, global importance analysis, and attribution methods, inclirdsiico
mutagenesis (Nair et al., 2022; Schreiber et al., 2022), saliency maps (Simonyan,
Vedaldi, and Zisserman, 2013), integrated gradients (Sundararajan, Taly, and Yan,

2017), and SmoothGrad (Smilkov et al., 2017).

Using GOPHER, we addressed several open questions: (1) how to fairly

compare binary models and quantitative models; (2) how choice of loss function
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affects performance; (3) how dataset selection in uences model performance; (4)
how to compare quantitative models that making predictions at different resolu-
tions; (5) how augmentation strategies in uence model performance and robust-
ness to translational perturbations; how modeling choices in uence downstream

(6) functional variant effect predictions and (7) model interpretability.

While the study here focuses on ATAC-seq data, the speci ¢ claims of opti-
mal architectures and training procedures may be nuanced across other data types,
such as ChlIP-nexus (Avsec et al., 2021b) and CAGE-seq(Kodzius et al., 2006). In
such cases, additional considerations may arise, such as GC-bias and signal nor-

malization. These were not investigated in this study.

Moreover, many of the explored architectures in this study relied on pure
convolutional networks. The emergence of transformers (Vaswani et al., 2017)
could have better inductive bias to capture distal interactions, though the rationale
for the bene ts of convolution-based networks and transformer-based networks re-
mains an ongoing research topic (Liu et al., 2022b). Due to the lack of established
transformer-based models beyond Enformer (Avsec et al., 2021d), we elected to

focus only on convolution-based models in this study.

In addition, BPNet and Basenji were initially developed for predictions on
very different data types and dataset sizes. Thus modi cations had to be made to
each model architecture to adapt it to the ATAC-seq data used in this study (see
Methods for differences). These choices may have affected their performance. The
fact that both models performed well suggests that our hyperparameter optimiza-

tion mitigated any substantial disparities.

In general, our work largely supports that quantitative modeling yields bet-
ter generalization (on average), both on held-out data and OOD variant effect pre-

dictions. Of course, well-tuned binary models can perform comparable to (or even
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better than) a poorly designed quantitative model. It remains unclear whether bi-
nary models are fundamentally limited based on their treatment of functional ac-
tivity or whether incorporating more inactive regions during training would boost
performance. Moreover, it is not clear whether the performance gains of quanti-
tative models are due to learning better biological signals or whether they are just
better at learning noise sources within sequencing experiments. One major limi-
tation arises as a consequence of focusing on performance — treating experimen-
tal measurements as ground truth, despite biological variability across replicates
and technical noise (eg. Supplementary Table A.4). Thus, focusing on important
downstream tasks, such as variant effect prediction and model interpretability, as
was done here, provides a path to move beyond performance benchmarks to the

bene cial use case of genomic DL models — biological discovery.

2.4 Methods

Training data

ATAC-seq (Assay for Transposase-Accessible Chromatin with high-throughput
sequencing (Buenrostro et al., 2015)) data for human cell lines were acquired from
the ENCODE database(Consortium et al., 2012) — fold change over control big-
Wig les for quantitative analysis and IDR peak bed les for binary analysis —
using experimental accessions in Supplementary Table A.5. The bigWig tracks
were log-fold-normalized for sequencing depth using control tracks as per the EN-
CODE data processing pipeline; no further processing was done. Each of the 15
cell lines were sub-selected based on a lower cross-correlation of coverage values
at IDR peaks across cell lines below 0.75. Data from replicate 1 for each experi-
ment was used to generate the train, validation, and test sets. Data from replicate 2

was used to assess the experimental ceiling of prediction performance.
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Coverage-threshold dat&ach chromosome is splitinto equal, non-overlapping
input size chunks of 3 kb and each chunk is included in the dataset if the max
coverage value for any of the targets is above the threshold. By default, coverage-
threshold data employed a threshold of 2, unless speci ed otherwise. Each se-
guence that passed this threshold was included as part of the dataset and down-
sampled to 2 kb with a strategy that depends on data augmentations (see below).
The targets were then binned with non-overlapping windows according to the spec-
| ed target resolution and was calculated online during training and testing. For any
given coverage value array of lendthand bin sizeB, it was reshaped into an array
with shape B, L/B) — down-sampling was achieved according to the mean within

each bin.

Peak-centered data.For peak-centered datasets, we selected IDR bed-
les from the ENCODE experiments corresponding to the same replicate as the
coverage-threshold data. The bed les of each cell line were merged into a single
bed le, in a manner similar to Kelley et al(Kelley, Snoek, and Rinn, 2016). The
Basset data processing pipeline divides the genome into segments of length spec-
I ed as the input size and merges peaks according to an overlap size parameter.
Each sequence in the dataset contains at least one peak across all cell lines. Se-
guences containing an IDR peak for the cell line is given label "1' otherwise label
0.

Data splits.We split the dataset into training, validation, and test sets using
chromosome 8 for test, chromosome 9 as validation and the rest as training (ex-
cluding Y chromosome). We also removed the unmappable regions across all data
splits. The same split was applied to datasets to allow a direct comparisons across

experiments.
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Held-out test evaluation

Pearson correlation can be calculated using the concatenated whole chro-
mosome per cell line, which is referred to as Pearson's r (whole), or per sequence
correlation averaged across the test set when speci ed. The difference between
these metrics manifests as a different mean in the correlation calculation; a global
mean for whole chromosome versus a per sequence mean. Whole chromosome
evaluation is calculated by concatenating the predictions for the entire chromosome
8 with the exception of unmappable regions. A per sequence Pearson correlation
was calculated for peak-centered data, test selection analysis, and robustness anal-
ysis, unless speci ed otherwise. For a compilation of all model evaluations see

Supplementary Data 1.

Scaling predictions. Predictions were scaled to address the large discrepancy
between predictions and experimental values for shape-based loss functions (eg.
Pearson's r). Though we found that applying it to other losses also yielded slightly
better performance. This was accomplished by calculating a global scaling fac-
tor per cell line, which is computed as the ratio of the mean of experimental and
predicted coverage values across the entire test chromosome, and multiplying the

scaling factor to the predictions.

