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Enhancers are genomic elements that activate time- and tissue-specific gene expression

through binding of transcription factors (TFs). Enhancers are therefore critical for successful

development and homeostasis. Although the majority of disease-associated genetic variants

reside within predicted enhancers1–3, we still have little understanding of how enhancer sequence

encodes its function, or the types of changes to enhancer sequence that alter enhancer activity

and contribute to phenotypes. We and others have previously shown that suboptimal TF

binding site affinity within enhancers are important for maintaining transcription levels and

tissue-specificity4;5;86. Here, we find that single nucleotide variants (SNVs) that increase binding

site affinity cause gain-of-function (GOF) gene expression and developmental defects in Ciona
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robusta7 (Ciona) and mice8. In humans, optimizing SNVs across hundreds of enhancers for a

variety of TFs are enriched for GOF gene expression7;8. Thus, a mechanistic understanding

of enhancers, namely the importance of suboptimal affinity sites and variants that violate this

principle, can pinpoint causal enhancer variants. Beyond the affinity of binding sites, the

organization of sites is another component of functional enhancers. The physical properties of

TFs and the DNA to which they bind are thought to constrain the way in which binding sites

within a functional enhancer can be organized. The interplay of binding site syntax (the order,

orientation and spacing of sites) and the affinity of sites is known as enhancer grammar9. To

better understand how enhancer sequences encode their function, we conducted an exhaustive

screen of all possible organization of the Ciona Otx-a enhancer. The Otx-a enhancer5 activates

expression in neural cells and is regulated by a common developmental logic, a tissue determinant

(GATA) and signaling pathway effector (ETS). The majority of the organizations are inert,

illustrating the importance of syntax within enhancers. We identify syntax features enriched

in active enhancers and use them to predict genomic enhancers. We find that considering both

syntax and affinity gives the greatest accuracy of genomic enhancer predictions, highlighting the

importance of grammar. We also use grammar to design tissue specific enhancers. Collectively,

these studies increase our mechanistic understanding of how enhancer sequences encode their

functions, and the types of changes to enhancers that can alter their function and may contribute

to novel expression patterns and phenotypes.
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Introduction

0.1 Enhancers drive traits and diseases

Development and homeostasis require enhancers to regulate when and where genes are

expressed. Enhancers are genomic elements made up of transcription factor binding sites (TFBS)

that acts as a scaffold to which TFs bind and activate gene expression in a time- and tissue-specific

manor. Small changes to enhancer sequence can have large effects on expression levels7;10;11 and

tissue-specificity9. For example, a single T>G mutation in the limb enhancer ZRS causes ectopic

gene expression of the gene sonic hedgehog and results in the formation of extra digits12;13.

Integration of genotype-phenotype studies with epigenomic studies14 reveal that trait-associated

loci are commonly found in putative enhancers1–3. However, our ability is limited to predict

which trait-associated genetic variation changes enhancer tissue-specificity and downstream

phenotypes.

Genotype-phenotype studies vary in their approach depending on what kind of genetic

variation is being studied. Most studies attempt to link phenotypes to common genetic variants,

de novo variants, or somatic mutations. No matter the type of genotype-phenotype studied, a

major challenge is differentiating between causal and inert variation. We call variants which

contribute to the trait “causal”, while “inert” variants do not contribute. The reason inert

variants significantly associate with the trait depends on the type of genetic variation studied.

Genome wide association studies (GWAS) reveal which common genetic variants are

associated with human traits or disease15 (e.g. height, heart disease). GWAS typically use

microarrays to determine the genotypes for thousands of participants across a known set of

common genetic variants (usually >5% in minor allele frequency). The genetic variants that

significantly associate with the trait are enriched for causal alleles. However, inert genetic
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variation significantly associates with the trait because they are linked to the causal allele through

linkage disequilibrium (LD). Fine mapping approaches enrich for causal variants through dense

genotyping of previously identified GWAS loci or imputing LD patterns from large scale studies16.

Integrating epigenomic studies can further prioritize which fine-mapped genomic variation are

within predicted enhancers2;17. Additionally, integrating expression quantitative trait loci (eQTL)

can enrich for significant variants that are reside in genomic loci associated with changes in gene

expression2;17;18. Despite the successes of fine mapping approaches in further enriching for causal

variants in enhancers, these variants are often left unvalidated by orthogonal biological assays.

Thus, it is still an open question what percentage of fine-mapped genetic variation is inert versus

causal. Predicting which alleles are causal is thus currently a challenge in understanding the

importance of common genetic variants and disease. It also limits our accuracy in predict one’s

predisposition to disease based on their genotype.

De novo variants (DNV) also contribute to the emergence of traits and diseases11;19–21.

The contribution of DNVs to phenotypes are studied by whole-genome sequencing trios (the

participant and the two parents). Genetic variants in the child but not the parents are considered

de novo. In these studies, the DNVs discovered in the trait group are compared to the DNVs

discovered in healthy group. Sequencing thousands of trios along with existing epigenetic data

can be used to generate models which predict which DNVs are likely causal, revealing the

contributions of DNVs to disease within promoters19 and enhancers11. However, 45-70 germline

DNVs exist per individual11;19;20. It is therefore a challenge to determine which of these DNVs

are driving the disease in a particular patient. One study took 31 DNVs predicted to be causal

in putative enhancers and characterized how the DNV effected enhancer activity in human heart

cells. 20% of the DNVs drove significant differences in enhancer activity using a reporter assay11.

These results suggest the importance of orthogonal validation to provide evidence for a predicted

causal variant and estimate the accuracy of the model.

Somatic mutations are studied almost exclusively studied in their relevance to cancer,

though their contribution to other diseases is currently being investigated22. When studying

somatic mutations in cancer, tumor and healthy samples from the same patient are sequenced

to determine the somatic mutations unique to the tumor. Since the same somatic mutation
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between patients is extremely rare, “mutational hot spots” are instead searched for to assess

which genomic loci are associated with tumor-specific somatic mutations23. These results can

be integrated with epigenomics and eQTL to understand in which of these hot spot loci are in

putative enhancers. One study sequenced 930 tumors with matched transcriptomes to discover

193 noncoding loci in which tumor mutations disrupt target gene expression24. This study

revealed hot spots of cancer-associated somatic mutations, and the genes that are dysregulated

by the mutation. However, one aspect left unaddressed was the power of these findings to enable

predictions of dysregulated genes in the tumor for a given new patient. That is, even though a

patient may contain a somatic mutation in one of these 193 loci, that mutation may be inert.

Currently, disease associated genetic variation in enhancers is studied through integrating

epigenomics, eQTL and reporter assays with genotype-phenotype association studies. Epigenomics

and eQTL can prioritizes genetic variation in putative enhancers. Reporter assays can provide

evidence for which precise genetic variation can cause changes in enhancer activity. Despite

the important role enhancers play in the emergence of traits and diseases, we still lack an

understanding for how DNA sequence encodes enhancer function. This gap in our knowledge

contributes to our inability to distinguish between causal and inert genetic variation. We propose

that applying mechanistic rules governing enhancer function revealed through 40 years of detailed

studies9;25;26 can contribute an additional layer to unravelling how genetic variation in enhancers

causes human disease.

0.2 Methodologies to measure transcription factor binding
affinity

One important enhancer feature is the affinity with which a transcription factor binds.

The first predominant method to encode binding preferences was the position weight matrix

(PWM). Even today, PWMs are commonly used to predict the location and relative strength of

binding sites27;28. PWMs represent binding preference for a particular nucleotide (A/T/G/C) at

a particular base in the binding site. Additionally, a PWM can be “scanned” across a query DNA

sequence to determine predicted binding sites. The most common tools for PWM scanning are

JASPAR29, MEME suite30 and HOMER31. The major issue with predicting binding sites using
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PWM scanning is that it assumes that the contribution of each individual base is not affected

by the context of the neighboring bases, often called the mono-nucleotide model. PWM-based

predictions of transcription factor binding from the mono-nucleotide model were later shown not

correlate well with empirical measurements of binding site affinity32–34, especially for low-affinity

sites27. Although not ideal for scoring affinity of binding sites, PWM represent an important

first step in characterizing a TF’s binding preferences.

G of a given TF to many DNA sequences in parallel, including MITOMI32 ( 1500 unique

sequences) and BET-seq33 ( 1M unique sequences). Although MITOMI and BET-seq represents

an ideal methodology for empirical △G measurements, these methodologies have not been widely

adopted. Additionally, no centralized database exists to host standardized data nor to search if a

TF has been assayed using these approaches to measure △G.

Although not currently widely used in the field, protein binding microarray (PBM)

represents a methodology to measure relative binding affinity and has already been performed

for hundreds of TFs from a variety of organisms35;36. For a given TF, PBM measures relative

binding affinity for all possible 8-mer DNA sequences using a fluorescence readout. Although

PBM does not report △G, methods exist to calculate a predicted △G from PBM data37. PBM

predicted △Gs correlate well with △Gs measured empirically by MITOMI and BET-seq for two

transcription factors38. In addition to △G, Kd can also be used to measure absolute binding

affinity37. Kd predicted from PBM data was shown to correlate well for two transcription factors

as measured by surface plasmon resonance (SPR) and MITOMI37. Additionally, relative affinities

measured by PBM correlate with endogenous TF binding as measured by ChIP-seq8.

In summary, PBM is the ideal method to score binding affinities for 4 reasons. (1)

PBM provides an affinity measurement for all possible 8-bp DNA sequences, (2) PBM affinity

correlates with △G and Kd absolute affinities as measured by SPR, MITOMI and BET-seq,

(3) PBM affinity correlates with in vivo binding as measured by ChIP-seq, (4) there exists a

quality-controlled, standardized, easily searchable database called UniPROBE36 which hosts

PBM data for hundreds of transcription factors from yeast, flies, mouse and humans. Using PBM

data, we can now predict which genetic variants cause affinity optimizations of binding sites and

the downstream consequences on enhancer tissue specificity and organismal phonotypes.
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0.3 Utilizing the low-affinity regulatory principle in causal
variant prediction

Mechanistic studies of enhancers can lead to “enhancer regulatory principles” which can

then be applied genome wide to predict the genetic variants likely to effect enhancer activity or

tissue-specificity. One emerging enhancer regulatory principle is the importance of suboptimal

enhancer features, such as the affinity of binding sites5;39. Tissue-specificity of enhancers is

achieved through combinatorial binding of transcription factors. We hypothesize that suboptimal

affinities of transcription factors ensure that the enhancer will only activate in cells which contain

sufficient amounts of all transcription factors5. If the affinity of a binding site is optimized for a

single factor, that factor can unilaterally activate expression in tissues that singular factor is

expressed in. Loss of enhancer tissue-specificity through affinity optimization has been previously

demonstrated in the Ciona intestinalis nervous system5 and the developing fly eye39. Though

these two cases suggest the existence of the low-affinity enhancer regulatory principle, there are

several important unanswered questions: how subtle of an affinity increase can affect enhancer

tissue-specificity? What are the effects of affinity optimizations in vertebrates? Can human

genetic variation cause affinity optimization of binding sites sufficient to drive loss of enhancer

tissue-specificity and downstream organismal phenotypes?

In Chapter 1, we show the requirement of low-affinity sites for maintaining tissue specificity

of a Ciona robusta (Ciona) heart enhancer7. We find that single nucleotide variants (SNVs)

can optimize binding site affinity. These optimizing SNVs cause loss of heart-specific expression

and drive heart malformations as severe as an extra chambered heart. We find that a conserved

human heart enhancer also contains low-affinity sites and that optimizing SNVs increase enhancer

activity levels in human heart cells. In Chapter 2, we find that affinity optimizing SNVs in

the ZRS enhancer cause ectopic expression of the sonic hedgehog gene, driving polydactyly in

mice and humans8. These findings demonstrate that the mechanism behind two human families

with polydactyly are violations of the low-affinity enhancer regulatory principle. We then show

that this enhancer regulatory principle enriches for causal variants driving increases in reporter

activity and increases in endogenous gene expression. We find that this principle generalizes

to a total of 3 transcription factors across hundreds of enhancers, highlighting this mechanistic
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principle’s potential to reveal causal mutations across diverse contexts.

To our knowledge, this is the first time using an enhancer regulatory principle genome-

wide to enrich for causal variants. We expect using this mechanistic understanding will be

most successful in conjunction with population-based genotype-phenotype association studies,

dense fine-mapping, eQTL fine-mapping and epigenomics to prioritize the most likely causal

variants. Subsequently, it will be important to test both alleles in orthogonal biological assays to

gather evidence for if the ref/alt alleles drive differential enhancer activity. Ultimately, the most

convincing evidence of causality is demonstrating that introduction of these variants into the

endogenous genomic locus drives changes in endogenous gene expression and downstream cellular

phenotypes associated with the trait (e.g. cellular migration for metastases, or celluar conduction

for some heart traits). Alternatively, causal variants can also be validated by assessing their

power to predict who will exhibit a particular trait given their genotype in a new cohort.

0.4 Broadening our repertoire of enhancer regulatory princi-
ples

In the Ciona FoxF enhancer, the magnitude of affinity-optimization does not correlate

with the severity of ectopic expression7. The most severe ectopic expression was observed for

variants in sites nearby co-factor sites, suggesting our ability to predict the severity of causal

variants must consider neighboring sites. Enhancer grammar could achieve this, as it describes

how the dependency between enhancer features relates to gene expression. The features encoding

grammar are binding site type, number, affinity and syntax (organization). Previous studies of

grammar have only found the “smoking gun” of grammar, or traces of grammatical features which

are enriched in predicted functional regions48–50;52;177. We sought to study enhancer grammar

with a more explicit and interpretable approach to provide a foundation for future studies to

investigate grammar and use grammatical rules to make genomic enhancer predictions.

The grounds for grammatical rules is based on the fact that DNA and transcription

factors have defined physical properties. It then follows that particular organizations of binding

sites allow the formation of a transcription factors, promoting the cooperation and recruitment

of co-factors that activate transcription. Enhancer grammar is defined by the binding site
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type, number, affinity, and syntax9. Binding site syntax is the arrangement of sites and can be

described by their relative order, orientation and spacing. We hypothesize that grammatical

rules revealed by targeted high-throughput studies can be used to predict genomic enhancers.

Additionally, genetic variation that violate these rules will change enhancer expression patterns,

driving downstream changes in phenotypic traits and disease.

Enhancer grammar was first suggested almost 30 years ago41;43. Since then, a body

of work9 has emerged supporting the importance of grammar from flies to humans, and in a

broad range of developmental contexts including the eye, heart, brain, and body patterning. For

example, the order of binding sites in the sparkling enhancer redirects activity from the cone

cells to the photo-receptor cells in the developing fly eye39. In the developing mouse pituitary

gland, decreasing the spacing between Pit-1 sites causes a loss of somatotrope cell expression

and a gain of lactotrope expression44. In the developing Ciona embryo, reversal of a FoxA site in

a functional notochord enhancer results in complete loss of expression45. In the human immune

system, altering spacing between binding sites in the IFNb enhancer causes changes in enhancer

activity levels43. Collectively, these and other publications9 suggest that enhancer grammar is

important for gene expression across diverse organisms and developmental contexts.

These and other studies led to three conceptual models for enhancer function is governed

by grammar9. The enhancesome model is the most rigid where the particular organization of

binding sites is thought to be a strict requirement. The IFNb stands the most popular example

of this, however even in this enhancer we find that changes to organization do not necessarily

break this enhancer, but change the activity levels. In fact, in the original paper describing the

IFNb enhancesome, some spacing changes increased activity levels in their assay43. The polar

opposite of this model is the billboard model, which proposes that a cluster of binding sites is

all that is required to be an active enhancer. A clear example of an enhancer which falls under

the billboard model is the Autoregulatory Socket Enhancer 5 (ASE5 enhancer) which activates

expression in the socket cells in flies46. ASE5 is contains known sites for suppressor of hairless,

Vvl and an A-motif. Variants of ASE5 with perturbed organization of these sites were still active,

however not all clusters of these sites were active, suggesting that the organizations of these sites

are important for a cluster of these sites to be a functional enhancer. A third model, called the
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TF collective model, proposes that TF-TF interactions are the most important. This model

comes from a study that found that a threshold of ChIP-seq signal from a collective of TFs was

important for enhancer activity using reporter assays in fly heart cells47. Since the authors could

not find any grammatical patterns, they asserted that none existed, and rather a critical mass of

the TFs was required for a cluster of sites to be functional.

Overall, evidence for the existence and importance of enhancer grammar in these studies

is strong. However, the case-by-case nature of these studies does not grant us a utility to use

grammar to predict genomic enhancers, nor in predicting which genetic variation causes changes

to enhancer function. With the advent of genome-wide and other high-throughput assays, a

more recent collection of studies emerged searching for enhancer grammar at larger scales.

0.5 Epigenomics studies of enhancer grammar

Epigenomics approaches represent genome-wide assays which reveal regions contain

epigenetic marks associated with enhancers14. The main types of epigenetic studies assay for

histone marks (e.g. H3K27ac), open chromatin (e.g. ATAC-seq), and TF binding (e.g. ChIP-seq).

Most of these studies focus on finding syntax (organizational preferences) of TF-pairs in the

regions they predict to be functional. To date, several studies using genome-wide approaches

were successful in finding the “smoking gun” of syntax48–52. However, when no grammar is

found or only weak signals are detected in their data, authors typically claim this as evidence for

relaxed need for grammar48;52, or that grammar isn’t important for those factors47;52. However,

it likely that technical or biological limitations of the experiment and analysis are contributing

to insufficient power to detect the importance of syntax.

In order to find syntax signals enriched in predicted enhancers regions, one must be able

to identify both binding sites with relatively high accuracy. The accuracy of predicting binding

sites in the genome is dependent on how much is known about that transcription factor. ChIP-seq

cannot identify TF binding sites because the signal spans 100s of bases while the binding site

only spans 6-12 bases. Usually, there are many binding sites under a single ChIP-seq peak.

Although advancements on increasing the resolution of ChIP-seq exist such as CUT&RUN53,

the resolution is still in the 50s to 100s of bases. ATAC-seq and ChIP-exo can be used to find
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precise loci in which TFs bind48;53;54. Although these methods appear to have good signal at

some loci, it is unclear how sensitive these methods are in detecting sites genome wide that are

not extremely high affinity.

To predict binding sites in ChIP-signal, PWMs are typically generated through de novo

motif finding in ChIP-seq peaks using HOMER31 and are uploaded to JASPAR29 for the

community to use. The resulting PWM logos describe motif(s) in ChIP-seq regions, but their

accuracy in predicting functional binding sites usually remain unvalidated. Therefore, studying

the syntax of TF-pairs for which little is known or validated about the binding preferences leads

to inaccurate binding sites prediction and thus an inability to determine the relative syntax of the

two sites enriched in bound regions. One method to increase accuracy of PWM-based binding

site predictions leverages the fact that ATAC-seq signal dips where TFs cover DNA54. Indeed,

the study which used ATAC-seq to prioritize real binding sites found that 34% of TF-pairs have

evidence for preferred syntax50, while the study which used PWM alone found 6% of TF-pairs

with evidence for preferred syntax52. However, even the TF-pairs which are classified as having

”relaxed” syntax have evidence for syntax playing a major role in binding52. In this experiment,

the authors created many mice with indels either between or overlapping PU.1 and C/EBPβ

binding sites across 6 genomic loci. The authors highlight that across all 6 genomic loci, indels

that overlap the motifs have larger effects than indels which cause changes to spacing. Although

true, the indels which changed spacing caused dramatic decreases and increases in ChIP binding

in 3 of 6 of the loci. Unfortunately, the effect of indels changing spacing on ChIP binding at

these 3 loci were never compared to random background indels outside the sites, which would

establish if changing spacing between the sites had a significant effect52. Thus, even for TF-pairs

claimed to have ”relaxed” syntax, it seems that there are still important, but yet unquantified,

contributions spacing makes to the ability of TFs to bind DNA.

Another study took the approach of using ChIP-exo to detect the precise binding locations

of TFs to search for the importance of syntax of 4 TFs important for pluripotency: Oct4, Sox2,

Nanog and Klf4. ChIP-exo can find the precise genomic loci to which TF binds DNA by taking

advantage of 5’ exonucleases. These enzymes will chew the exposed DNA at the 5’ end and stop

where the TF is bound. A deep learning model was trained to predict ChIP-exo signal for an
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arbitrary DNA input sequence. The authors then used the model as an “oracle” to see how

alterations to binding site syntax effects the predicted ChIP-exo signal. Spacing between sites

was found to be an important feature for predicted binding, suggesting the importance of syntax

for these factors. Although this is another smoking gun of the importance of syntax, the authors

do not validate the effects of syntax on binding, nor do they assess the functional importance of

syntax for enhancer activity.

Genome-wide enhancer screens have shifted from relying on epigenetic marks associated

with enhancers to directly testing a DNA sequence’s ability to drive enhancer activity using

massively parallel reporter assays (MPRAs)55. MPRAs are typically episomal, with up to

hundreds of thousands of enhancers cloned into plasmids to be tested in parallel. The plasmid

library is then introduced into cells and RNA sequenced to assess enhancer activity. There are

two key features of MPRAs. First, the episomally measured enhancer activity of a DNA sequence

has been shown to correlate well with activity measured through genomic integration55. Second,

the effect of genetic variants on endogenous gene expression as measured by eQTL correlates well

with the effect on reporter expression tested in MPRA10. Together, these data suggest MPRA is

an ideal model to understand how enhancer sequence activates gene expression, and how genetic

variants in enhancers contribute to changes in endogenous gene expression.

One such MPRA is STARR-seq56;57, which begins with shearing genomic DNA and

cloning sheared fragments in the 3’UTR of a reporter gene. Genomic regions activating reporter

expression are considered active enhancers. A recent STARR-seq study discovered 18,000 fly

genomic enhancers active in S2 cells49. Machine learning models trained on these fly enhancers

can predict enhancer activity in S2 cells of any DNA sequence. Using the model as an oracle,

the authors again find a smoking gun of syntaxes representing spacings between TF-pairs which

had higher predicted activities. However, the trend of the signal was course, spanning 100s of

bases. Recall that previous studies have found that changing spacing between sites by 1-5 bases

can result in large changes in gene expression in fly neural ectoderm58, Ciona neural system5;173,

Ciona notochord6;45, mouse pituitary gland44, mouse macrophage cells52, human immune cells43

and other systems59;60. Although the findings of this study support importance of grammar

using a genome-wide assay, they suggest the models cannot yet pick up the effect that small
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changes in spacing can have on enhancer activity.

0.6 Sequence based deep learning approaches to design tissue-
specific enhancers

Recent advances in increasing the throughput of enhancer screens and more advance

machine learning models has led to some studies successfully designing synthetic tissue-specific

enhancers. Two main studies stand out with respect to this goal. The Aerts lab trained a

deep learning model to predict accessible chromatin in cell types of brain61. They then used

this model and in silico mutagenesis of DNA sequences to create enhancers that specifically

activate in the kenyon cells or perineurial glia cells of the fly brain51. Again, a smoking gun is

found for syntax as there are particular organizations of the TF-pairs Mef2+Ey and Onecut+Ey

that optimize predicted enhancer activity. However, the authors do not validate the effects of

syntax on enhancer activity, nor do they make comparisons between enhancers containing poor or

optimal syntax. Additionally, the authors do not show that this model can predict how changes

to DNA sequence will effect enhancer specificity or activity, limiting the utility for understanding

genotype-phenotype relationships.

In a similar effort, the Tewhey lab trained a convolutional neural network on MPRA

to predict the enhancer activity of a DNA sequence in K562, HepG2 and SK-N-SH cell lines62.

They then performed in silico mutagenesis of DNA sequences to create enhancers specific to

each cell line. The enhancers with the highest tissue specificity were tested in zebrafish embryos.

Impressively, the authors find a large fraction of these synthetic enhancers had the predicted

expression patterns in zebrafish embryos. The authors did not search for syntax in their model,

nor did they assess the accuracy in the models ability to predict how changes to sequence effect

enhancer activity.

Although high-throughput genomic approaches coupled with machine learning has ad-

vanced the field in designing tissue-specific enhancers, we still lack an understanding for how

these enhancers function. Understanding the grammar of enhancers could in fact improve our

ability to design these synthetic enhancers. For example, tuning the number, affinity and syntax

of the sites to achieve different levels of activity of a previously designed synthetic enhancer.
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0.7 Synthetic screens to study enhancer grammar

We propose that the genome may not have enough examples of binding site clusters to

get a sufficient sample size to reveal grammatical rules that regulate them. This is not surprising

given the 100s of regulatory logics at play. Attempting to find grammatical rules for all TF

logics in a one-pot assay using genomic sequence alone may not be feasible. Thus, synthetic

enhancer screens are becoming more popular which focus the study on a single combination of

transcription factors to uncover grammatical principles.

The most in depth study of enhancer syntax to date63 uses a synthetic screen to study

the importance of syntax in encoding enhancer activity. The authors investigated a well-studied

transcription factor logic for embryonic stem cells important for pluripotency, named OSKE,

which is regulated by Oct4 (O), Sox2 (S), Klf4 (K), and Esrrb (E). A synthetic library was

designed in which each synthetic enhancer receives one of each site with a randomized order

and orientation. The authors detected some preferences for order of OSKE clusters. Specifically,

they found that SOKE-ordered clusters drove significantly higher expression that OKES-ordered

clusters. Furthermore, they detected a slight preference for SOX2 in the reverse orientation

over the forward orientation for the SOKE-ordered cluster. These findings represent another

smoking gun of binding site syntax. However, the findings could not be used to predict genomic

enhancers.

There are several reasons that can explain why the syntax patterns they found in the

syntax library design couldn’t translate to making enhancer predictions in the genome. First, the

OSKE library was designed using the consensus sites for each transcription factor. Given that

the consensus sequence is almost always the highest affinity site, the authors thus searched for

syntax rules in a context which contains the highest affinity sites. However, we know that in the

Ciona nervous system5 and notochord6 that high-affinity sites reduce the necessity for optimal

syntax. Therefore, the authors were searching for syntax rules in a screen in which we expect

to see little contribution of syntax to enhancer activity. This may have limited the power to

detect syntax patterns which contribute to enhancer activity. Also, there exist very few binding

site clusters in the genome for which all binding sites are high-affinity. Finally, the synthetic
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enhancers were designed using fixed 20bp linkers. Given that the genome contains a wide variety

of spacing between OSKE clusters, it is not surprising that a screen containing fixed-spaced

clusters could not translate to the genome with variable-spaced clusters.

0.8 Design considerations of targeted and controlled synthetic
screens to study enhancer grammar

Given what we have learned from previous genomic and synthetic approaches, we focus

on five considerations when designing synthetic libraries to ensure maximal generalizability to

the genome. First, the screen should be focused on a singular transcription factor logic to

maximize one’s ability to detect grammatical rules. Second, the screen should generate synthetic

sequences from known functional binding sites and inert linker sequences. This step is critical,

as it minimizes contributions from binding sites that are not a part of the logic being studied.

Third, each sequence in the library should have a paired negative control to which a mutation is

applied to each binding site that ablates transcription factor binding. If this negative control is

active, you know that the enhancer is not activated by the logic you are studying and should

thus be omitted when searching for grammar rules. Fourth, the functional binding sites should

have a range of functional affinities, maximizing generalizability to the genome which contain

TFBS clusters with a large variety of affinity of binding site clusters exist. Finally, the screen

should contain inert linker sequences that vary in lengths. This will ensure that the binding sites

have a diverse range of spacing, maximizing generalizability to the genome in which clusters of

binding sites exist with highly variable spacing.

Ciona represent an ideal model to study enhancer grammar. Ciona are a member of

the urochordates, the sister group to the vertebrates64 Ciona share many tissues with the

vertebrates. For example, Ciona contain a heart, dorsal nerve cord and notochord65–67. Many of

the transcriptional programs which regulate the development of its tissues are also conserved,

such as ETS and MesP specifying the heart83. Finally, we can test the activity of hundreds of

thousands of enhancers in every cell of thousands of developing embryos68. This high-throughput

approach provides a unique opportunity to reveal grammatical rules of enhancers and its use

in making genomic predictions. In chapter 4, we discover grammatical rules of a conserved
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transcription factor logic which uses GATA and ETS binding sites. We exhaustively test all

possible syntaxes of functional GATA and ETS binding sites and inert linkers derived from the

Otx-a Ciona neural enhancer5. The Farley lab previously identified the functional GATA and

ETS binding sites, and also demonstrated that all the linker sequences are inert5. We generate a

synthetic library containing randomized organizations of binding sites and linker sequences. We

identify preferred orders, orientations and spacings of GATA/ETS in active synthetic enhancers.

We then find that these activator syntaxes can be used to increase the accuracy of genomic

enhancers predictions. To our knowledge, this work is the most in depth studies of enhancer

grammar to date and the first to show that grammar can be used to improve sequence-based

enhancer predictions at the genome scale. Additionally, we use these grammatical rules to design

new synthetic tissue-specific enhancers not present in our original synthetic screen or in the

genome. The importance of grammatical rules in the genome suggests that future studies may

be able to predict changes in gene expression based on genetic variation disrupting functional

syntaxes of sites.

14



Chapter 1

Single-nucleotide variants within heart en-
hancers increase binding affinity and disrupt
heart development

1.1 Abstract

Transcriptional enhancers direct precise gene expression patterns during development and

harbor the majority of variants associated with phenotypic diversity, evolutionary adaptations,

and disease. Pinpointing which enhancer variants contribute to changes in gene expression and

phenotypes is a major challenge. Here, we find that suboptimal or low-affinity binding sites are

necessary for precise gene expression during heart development. Single-nucleotide variants (SNVs)

can optimize the affinity of ETS binding sites, causing gain-of-function (GOF) gene expression,

cell migration defects, and phenotypes as severe as extra beating hearts in the marine chordate

Ciona robusta. In human induced pluripotent stem cell (iPSC)-derived cardiomyocytes, a SNV

within a human GATA4 enhancer increases ETS binding affinity and causes GOF enhancer

activity. The prevalence of suboptimal-affinity sites within enhancers creates a vulnerability

whereby affinity-optimizing SNVs can lead to GOF gene expression, changes in cellular identity,

and organismal-level phenotypes that could contribute to the evolution of novel traits or diseases.

1.2 Introduction

Enhancers are genomic elements that act as switches to control the location, level, and

timing of gene expression to ensure the successful development and integrity of an organism14;69.

Sequence changes within enhancers can lead to changes in gene expression, phenotypic diversity,
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novel traits, and disease70–72. Indeed, most disease-associated variants within the genome lie

within enhancers1–3. Yet, pinpointing causal base-pair changes within enhancers is challenging

because they are typically associated with many inert variants due to linkage disequilibrium.

Furthermore, it is hard to functionally validate variants at scale in the relevant biological

context73. Our inability to predict causal enhancer variants is stalling efforts to harness the full

potential of genomic data to understand the genetic basis of health and disease. Here, we use a

mechanistic understanding of the regulatory principles governing enhancers to pinpoint causal

enhancer variants that alter gene expression and heart development.

FGF (fibroblast growth factor) signaling plays a critical and conserved role in heart

development across bilaterians74;75. FGF signaling mediates changes in gene expression through

binding of activated ETS transcription factors (TFs) to enhancers76. Loss and gain of FGF

signaling pathway components cause heart defects in organisms as diverse as Drosophila and

humans77–79. For example, gain of FGF is implicated in cardiac hypertrophy80, whereas

manipulation of ETS-1 in mice recapitulates some of the most common congenital heart defects

in Jacobsen syndrome81. In Ciona, expression of a constitutively active form of ETS (ETS-VP16)

in non-heart muscle cells leads to development of a multi-chambered heart by recruitment of

more cardiac progenitor cells to the ventral midline82.

Ciona robusta (Ciona) is a marine chordate and member of the urochordates, the sister

group to vertebrates64. Similar to vertebrates, Ciona have a pumping heart within a pericardium,

and early heart specification involves the TFs ETS and MesP83. Across bilaterians, migration of

the heart cells to the ventral midline is dependent on FGF signaling. In Ciona, the trunk ventral

cells (TVCs) give rise to the heart and pharyngeal cells84;85. FGF signaling and MesP activate

expression of FoxF in the TVCs, this triggers migration of the TVCs to the ventral midline.