Models

Basenji. Basenji-based model is composed of a convolutional block, max-pooling
with pool size of 2 (which shrinks the representations to 1024), 11 residual blocks
with dilated convolutional layers, followed by a nal convolutional layer. The con-
volutional block consists of: GELU activation(Hendrycks and Gimpel, 2016), con-
volutional layer with a kernel of width 15, batch normalization (loffe and Szegedy,

2015). The residual block is composed of: GELU activation, dilated convolutional
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layer with a kernel of width 3 and half the number of lters and a dilation rate that
grows by a factor of 1.5 in each subsequent residual block, batch normalization,
GELU activation, convolutional layer with width 1 and the original number of I-
ters, batch normalization, and dropout with a rate 0.3. Each residual block has a
skipped connection to the inputs to residual block. An average pooling layer is
applied to the nal output convolutional layer to shrink the representations to the
corresponding target resolution. A dense layer with softplus activations following
the last convolutional block then outputs the predictions target. In case of base

resolution, the rst max-pool size is set to 1.

The original Basenji model employs multiple convolutional blocks with a
max pooling of size 2 to reduce the dimensions of the sequence to 1024 units, upon
which 11 residual blocks are applied. Since our input size is 2048 bps, we em-
ployed a single convolutional block to achieve the same dimensions as the original
Basenji model. We performed hyperparameter search of the number of convolu-
tional Iters in each layer to optimize for the ATAC-seq dataset used in this study.

For additional details of speci c hyperparameters, see Supplementary Data 2.

BPNet. BPNet consists of a convolutional layer, followed by 9 dilated convolu-
tional layers with progressively increasing dilation rates (scaled by powers of 2)
that each have a residual connection to the previous layer. Task-speci c output-
heads, each with a separate transpose convolution, is built upon the nal residual
layer. To adapt BPNet to lower resolutions, all predictions are initially made at
base-resolution followed by an average pooling layer for each task-speci ¢ output-

head, with a window size and stride that matches the target resolution.

A key difference with the original BPNet architecture is that the negative
strand, bias track and read counts output-head was not used throughout this study.

Moreover, the original loss function was not employed here as we found better
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success with the modi ed BPNet using a Poisson NLL loss. This may be attributed
to the lower resolution in read coverage for bulk ATAC-seq, or due to original
model targeting raw read count instead of fold change over control tracks, though
further investigation is needed to understand the disparity. These modi cations
may have affected the performance of BPNet. We optimized hyperparameters of
the model, focusing on the number of Iters in each layer and the kernel size of
the transpose convolution in the task-speci ¢ output heads (Supplementary Fig. 1).
The speci ¢ choices of hyperparameters in BPNet can be found in Supplementary

Data 2.

CNN-baseline. The CNN baseline model is composed of 3 convolutional blocks,
which consist of a 1D convolution, batch normalization, activation, max pooling
and dropout, followed by 2 fully-connected blocks, which includes a dense layer,
batch normalization, activation, and dropout. The rst fully connected block scales
down the size of the representation, serving as a bottleneck layer. The second
fully-connected block rescales the bottleneck to the target resolution. This is then
reshaped to match the number of bin8. For instance, the number of hidden units
for models at 32 bin target resolution &@4832 = 64 8, then reshaped to (64,

8). Base resolution models set the hidden uni®&X48 8 then reshaped to (2048,

8). This is followed by another convolutional block. The representations from the
outputs of the convolutional block is then input into task-speci ¢ output heads or
is directly fed to a linear output layer with softplus activations. For task-specic
output heads, each head consists of a convolutional block followed by a linear
output layer with softplus activations. The activation of the rst layer is either
exponential or ReLU, while the rest of the hidden layer activations are ReLU. The
speci ¢ hyperparameters of each layer, including the dropout rates, are speci ed in

detail in Supplementary Data 2.
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ResidualBind-base. ResidualBind-base builds upon the CNN-baseline models
by adding a residual block after the rst 3 convolutional layers. The rst two
residual blocks consist of 5 dilated convolutional layers and the third residual block
consists of 4 dilated convolutional layers. Similar to CNN-baseline models, this is
then followed by 2 fully connected blocks, which are reshaped to a shape (2048, 8),
and a convolutional block. Here, another residual block that consists of 5 dilated
convolutional layers was applied. This is then fed into an output head, which has
the same composition as the CNN-baseline. The details of model architecture and

hyperparameters can be found in Supplementary Data 2.

ResidualBind-32. ResidualBind-32 also builds upon the CNN-baseline models
by adding a residual block after the rst 3 convolutional layers, but with a few
key differences from ResidualBind-base. The third residual block consists of 3
dilated convolutional layers instead of 4. Moreover, ResidualBind-32 does not go
through a bottleneck layer that is prototypical of the CNN-baseline design. For
task-speci c output heads, the representations of the third residual block are input
into a convolutional block followed by a task-speci ¢ output heads similar to the
CNN-baseline models. For a single output head, the representations of the third
residual block are input into a position-wise fully connected block followed by a
linear output layer. The details of model architecture and hyperparameters can be

found in Supplementary Data 2.

Binary models Four main model structures are used for binary models. One
ne-tuned Basset(Kelley, Snoek, and Rinn, 2016) structure and three re-purposed
guantitative models structures: Basenji, CNN-base, and ResidualBind-base. Basset
is composed of three blocks of convolutional layer followed by batch normaliza-
tion, activation and max-pooling. The output is then attened and fed into 2 fully

connected layers with dropout and an output layer with sigmoid activations. Basset
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hyperparameters were optimized for the binary version of the ATAC-seq dataset in
a similar manner to Baseniji. For Basenji-binary, CNN-binary and ResidualBind-
binary, their structure highly resembles the quantitative model based on a single
output-head. For CNN-binary and ResidualBind-binary, we apply a fully con-
nected output layer with sigmoid activations to the bottleneck layer. For Baseniji-
binary, we take the penultimate representation and perform a global average pool,
followed by a fully connected output layer. The details of model architecture and

hyperparameters can be found in Supplementary Data 2.

Training. Each quantitative model was trained for a maximum of 100 epochs us-
ing ADAM(Kingma and Ba, 2014) with default parameters. Early stopping was

employed with a patience set to 6 epochs (monitoring validation loss as a crite-
rion). By default, models were trained with random reverse-complement and ran-

dom shift data augmentations unless speci ed otherwise.

Quantitative CNN and ResidualBind (base and 32 bin-resolution), along
with binary versions of these models, were trained for a maximum of 100 epochs
using ADAM with default parameters. Early stopping with a patience of 10 was
used. The initial learning rate was set to 0.001 and decayed by a factor of 0.2 when

the loss function did not improve after a patience of 3 epochs.

Data augmentations

Random shift. Random shift is a data augmentation that randomly translates the
input sequence (and corresponding targets) online during training. All datasets
were generated with input size set to 3,072 bp. When random shift is used, for
each mini-batch, a random sub-sequence of 2,048 bp and its corresponding target
pro le was selected separately for each sequence. When random shift is not used,

the central 2,048 bp is selected for all sequences in the mini-batch.
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Reverse-complement. Reverse-complement data augmentation is employed on-
line during training. During each mini-batch, half of training sequences were ran-
domly selected and replaced by their reverse-complement sequence. For those
sequences that were selected, the training target was correspondingly replaced by

the reverse of original coverage distribution.

Hyperparameter search

The ATAC-seq datasets in this study differ greatly in complexity, i.e. size
and coverage distribution, from the original Basenji and BPNet studies. Therefore,
we performed a hyperparameter search for each base architecture for our ATAC-seq
dataset (Supplementary Fig.B.1). We used WandB(Biewald, 2020) to keep track of
the model choices and for visualization. We ne-tuned Basenji and BPNet at 128
bp and base resolution, respectively, which represent the original resolutions for
these models. We also kept their original training set selection strategy, that is, we
trained Basenji on coverage-threshold data and BPNet on peak-centered data. For
Basenji, the number lters across the convolutional layers were varied as well as
the presence or absence of dropout layers ( xed rate for each layer). For BPNet,
we performed a hyperparameter search over the number of convolutional lters in
each layer and the kernel size in the task-speci ¢ output heads. We employed the
original data augmentations (i.e. random reverse-complement and random shifts
for Basenji and only random reverse-complement for BPNet). For each model,
we used the Poisson NLL loss function. We originally used a MSE and multino-
mial NLL loss for BPNet, but found that optimization using Poisson NLL yielded
better performance. The models were trained for maximum of 40 epochs with an
Adam optimizer (Kingma and Ba, 2014) using default parameters. Initialization
was given according to Ref.(He et al., 2016). The optimal set of hyperparame-

ters for each model was selected based on the lowest validation loss and the nal
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architectures are given in Supplementary Data 2.

Robustness test

To measure the robustness to translational perturbations, we analyzed the
sequences within the held-out test chromosome that were identi ed to contain a
statistically signi cant peak for the given cell-type under investigation. This en-
sures that the robust predictions are only considered for genomic regions that ex-
hibit statistically signi cant coverage values. Speci cally, we took each 3072 bp
sequence in the dataset and generated 20 contiguous sub-sequences of length 2048
bp. Each sub-sequence was sent through the model to get a prediction, and all of
the predictions were aligned based on the sub-sequence. All sub-sequences contain
a center 1024 bp window that overlaps. Standard deviation is calculated for each
position across these 20 sequences and averaged across the length of prediction.
The average sequence coverage across 20 sequences was used to normalize the av-
erage standard deviation to make it invariant to scale. Therefore variation score for
each sequence is calculated as average per position standard deviation divided by
average sequence coverage. A higher variation score corresponds to a less robust
model, while a lower variation score corresponds to more stable predictions, irre-
spective of translations to the inputs. Due to binning artifacts, we only compare

this robustness test for models that share the same bin-resolution.

Variant effect prediction

Dataset. The CAGI5 challenge dataset was used to benchmark model perfor-
mance on variant calling. Each regulatory element ranges from 187bp - 600bp in
length. We extracted 2048 bp sequences from the reference genome centered on

each regulatory region of interest and converted it into a one-hot representation.
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Alternative alleles are then substituted correspondingly to construct the CAGI test

sequences.

Standard predictions. For a given model, the prediction of 2 sequences, one
with a centered reference allele and the other with an alternative allele in lieu of the
reference allele, is made and the coverage values are summed separately for each
cell-type. For each sequence, this provides a single value for each cell-type. The
cell-type agnostic approach employed in this study then uses the mean across these
values to calculate a single coverage value. The effect size is then calculated with
the log-ratio of this single coverage value for the alternative allele and reference

allele, according totog(alternative coverage / reference coverage).

Robust predictions. For a given model, robust predictions were made by: 1)
sampling 20 randomly shifted sequences centered on a variant-of-interest, 2) send-
ing them through the model to get coverage predictions for each cell-type, 3) align
predictions based on the shifted sub-sequences, 4) calculating the mean coverage
within overlapping 1024 bp region for each cell-type, and 5) averaging the mean
coverage values across cell-type. This was done separately for the reference allele
and the alternative allele, and the effect size was calculated similar to the standard

predictions as the log-ratio.

Evaluation. To evaluate the variant effect prediction performance, Pearson cor-
relation was calculated within each CAGI5 experiment between the experimentally
measured and predicted effect size. The average of the Pearson correlation across
all 15 experiments represents the overall performance of the model. A full list of
variant effect prediction performances for models can be found in Supplementary

Data 3.
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Model interpretability

Tomtom. The motif comparison tool Tomtom (Gupta et al., 2007) was used to
match the position probability matrix of the rst convolutional layer lIters (calcu-
lated via activation-based alignments(Alipanahi et al., 2015a)) to the 2022 JASPAR
nonredundant vertebrates database (Castro-Mondragon et al., 2021). Matrix pro-
les MA1929.1 and MA0615.1 were excluded from Iter matching to remove poor
quality hits; low information content lters then to have a high hit rate with these
two matrix pro les. Hit ratio is calculated by measuring how many lters were
matched to at least one JASPAR motif. Average g-value is calculated by taking the

average of the smallest g-value for each lter among its matches.

Attribution analysis. Attribution analysis was based on grad-times-input with
saliency maps (Simonyan, Vedaldi, and Zisserman, 2013). For a given model,
gradients of the prediction with respect to a given cell-type were calculated with
respect to the input sequence to yield a A map, wherd. is the length of the se-
guence and\ is 4 — one for each nucleotide. Each saliency map was multiplied by
the input sequence, which is one-hot, to obtain just the sensitivity of the observed
nucleotide at each position. A sequence logo was generated from this by scaling the

heights of the observed nucleotide, using Logomaker (Tareen and Kinney, 2020).

Global importance analysis. For global importance analysis(Koo et al., 2021),

we generated background sequences by performing a dinucleotide shuf e of 1,000
randomly sampled sequences from those within our coverage-threshold test set.
The global importance is calculated via the average difference in predictions of
background sequences with embedded patterns-under-investigation and without
any embedded patterns. For quantitative models, the predictions represent the aver-

age coverage predictions for the cell-type under investigation. For binary models,
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the predictions represent the logits for the cell-type under investigation.