Ciona is experimentally tractable, allowing us to investigate enhancer activity in hundreds of

developing embryos and easily visualize the migration of the TVCs to the ventral midline83.

Thus, Ciona heart development, and the FoxF enhancer, provide an ideal system to investigate

the relationship between enhancer sequence, tissue-specific gene expression and organismal-level

phenotypes.

Developmental enhancers contain suboptimal-affinity sites (also referred to as submaximal
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and low-affinity sites), which ensure tissue-specific gene expression5;6;86–89. Although the use of

suboptimal-affinity binding sites to encode precise gene expression has been seen in a variety of

contexts, it has not been explored within heart development. Additionally, in the previous studies,

many nucleotide changes are made to the sequences to turn low-affinity sites into high-affinity

sites, but these large numbers of changes do not reflect the sequence changes naturally arising

within genomic enhancers. Here, we seek to determine if low-affinity binding sites are important

in heart development, and if single-nucleotide variants (SNVs) that increase binding affinity

(affinity-optimizing SNVs) could cause gain-of-function (GOF) gene expression that contributes

to phenotypic changes in heart development.

1.3 Results

1.3.1 FoxF is expressed within the TVCs and triggers migration of the
TVCs to the ventral midline

A 295 bp FoxF enhancer upstream of a minimal promoter (bpFog) driving expression

of nuclear mCherry recapitulates this TVC-specific expression pattern (Figures 1A, 1E, and

S1A90;91. An E-box site, ATTA sites and three ETS sites are important for activity of the

FoxF enhancer (Figure S1B)84;92. To identify additional ETS sites within the FoxF enhancer,

we search for ETS cores (GGAW) within the enhancer and identify three additional putative

ETS sites. We assign affinities of all six ETS sites from protein binding microarray (PBM) data,

which measures the interaction of ETS1 with all possible 8-mers35;93. We use PBM data for

mouse ETS1 as a proxy for Ciona ETS1 binding because the DNA-binding domain and binding

specificity of ETS1 is highly conserved5;94. We calculate the relative affinity as the ratio of each

8-mer’s fluorescence to the fluorescence of CCGGAAGT, the 8-mer with the highest affinity for

ETS1 in Drosophila, Ciona, mice, and humans5;93;94. The putative ETS sites within the FoxF

enhancer bind ETS with low relative affinities ranging from 0.09 to 0.24 (Figure S1C).

1.3.2 Low-affinity ETS sites are necessary for tissue-specific expression

To determine if these six low-affinity ETS sites are necessary for expression within the

TVCs, we ablate these ETS sites using point mutations that disrupt hydrogen bonding between

the ETS TF and the binding site (GGAW to GCAW).35 Ablating all of the ETS sites in
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parallel leads to complete loss of enhancer activity (Figures 1B, 1E, and S1C). To investigate the

contribution of each ETS site to FoxF enhancer activity, we ablate individual ETS sites with

point mutations (GGAW to GCAW) and test the effect of these changes in reporter assays by

scoring mCherry expression levels in embryos. To the best of our knowledge, these ablations do

not create or ablate motifs for TFs present within the TVCs (Table S1). Ablating individual sites

in the enhancer leads to a significant reduction in enhancer activity for five ETS sites (Figures

S1C and S2). The only site without a reduction in expression upon ablation is ETS6, which

has the lowest affinity at 0.09. Although loss of the ETS6 site does not alter expression, we

cannot rule out that this site is redundantly involved in enhancer activity95–97. These results

demonstrate that five low-affinity ETS sites are necessary for FoxF enhancer activity in the

TVCs and illustrate the functional role of low-affinity ETS sites within a developmental heart

enhancer (DHE).

To determine if the ETS sites within the FoxF enhancer need to be low affinity for

tissue-specific expression, we increase the affinity of the five ETS sites necessary for activity,

keeping the GGAW core constant. Optimizing the affinity of all five ETS sites within the enhancer

requires 16 nucleotide (nt) changes and leads to ectopic expression in tissues receiving FGF

signaling, including the anterior tail muscle cells (ATMs), mesenchyme, nervous system, and

notochord (Figures 1C and 1E). To demonstrate that it is the increase of ETS affinity driving

the expression change, we made a FoxF enhancer with the 16 nt that optimize ETS affinity in

combination with mutations that ablate ETS binding (GGAW to GCAW) (FoxF all opt ablated).

This enhancer has no activity (Figures 1D and 1E). Thus, low-affinity sites are important for

maintaining TVC-specific expression of the FoxF enhancer. Similar results have been seen upon

optimizing the affinity of sites within neural and notochord enhancers, indicating that the role of

low-affinity sites to encode tissue-specific expression is a general regulatory principle governing

developmental enhancers5;6.
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Figure 1.1 Low-affinity ETS sites are necessary for tissue-specific expression. (A)
The FoxF enhancer drives expression in the TVCs, marked by asterisks. (B) An enhancer with
all ETS sites ablated (by changing each site from GGAW to GCAW) drives no enhancer activity.
(C) Optimizing the affinity of all ETS sites leads to ectopic expression in ATMs, mesenchyme,
nervous system, and notochord. (D) Ablating the ETS sites within the context of the FoxF all
opt (FoxF all opt ablated) drives no enhancer activity. (E) Embryo scoring for above constructs
(3 replicates, n >= 32 embryos per replicate). p values are obtained using chi-squared test
comparing each condition to WT with Bonferroni correction: **p < 0.0017; *p < 0.017, N.S.,
not significant. Schematics show electroporated enhancers, values are affinities, and dots show
nucleotide changes. ETS6 is not shown in the schematic as ablation of this site did not impact
expression (see Figure S1). Scale bars, 50 um. Data in stacked bar chart are represented as the
mean. See also Figures S1 and S2 and Tables S1 and S2.
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Figure 1.1. Low-affinity ETS sites are necessary for tissue-specific expression.
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1.3.3 Affinity-optimizing SNVs lead to loss of tissue-specific expression

To determine if any SNVs could optimize ETS binding affinity and alter gene expression,

we make every possible SNV in the flanking region of the ETS sites of the FoxF enhancer in silico

and calculate the resulting affinity change. Within this manuscript, we use SNVs to denote single

base-pair changes, regardless of whether they are synthetic or naturally found within Ciona or

human populations. We find that SNVs in three of the five ETS sites cause a >=3-fold increase

in ETS affinity (Figure 2A).

The greatest affinity change occurs within the ETS1 site, which has a starting affinity

of 0.12. A SNV increases affinity 8-fold, creating an almost consensus site, with 0.97 affinity.

We demonstrate the affinity change using electrophoretic mobility shift assay (EMSA) to detect

differential binding of Ciona ETS1 to the wild-type (WT) and affinity-optimized ETS1 sequences

(Figure S3). When we make this SNV within the FoxF enhancer (FoxF-ETS1-T-to-C), the

enhancer drives ectopic mCherry expression in the ATMs and mesenchyme, both cell types that

receive FGF signaling (Figures 2C and 2H).

We also find affinity-optimizing SNVs within the ETS3 and ETS4 sites. A SNV within

the ETS3 site causes a 3-fold increase in affinity, from 0.11 to 0.34. This affinity-optimizing SNV

drives ectopic expression in ATMs, mesenchyme, and neural tissues (Figures 2D and 2H). The

affinity-optimizing SNV within the ETS4 site increases affinity from 0.17 to 0.52; this 3-fold

affinity increase causes ectopic expression in the ATMs and mesenchyme (Figures 2E and 2H).

These results suggest that affinity-optimizing SNVs are sufficient to cause loss of tissue-specific

gene expression.
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Figure 1.2 Affinity-optimizing SNVs lead to loss of tissue-specific expression. (A)
Affinity fold change for SNVs within functional ETS sites of the FoxF enhancer. (B) The WT
FoxF enhancer drives expression in the TVCs. (C) The FoxF-ETS1-T-to-C enhancer drives
expression in the TVCs, ATMs, and mesenchyme. (D) The FoxF-ETS3-T-to-G enhancer drives
expression in the TVCs, ATMs, mesenchyme, and neural tissues. (E) The FoxF-ETS4-T-to-C
enhancer drives expression in the TVCs and ATMs. (F) Optimizing the affinity of three ETS
sites with SNVs leads to ectopic expression in ATMs, endoderm, mesenchyme, nervous system,
and notochord. (G) Ablating the ETS sites (GGAW to GCAW) within the context of the 3
SNVs no longer drives ectopic expression, only very weak TVC enhancer activity occurs in <10%
of embryos. Image shows representative embryo with no expression. (H) Embryo scoring for
above constructs (3 replicates, n >= 17 embryos per replicate). p values are obtained by using
chi-squared test comparing each condition to WT with Bonferroni correction: **p < 0.001; *p
< 0.01; N.S., not significant. Asterisks mark TVCs, and arrows mark ATMs. Schematics show
electroporated enhancers, values are affinities, and dots mark SNVs. Scale bars, 50 um. Data in
stacked bar chart are represented as the mean. See also Figures S2 and S3 and Tables S1 and S2.
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Figure 1.2. Affinity-optimizing SNVs lead to loss of tissue-specific expression.
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A FoxF enhancer containing all three affinity-optimizing SNVs (FoxF 3 SNVs) drives

strong activity in tissues responding to FGF signaling, similar to the FoxF all opt enhancer and

the effect of these three SNVs appears to be synergistic (Figures 2F and 2H). A FoxF enhancer

with all three affinity-optimizing SNVs and ablated ETS cores (GGAW to GCAW) drives almost

no expression, demonstrating that the effect of these SNVs is ETS dependent (Figures 2G and

2H).

1.3.4 Affinity-optimizing SNVs cause migration defects and disrupt heart
development

All three enhancers containing a single affinity-optimizing SNV show ectopic reporter

expression in the ATMs (Figure 2). The ATMs and TVCs are related cell types that both

receive FGF9 ligand; however, the TVCs contain higher levels of activated ETS due to FGF

receptor enrichment98;99. The high levels of activated ETS within the TVCs causes TVC-specific

expression of FoxF and migration of the TVCs to the ventral midline82. Because the ATMs have

low levels of activated ETS, they do not express FoxF and do not migrate (Figure 3A; Video

S1)82. Overexpression of constitutively active ETS or FoxF in the ATMs causes the ATMs to

migrate with the TVCs82;84. We therefore hypothesize that the ectopic ATM expression driven

by FoxF enhancers containing affinity-optimizing SNVs could cause migration of the ATMs to

the ventral midline.
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Figure 1.3 Affinity-optimizing SNVs cause migration defects and disrupt heart
development. (A) Schematic showing a tailbud wild-type embryo, the concentration of activated
ETS in the TVCs and ATMs and the role of FoxF in migration of the TVCs to the ventral
midline. The TVCs have high levels of activated ETS, whereas the ATMs have lower levels of
activated ETS. FoxF enhancer drives expression of FoxF in the TVCs, causing them to migrate.
(B) Schematic showing a tailbud embryo containing the FoxF-ETS1-T-to-C enhancer driving
FoxF. TVC cells have high levels of activated ETS, whereas ATMs have low levels of activated
ETS. Embryos with the FoxF-ETS1-T-to-C enhancer drive expression of FoxF in the TVCs and
ATMs, causing the ATMs to express FoxF and migrate with the TVCs. (C) Embryo with WT
FoxF enhancer driving FoxF, co-electroporated with a MesP enhancer driving GFP marking the
ATMs and TVCs at 16 h post fertilization (hpf). (D) Embryo with FoxF-ETS1-T-to-C enhancer
driving FoxF, co-electroporated with a MesP enhancer driving GFP in the TVCs and ATMs at 16
hpf; all cells migrate to the ventral midline. Black cells in (C) and (D) are the otolith and ocellus.
(E) Juvenile with WT FoxF enhancer driving FoxF with heart colored in blue; normal heart
morphology is seen. (F) Juvenile with FoxF-ETS1-T-to-C enhancer driving FoxF has two hearts
with main heart colored in pink, auxiliary heart colored in orange; abnormal heart morphology
is seen in 79% (41/52) of embryos with migration defects. Hearts were false-colored digitally.
(G) Schematic of juvenile Ciona with normal heart morphology. (H) Schematic of juvenile Ciona
with auxiliary heart. Scale bars, 50 um. See also Figure S4 and Videos S1 and S2.
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Figure 1.3. Affinity-optimizing SNVs cause migration defects and disrupt heart
development.
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To test this hypothesis, we co-electroporate a Mesp-2kb>GFP reporter to mark both the

TVCs and ATMs and a construct containing the FoxF 3 kb regulatory element, including the

endogenous promoter, driving FoxF mRNA (Figure S4A). We use the 3 kb regulatory element

rather than a minimal enhancer to better recapitulate the regulatory region. When the WT FoxF

enhancer drives FoxF, we observe no migration of ATMs to the ventral midline (Figures 3A, 3C,

and S4; Video S1) and juvenile Ciona have normal hearts (Figures 3E and 3G; Video S2). When

we electroporate the FoxF 3SNVs driving FoxF, embryos are so deformed we could not track

TVC migration. When we electroporate the FoxF-ETS1-T-to-C enhancer driving FoxF, we see

migration defects in 9.3% of embryos (Figures 3B, 3D, and S4; Video S1). The FoxF-ETS3-T-to-G

enhancer driving FoxF causes migration defects in 9.9% of embryos, despite the fact this SNV

only increases the affinity of the site to 0.34 (Figure S4). The FoxF-ETS4-T-to-C driving FoxF

causes migration defects in 8.0% of embryos (Figure S4). Thus, SNVs that lead to >=3-fold

increase in affinity, even those that result in relatively low-affinity sites, have the potential to

contribute to migration defects during heart development. The strong impact of the optimized

ETS3 site on migration could be due to nearby E-box and ATTA sites84;92, suggesting that

enhancer grammar9 may influence the functional consequences of affinity-optimizing SNVs within

genomes.

To determine the impact of migration defects on heart development, we followed 52

FoxF-ETS1-T-to-C embryos with migration defects from the larval to juvenile stages. Strikingly,

79% of embryos with migration defects have abnormally developed hearts (Figures 3F and

3H). Phenotypes range from enlarged hearts to two distinct beating hearts within the same

pericardium (Video S2). As the Ciona age, hearts from animals with the FoxF-ETS1-T-to-C SNV

could not pump blood, and these animals did not survive beyond 12 days post metamorphosis.

1.3.5 Low-affinity ETS sites are prevalent in putative DHEs across chor-
dates, and these enhancers are vulnerable to affinity-optimizing
SNVs

The role of FGF signaling in specification and migration of heart cells is conserved

from flies to vertebrates74;75. To determine if low-affinity sites are common within DHEs, we

used epigenomic datasets to define putative DHEs in both Ciona and humans. Using assay for
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transposase-accessible chromatin with sequencing (ATAC-seq) data100 for Ciona heart cells at

6.5 h post fertilization, a time at which TVCs receive FGF signaling, we identify 15,174 putative

Ciona DHEs. Using ATAC-seq and chromatin immunoprecipitation sequencing (ChIP-seq)

for p300 and H3K27Ac from primary fetal human hearts and induced pluripotent stem cell

(iPSC)-derived embryonic-like cardiomyocytes at time points when FGF signaling is important

for heart development, we find 252,931 putative human DHEs11;101–103. In both Ciona and

human DHEs, the median affinity of putative ETS sites is 0.12, suggesting that low-affinity sites

are prevalent within chordate putative DHEs. Within 6,618 (44%) of Ciona DHEs and 154,685

(61%) of human putative DHEs, a SNV can increase the affinity of ETS sites by >=3-fold, with

the average affinity after optimization being 0.52 (Figure 4A). Thus, DHEs are vulnerable to

affinity-optimizing SNVs, some of which may lead to GOF gene activity and changes in cellular

identity.

1.3.6 Human and mouse Gata4 heart enhancers contain low-affinity ETS
sites

GATA4 is a key TF within the developing heart. One of the human DHEs is the ortholog

of the mouse enhancer for Gata4 (Figure 4B). The mouse Gata4 G9 enhancer is ETS dependent

and drives expression in the endocardial and myocardial heart layers104. Ablating four ETS sites

within the mouse Gata4 G9 enhancer leads to loss of expression, suggesting that these sites are

functional and required for enhancer activity104. However, the affinity of these ETS sites has not

been studied. We assign the affinity of all ETS sites within the Gata4 G9 enhancer using mouse

ETS1 PBM data. All of the ETS sites within the mouse Gata4 G9 enhancer have affinities ranging

from 0.09 and 0.12. The four sites previously shown to contribute to enhancer activity and

bind ETS-1 have affinities of 0.11, 0.12, 0.10, and 0.12, respectively. These findings demonstrate

that low-affinity ETS sites are necessary for heart-specific expression. The human GATA4 G9

enhancer contains low-affinity binding sites that are almost identical to those within the mouse

Gata4 G9 enhancer. A reporter construct containing the human GATA4 G9 enhancer, basal

supercore promoter, and reporter (GFP and barcode) drives expression in human iPSC-derived

fetal-like cardiomyocytes, which are the primary cell type found within the myocardial layers of

the heart (Figure 4C).
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Figure 1.4. Low-affinity ETS binding sites are prevalent within developmental
heart enhancers, and affinity-optimizing SNVs lead to gain-of-function expression
in human iPSC-CMs (A) Violin plots in light blue of ETS site affinities within Ciona and
human putative DHEs. 44% of Ciona DHEs and 61% of human DHEs contain an ETS site in
which a SNV can increase ETS affinity >=3-fold. Dark blue violin plots show distributions of
the ETS affinity within each enhancer upon addition of the highest affinity-optimizing SNV. (B)
Schematics of human and mouse Gata4 enhancers show high conservation of low-affinity ETS
sites. Sites with underlined affinities mark functionally validated ETS sites in mice.35 GATA4
G9 enhancer SNVopt harbors a SNV that increases relative affinity from 0.11 to 0.73. GATA4 G9
enhancer 4opt has 4 ETS sites with increased affinity. (C) Hs GATA4, Hs GATA4 SNVopt, and
Hs GATA4 4opt enhancer activity (log2(RNA RPM/DNA RPM) as measured by reporter assay
in human iPSC-CMs. Data are represented as mean +/- SEM. *p < 1e-5. See also Table S2.
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1.3.7 Affinity-optimizing SNVs within the human GATA4 G9 enhancer
cause GOF expression in human iPSC-derived cardiomyocytes

To determine if optimizing the affinity of the ETS sites within the GATA4 G9 enhancer

leads to GOF expression, in this case an increase in expression within cardiomyocytes, we

conducted a reporter assay in human iPSC-CMs to compare the expression of the reference

human GATA4 G9 enhancer (Hs GATA4) with the same enhancer with a single (Hs GATA4

SNVOpt) or four affinity-optimizing mutations (Hs GATA4 4Opt)105;106. Increasing the affinity

of a single ETS site from 0.11 to 0.73 (Hs GATA4 SNVopt) leads to a significant increase

in expression. Increasing the affinity of four ETS sites (Hs GATA4 4opt) leads to an even

larger increase in expression (Figure 4C). Thus, in the human GATA4 G9 heart enhancer,

affinity-optimizing variants drive GOF gene expression, consistent with our findings in Ciona.

1.4 Discussion

1.4.1 Low-affinity ETS sites are a prevalent feature of DHEs

Our genome-wide analysis finds low-affinity sites are a common feature of DHEs across

Ciona, mice, and humans. Ablation of low-affinity sites both within the Ciona FoxF enhancer and

mouse Gata4 enhancer cause a significant reduction in enhancer activity, demonstrating that these

low-affinity sites are functional. Low-affinity sites are also important within enhancers activated

by other TFs downstream of signaling pathways and pleiotropic factors5;58;86;107;108. Our findings

highlight the importance and vastly underappreciated contribution of very low-affinity binding

sites to regulation of gene expression and the advantages of scoring the affinity of sites.

1.4.2 Affinity-optimizing SNVs cause GOF enhancer activity, which can
contribute to phenotypes

In Ciona, affinity-optimizing SNVs lead to loss of tissue-specific expression and migration

defects that alter heart development. In the most extreme cases, we see two beating hearts. We

propose that ETS affinity-optimizing SNVs likely contribute to congenital heart disease and

cardiac traits. The ubiquitous role of FGF in other developmental programs109;110 and cancer111

indicates that ETS affinity-optimizing SNVs are likely involved in other enhanceropathies.

Searching for affinity increases as a method to filter for causal enhancer variants is not common;
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yet, from our work and a few other studies, it appears that this could be a powerful approach.

To our knowledge, only three studies search for an affinity increase and measure the impact on

gene expression yet do not analyze phenotype112–114. In a handful of examples, causal enhancer

variants have been functionally validated via reporter assays. After the validation of the impact

of these variants on gene expression, these sequence changes have been identified as increasing

affinity101;115–118. These other aforementioned studies have found sequence changes that increase

affinity in TFs as diverse as Wnt effectors and Hox members that can alter gene expression

and are statistically associated with a risk for certain phenotypes115;118? . In another of our

studies, we find affinity-optimizing SNVs for a variety of TFs including ETS, AP-1, Hox and

IRX cause GOF enhancer activity. Within limb development, naturally occuring human SNVs

and synthetic SNVs that increase the affinity of ETS cause extra digits in mice and humans119.

1.4.3 Affinity-optimizing SNVs may contribute to evolution of novel traits

There is a fine line between creation of novel phenotypes that are beneficial or detrimental1.

The Ciona heart, similar to all invertebrate chordates, is single chambered, whereas all extant

vertebrates have at least two chambers. The evolution of a dual-chambered heart in vertebrates

is thought to involve recruitment of additional precursor cells to the ventral midline82. Our

study indicates that mutations within enhancers that increase binding affinity for ETS result

in more cells migrating to the ventral midline and creation of another compartment within the

pericardium. Although the animals in our study with two hearts did not survive, it is possible

that some animals with multi-chambered hearts could survive and have a selective advantage.

More generally, affinity-optimizing SNVs could contribute to the evolution of traits by affecting

gene expression patterns and cell behavior.

1.4.4 Violations in regulatory principles governing enhancers can pinpoint
causal enhancer variants

How enhancer variants contribute to phenotypes is a pressing challenge we need to solve

if we want to causally link genomic variation to phenotypic diversity in health and disease.

To date, only a handful of enhancer variants have been functionally validated as altering gene

expression and phenotype. Yet, thousands of non-coding variants are associated with changes
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in gene expression and phenotypic variation. We cannot possibly test all non-coding variants

in the relevant cell types and time points to pinpoint causal enhancer variants. Finding rules

that generalize across different enhancers relies on understanding the regulatory principles that

govern enhancer function. One such regulatory principle is the use of low-affinity binding sites

to encode tissue-specific expression and levels of expression. Here, we show that SNVs that

violate this regulatory principle can cause GOF gene expression and organismal-level phenotypic

changes. Identification of other regulatory principles, and subsequently variants that violate these

principles, could provide further mechanistic approaches to pinpoint causal enhancer variants at

scale.

1.4.5 Limitations of the study

Although many studies use position weight matrices to find matches to binding sites,

here we use PBM data, an in vitro measurement of relative binding affinity that allows us to give

a relative affinity score to every 8mer sequence. In vitro PBM measurements do not consider

chromatin structure, protein-protein interactions, cooperative binding between multiple sites, or

phase separation. Although this is a limitation, it also has some advantages because it enables

us to have a fixed measurement of relative binding affinity that can be used across genomes, cell

types, and species to annotate putative binding sites. As illustrated in our study, this approach

can predict binding and the impact of SNVs in different cell types and organisms (e.g., FoxF

Ciona TVC enhancer and human GATA4 cardiomyocyte enhancer). As such, it is a score that

can be used to analyze genomic sequences and predict the impact of enhancer SNVs without the

need to measure specific binding affinity of every site at every time point and cell type of an

organism.

Our studies take advantage of disparate biological systems Ciona and human cardiomy-

ocytes to detect GOF gene expression. In Ciona, we are able to assay expression in all cells

of the embryo, but it is difficult to quantify expression levels within these cell types. While in

human cells we see that the affinity-optimizing SNVs increase levels of expression, we cannot

assay the impact of this SNV on specificity of gene expression within the entire human heart.

Together, these complementary assays illustrate that affinity-optimizing SNVs can increase the
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levels of expression within the endogenous location and also lead to expression in other cell types,

both types of GOF expression could contribute to phenotypes.

Another limitation relates to how we study the role of enhancer variants on cell behavior.

We characterize Ciona heart phenotypes by electroporation of a plasmid carrying a large 3 kb

regulatory region driving FoxF cDNA into fertilized eggs. Although the WT 3 kb region driving

FoxF mRNA does not alter migration, the same regulatory element with only a single SNV leads

to migration defects. Indeed, we see consistent results for three different SNVs tested in this way.

Ideally, we would show that a SNV within the endogenous locus has the same effect. However,

targeted genome editing with homology-directed repair or base editing is not yet possible within

Ciona. Once these techniques are established, testing the impact of the FoxF SNVs within the

genome will be important. Although we have not tested the FoxF SNVs in the endogenous

locus, we have done similar studies in mice and found that affinity-optimizing SNVs within the

endogenous locus in mice lead to GOF expression and phenotypes119.

1.5 Methods

1.5.1 Tunicates

Adult C. intestinalis type A aka Ciona robusta (obtained from M-REP) were maintained

under constant illumination in seawater (obtained from Reliant Aquariums) at 18 degrees C.

Ciona filter feed on material in seawater and we do not add any food for the week we keep them

for. Ciona are hermaphroditic, therefore there is only one possible sex for individuals. Age or

developmental stage of the embryos studied are indicated in the main text.

1.5.2 iPSC-derived cardiomyocytes

Cell culture. iPSC-CMs from line UDID 109 and from line UDID 13947 were thawed

and seeded onto gelatin-coated 48-well plates at a density of 1.3 x 105/cm2. UDID 109 cell line

is from an Asian male and UDID 139 cell line is from an Asian female. Cells were cultured using

previously described culture conditions120.
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1.5.3 Mutagenesis and cloning

The FoxF enhancer construct was a gift from the Levine and Christiaen labs. The

construct consists of the following elements in order: AscI, FoxF enhancer, XbaI, bpfog promoter,

NotI, H2B-mCherry, EcoRI. Point mutations were introduced into the construct using mutagenesis

with partially overlapping primers with 3’-overhangs. To clone the construct with all 6 ETS

sites ablated from GGAW to GCAW, we ordered the FoxF enhancer synthesized from IDT. For

experiments using the 3kb FoxF enhancer and FoxF cDNA, the 3kb FoxF regulatory region was

amplified from the genome and cloned into our electroporation vector, the FoxF cDNA was also

cloned into this vector The FoxF cDNA sequence can be found in Aniseed with the Gene Model

ID KH2012:KH.C3.170. The GATA4 G9 reporter plasmid for testing in iPSC-CMs consists of the

following elements in order: GATA4 fragment, supercore promoter, unc76-EGFP, 30-nucleotide

barcode and polyA.

1.5.4 Cional Electroporation

Electroporation. Constructs to be compared to each other are midiprepped in the same

batch using the NucleoBond Xtra Midi kit (Macherey-Nagel). For each construct, 70 ug of DNA

in 100 uL is added to 400 uL of 0.96 M D-mannitol. Dechorionation, in vitro fertilization and

electroporation were performed as described previously.70 Typically for each electroporation, eggs

and sperm were collected from 6 adults. Embryos were fixed at the appropriate developmental

stage for 15 minutes in 3.7% formaldehyde. The tissue was then cleared in a series of washes of

0.3% Triton-X in PBS and then of 0.01% Triton-X in PBS. Samples were mounted in Prolong Gold.

Differential interference contrast microscopy was used to obtain transmitted light micrographs

with an Olympus FV3000, using the 40X objective. The same microscope was used to obtain all

fluorescent images. Three biological replicates were analyzed for each construct unless otherwise

noted.

Counting Embryos. In Ciona, as there are defined cell lineages, we can determine cell

identity based on visually inspecting the nuclear signal and the region of the embryo in which

the signal occurs. Strong, moderate, and weak expression levels through the eyepiece were

determined as strong being visible at 25x of light source, moderate being visible at 50x of light
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source, and weak being visible at 100x of light source. Fifty embryos were counted for each

biological replicate, unless otherwise noted. For each experiment, slides were counted blind.

Image Acquisition. For enhancers being compared, images were taken from electropora-

tions performed on the same day using identical settings. For representative images, embryos

were chosen that represented the average from counting data. Representative embryos on the

slide were chosen and imaged prior to unblinding the slides. Two exposure times were taken for

each construct. In each figure, the same exposure time for each image is shown to allow direct

comparison, which occasionally leads to overexposed images being used for stronger constructs

(e.g., Figure 1C).

Counting Larvae for Migration Defects. Embryos were transferred from gelatin-coated

electroporation plates to 15cm uncoated plastic plates filled with filtered seawater at 7 hpf.

All well-developed larvae on the plate were counted from 16-20 hpf and scored for presence or

absence of normal ATM development. All larvae with migration defects were marked for heart

morphology analysis in the juvenile stage. For each replicate, 10-20 larva with normal ATM

development were selected for heart morphology analysis in the juvenile stage.

Juvenile Heart Morphology Analysis and Imaging. Juvenile hearts were analyzed for

morphological defects starting at 48hrs after metamorphosis. Hearts with abnormal structure

or function were scored as “deformed.” Images and video of hearts were taken on an Axiozoom

microscope with a mounted iPhone 7. Video editing was done in Adobe Premiere Pro. Heartbeat

animations were made in Adobe Animate.

TVC Migration Time-lapse Imaging. Embryos were electroporated with MesP 2kb>GFP

as previously described and checked for GFP fluorescence at 6 hpf. Well-developed embryos with

strong GFP expression were transferred to a glass-bottom microscopy plate in seawater. Z-stacks

were taken of each embryo every 30 minutes for 8 hours with an Olympus FV3000 microscope

with a 20x objective lens. Resulting time-lapses were analyzed in Fiji. A max projection was

taken of the GFP channel and merged with the DIC. Time-lapses were cropped and rotated in

Adobe Photoshop.
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1.5.5 Electrophoretic mobility shift assay

EMSAs were performed using the LightShift™ Chemiluminescent EMSA Kit (Ther-

moFisher Scientific) with biotinylated and non-biotinylated double-stranded oligonucleotides

corresponding to the ETS1 region of the FoxF enhancer and mutations that alter affinity to

0.97 and 1.00. Oligonucleotides were annealed according to the advanced protocol at this link

(https://tools.thermofisher.com/content/sfs/brochures/TR0045-Anneal-oligos.pdf). Ciona ETS1

DBD protein was synthesized using the TNT Quick Coupled Transcription/Translation System

(Promega) from the pTNT plasmid containing Ciona ETS1 DBD. Ciona ETS1 DBD was synthe-

sized with flanking XhoI and NotI sites using Twist Bioscience and cloned into the pTNT-B18R

vector (Addgene #58978). The Ciona ETS1 DBD sequence was determined as the sequence of

Ciona ETS1 that aligns to Mouse ETS1 DBD121;122. The binding reaction was carried out in a

20 uL volume containing 2 uL of 10X Binding Buffer (100mM Tris, 500mM KCl, 10mM DTT;

pH 7.5), 50ng Poly(dI:dC), 4 uL of protein extract and 20 femtomol biotin-labeled probe. For

competition experiments, a 200-fold molar excess of unlabeled probe was added. Binding reactions

were pre-incubated for 10 minutes before adding the biotin-labeled probe. Binding reactions

were then incubated at room temperature for 20 min and loaded onto a DNA retardation gel

(6%). After sample electrophoresis with 0.5X TBE on ice and transfer to a 0.45-um BiodyneTM

B Nylon membrane (ThermoFisher Scientific) in the cold room, DNA was crosslinked for 15

minutes using 312 nm light, and the membrane was put between blank sheets of paper overnight.

The next day, the biotinylated probes were detected using the Chemiluminescent Nucleic Acid

Detection Module (ThermoFisher Scientific). Images of the resulting membrane were acquired

using a Chemidoc MP imaging system (Bio-Rad).