GIA for anking nucleotides.We xed the core motif at the center of all
background sequences, i.e. starting at position 1024, and varied the 2 anking
nucleotides on each side (and the central nucleotide for only AP-1) by separately

performing a GIA experiment for all possible combinations of anking nucleotides.

GIA for distance-dependent motif interactiong quantify the functional
dependence of the distance between 2 motifs with optimized anks, we xed the
position of 1 motif at the center of the sequence, i.e. starting at position 1024, and
then systematically performed a GIA experiment with the second motif at different
locations ensuring no overlap. This experiment provides a global importance score

for the 2 motifs at different distances in both positive and negative directions.

GIA for motif cooperativity.To quantify whether motifs are cooperatively
interacting, we inserted each motif (with optimized anks) at the corresponding
position (1024 for motif 1 and best position for interaction for motif 2 based on the
distance-dependent GIA experiments) individually and in combinations. We then
compared the global importance when both motifs are embedded in the same se-

guence versus the sum of the global importance when only one motif is embedded.

Occlusion-based experiments. We randomly sampled 10,000 sequences from
those within our coverage-threshold test set. We performed a string search looking
for exact matches to the core motif of AP-1, i.e. TGA-TCA, where the - can be
any nucleotide. For each cell-type, we grouped the sequences according to the
number of instances that the core AP-1 motif was observed — 1 observed motif, 2
observed motifs, and 3 or more observed motifs. For each group, we replaced the
core motif with randomized sequences. Due to spurious patterns from randomized
sequences, we performed a GIA experiment where 25 randomized sequences were

embedded in lieu of the core binding site and the model predictions were averaged
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— rst across the coverage for the cell-type under investigation, then across the 25
randomized sequences. This effectively marginalizes out the impact of the motif
for a given sequence. This occlusion-based (or conditional) GIA experiment was

done for each sequence in each group.
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Chapter 3

Evaluating the representational
power of pre-trained DNA language

models for regulatory genomics

The emergence of genomic language models (gLMs) offers an unsuper-
vised approach to learn a wide diversityoid-regulatory patterns in the non-coding
genome without requiring labels of functional activity generated by wet-lab exper-
iments. Previous evaluations have shown pre-trained gLMs can be leveraged to im-
prove prediction performance across a broad range of regulatory genomics tasks,
albeit using relatively simple benchmark datasets and baseline models. Since the
gLMs in these studies were tested upon ne-tuning their weights for each down-
stream task, determining whether gLM representations embody a foundational un-
derstanding otis-regulatory biology remains an open question. Here we evalu-
ate the representational power of pre-trained gLMs to predict and interpret cell-
type-speci ¢ functional genomics data that span DNA and RNA regulation. Our
ndings suggest that current gLMs do not offer substantial advantages over con-
ventional machine learning approaches that use one-hot encoded sequences. This

work highlights a major limitation with current gLMs, raising potential issues in
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conventional pre-training strategies for the non-coding genome.

3.1 Introduction

Large language models (LLMs) have demonstrated remarkable capabilities
in natural language processing (Devlin et al., 2018; OpenAl, 2023; Touvron et al.,
2023; Wei et al., 2022) and protein sequence analysis (Rives et al., 2021; Elnag-
gar et al.,, 2021; Madani et al., 2020; Bepler and Berger, 2021). These LLMs,
often termed “foundation models”, are trained through self-supervised learning to
encode input data as contextual embeddings (also known as representations). The
strength of pre-trained LLMs lies in the versatility of their embeddings, which can
be leveraged for a broad spectrum of downstream predictive tasks. For instance,
representations from pre-trained protein language models have been used to pre-
dict protein structures (Lin et al., 2022b; Chowdhury et al., 2022; Wu et al., 2022),
predict non-synonymous variant effects (Brandes et al., 2023; Meier et al., 2021),
design novel protein sequences (Madani et al., 2023; Ferruz and Hocker, 2022; Hie
et al., 2023), and study protein evolution (Hie, Yang, and Kim, 2022; Zhang et al.,
2024).

LLMs pre-trained on DNA sequences offer a promising new paradigm to
accelerate our understanding of functional elements in the non-coding genome
(Consens et al., 2023). Genomic language models (gLMs) could, in principle, help
to understand the complex coordination of transcription factors (TFs) to control
the activity ofcis-regulatory elements (CREs). They might also enable more ac-
curate predictions of the functional consequences of non-coding mutations, which
can help to prioritize diease-associated variants. Additionally, gLMs capable of
learningcis-regulatory rules could become instrumental in designing novel regu-

latory sequences with desirable functional properties. They might also facilitate
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functional comparisons of non-coding sequences across different species, a task

currently complicated due to substantial evolutionary drift in non-coding regions.

Recently, there has been a surge of pre-trained gLMs (Benegas, Batra, and
Song, 2023; Nguyen et al., 2023; Lal, Biancalani, and Eraslan, 2023; Dalla-Torre
etal., 2023; Jietal., 2021; Zhang et al., 2023; Zhou et al., 2023; Sanabria, Hirsch,
and Poetsch, 2023b; Karollus et al., 2023; Chu et al., 2023; Chen et al., 2023;
Shen and Li, 2024; Zaheer et al., 2020; Fishman et al., 2023; Benegas et al., 2023;
Hallee, Rafailidis, and Gleghorn, 2023; Li et al., 2023; Gundiz et al., 2023; Yang
et al., 2022; Chen et al., 2022a; Zvyagin et al., 2023; Levy et al., 2022; Liang
et al., 2023; Gunduz et al., 2023; Gu and Dao, 2023; Liu et al., 2024; Outeiral and
Deane, 2024; Schiff et al., 2024). gLMs take as input DNA sequences that have
undergone tokenization, an encoding scheme applied to either a single nucleotide
or k-mer of nucleotides. Through self-supervised pre-training, the gLM learns a
vector representation for each token in the DNA sequence via masked language
modeling (MLM)(Devlin et al., 2018) or causal language modeling (CLM) (Rad-
ford et al., 2019). In a standard setting of MLM, a portion of the input tokens,
typically 15%(Devlin et al., 2018), is randomly masked, and the task is to predict
the masked tokens using the context provided by the rest of the unmasked tokens in
the sequence. On the other hand, CLM is an autoregressive pre-training task where
the goal is to predict the next token in a sequence given the previous tokens. These
language modeling objectives result in learning self-supervised representations of
the sequence that capture information about individual tokens and the complex
interrelationships between other tokens in the sequence. The burden of learning bi-
ologically meaningful features is paid upfront during the pre-training. Afterward,
the gLM's representations can be leveraged for a broad spectrum of downstream

prediction tasks as inputs to simpler models, bypassing the need to learn essential
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features for each task from scratch. In contrast, the conventional one-hot represen-
tation of DNA sequences treats each element independently, assigning an identical
representation for the same nucleotide characters irrespective of their positions in
the sequence or what context is nearby. Consequently, the responsibility of extract-

ing important features falls solely on the machine learning model being employed.

Current gLMs are composed of different choices for the tokenization, base
architecture, language modeling objective, and pre-training datieenizatiorof
DNA sequences is employed for either single nucleotide (Benegas, Batra, and
Song, 2023; Nguyen et al., 2023; Lal, Biancalani, and Eraslan, 202knoer
of xed size (Dalla-Torre et al., 2023; Jietal., 2021; Zhang et al., 2023)kenger
of variable sizes via byte-pair tokenization (Sennrich, Haddow, and Birch, 2015;
Zhou et al., 2023; Sanabria, Hirsch, and Poetsch, 2023b), which aims to aggregate
DNA in a manner that reduces tkemer bias in the genome, a problem known as
rare token imbalance. Thmse architectures typically a stack of transformer lay-
ers (Vaswani et al., 2017), with a vanilla multi-head self-attention(Ji et al., 2021;
Dalla-Torre et al., 2023; Karollus et al., 2023; Chu et al., 2023; Chen et al., 2023;
Zhang et al., 2023; Shen and Li, 2024; Sanabria, Hirsch, and Poetsch, 2023b)
or an exotic attention variant (e.g., ash attention (Dao et al., 2022; Zhou et al.,
2023), sparse attention (Zaheer et al., 2020; Fishman et al., 2023), or axial atten-
tion (Ho etal., 2019; Benegas et al., 2023)). Alternatively, the base architecture has
also been constructed with a stack of residual-connected convolution blocks, either
with dilated convolutional layers (Benegas, Batra, and Song, 2023) or state-space
models, such as a Hyena (Poli et al., 2023; Nguyen et al., 2023; Lal, Biancalani,
and Eraslan, 2023) or Mamba (Gu and Dao, 2023; Schiff et al., 2024) piEae
training datacan vary signi cantly, encompassing the whole genome of a single
species (Benegas, Batra, and Song, 2023; Ji et al., 2021; Zaheer et al., 2020) or the

whole genomes across multiple species(Dalla-Torre et al., 2023; Zhou et al., 2023;
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Fishman et al., 2023; Karollus et al., 2023; Zhang et al., 2023) or focused only
within speci c regions of the genomes, such as the untranslated regions (UTRS)
(Chu et al., 2023), pre-mRNA (Chen et al., 2023), promoters (Lal, Biancalani, and
Eraslan, 2023), coding regions (Hallee, Rafailidis, and Gleghorn, 2023; Li et al.,
2023; Outeiral and Deane, 2024), non-coding RNA (Chen et al., 2022&; Beni

al., 2024), or conserved sites (Benegas et al., 2023).

Notably, Nucleotide-Transformer (Dalla-Torre et al., 2023) is a collection
of BERT(Devlin et al., 2018)-style models that consider non-overlapginger
tokenization and is pre-trained via MLM on either a single human genome, a
collection of 3,202 human genomes from the 1000 Genomes Project(Consortium
et al., 2015) alone or in combination with 850 genomes across diverse species.
DNABERT2 (Zhou et al., 2023) is also a BERT-style architecture but uses ash at-
tention, considers byte-pair tokenization, and is trained via MLM on the genomes
of 850 species. Genomic Pre-trained Network (GPN) is a convolution-based model
with a stack of residual-connected dilated convolutions, uses single-nucleotide to-
kenization, and is trained via MLM oArabidopsis thalianagenome and seven
related species within the Brassicales order (Benegas, Batra, and Song, 2023).
Similarly, HyenaDNA (Nguyen et al., 2023) is a state-space model using Hyena
layers, single-nucleotide tokenization, and is trained via CLM on the human ref-
erence genome. Supplementary Table A.6 summarizes the unique combination of

components that comprise other gLMs.

The utility of gLMs pre-trained on whole genomes for studying the non-
coding genome has been limited. Previous benchmarks have largely considered
gLMs that have been ne-tuned (i.e., adjusting the weights of the gLM) on each

downstream task (Ji et al., 2021; Dalla-Torre et al., 2023; Chen et al., 2022a; Chen
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etal., 2023; Zhou et al., 2023). In each benchmark, a ne-tuned gLM has demon-
strated improved predictions on a host of downstream prediction tasks, often based
on the classi cation of functional elements, such as histone marks or promoter
annotations. However, the chosen benchmarks do not re ect the complexity of
regulatory mechanisms observed in gene regulation, and the baseline models used
in the comparisons often do not represent the state-of-the-art. Hence, the capabili-
ties of gLMs in understanding the regulatory genome have yet to be demonstrated

in a fair assessment.

The reliance on ne-tuning poses challenges, as foundation models are typi-
cally large, and ne-tuning on individual tasks demands substantial GPU resources,
which may not be readily available to academic labs. Although parameter-ef cient

ne-tuning methods have emerged, such as LoRA (Low Rank Adaptation)(Hu et
al., 2021; Zhou et al., 2023; Zhan, Wu, and Zhang, 2024), (hard or soft) prompt
tuning (Lester, Al-Rfou, and Constant, 2021; Nguyen et al., 2023), and (L&)

et al., 2022a; Dalla-Torre et al., 2023), ne-tuning makes it challenging to assess
the contribution of the prior knowledge gained via pre-training on each downstream
task. Moreover, benchmarks that do not ne-tune gLMs are limited in their down-
stream tasks (Marin et al., 2023; Robson and loannidis, 2023; Vilov and Heinig,
2024), relying on either binary classi cation of functional activity, which does not
re ect the complexity of cis-regulatory biology (Toneyan, Tang, and Koo, 2022;
Nair et al., 2023) or lack a more comprehensive set of benchmarking tasks. Thus,
it remains unclear the extent to which existing gLMs pre-trained on whole genomes
can genuinely serve as foundation models that can transfer their knowledge to pre-
dict and interpret functional genomics data, without necessitating additional ne-

tuning of the gLM weights.