1.5.6 Scoring Relative Affinities

Relative affinities were calculated using high-throughput binding datasets123

(thebrain.bwh.harvard.edu/uniprobe/index.php). They were calculated using median signal inten-

sities of mouse ETS1 universal protein binding microarray data from the UniProbe database93.

It has previously been shown that the binding specificity of ETS1 across 600 million years from

flies to humans is conserved and thus the use of mouse ETS1 to calculate ETS affinity is a valid
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approach94. The relative affinity represents the ratio of the median signal intensity of the native

8-mer motif to the optimal 8-mer motif for ETS.

Computational Search for Motifs Altered by each SNV. For each SNV, a 30 base-pair

region centered on the ETS site was put into JASPAR and scanned for all 1205 vertebrate profiles

with 80% cutoff. Then, the same 30 base-pair region centered on the ETS site with the SNV was

put into JASPAR74 and scanned for all 1205 vertebrate profiles with 80% cutoff. The list of sites

destroyed and created by the SNV were found, we further filtered this list to focus on individual

transcription factor sites with mutations that affect nucleotides critical for transcription factor

binding. Of the ETS-family JASPAR profiles, we used MA0098.1.ETS1. For the GGAW to

GCAW ablations, no TFBS for repressors expressed in the TVCs (ANISEED database) were

created and no TFBS for activators expressed in the TVCs (ANISEED database) were destroyed.

For the SNV opt mutations, no TFBS for repressors expressed in the ATMs (ANISEED database)

were destroyed and no TFBS for activators expressed in the ATMs (ANISEED database) were

created.

1.5.7 Computational Enhancer Analysis

Alignment of ATAC-seq reads. ATAC-seq alignment was performed following the

methods in Racioppi et al100. Raw reads from 6 hours post fertilization (hpf) (GEO accession

GSE126691, LacZ 6hpf 1-3, LacZ 10hpf 1-4) were first preprocessed by FastQC (version 0.11.2,

http://www.bioinformatics.babraham.ac.uk/projects/fastqc). Adaptors were trimmed using

Trim Galore (version 0.4.4, http://www.bioinformatics.babraham.ac.uk/projects/trim galore)

and trimmed reads were aligned to the Ciona robusta genome63 using Bowtie2 (version 2.3.2124)

with the parameters –very-sensitive -p 16 -X 1000. Reads with mapping quality score > 30 were

kept for downstream analysis using SAMtools (version 1.2125). Mitochondrial reads were removed

using bash command egrep -v. Following examination of read quality of the 6hpf data, replicate

2 was removed. Read pileup (BAM) files for replicates 1 and 3 at 6hpf were merged using the

SAMtools merge function and peaks were called using MACS2 (version 2.7.9)126 (–nomodel –bdg

–g 99000000 -f BAMPE -q 0.01). To correct for nonspecific sequencing biases, we subtracted

gDNA from these libraries127.
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Calculating top ATAC peaks. To find the highest confidence peaks in our dataset, we

calculated the area under the curve (AUC) as the sum of the read depth at each position in the

peak. Bedtools genomecov (-bga) and intersect functions were used to calculate the read depth

at every genomic position within all the called peaks128. Peaks with AUCs in the top 90% were

kept and the rest were discarded.

Downloading putative enhancers. Human fetal heart putative enhancers were identified

from epigenomic datasets from the key resources table. Any coordinates for hg18 or hg19 were

lifted over to hg38 using pyliftover 0.4 (https://pypi.org/project/pyliftover).

Identifying affinity-optimizing SNVs in putative developmental heart enhancers. We first

determined the distribution of ETS affinities in putative developmental heart enhancers. We

collected affinities for all ETS sites defined as NNGGAWNN. Once all of the ETS binding site

affinities were determined, we then performed all possible point mutations to each binding site

and plotted those which resulted in >=3-fold change. We reported the number of putative heart

enhancers which contained >=1 ETS which could be affinity-optimized >=3 fold by a SNV.

1.5.8 Enhancer Library

Library Construction. A library containing Hs GATA4, Hs GATA4 SNVopt and Hs

GATA4 4opt enhancers upstream of the supercore promoter, GFP and barcode, was constructed

as previously described in129.

iPSC cell culture. iPSC-CMs from line UDID 109 and from line UDID 13947 were

thawed and seeded onto gelatin-coated 48-well plates at a density of 1.3 x 105/cm2. The iPSC-

CMs were transfected with 325nM/well of plasmid containing the enhancer library driving GFP

using ViaFect™ Transfection Reagent (Promega) at a 6:1 ratio in a medium containing 10%

FBS and 5uM (Y27632) ROCK Inhibitor (Sigma). 16hrs post transfection and every other day,

medium was changed. Cells were then collected 96hrs post transfection and stored in TriZol

reagent frozen at -80°C. Library transfection was performed in duplicate for line 109 and triplicate

for line 139.

iPSC RNA extraction, cDNA synthesis, DNA extraction, barcode extraction, sequencing.

Total RNA was extracted using TriZol extraction and treated to remove contaminating DNA
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(TURBO DNA-free DNase digestion kit, Ambion). Subsequent mRNA was isolated (Dynabeads

mRNA Isolation kit, Invitrogen) and was used for cDNA synthesis (Transcriptor High Fidelity

cDNA Synthesis kit, Sigma-Aldrich). Subsequent DNA extraction, barcode extraction, and

sequencing was performed as previously described130

Enhancer to Barcode Assignment, Dictionary Analysis, and SEL-Seq Data Analysis.

Assignment of barcodes to enhancers, dictionary setup and SEL-Seq data analysis was performed

as previously described !ref ben song, with the only difference being that assignment of barcodes

to enhancers was done using PacBio sequencing. Active enhancers will transcribe the mRNA

barcode, thus the mRNA barcodes were measured to calculate enhancer activity. The library

was transfected into human iPSC-CMs, samples were collected 96 hours after transfection, and

we isolated barcode mRNA and DNA. To normalize the enhancer activity to differences in the

amount of plasmid, we calculated log2(mRNA RPM / DNA RPM). This was done in 6 biological

replicates across 2 cell lines, with an average Pearson correlation coefficient between replicates of

0.86.

Quantification and statistical analysis. For comparisons of counting data, the chi-squared

test was used in Excel with the CHISQ.TEST function. For the post hoc test to avoid false posi-

tives, Bonferroni correction was used to adjust thresholds for significance. With N comparisons,

the Bonferroni-adjusted P value needed for significance is 0.05/N. Enhancer activity scores in

Figure 4 were statistically analyzed using a standard two-sided T-test with Benjamini-Hochberg

adjustment.

1.5.9 Data Availability

Sequencing data have been deposited at figshare and are publicly available as of the date

of publication. Accession numbers are listed in the key resources table.

Microscopy and scoring data reported in this paper will be shared by the lead contact

upon request.

1.5.10 Code Availability

All original code has been deposited at GitHub and is publicly available as of the date of

publication. DOI is listed in the key resources table.
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Bed files of putative Ciona developmental heart enhancers and putative human develop-

mental heart enhancers have been deposited at GitHub and DOI is listed in the key resources

table

Any additional information required to reanalyze the data reported in this paper is

available from the lead contact upon request.
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Chapter 2

Affinity-optimizing enhancer variants dis-
rupt development

2.1 Abstract

Enhancers control the location and timing of gene expression and contain the majority

of variants associated with disease1–3. The ZRS is arguably the most well-studied vertebrate

enhancer and mediates the expression of Shh in the developing limb131. Thirty-one human single-

nucleotide variants (SNVs) within the ZRS are associated with polydactyly12;13;131. However,

how this enhancer encodes tissue-specific activity, and the mechanisms by which SNVs alter

the number of digits, are poorly understood. Here we show that the ETS sites within the ZRS

are low affinity, and identify a functional ETS site, ETS-A, with extremely low affinity. Two

human SNVs and a synthetic variant optimize the binding affinity of ETS-A subtly from 15%

to around 25% relative to the strongest ETS binding sequence, and cause polydactyly with the

same penetrance and severity. A greater increase in affinity results in phenotypes that are more

penetrant and more severe. Affinity-optimizing SNVs in other ETS sites in the ZRS, as well as in

ETS, interferon regulatory factor (IRF), HOX, and activator protein (AP-1) sites within a wide

variety of enhancers, cause gain-of-function gene expression. The prevalence of binding sites with

suboptimal affinity in enhancers creates a vulnerability in genomes whereby SNVs that optimize

affinity, even slightly, can be pathogenic. Searching for affinity-optimizing SNVs in genomes

could provide a mechanistic approach to identify causal variants that underlie enhanceropathies.
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2.2 Introduction

The human genome contains millions of enhancers132. These segments of the DNA act

as switches to regulate where and when all the protein-coding genes in our genome are expressed.

As such, enhancers encode the instructions for tissue-specific gene expression and thus successful

development, adult homeostasis and cellular integrity133. Most SNVs associated with phenotypic

variation and disease are located in enhancers1–3. Pinpointing which SNVs in an enhancer

contribute to disease is a huge challenge because these causal variants are often embedded within

a sea of inert variants1–3;134. Our inability to pinpoint causal enhancer variants is a bottleneck in

relating genotype to phenotype. Here we use mechanistic and generalizable principles governing

enhancers to predict causal enhancer variants. Such an approach could enable systematic and

scalable methods that harness the full potential of genomic data to improve human health.

To investigate the relationship between enhancer sequence and phenotypes, we focus

on the ZRS enhancer131. This enhancer regulates the expression of Shh (SHH in humans) in

the posterior of the developing limb buds in a region known as the zone of polarizing activity

(ZPA), and is crucial for limb and digit development in vertebrates such as chicks, mice and

humans135–137. This approximately 800-bp enhancer is highly conserved in sequence between

mice and humans, and in both species it is located nearly 1 Mb away from the Shh promoter131.

Although the ZRS is one of the most well-studied enhancers, how it encodes gene expression

and how SNVs cause phenotypes are unclear. More than 30 SNVs in the ZRS found across

vertebrates are associated with polydactyly and other limb defects such as tibial hemimelia

(shortening of the tibia) (Supplementary Table 1). Several human families and mice have the

same SNVs within the ZRS and show similar phenotypes, providing evidence of the robustness of

polydactyly phenotypes across species and genetic backgrounds (Supplementary Table 1). The

high degree of conservation in digit patterning and ZRS sequence across mice and humans makes

the mouse an excellent system in which to study the genetic basis of polydactyly. Reporter

assays analysing the effect of SNVs on ZRS enhancer activity in mice suggest that polydactyly is

associated with gain-of-function (GOF) ectopic enhancer activity in the anterior limb bud. Eight

human SNVs associated with polydactyly have been tested within the endogenous mouse locus,
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and studies suggest that four of these cause Shh GOF expression in the anterior limb bud and

extra digits13;138 (Supplementary Table 2). However, the mechanisms by which these SNVs alter

enhancer function are poorly understood13;70;138.

2.3 Results

2.3.1 Redundant low-affinity ETS sites regulate the ZRS

The ZRS is regulated by a combination of transcription factors, including HAND2, HOX,

ETV4, ETV5, ETS-1 and GABPa96;138–141. Five annotated sites known as ETS1–ETS5 are

involved in the transcriptional activation of Shh from the ZRS and bind to the transcription

factors ETS-1 and GABPa96. Both ETS-1 and GAPBa are activated downstream of fibroblast

growth factor (FGF) signalling from the apical ectodermal ridge142. Deletion of all five ETS sites

results in the complete loss of enhancer activity in the ZPA when tested by reporter assays in

mice96. Deletion of individual sites has no effect on expression; however, deleting combinations

of these sites leads to a significant reduction of expression within the ZPA96. These results

show that the five ETS sites (ETS1–ETS5) are redundantly necessary for the activation of Shh

expression in the ZPA. An emerging regulatory principle that governs enhancers—including ones

regulated by ETS—is the use of suboptimal-affinity binding sites (also known as low-affinity or

submaximal binding sites) to encode enhancer tissue specificity5;6;86. This principle has been

studied mainly in invertebrates5;6;86.

To investigate whether the vertebrate ZRS also adheres to this regulatory principle,

we measured the relative affinity of the five ETS sites (ETS1–ETS5) using protein binding

microarray (PBM) data for the mouse transcription factor ETS-193;123. PBM measures the

binding affinity of all possible 8-mer sequences for the transcription factor of interest to provide a

direct measurement of binding123. A relative affinity is then calculated by comparing the signal

of all 8-mers to the signal of the highest-affinity site, which has a score of 1.00 or 100%. The

DNA binding specificities of ETS-1 and other class I ETS transcription factors are conserved in

mice and humans (Extended Data Fig. 1). Therefore, the binding affinities measured for ETS-1

convey the binding affinities of other class I ETS transcription factors that are expressed within

the limb bud and which might also bind to this locus, such as GABPa93;96;140. Although PBM is
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an in vitro measurement, the relative affinity defined by PBM shows a strong correlation with in

vivo chromatin immunoprecipitation (ChIP) peak intensity across several datasets (Extended

Data Fig. 2).

The five previously annotated and functionally validated ETS sites (ETS1–ETS5)96 in

the ZRS have suboptimal binding affinities, ranging from 0.26 to 0.39 relative to consensus

(Fig. 1a). We identify a total of 19 putative ETS sites in the human ZRS, and 18 in the mouse

ZRS, all of which have suboptimal affinity. Fifteen of these sites are conserved in location and

affinity between human and mouse (Extended Data Fig. 3a). One of these conserved sites is

a newly identified ETS-A site that has an extremely low affinity of 0.15. We confirm that this

ETS-A sequence binds the transcription factor ETS-1 using an electrophoretic mobility shift

assay (EMSA) (Fig. 1a and Extended Data Fig. 4).
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Figure 2.1 An ETS-A site in the ZRS enhancer contains two human variants that
are associated with polydactyly, both of which subtly increase ETS binding affinity.
a, The human ZRS contains five known and functionally validated ETS sites, ETS1–ETS5, all of
which have suboptimal affinity. We identify a new site, ETS-A, which has a relative affinity of
0.15. Six HOX sites (yellow) and one HAND2 site (pink) have also been previously identified.
Thirty-one SNVs associated with polydactyly are found in humans (black bars), and SNVs are
also found in other species such as cats, mice and chicks (green bars). b, Two human SNVs
associated with polydactyly, denoted French 2 and Indian 2, occur within the ETS-A site. Both
SNVs lead to a subtle increase in relative affinity of ETS-A to 0.24 and 0.26 respectively. c–f,
The ETS-A sequence in a reference (Ref) mouse (c) drives the expression of Shh (d) and Ptch1
(e) restricted to the posterior domain of the developing limb bud in E11.75 and E12.0 embryos,
respectively, as shown by in situ hybridization. f. Skeletal staining shows a WT mouse hindlimb
with normal digit morphology. g–j, The French 2 SNV (g) drives the ectopic expression of Shh
(h) and Ptch1 (i) in the anterior limb bud of homozgous embryos (arrow) in addition to the
normal domain of posterior expression. j, A mouse hindlimb homozygous for French 2 has an
extra triphalangeal thumb. k–n, The Indian 2 SNV (k) drives the ectopic expression of Shh (l)
and Ptch1 (m) in homozygous embryos (arrow). n, A hindlimb from an Indian 2 homozygous
mouse has an extra triphalangeal thumb. We did not calculate n for Shh because the expression
is highly dynamic and thus hard to accurately capture; instead, we calculate the n of Ptch1 as a
readout of Shh.
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Figure 2.1. An ETS-A site in the ZRS enhancer contains two human variants that
are associated with polydactyly, both of which subtly increase ETS binding affinity.
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2.3.2 Human polydactyly SNVs subtly increase affinity

The ETS-A site lies in a region of the ZRS that is completely conserved between mice

and humans (Extended Data Fig. 3b). Two human variants associated with polydactyly- the

French 2 (334 T>G) and Indian 2 (328 C>G) variants—are located in the ETS-A site (Fig.

1b). The French 2 variant is found in a family that has preaxial polydactyly; it is incompletely

penetrant because three out of four family members with this variant have an extra thumb12.

Only one individual with the Indian 2 variant has been identified and has preaxial polydactyly13.