Here we perform a focused evaluation to assess the informativeness of
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FIGURE 3.1: Experimental overview. Comparison of gLM em-
beddings versus one-hot representations for various functional ge-
nomics prediction tasks.
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learned representations by various gLMs pre-trained on whole genomes (with-
out ne-tuning) for six major functional genomics prediction tasks, which encom-
pass different levels afis-regulation complexity at DNA and RNA levels (see Fig.
3.1). In particular, we compared the predictive power of representations from pre-
trained gLMs — namely Nucleotide-Transformer, DNABERTZ2, HyenaDNA, and

a custom GPN pre-trained on the human reference genome — versus one-hot en-
coded DNA and representations acquired from a supervised “foundation model”
pre-trained on a large corpus of functional genomics data. Our results suggest
that current gLMs pre-trained on whole genomes do not provide noticeable advan-
tages over conventional approaches to analyzing human functional genomics with
deep learning using one-hot sequences. Moreover, supervised foundation models
pre-trained on functional genomics data appear to encapsulate more relevant in-
formation and transfer better to other functional genomics data, albeit when the
source pre-training tasks and the target tasks are closely aligned. Our results sug-
gest that the standard pre-training schemes for current gLMs struggle to understand
cell-type speci ¢ functional elements and, therefore, fall short of achieving a foun-

dation model status for the non-coding genome of humans.

3.2 Results

3.2.1 Task 1: Predicting cell-type speci c regulatory activity

from lentiMPRA data

Understanding the mechanisms that drive CRE activity is a major goal in
functional genomics; it is challenging due to complex rules of cell-type-speci ¢

TF binding (Shlyueva, Stampfel, and Stark, 2014; Zeitlinger, 2020). In the rst
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FIGURE 3.2: Test performance on predicting cell-type-speci ¢ reg-
ulatory activity from lentiMPRA dataa, Comparison of prediction
performance across various downstream machine learning models,
including ridge regression and MLP using either the gLM's CLS
token or mean embedding, and a CNN trained using the full em-
bedding of the penultimate layer of gLMdb, Prediction perfor-
mance using a baseline CNN trained using different gLM embed-
ding inputs, one-hot sequences, or supervised embeddings from Sei.
ResNet represents the performance of a more sophisticated model
that is trained using one-hot sequences.
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task, we compared the performance of various machine learning models that con-
sider different input representations of DNA sequences at predicting experimen-
tally measured enhancer activity via lentiMPRA (lentiviral Massively Parallel Re-
porter Assay) (Agarwal et al., 2023). Speci cally, this task involves taking a 230
nucleotide (nt) DNA sequence as input, represented either as a gLM embedding
or one-hot sequence, and predicting a scalar value that represents the CRE's func-
tional activity measured in a given cellular context via lentiMPRA (see Methods).
This task enables a direct comparison in performance across matched downstream
models for each sequence encoding scheme. By considering two cell types, namely
HepG2 and K562, we can assess whether pre-trained gLM representations capture

cell-type-speci ¢ CRE activity.

For each gLM, we considered the embeddings from the penultimate layer
using a linear model or multi-layer perceptron (MLP) based on the classi cation
token (CLS) or the mean embedding, which is standard practice for harnessing
sequence summarization of LLM embeddings. We also employed a baseline con-
volutional neural network (CNN) that analyzed the full embeddings of the penul-
timate layer as well as one-hot sequences for comparison (see Methods). We also
considered embeddings from the penultimate layer of Sei (Chen et al., 2022b), a
supervised foundation model pre-trained on 21,907 chromatin pro ling datasets
across over 1,300 cell lines and tissues. To assess the performance against a more
sophisticated supervised model, we trained a ResidualBind(Koo et al., 2021)-like
model (ResNet) using one-hot sequences. These choices provide a fair bench-
mark to assess whether embeddings from foundation models, acquired via unsu-
pervised gLMs or supervised CNNs, are more informative for downstream models

than naive one-hot sequences.
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We found that CNNs trained on the whole sequence embedding led to im-
proved performance over the linear or MLP models that analyzed CLS or mean em-
beddings (Fig. 3.2a). This suggests that summarized gLM representations lack suf-
cient information to predict cell-type speci c regulatory activity, whereas CNNs
can build upon the full embeddings to better discriminate cell-type speci c fea-
tures. Moreover, the performance gap between MLPs and linear models suggests
that the mapping between the pre-trained representations and the functional read-

outs of lentiMPRA data is highly non-linear.

We also observed that CNNs trained using sequence embeddings from gLMs
generally under-performed standard one-hot sequences, with the exception of our
custom-trained GPN (Fig. 3.2b). Notably, the performance of all gLM-based
representations were signi cantly lower than the supervised representations given
by Sei. Due to differences in the data splits for Sei, it is unclear to what extent
data leakage might lead to performance in ation. Nevertheless, the ResNet model
trained using one-hot sequences on the LentiMPRA dataset also achieved high per-
formance (Fig. 3.2b). These results suggest that gLM embeddings may not provide
bene cial context for CREs that cannot already be learned from one-hot sequences

for the lentiMPRA dataset.

To control for the possibility that gLM embeddings from the penultimate
layer may not be optimal, we performed the same analysis using embeddings from
other layers of Nucleotide-Transformer. While some layers yielded modest im-
provements, particularly layer 10, the overall trends held and thus did not change

the conclusions (Supplementary Fig. C.1).
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3.2.2 Task 2: Predicting TF binding sites from ChlP-seq data

Since TF binding is a cell-type-speci ¢ phenomenon, but standard language
modeling objectives are not cell-type aware, we surmised that the low performance
of gLMs on the lentiMPRA prediction task may be due to losing information about
key motifs during the pre-training. To test this hypothesis, we evaluated whether
the gLM embeddings can predict TF binding sites measured via ChiP-seq (Chro-
matin Immuno-Precipitation sequencing(Ren et al., 2000)). Briey, this task is
framed as a binary classi cation where a model takes a 200 nt DNA sequence,
either as a gLM embedding or a one-hot sequence, as input and predicts whether
the sequence corresponds to a ChiP-seq peak. We consider ten ChlP-seq datasets
spanning different TFs in GM12878 cells; a separate single-task model was trained

for each TF (see Methods).