Notably, both human variants cause a similar subtle increase in the relative affinity of the ETS-A

site from 0.15 in the reference to 0.24 in French 2 and 0.26 in Indian 2. EMSA confirms that

both variants bind to ETS-1 more strongly than does the wild-type (WT) ETS-A (Extended

Data Fig. 4). We hypothesized that this slight 1.6-fold increase in the relative affinity of the

ETS-A site could be causing polydactyly. Although both variants have been studied using LacZ

reporter assays in mouse, these assays suggest that only the French 2 variant alters enhancer

activity13. Neither of these human variants have been studied within the endogenous ZRS locus,

and the mechanism by which they alter gene expression is unknown. Therefore, we first sought

to determine whether mice with the French 2 and Indian 2 variants exhibit ectopic expression of

Shh and preaxial polydactyly.

French 2 and Indian 2 homozygous mice show ectopic expression of Shh in the anterior

of the hindlimb at embryonic day (E)11.75 (Fig. 1h,l). The domain of ectopic Shh expression is

tiny and highly dynamic. Therefore, we also looked at Ptch1, a direct downstream target of Shh

that is commonly used as a readout for Shh signalling138;143. Ptch1 is ectopically expressed in

the French 2 and Indian 2 E12.0 homozygotes (Fig. 1i,m). We observed no ectopic expression of

Shh or Ptch1 in the forelimb at E11.75 or E12.0, owing probably to differences in the regulation

of Shh expression in the forelimb and hindlimb144. Heterozygous and homozygous French 2 and

Indian 2 mice have preaxial polydactyly in their hindlimbs, which indicates that very small and

transient ectopic expression of Shh can have a strong effect on digit number (Fig. 1j,n). In

humans, polydactyly occurs most commonly on the forelimbs, but in mice it typically occurs

on the hindlimb12;13;138 (Supplementary Table 1). This is likely to be due to differences in

forelimb and hindlimb specification between the two species145;146. The additional anterior digit
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in mouse hindlimbs resembles the extra triphalangeal thumb observed in the orthologous human

congenital malformations, and we call this a triphalangeal toe. Thus, both variants are causal

for polydactyly and phenocopy the observed human phenotype.

2.3.3 Affinity-optimizing SNVs cause polydactyly

The French 2 and Indian 2 variants have the same phenotype, which suggests that the

mechanism that drives polydactyly could be the same subtle increase in affinity of the ETS-A

site. To test this prediction, we generated two more mouse lines with manipulations within the

ETS-A site. The first mouse line, Syn 0.25, contains a synthetically created ETS-A site with

an affinity of 0.25—the same affinity as that of the French 2 and Indian 2 variants—but has a

different sequence change (Fig. 2a). We further validate the binding of ETS-1 to each of these

ETS-A sequences with approximately 0.25 affinity using EMSA, and see no significant difference

in the binding of ETS-1 to the French 2, Indian 2 or Syn 0.25 sequences (Extended Data Fig.

4). It is possible that any disruption to the ETS-A sequence could lead to a phenotype. To

show that this is not the case, we also made a mouse line that we predicted would have no effect

on phenotype. We created a loss-of-function (LOF) mouse in which the ETS-A binding site is

ablated by removing a crucial nucleotide required for binding (Fig. 2e and Extended Data Fig.

4). Owing to the redundancy of ETS sites within the ZRS147, we predicted that the loss of the

ETS-A site would have no effect on Shh expression or limb development.

Mice containing the Syn 0.25 ETS-A site show ectopic expression of Shh and Ptch1 in the

anterior limb bud at E11.75 and E12.0, respectively, mirroring the expression patterns observed

in the French 2 and Indian 2 mice (Fig. 2b,c). Syn 0.25 mice also have preaxial polydactyly in

their hindlimbs (Fig. 2d), which suggests that the affinity change rather than the sequence change

is driving the phenotype. As predicted, mice with the LOF mutation show no ectopic expression

of Shh or Ptch1 (Fig. 2f,g) and have normal limb morphology (Fig. 2h). Together, these studies

show that the GOF increase in ETS-A affinity within the ZRS enhancer is pathogenic, whereas

the LOF variant is non-pathogenic. This work demonstrates our ability to successfully predict

the relationship between genotype and phenotype for sequence variants in the ETS-A site.

We hypothesized that if all three of these ETS-A affinity-optimizing variants share the
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Figure 2.2. Synthetic changes to the ETS-A site that create a 0.25-affinity site and
a LOF site cause predicted phenotypes. a–d, The Syn 0.25 ETS-A site (a), which has an
affinity of 0.25, drives the ectopic expression of Shh (b) and Ptch1 (c) in the anterior limb bud, in
addition to the normal domain of expression in the posterior limb bud. d, Skeletal staining of a
homozygous mouse hindlimb shows an extra triphalangeal thumb. e–h, The LOF ETS-A site (e)
drives the normal expression of Shh (f) and Ptch1 (g) in the posterior limb bud. h, Homozygous
mice have normal digit morphology. We did not calculate n for Shh because the expression is
highly dynamic and thus hard to accurately capture; instead, we calculate the n of Ptch1 as a
readout of Shh.

49



same mechanism of action then the penetrance, laterality and severity of polydactyly should be

comparable between the three lines. Phenotyping of mice was done blind to genotype. French

2, Indian 2 and Syn 0.25 mice with the same affinity ETS-A site have similar penetrance and

laterality in heterozygotes, with polydactyly occurring most frequently on the right hindlimb (Fig.

3a). Homozygotes exhibit phenotypes bilaterally and have a higher penetrance of polydactyly

than do heterozygotes. Although all of the mice in this study are bred under identical conditions

and have the same genetic background, there is a range of digit phenotypes (severity) in each line

(Fig. 3b). Yet this distribution of digit phenotypes is identical across the lines. In heterozygotes

the most common presentation is an extra digit that is either biphalangeal or triphalangeal,

whereas homozygotes most commonly present with an extra digit that is triphalangeal. Thus,

these three mouse lines with the same affinity increase show the same penetrance, laterality and

severity with no statistical differences.

We next wanted to investigate whether the ETS-A site is indeed functional, which is

challenging owing to redundancy within the enhancer96. If the WT ETS-A site is contributing

to enhancer activity, then the penetrance of polydactyly in mice containing one copy of the

ETS-A Syn 0.25 allele and one copy of the WT ETS-A site should be higher than it is in mice

with one allele of ETS-A Syn 0.25 and one allele of LOF ETS-A. The penetrance and severity

of phenotypes in the ETS-A Syn 0.25/LOF ETS-A mice are significantly reduced relative to

the ETS-A Syn 0.25/WT ETS-A mice (Fig. 3), thus demonstrating that the 0.15-affinity WT

ETS-A site contributes to enhancer activity and phenotypes.

Our comprehensive analysis of phenotypes across 795 transgenic mice shows that all three

variants that increase the affinity of ETS-A to around 0.25 have indistinguishable phenotypes

in heterozygotes and homozygotes. This provides compelling evidence that the subtle affinity

optimization of this ETS-A site is the mechanism that drives polydactyly. Although there is

increasing recognition of the role of low-affinity sites within enhancers, sites with affinities as low

as 0.15, and even those with affinities of 0.25, are still typically ignored13. Yet here we see that a

0.15-affinity site is functional, and that a 0.25-affinity site is not only functional but sufficient to

disrupt normal limb development, indicating that subtle increases in low-affinity sites can be

pathogenic.
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Figure 2.3. All mice with the approximately 0.25-affinity ETS-A are indistinguishable
in terms of the penetrance, laterality and severity of polydactyly. a, Penetrance and
laterality of phenotypes seen in French 2, Indian 2 and Syn 0.25 heterozygous (Het) and
homozygous (Homo) mice. There is no significant difference in penetrance and laterality between
heterozygotes and between homozygotes of French 2, Indian 2 and Syn 0.25 mice (Fisher’s exact
test). Polydactyly occurs more frequently on the right hindlimb in both heterozygotes and
homozygotes. In Syn 0.25/LOF mice, polydactyly is less penetrant than in heterozygous Syn 0.25
mice (Syn 0.25/WT). NS, not significant. b, Polydactyly phenotypes seen in French 2, Indian
2 and Syn 0.25 heterozygotes (dashed lines) and homozygotes (solid lines), as well as in Syn
0.25/LOF mice. There is no significant difference in the phenotypes seen between the French 2,
Indian 2 and Syn 0.25 lines (Fisher’s exact test). TT, triphalangeal toe. Biorender.com was used
to generate images in this figure.
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Figure 2.4. A greater increase in affinity at the ETS-A site causes more severe and
penetrant polydactyly and long-bone defects. a, The ETS-A reference (Ref) sequence.
b, In situ hybridization of Shh in WT hindlimb at E11.75 shows a domain of expression in the
posterior of the limb bud. c, Skeletal staining of a WT mouse hindlimb showing five digits. d,
WT forelimb showing five digits e, WT hindlimb focused on tibia and fibula. f, The Syn 0.52
ETS-A sequence. g, In situ hybridization of Shh in a Syn 0.52 homozygous mouse hindlimb
bud at E11.75. Ectopic expression in the anterior of the limb bud is indicated by an arrow. h,
Skeletal staining of a homozygous Syn 0.52 ETS-A mouse hindlimb showing six digits. The toe
and the extra digit are both triphalangeal. i, Homozygous Syn 0.52 mouse forelimb showing
six digits. Both the thumb and the extra digit are triphalangeal. j, Hindlimb focused on the
tibia and fibula in a Syn 0.52 ETS-A homozygous mouse. The tibia is severely shortened. The
hindlimbs in e,j were imaged with the same magnification. See Extended Data Fig. 6 for more
details.
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2.3.4 Predicting penetrance and severity

Having seen that a subtle increase in affinity can cause developmental defects, we wondered

whether the degree of affinity change could predict the penetrance and severity of phenotypes.

This mechanistic understanding could be valuable for diagnostic and treatment purposes. To

test this hypothesis, we created a mouse line with a 0.52-affinity ETS-A site (Fig. 4f). EMSA

confirms that this sequence binds ETS-1 more strongly than do the WT ETS-A or the 0.25

ETS-A sites (Extended Data Fig. 4).

French 2, Indian 2 and Syn 0.25 homozygotes have a small amount of ectopic Shh

expression in the hindlimb, and the Syn 0.52 site, as predicted, causes a large domain of Shh and

Ptch1 expression in the anterior of the hindlimb, as well as ectopic expression in the forelimb

(Fig. 4g and Extended Data Fig. 5g,i). Consistent with these expression patterns, Syn 0.52 mice

have polydactyly in both the forelimbs and the hindlimbs, whereas mice with 0.25 affinity have

polydactyly only in the hindlimbs (Fig. 4h,i). Moreover, in Syn 0.52 mice, polydactyly is fully

penetrant in the hindlimbs for both heterozygotes and homozygotes, and is almost fully penetrant

in the forelimbs (Extended Data Fig. 6a). Polydactyly in Syn 0.52 mice is most commonly

bilateral in both heterozygotes and homozygotes, whereas unilateral phenotypes are prevalent in

0.25 ETS-A affinity mice. Most Syn 0.52 mice have six digits that are all triphalangeal, but some

have seven or even eight digits; this is more severe than the polydactyly seen in the 0.25 ETS-A

affinity mice (Extended Data Fig. 6c). Syndactyly also occurs more frequently in the Syn 0.52

mice than in the French 2, Indian 2 and Syn 0.25 mice. In addition, Syn 0.52 mice have defects

in the long bones. Tibial shortening or tibial hemimelia, a condition seen in humans138, occurs in

95% of Syn 0.52 homozygotes (Fig. 4j and Extended Data Fig. 6b). Thus, as predicted, greater

increases in affinity lead to more penetrant and severe phenotypes. This raises the possibility

that affinity increases could be used to predict the severity and penetrance of phenotypes.

2.3.5 Affinity-optimizing SNVs prevalent across the ZRS

We next wanted to see whether our ability to predict causal enhancer variants could

generalize to the other ETS sites within the ZRS. Seventeen SNVs cause an increase of at least

1.6-fold in ETS affinity; this is the fold change occurring in French 2, Indian 2 and Syn 0.25
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(Fig. 5a). To see whether these variants drive gain of function, we analyse data from published

ZRS reporter assays. In one of these assays that tests the effect of 2% sequence mutagenesis of

the human ZRS enhancer on expression in mouse limb buds13, we find that enhancer variants

containing affinity-optimizing ETS SNVs are significantly enriched for GOF expression. However,

there are around 16bp changes within each enhancer, so we cannot definitively attribute the

GOF expression to an individual SNV (Extended Data Fig. 7).

To more accurately relate SNVs to changes in gene expression, we analysed a massively

parallel reporter assay (MPRA) that conducted saturation mutagenesis of a 485-bp region of

the ZRS enhancer in a limb-like cell line148. Because spatial expression cannot be assayed in a

cell line, levels of reporter expression serve as a readout of GOF enhancer activity. There is a

significant enrichment of GOF gene expression in enhancers that contain affinity-optimizing ETS

SNVs, relative to all other SNVs within the dataset (Fig. 5b). By contrast, there is no significant

enrichment of GOF activity within SNVs that do not alter ETS binding affinity. Four of the

eleven affinity-optimizing SNVs in this region of the ZRS drive GOF gene expression; these SNVs

occur in ETS-A, ETS-B, ETS2 and ETS3. In this cell-line MPRA, the French 2 and Indian 2

SNVs did not significantly increase expression148. The false negative classification of French 2

and Indian 2 is likely to be due to the use of a cell line and the difficulty of assessing dynamic

and very subtle changes in gene expression. The Indian 2 SNV was similarly misclassified in

another reporter assay within the developing limb bud13, in which three embryos were screened

for expression at E11.5. Our analysis of data from these two ZRS mutagenesis studies13;148, and

our in-depth study of variants within the ETS-A site, show that affinity-optimizing SNVs in four

different ETS sites across the ZRS can cause GOF gene expression.

To see whether our findings generalize beyond ETS to other transcription factor binding

sites (TFBSs) in the ZRS, we searched for HOX affinity-optimizing SNVs associated with

polydactyly. Both HOXA13 and HOXD13 are expressed in the distal limb bud, and changes

in their expression can affect digit and limb development149. The Dutch 2 SNV (165A>G32)

increases the affinity for both HOXA13 and HOXD13. EMSA confirms that the Dutch 2 SNV

binds these HOX proteins more strongly than the WT sequence does, suggesting that an increase

in HOX binding underlies the Dutch 2 polydactyly phenotype (Extended Data Fig. 8a,b and
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Figure 2.5. Affinity-optimizing SNVs drive GOF expression in the ZRS and IFNb
enhanceosome. a, Schematic of the human ZRS showing 19 putative ETS sites and 17 SNVs
that increase the affinity of ETS sites by 1.6-fold or more. ETS sites identified from previous
studies (ETS0–ETS5) are labelled15,51. We annotated changes in expression caused by these
SNVs on the basis of results from a saturation mutagenesis MPRA and our study. b,c, Box plots
showing all SNVs tested within MPRA mutagenesis experiments, their significance and their
effects on expression. The bounds of the box plots define the 25th, 50th and 75th percentiles, and
whiskers are 1.5× the interquartile range. The y axis is the log of the adjusted P value (Padj)
with the direction of expression change (positive values indicate an increase in expression and
negative values indicate a decrease in expression). Dashed horizontal lines indicate significance
thresholds at P=.05. Each dot represents a tested SNV. SNVs that have a significant increase in
expression are shown in green, those with no significant change in expression are grey and those
with a significant decrease in expression are red. For each plot, we show SNVs that increase the
affinity of the transcription factor, SNVs within the TFBS that do not alter affinity and all other
SNVs. b, Analysis of the ETS TFBS in a saturation mutagenesis MPRA on a 485-bp region
of the ZRS enhancer. c, Analysis of the IRF TFBS in a saturation mutagenesis MPRA on the
IFNb enhanceosome. We used one-tailed Mann–Whitney U tests to determine any significant
enrichment for GOF enhancer activity
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Supplementary Table 3).

2.3.6 The enhanceosome contains affinity-optimizing SNVs

The interferon-b (IFNb) enhanceosome is a well characterized enhancer that switches

on IFNb gene expression as an immune response to viral infection43;150. IRF-binding sites are

necessary for enhancer activity151. We analysed MPRA assays that mutated every base pair

within this enhancer60. SNVs that increase the affinity of IRF binding sites by a fold change

of at least 1.5 are significantly enriched in GOF expression relative to all other SNVs in the

MPRA, whereas there is no significant enrichment for GOF expression in SNVs within IRF sites

that did not alter IRF binding affinity (Fig. 5c). One of these IRF affinity-optimizing SNVs

was independently tested in another assay and also showed GOF expression151. These findings

provide further evidence of the general role of affinity-optimizing SNVs in GOF expression within

another enhancer regulated by different transcription factors and active in different cells. Unlike

the ZRS enhancer, the enhanceosome is a redundant enhancer152;153. Therefore, within the

context of reporter assays, the principle of affinity optimization applies to two classic enhancers

and examples of a redundant and a non-redundant enhancer.

2.3.7 Other transcription factors and disease enhancers

To investigate the role of affinity-optimizing variants in other enhancers, we looked at

MPRA assays conducted on 11 enhancers associated with a variety of diseases148 (Extended

Data Fig. 9). Saturation mutagenesis was used to assay the effect of each base on enhancer

activity. Each MPRA was performed in a cell line relevant for each particular enhancer148.

Because FGF signalling is important in many cell types and aberrations to FGF signalling are

implicated in a variety of disease contexts, we did not filter for enhancers responsive to ETS,

but simply looked across all 11 enhancers. The median ETS affinity within these enhancers

is 0.12. Enhancers with affinity-optimizing ETS SNVs (>=1.6-fold) are significantly enriched

for GOF expression, whereas SNVs that occur in ETS sites but do not change their affinity

are not significantly enriched in GOF enhancer activity (Fig. 6a). There are many SNVs that

slightly increase binding affinity and are associated with GOF enhancer activity, indicating that

small increases in binding affinity can contribute to GOF gene expression across a wide range of
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enhancers.

We also looked at AP-1, a transcription factor that is involved in many cellular processes,

including differentiation and cell proliferation154. Because AP-1 is a commonly used transcription

factor, we again did not filter for enhancers known to be regulated by AP-1, but simply looked

at all 11 enhancers. Similarly, we find that SNVs in the MPRA assay that increase the affinity of

AP-1 (>=1.5-fold) lead to GOF gene expression, whereas SNVs in AP-1 sites that do not alter

affinity are not significantly enriched in GOF expression (Fig. 6b).

To see whether our findings generalize to other datasets, we analysed an MPRA screen

that tested lymphoblastoid regulatory elements and variants within these elements that were

identified in an expression quantitative trait locus (eQTL) study10. This study looked at the

genomes and lymphoblastoid transcriptomes of 446 individuals of Yoruba and European descent,

and individuals from the 1000 Genomes Project155. The genomes and mRNAs from these

lymphoblastoid cells were analysed to correlate genomic variation with changes in gene expression.

Top-associated genomic variants, or variants in linkage disequilibrium with these eQTL variants,

were chosen to be tested in the MPRA. In total, the effects of more than 3,000 SNVs were

measured by MPRA in the same cell line as the eQTL study. As predicted, we see a significant

enrichment in GOF enhancer activity within affinity-optimizing SNVs for both ETS and AP-1.

SNVs occurring within ETS or AP-1 that do not alter affinity are not enriched for GOF enhancer

activity (Fig. 6c,d). Together, these analyses on two orthogonal MPRA datasets show that, for

two different transcription factors, over a massive variety of contexts, affinity-optimizing SNVs

sites are a common mechanism driving GOF gene expression in reporter assays.
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Figure 2.6 Affinity-optimizing SNVs drive GOF expression in a wide variety of
disease-associated enhancers. a–d, Analysis of MPRAs for a variety of enhancers in different
cell types. Box plots showing all SNVs tested within MPRA mutagenesis experiments and their
significance and effects on expression. The bounds of the box plots define the 25th, 50th and 75th
percentiles, and whiskers are 1.5× the interquartile range. One-tailed Mann–Whitney U test. a,b,
Analysis of saturation mutagenesis MPRA assays of 11 disease-associated enhancers comparing
all SNVs, SNVs within TFBSs that do not alter affinity and SNVs that increase the affinity of
TFBSs for ETS (a) and AP-1 (b). c,d, Analysis of MPRA comparing the effect of SNVs within
lymphoblastoid regulatory elements for the ETS TFBS (c) and the AP-1 TFBS (d). e, Filtering
for affinity-optimizing (aff-opt) SNVs significantly increases our ability to predict causal GOF
enhancer variants. The bar graph shows the percentage of all SNVs that lead to GOF expression
relative to the percentage of affinity-optimizing SNVs that lead to GOF expression. Green bars
indicate SNVs that cause GOF expression within analysed MPRA datasets; yellow bar indicates
SNVs that cause GOF expression in our the current study—namely, French 2 and Indian 2.
Fisher’s exact test was used to determine any significant enrichment for GOF expression in the
all and aff-opt categories: **P<0.001, *P<0.01. Affinity-optimizing SNVs are those that lead to
a fold change of at least 1.6 for ETS because this is the fold change for French 2, Indian 2 and
Syn 0.25. Affinity-optimizing SNVs for AP-1 and IRF are those that cause a fold change of at
least 1.5.

58



Figure 2.6. Affinity-optimizing SNVs drive GOF expression in a wide variety of
disease-associated enhancers.
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MPRAs allow us to study the effects of variants on expression in the context of a reporter

assay, whereas eQTL infers the effects of variants on target gene expression in the context of

the genome. Of the seven ETS affinity-optimizing GOF SNVs identified in the lymphoblastoid

MPRA, five are significant eQTLs. All five of these eQTLs are associated with an increase in

target gene expression (Extended Data Fig. 10a). Therefore, the increased reporter expression

seen in the MPRA correlates with target gene expression in the endogenous locus. Indeed,

when we analyse the eQTL signal of all 2,663 eQTL variants in the study10, we find that ETS

affinity-optimizing SNVs are significantly enriched in GOF expression for target genes (Extended

Data Fig. 10b). By contrast, eQTL variants in ETS sites that do not alter affinity have no

significant enrichment in GOF expression for target genes.

Genome-wide, eQTL ETS affinity-optimizing SNVs show significant enrichment in the

increased expression of target genes (positive beta values), whereas SNVs that do not alter

the affinity of ETS sites show no enrichment in the increased expression of target genes155

(Extended Data Fig. 10c). Furthermore, with the eQTL dataset, we find that higher fold changes

of ETS show a more significant enrichment of GOF target gene expression (Extended Data

Fig. 10d). We also see this enrichment for AP-1 (Extended Data Fig. 10e). Although not all

changes in expression detected in eQTL analysis are direct, the enrichment we see suggests that

affinity-optimizing SNVs drive the GOF expression of target genes in the endogenous locus and

that this GOF activity is not buffered within the endogenous context.

2.3.8 Regulatory principles predict causal SNVs

Enhancers are littered with variation; therefore, predicting which SNVs are causal is

a major challenge in relating genotype to phenotype. Within the ZRS MPRA dataset, 14.5%

of all SNVs drive GOF expression, whereas 36% of affinity-optimizing SNVs drive GOF gene

expression. Searching for affinity-optimizing ETS SNVs in the ZRS increases our ability to find

causal GOF enhancer variants by 2.5 times when considering the MPRA data alone (Fig. 6e).

The MPRA misses the two GOF variants that we identified in this study (French 2 and Indian

2). Thus, when taking into account all known affinity-optimizing SNVs in the ZRS, 6/11 or 55%

of affinity-optimizing ETS SNVs drive GOF expression, which increases our ability to find causal
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variants in the dataset by 3.8 times (Fig. 6e). Indeed, searching for SNVs that increase the

affinity of ETS, AP-1 and IRF improves our ability to find causal GOF variants by twofold to

sevenfold (Fig. 6e). Searching for affinity-optimizing SNVs is an effective and simple method to

pinpoint putative causal enhancer variants, and could be a valuable filter to prioritize enhancer

variants for further functional analysis.

2.4 Discussion

Suboptimal-affinity binding sites are prevalent in a variety of enhancers, including Otx-a,

svb, the ZRS, the IFNb enhanceosome and many disease-associated enhancers and developmental

heart enhancers5–7;86. Here we show that single-nucleotide changes that subtly increase binding

affinity cause the loss of tissue specificity and organismal phenotypes in the mouse and human

limb. In a complementary study, we find that affinity-optimizing SNVs in a Ciona heart enhancer

drive ectopic expression of the gene FoxF in non-heart cells, which causes abnormal cell migration

and heart defects as severe as two beating hearts7. Our results suggest that the prevalence of

suboptimal-affinity sites creates a vulnerability in genomes whereby affinity-optimizing SNVs

can drive ectopic GOF expression and phenotypes.

Given our findings, a greater focus on low-affinity but highly degenerate sites is essential to

identify and predict causal enhancer variants. In this study, we show that PBM is a highly effective

method to measure affinity. Although in vivo binding is no doubt modulated by other in vivo

factors, such as protein–protein interactions, IDRs and other molecular interactions, our results

show that the affinity of transcription factor binding is a fundamental feature driving enhancer

activity and gene expression. The use of such a simple in vitro measurement provides a systematic

method to identify causal enhancer variants that does not rely on specific measurements within

cell types. This enables a generalizable approach for pinpointing causal GOF enhancer variants

that is applicable across genomes, cell types and even species.

The ETS-A site is an 8-bp sequence, and there are 65,536 possible sequence combinations

within this region. Of these combinations, we successfully predicted the expression and phenotypes

of five different ETS-A sequences (French 2, Indian 2, Syn 0.25, ETS-A LOF and Syn 0.52) on

the basis of changes in binding affinity. These experiments demonstrate the power of mechanistic
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rules to predict causal enhancer variants. In the future, we will want to move beyond just

identifying causal enhancer variants to predicting severity and penetrance. Within the ZRS

ETS-A site, a greater increase in affinity causes more severe and penetrant phenotypes. This

is likely to be true for all changes to affinity that occur in the same binding site and at the

same position within an enhancer, because all of these affinity increases happen within the same

context or grammar. The effects of affinity-optimizing SNVs are likely to be modulated by the

surrounding binding sites, such that variants at different positions in an enhancer could have

different effects despite having the same affinity increase9. We see evidence of this in our study of

affinity-optimizing SNVs within the Ciona FoxF heart enhancer7. Integrating an understanding

of affinity-optimizing SNVs and enhancer grammar will refine our ability to predict the severity

and penetrance of enhancer variants.

We find that enhancer variants that cause GOF—but not LOF—enhancer activity disrupt

development. The redundancy of enhancers on multiple levels ensures robustness within an

organism. Typically, multiple enhancers known as redundant or shadow enhancers regulate the

same gene156;157. Another layer of enhancer redundancy is encoded within enhancers97;158, as

exemplified by the five ETS sites (ETS1–ETS5) in the ZRS96. Therefore, the loss of a single

activator site, a reduction in the affinity of an activator site or even the loss of an entire enhancer

can be compensated for by redundant sites or enhancers. By contrast, GOF variants that lead to

increased levels of expression, or spatio-temporal ectopic expression, are harder to buffer and

thus more likely to affect gene expression and development. The is exemplified by the LOF

ETS-A site, which has no effect, whereas all four GOF variants drive ectopic gene expression and

disrupt limb development. Focusing on variants that result in GOF expression could improve

our ability to pinpoint causal enhancer variants.

Clusters of transcription factors are often found in close proximity to active enhancers.

These have been described as hubs, and contain a large concentration of transcription factors that

may be phase separated108;159. In such an environment, it is counterintuitive that single-base-pair

changes can have such a marked effect on expression. At a biochemical level, we speculate that

the subtle increase in affinity allows a longer dwell time for an activator; this could increase

the chances of all required factors binding and the formation of a functional complex that can
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trigger transcription. Further investigations into the mechanisms by which one SNV that slightly

increases binding affinity can nucleate transcriptional activation could help us to understand the

driving forces behind transcriptional control.

Thirty-one human SNVs in the ZRS are associated with polydactyly. Only seven of these

lie within validated binding sites; this is likely to be a result of the degenerate nature of binding

sites and our poor annotation of functional binding sites in the ZRS. Of the seven SNVs in

binding sites, three are affinity-optimizing SNVs. Two of these SNVs lie within the ETS-A site

(French 2 and Indian 2) and one in a HOX site (Dutch 2). The ETS-A affinity-optimizing SNVs

cause ectopic GOF expression in the anterior limb bud. Stem tetrapods were polydactylous

with seven or eight digits160. The expression of repressors in the anterior limb bud might have

contributed to the derived five-digit state. We speculate that the ETS-A affinity-optimizing

SNVs cause ectopic expression in the anterior limb bud because the increase in affinity disturbs

the balance of activators and repressors acting on the enhancer in the anterior limb bud, and

because of an evolutionary sensitivity.

Millions of variants that are significantly associated with phenotypes and disease are

located in enhancers1–3, and functionally testing all of these is a major challenge. MPRA-style

experiments assay the effect of enhancer variants through reporter assays; however, such assays

have limitations as they do not test variants in the endogenous locus, or the appropriate cellular

or multicellular context10;148. In addition, MPRAs tend to highlight variants that lead to the

largest and most significant changes in expression. However, these might not have the greatest

effect on phenotype. Indeed, the French 2 and Indian 2 variants drive ectopic expression in

just a handful of cells for a short time, but this is sufficient for the formation of extra digits.

Although not all small dynamic domains of ectopic expression will cause a phenotype, small

changes in the temporal and spatial expression of morphogens, signalling-pathway proteins

and effectors—especially in cell types in which these would alter identity—are likely to lead to

patterning defects and phenotypes. Weighing the degree of expression change on the basis of the

type of target gene and the sensitivity of the cellular context, and by focusing on variants that

cause GOF rather than LOF expression, could improve our ability to predict enhancer variants

that alter phenotypes.
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Enhancers are often categorized according to several characteristics: their mode of

interaction with the promoter; their level of sequence conservation; their distance from the target

promoter; their target gene; the tissue in which they are active; and the species in which they are

found. Our studies of the ZRS, FoxF heart enhancer, IFNb enhanceosome and disease-associated

enhancers, together with our eQTL analysis, show that the use of suboptimal-affinity sites to

encode enhancer specificity, and the role of affinity-optimizing SNVs in GOF gene expression,

transcend these categories. More broadly, the conservation of regulatory principles across diverse

enhancers provides a framework for using violations of such rules to predict causal variants that

underlie enhanceropathies.

2.5 Methods

2.5.1 Mice

All animal procedures and studies were approved by the University of California San

Diego Institutional Animal Care and Use Committee according to the Association for Assessment

and Accreditation of Laboratory Animal Care guidelines. Mice were maintained on a 12:12

light–dark cycle with ad libitum standard chow diet and water. Transgenic mouse assays were

performed using Mus musculus C57BL/6NHsd strain (Envigo). Animals of both sexes were

included in this study.

Generation of transgenic mice using CRISPR–Cas9. Cas9 protein (IDT, 1081058),

trans-activating CRISPR RNA (tracrRNA) (IDT, 1072532), CRISPR RNA (crRNA) and

single-stranded DNA (ssDNA) homology-directed repair template oligos were co-injected into

one-cell embryos at the Moores UCSD Cancer Center Transgenic Mouse Shared Resource.

Custom ssDNA repair oligonucleotides and crRNAs were synthesized by IDT. We designed

and selected crRNA if the guide sequence is predicted to have high specificity on CRISPOR

(http://crispor.tefor.net/crispor.py) and if the mutation introduced by homology-directed repair

will ablate the protospacer adjacent motif (PAM) site. Because a PAM site is not available

in the genomic locus for the human and synthetic mutations, we first generated a mouse line

that contained a de novo PAM site within the ETS-A site. The French 2, Indian 2, Syn 0.25

and Syn 0.52 mouse lines were generated with CRISPR–Cas9, using one-cell embryos with the
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new PAM background (Supplementary Table 4). The LOF mutation mouse line was generated

using embryos with the WT background. All mouse lines were generated by homology-directed

repair using ssDNA as a repair template. Genome-edited founders were identified by genotyping

as described below. Wherever possible, multiple founders bearing the same desired allele were

used to establish each line. Founders were crossed to WT C57BL/6N mice to generate the F1

generation for each mouse line.