Evidently, CNNs trained using one-hot sequences modestly outperformed
the whole embeddings from DNABERT2, HyenaDNA, and Nucleotide-Transformer.
On the other hand, the custom GPN occasionally led to improved performance
(Fig. 3.3). Nevertheless, the performance differences across all sequence encod-
ing schemes were modest, suggesting that gLMs do not appear to lose TF-related
information in their embeddings. However, it is unclear whether the information
provided by gLM embeddings actively encodes for TF motifs or whether the em-
beddings are simply not losing essential information about the input sequence from
which a downstream CNN can learn TF binding information directly from the gLM

embeddings, similar to one-hot sequences.

As a control experiment, we trained MLP or linear models using the CLS
token of Nucleotide-Transformer. In this way, any information about motifs must
be fully encoded in these summarized embeddings. We observed that CNNs trained

on the whole embedding yielded substantially higher performance than an MLP
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FIGURE 3.3: Performance comparison on TF binding prediction
tasks from ChiIP-seq data. Comparisons of CNNs trained using
different gLM embeddings versus CNNs trained using one-hot se-
qguences for 10 TF ChlIP-seq datasets. Performance is measured by
the average area-under the receiver-operating characteristic curve
(AUROC) and error bars represent the standard deviation of the
mean across 5 different random initializations. Average AUROC
represents the average performance across all ChlP-seq datasets.
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trained using the CLS token (Supplementary Fig. C.2a). Nevertheless, the MLP
still demonstrated aptitude in predicting TF binding overall. To rule out the pos-
sibility that biases in the dataset create a trivial prediction task, where low-level
sequence statistics can be used to discriminate class labels, we also trained an MLP
model on bag-of-dinucleotide frequencies. Indeed, the MLP based on dinucleotide
frequencies yielded comparable performance to the CLS token (Supplementary
Fig. C.2a), except for CTCF, a protein that plays an important role in chromatin
structure for all cell types. Together, these results suggest that gLMs do not appear
to lose TF-related information in their embeddings, albeit only a slight information
boost is gained regarding TF binding compared to low-level dinucleotide statistics.
Nevertheless, downstream models that analyze conventional one-hot sequences can

easily rectify any information de ciencies, leading to higher performances.

3.2.3 Task 3: Zero-shot variant effect prediction with MPRA

data

A major use case of highly accurate sequence-function models is their abil-
ity to predict the functional consequences of non-coding mutations (Avsec et al.,
2021c). In previous studies, Nucleotide-Transformer and GPN have demonstrated
an ability to predict single-nucleotide variant effects, albeit as part of a binary clas-
si cation task (Dalla-Torre et al., 2023; Benegas, Batra, and Song, 2023). How-
ever, it is not intuitive how gLMs pre-trained on whole genomes could yield good
zero-shot predictions of cell-type-speci ¢ variant effects in the non-coding region
of human genomes since they are trained without any cell-type information. Thus,
we assessed the ability of gLMs, speci cally Nucleotide-Transformer, GPN, and
HyenaDNA, to quantitatively predict single-nucleotide variant effects within CREs
using saturation mutagenesis data measured via MPRAs (Massively Parallel Re-

porter Assay)(Kircher et al., 2019). This task involves calculating the zero-shot



82

Chapter 3. Application of gLMs in regulatory genomics

G89°0 0TS'0  3IdAL @TIM WOYd 3ONIYI4dId (ISYNQ)YIWHOANT
LOHINO A3SIAYIdANS

T¥9°0 24 N0) IONVLSIA INISOD 13S
69€°0 TOS'0  3dAL @TIM WOHL IONIYI4HIA NNV S dIN
TGS0 98%'0  IdAL ATIM NO¥4 IONIHILHIA anigivnaisIy LOH-INO-VH N ILNIT
9¢v'0 €10 3IdAL ATIM NOYd IONIYIHHIA NND
6TL 0 6GS°0  IdAL ATIM NOYL IONIYI4HIA I3S-NND
ovZ'0 LET'0  3dAL @TIM WOYH IONIYI4HIA IN-NND

ONIAA3aN3-YHdINILNIT
LS¥'0 /€0 3dAL A1IM WOHd IONIYI4HIQ Nd9O-NND
1200 ¥90°0 3ONVLSIA INISOD VYNAVYNIAH
LEO'O 2¢00'0 Ollv¥-z901 (NVYANH) NdOD
8900 Tv0°0 JONVLSIA INISOD (9000TIN00S) LN ONINIVYL134d
880°0 0200 3ONVLSIA INISOD (NYWNHINOOS) LN a3sIAY3IdNS—13S
GET'0 ¢1T0 IONVLSIA INISOD 6310345592) 1N
L00°0 G210 3ONVLSIA INISOD (90001T592) LN
29SM  Z9d3IH  NOILDIA3dd L3443 LNVIYVA 13doN NSVL ONINIVY |

"Z29daH Joj siuswiiadxe YD 991y) Jo abrlane ay) pue Z9gy Joj Juswiadxa 34D ajbuls e 1o} panodal are
sanfeA ‘SYddIA BIA painseaw 34D uaAb e Jo sanfea sissuafeinw uoneinyes [ejuswiiadxa Yyim suoioipald 193))8 JueLeA ay)
U93M13(Q UOIR[21100 UoSIead ay) Juasaidal sanjea syl -19serep GOy uo uonezijesauab 109))8 JUeLeA J0Ys-0197 (T°¢ 31av]



Chapter 3. Application of gLMs in regulatory genomics 83

variant effect predictions of gLMs either by the cosine similarity of embedding
vectors for the input sequence with mutant or wild-type allele (e.g. Nucleotide-
Transformer and Hyena) or the log2-ratio of predicted variant and wild-type nu-
cleotide via single-nucleotide masking (e.g. GPN). These variant effect scores are
compared with experimentally measured variant effects according to the Pearson
correlation coef cient (see Methods). This analysis includes MPRA measurements
for three CREs in HepG2 cells and one CRE in K562 cells as part of the CAGI5
challenge(Kircher et al., 2019; Shigaki et al., 2019b).

We found that all tested gLMs (without ne-tuning) exhibited poor vari-
ant effect predictions in this quantitative zero-shot generalization task (Table 3.1).
These results extended to all Nucleotide-Transformer models(Dalla-Torre et al.,
2023), including a 2.5 billion parameter BERT-based gLM trained on 3,202 di-
verse human genomes and 850 genomes from various species. On the other hand,
CNNs trained on lentiMPRA data using gLM embeddings yielded substantially
better performance relative to their pre-trained counterparts (Table 3.1). Moreover,
sophisticated models trained using one-hot sequences, such as Enformer(Avsec et
al., 2021c), which is a state-of-the-art model trained with supervised learning on a
wide variety of functional genomics data using one-hot sequences, and Sei yielded
better performance than all CNNs trained using gLM representations. However,
the CNN trained using Sei embeddings on the lentiMPRA dataset yielded the best
overall performance. Together, these results highlight a major gap in the zero-shot

variant effect performance of gLMs with the state-of-the-art.

3.2.4 Task 4: Predicting alternative splicing from RNA-seq data

Previous studies demonstrated that Nucleotide-Transformer and GPN has

learned properties related to gene de nition and splice sites (Benegas, Batra, and
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FIGURE 3.4: Performance on RNA regulation tasks. Box-plot
shows average Pearson correlation across tissues on test data for
various models trained with different encoding schemes on an al-
ternative splicing prediction task using MTSplice ddtaBox-plot
shows Pearson correlation for various models trained with differ-
ent encoding schemes on a RNA poll Il elongation potential pre-
diction task using INSERT-seq data. Box-plots show the rst and
third quartiles, central line is the median, and the whiskers show the
range of data. Box-plots represent 5 different random initializations
for aand 50 different random initializations for Statistical signif-
icance represents the Mann-Whitney U test withaalue< 0:05

(), < 0:01( ), and< 0:001( ).
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Song, 2023; Dalla-Torre et al., 2023). Thus, we surmised that gLMs pretrained
on whole genomes may be more bene cial for RNA regulation tasks. To investi-
gate this, we tested the informativeness of gLM embeddings to predict mRNA al-
ternative splicing quanti ed using RNA-seq (RNA-sequencing) from the ASCOT
dataset(Ling et al., 2020). Speci cally, the prediction task takes as input two se-
guences — a sequence with 300 nt upstream of the splice acceptor and 100 nt down-
stream of the acceptor and a sequence with 100 nt upstream of the splice donor
and 300 nt downstream of the donor — with the goal of predicting the percentage-
spliced-in (PSI) across 56 tissues as a multi-task regression; a task introduced by
MTSplice (Cheng et al., 2021). Similar to the DNA analysis, a baseline CNN was
trained to take as input the full embeddings from gLMs or the embeddings of a

pre-trained supervised model (see Methods).

Our results mirrored those seen for regulatory DNA, with embedding-based
models largely under-performing compared to one-hot-based models (Fig. 3.4a).
In contrast, Sei's embeddings led to substantially lower performance than most
gLM embeddings for this task. This is likely due to Sei's pre-training focus on
DNA-based functional genomics data, which leads to learning a set of DNA regu-
latory features that do not transfer well to RNA regulation. To test whether a more
relevant set of features acquired through supervised learning could transfer better
for RNA regulation, we trained a multi-task ResidualBind-like model to classify
RNA-protein binding (RBP) sites from a large trove of eCLIP-seq data (see Meth-
ods). The task is to take 1,000 nt sequences as input and predict binding for 120
RBPs in K562 cells as a multi-task classi cation. Indeed, the embeddings from
this RBP-trained supervised model led to substantially better performance than the

gLM embeddings, except GPN, which yielded comparable results (Fig. 3.4a).
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3.2.5 Task 5: Predicting RNA pol Il elongation potential from

INSERT-seq data

Next, we performed a similar analysis for a prediction task that takes 173 nt
RNA sequences as input and predicts RNA pol Il elongation potential measured via
INSERT-seq (INtegrated Sequences on Expression of RNA and Translation using
high-throughput sequencing)(Vlaming et al., 2022). The INSERT-seq dataset is
modest in size, containing only 10,774 sequences. This small data regime may not
provide suf cient examples to learn all relevant patterns using one-hot sequences.
Training a large deep learning model on this dataset can easily lead to over- tting.
Thus, this task can help evaluate a scenario (i.e., the low data regime) where a
baseline CNN that uses gLM embeddings might have an advantage over one-hot

sequences.

Similarly, we found that the baseline CNNs trained using gLM embeddings
yielded lower performance than one-hot RNA sequences, except for the custom
GPN, which performed slightly better (Fig. 3.4b). Again, the CNN performance
based on Sei's supervised embeddings was worse, and the best-performing model
was achieved using embeddings from the supervised multi-task model pre-trained
to classify RBPs. These results highlight that generic pre-training strategies are not
always bene cial; when carefully selecting pre-training tasks, one should consider
which relevant features are needed to ensure more positive outcomes on down-

stream applications.

While the custom GPN was the only embedding that demonstrated im-
proved performance over one-hot sequences, we hypothesized that further down-
sampling of the training data could lead to situations where gLM embeddings be-

come more bene cial than one-hot sequences. We systematically down-sampled



Chapter 3. Application of gLMs in regulatory genomics 87

both the alternative splicing and INSERT-seq datasets and retrained the same base-
line CNNs using different input encoding schemes. Interestingly, the GPN embed-
dings consistently outperformed other embeddings (Supplementary Fig. C.3). The
improved performance by GPN suggests that gLMs may specialize more effec-
tively in speci ¢ genomic regions. Speci cally in this dataset, capturing 5' splice
sites is a critical feature (Vlaming et al., 2022). Thus, understanding what features
gLMs learn well can help to identify suitable downstream tasks for which they can

thrive.

3.2.6 Task 6: Predicting RNA-binding protein binding with eCLIP-
seq data

RBPs are essential for various RNA processing stages, so next, we exam-
ined the ability of gLMs to predict RBP binding sites using eCLIP-seq (enhanced
chromatin immunoprecipitation sequencing) datasets (Van Nostrand et al., 2016).
Brie y, the task involves taking 200 nt DNA sequences as input and predicting
binary labels of whether the sequence corresponds to an eCLIP-seq peak or not
(see Methods). Ten eCLIP-seq datasets spanning different RBPs were used in the
evaluation. We trained a baseline CNN model using different sequence encoding

schemes similar to previous tasks.

We found that CNNs trained using gLM embeddings performed slightly
worse on average compared to the one-hot sequences (Fig. 3.5a), in agreement
with the ChlP-seq results of Task 2. The narrow performance difference between
models using gLM embeddings and one-hot sequences also indicates that RBP mo-
tif information is not lost in the gLM embeddings. In a similar control, we found
that an MLP based on Nucleotide-Transformer's CLS token led to slightly better

performance than an MLP based on dinucleotide frequencies (Supplementary Fig.
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