Genotyping. Genomic tail DNA was obtained and used to genotype ETS-A transgenic

mice with the following primers:

forward 5’-GGACAAGAGATTAGCGTGGCTGGTGATTTCCTTTCACCCAGC-3’

reverse 5’-GACACCAGACCAACTGGTAATGCATAATGACAGCAACATCC-3’.

The underlined sequences anneal to the ZRS, and the remaining sequences are overhangs

used to clone ZRS PCR products into a vector containing an ampicillin resistance cassette by

Gibson assembly. For all mice, including founders, PCR products were analysed by Sanger

sequencing (sequencing primer: 5’-CATCCTAGAGTGTCCAGAACC-3’) to identify ZRS geno-

types. For all founder mice, PCR products were cloned, and individual clones were sequenced to

confirm the initial genotyping results with single-allele resolution.

Phenotyping. Each mouse born into our colony has all four limbs inspected by an

investigator blind to genotype at postnatal day (P)10–18 during routine ear clipping (for

identification) and tail biopsy collection (for genotyping). Limb and/or digit phenotypes, or the

absence thereof, are readily detectable in postnatal mice and recorded in detail. Each limb is

inspected for the number of digits and the presence of other features, including triphalangeal

first digit(s) and/or shortened limbs. After genotyping, phenotypic data for each genotype in

each ETS-A transgenic line are collated to calculate penetrance (on the basis of the presence or

absence of phenotype).

Statistical tests for mouse phenotypes. Fisher’s exact test was used to measure any

statistical difference in the penetrance and laterality of polydactyly across any pair of the

approximately 0.25-affinity mouse lines (French 2, Indian 2 or Syn 0.25 mice). For penetrance,

there are two factors: have phenotype or no phenotype. For laterality, there are three factors:

bilateral, unilateral or no phenotype. To determine whether the occurrence of a unilateral
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phenotype has a bias on the left or right, P values from chi square goodness of fit test were

calculated. Fisher’s exact test was used to measure any statistical difference in digit phenotypes

across any pair of approximately 0.25-affinity mouse lines (French 2, Indian 2 or Syn 0.25 mice).

P values measuring any difference in digit phenotypes across males and females in each mouse

line are also calculated. These tests have nine factors: five digits no TT, five digits one TT, . . . ,

seven digits three TT.

Timed matings for embryo collection. Within each ETS-A transgenic mouse line, timed

matings were set up and monitored each morning for vaginal plug formation. The date that

plugs were observed was noted as E0.5. Females were removed from males on the plug date

and embryos were staged at dissection. Embryos labelled as E11.75 have around 48 somites,

and E12.0 embryos have around 53 somites. Pregnant females were humanely euthanized by

isoflurane overdose. Embryos were dissected in ice-cold phosphate-buffered saline (PBS) pH

7.4 and then fixed in 4% paraformaldehyde in PBS pH 7.4 overnight with gentle rotation at

4°C. Embryos were then dehydrated through a graded methanol series at 4°C (25%, 50%, 75%

methanol in PBS pH 7.4 plus 0.1% Tween-20, 100% methanol) and stored in 100% methanol at

-20°C for up to six months until use. The yolk sac of each embryo was collected and used for

genotyping as described above. The sex of embryos is unknown.

Probe cloning and synthesis for in situ hybridization. Shh and Ptch1 templates were

amplified from mouse E11.5 cDNA using previously described primers161, and were ligated into

a pCR BluntII TOPO vector, transformed into TOP10 competent cells and plated for selection

on kanamycin plates. Colonies were selected for sequence verification and then plasmid prepped.

Plasmid DNA was linearized with SpeI or NotI restriction enzyme and then used as a template for

in vitro transcription using a digoxigenin labelling kit (Roche, 11175025910) with T7 (antisense)

or Sp6 (sense) polymerase. After DNase treatment to digest template DNA, RNA probes were

recovered using a RNeasy mini kit, and RNA concentration and purity were measured to confirm

probe synthesis.

Whole-mount in situ hybridization. Embryos were treated with 6% H2O2 in methanol for

one hour, and then rehydrated through a methanol series to PBS-T (1% Tween-20 in PBS pH

7.4). Embryos were washed 5×5min in PBS-T, and then treated with proteinase K (10ugmlu1)
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(Invitrogen, 1000005393) for 20min. After permeabilization, embryos were washed in PBS-T

containing 2mgmlu1 glycine, then PBS-T, then post-fixed for 20min in 4% paraformaldehyde

(PFA)/0.2% glutaraldehyde in PBS-T. Embryos were then washed 2×5min in PBS-T, followed by

10min in a 1:1 mixture of PBS-T and hybridization solution (50% formamide, 5× SSC pH 4.5, 1%

SDS, 50ugmlu1 yeast tRNA, 50ugmlu1 heparin). Embryos were then allowed to sink (no rocking)

in hybridization solution for 10min. They were then changed to new hybridization solution

and incubated for at least one hour at 65°C. Hybridization solution was replaced with fresh

hybridization solution containing 1µgmlu1 of antisense (all ETS-A embryos and WT control)

or sense (WT control only) probe followed by overnight incubation at 65°C. Embryos were

washed 3×30min in solution I (50% formamide, 5× SSC pH 4.5, 1% SDS) at 65°C followed

by 3×30-min washes in solution III (50% formamide, 2× SSC pH 4.5) at 65°C. Embryos were

then washed 3×5min in TBS-T (1% Tween-20 in Tris-buffered saline) and blocked for 1h in

block solution (10% heat-inactivated sheep serum and 0.1% Roche blocking reagent in TBS-T).

Roche blocking reagent (Roche, 11096176001) was dissolved in maleic acid buffer according to

the manufacturer’s recommendations. Embryos were then incubated in block solution containing

1:2,500 anti-digoxigenin-AP antibody (Roche, 11093274910) overnight at 4°C. Embryos were

washed 3×5min in TBS-T and then 5×1h in TBS-T, followed by overnight incubation in TBS-T

at 4°C. Embryos were then washed 3×10min in NTMT (100mM NaCl, 100mM Tris pH 9.5,

50mM MgCl2, 1% Tween-20) before coloration in AP reaction mix (125µgmlu1 BCIP (Roche,

11383221001) and 250µgmlu1 NBT (Roche, 11383213001) in NTMT). Coloration was carried to

completion in the dark. Embryos were washed 10min in NTMT followed by 3×10min in TBS-T

and then overnight in TBS-T at 4°C. Embryos were imaged using the Leica M165 FC microscope

with the Lumenera Infinity3 camera, then post-fixed in 4% PFA for 30min and stored in 1% PFA

in 4°C. All steps were performed with gentle rocking and at room temperature unless otherwise

specified.

Skeletal preparations. Young postnatal mice at age P10-12 were humanely euthanized

by CO2 inhalation before skeletal preparations. Dissected limbs and/or whole cadavers of

representative homozygotes for each line were skinned and eviscerated, then fixed in 95% ethanol

overnight. Samples were then stained over two nights in cartilage staining solution (75% ethanol,
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20% acetic acid and 0.05% Alcian blue 8GX (Sigma-Aldrich, A3157)), rinsed overnight in 95%

ethanol, cleared overnight in 0.8% KOH and stained overnight in bone staining solution (0.005%

Alizarin red S (Sigma-Aldrich, A5533) in 1% KOH). After staining, samples were further cleared

in 20% glycerol in 1% KOH until digits were free of soft tissue and long-bone morphology was

visible. Samples were further processed through a graded series of 50% and 80% glycerol in 1%

KOH and then into 100% glycerol for imaging and storage. All steps of the skeletal staining

procedure were performed with gentle rocking at room temperature.

EMSA. EMSAs were performed using the LightShift Chemiluminescent EMSA Kit

(Thermo Fisher Scientific) with biotinylated and non-biotinylated double-stranded oligonu-

cleotides. Oligonucleotides were annealed according to an advanced protocol

(https://tools.thermofisher.com/content/sfs/brochures/TR0045-Anneal-oligos.pdf).

DNA-binding domain (DBD) proteins were synthesized using the TNT Quick Coupled Tran-

scription/Translation System (Promega) from the pTNT plasmid for each respective protein.

ETS-1 DBD (residues 336–441, which is conserved in sequence from human and mouse) was

amplified from the pET28b-Ets1-ETS vector (Addgene, 85735). DBDs for human HOXA13

(residues 322–389) and HOXD13 (residues 276–335) were amplified from human genomic DNA,

and sequences were confirmed by Sanger sequencing. The coding sequences for these DBDs were

amplified with flanking XhoI and NotI sites and cloned into the pTNT-B18R vector (Addgene,

58978). The binding reaction was performed in a 20-ul volume containing 2ul of 10× binding

buffer (100mM Tris, 500mM KCl and 10mM DTT; pH 7.5), 50ng Poly(dI:dC), 20 femtomol

biotin-labelled probe and protein extract. For competition experiments, a 200-fold molar excess

of unlabelled probe was added. Binding reactions were pre-incubated for 10min before adding

the biotin-labelled probe. Binding reactions were then incubated at room temperature for 20min

and loaded onto a DNA retardation gel (6%). Electrophoresis with 0.5× TBE on ice and transfer

to a 0.45-um Biodyne B Nylon membrane (Thermo Fisher Scientific) was done in the cold

room. DNA was cross-linked for 15min using 312-nm light, and the membrane was put between

blank sheets of paper overnight. The next day, the biotinylated probes were detected using

the Chemiluminescent Nucleic Acid Detection Module (Thermo Fisher Scientific). Images of

the resulting membrane were acquired using a Chemidoc MP imaging system (Bio-Rad). For
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quantification of ETS-1 binding to ETS-A variants, band quantifications were performed by

taking the ratio of the volume (intensity) for the shifted band in the reaction with the ETS

transcription factor to the volume (intensity) for the unshifted band in the reaction without the

ETS transcription factor, using the Analysis Table in Image Lab 6.0.

2.5.2 Calculation of binding affinity

Relative binding affinity is calculated using high-throughput binding data from the

UniProbe database (http://thebrain.bwh.harvard.edu/uniprobe/index.php)123;162. Median inten-

sity signals of 8-mers PBM data were measured as a percentage of their optimal 8-mer binding

motif.

PBM–ChIP correlation analysis. BigWig files for ChIP–seq data were downloaded from

Gene Expression Omnibus accessions for previously published data163–165. BigWig files were

chosen because they contain the most quantitative metric at base-pair resolution for the ChIP–seq

signal. For each dataset, we predicted ETS sites using NNGGAWNN across the reference genome

used to create the bigWig. We then extracted the average bigWig ChIP–seq signal over all

predicted ETS TFBS 8-mers. We associated each ETS TFBS with its predicted ETS affinity

using PBM93. We placed the ETS TFBS into bins of PBM affinity 0–0.1, 0.1–0.2, 0.2–0.3, . . .

0.9–1.0. Within each bin, we took the average bigWig ChIP–seq signal across each chromosome

and plotted the chromosomal averages. The Spearman correlation uses all points from all bins

and all chromosomes.

2.5.3 Analysis of MPRA Data

Attaining the datasets. MPRA data were downloaded from previously published pa-

pers10;13;60;148. Only single-base substitutions were considered across all datasets. We classified

variants as significantly altering expression using P values that were provided in the published

supplementary tables. If the study did not report adjusted P values, we adjusted all raw P values

using Benjamini–Hochberg adjustment. We defined variants as having a significant change in

expression if their adjusted P value was smaller than 0.05. We plot log10(Padj) with direction

of change in gene expression, in which positive values depict a significant variant that leads to

increased gene expression. We used the one-tailed Mann–Whitney U test to test for enrichments
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in GOF enhancer activity in different groupings (that is, ‘All other SNVs’, ‘SNVs that do not

change affinity’ and ‘SNVs that optimize affinity’). If there were more than 1,000 points in the

dataset, we plotted a random 1,000 as dots over the box plots. MPRA data were analysed using

standard Python libraries (pandas, numpy, scipy, seaborn, matplotlib). Processing, visualization

and statistics were done using custom Python code.

ETS binding site definition. ETS-binding sites were defined as NNGGAWNN166. We

defined an ETS-optimizing variant as one that caused at least a 1.59-fold change (alt/ref) in all

analyses with the exception of Extended Data Fig. 7. Analysis of the 2% sequence mutagenesis

of the ZRS enhancer in Extended Data Fig. 7 defines ETS-optimizing variants as a fold change

greater than 1.0, because only three variants within this dataset have a fold change of at least

1.59.

AP-1 binding site definition. The AP-1-binding site was defined as NTKANNMA.

IRF binding affinity was defined as NWNNGANA. Motifs used for ETS, AP-1 and IRF were

determined on the basis of crystal structure and mutational analysis data166–169. We defined

AP-1 and IRF-optimizing variants as one that caused at least a 1.5-fold change in binding

affinity. We defined SNVs not changing the TFBS affinity as SNVs with a 0.8–1.25-fold change

in affinity. For analyses on the IFNb enhanceosome, we excluded nucleotides that contributed to

two overlapping binding sites, and only analysed the effects of affinity-optimization SNVs that

affect a single binding site.

2.5.4 Analysis of eQTL data

We analysed eQTL data downloaded from the EBI eQTL catalogue GitHub page

(https://github.com/eQTL-Catalogue/eQTL-Catalogue-resources/blob/master/tabix/) for a lym-

phoblastoid cell line generated by the Geuvadis consortium155. These eQTL data were used

to design the MPRA library used previously10;155. For the eQTL data, we adjusted the raw P

values using the Bonferroni procedure, in which the total number of tests is the total number

of genotype–gene-expression associations tested. For the seven ETS affinity-optimizing SNVs

that cause significant differential expression in the MPRA experiments10 and have eQTL values,

we compare the MPRA expression and eQTL using adjusted log P values plotted with the
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direction of differential expression for reporter assay and target gene expression (b value). For

AP-1 affinity-optimizing SNVs that gave significant differential expression in the MPRA, only

three overlapped with significant eQTL variants and so we did not study these. For larger-scale

analysis of the relationship between significant variants and target gene expression, we analysed

all eQTL variants in the MPRA library (n=2,663) in a previous report10, and their effects

on target gene expression (b values). Finally, for genome-wide analysis of all eQTL variants

in lymphoblastoid cell lines, we analysed all eQTLs from the Geuvadis consortium155 with

Padj<0.01. We categorized the eQTL variants into three categories: affinity-optimizing SNVs,

SNVs that do not alter affinity and all other SNVs. For eQTL variants that have multiple genes

associated, we plotted only the most significant association. A one-tailed Mann–Whitney U test

was used to determine any significant enrichment in eQTL variants that do not change affinity

or increase affinity with GOF target gene expression (b value).

2.5.5 Statistics

To assess any statistical differences in the penetrance and laterality percentages between

French 2, Indian 2 and Syn 0.25 mice, we performed Fisher’s exact test using the fisher.test

function in R (Supplementary Table 3). Statistical differences in digit phenotypes were measured

using Fisher’s exact test using a 2×9 table (Supplementary Tables 3 and 4). To determine whether

unilateral polydactyly deviates from the assumption that phenotype would occur at a 50%–50%

rate on the right and left hindlimbs, a chi square goodness of fit test was used (Supplementary

Tables 3 and 4). To measure any statistical difference between the band intensities in EMSAs

across the French 2, Indian 2 and Syn 0.25 sequences, we performed a one-way ANOVA test and

found no significant difference with P=0.18.

2.5.6 Data Availability

All data supporting the findings of this study are available within the paper and its

Supplementary Information. ChIP–seq data analysed in this paper were downloaded using

accession codes GSM2218592, GSM3520734 and GSM4110116. eQTL data analysed in this

paper were downloaded from the EBI eQTL catalogue GitHub page (https://github.com/eQTL-

Catalogue/eQTL-Catalogue-resources/blob/master/tabix/) for the lymphoblastoid cell line gen-
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erated by the Geuvadis consortium. The UniProbe database

(http://thebrain.bwh.harvard.edu/pbms/UniPROBE staging/browse.php) was used to access

PBM data. Source data are provided with this paper.

2.5.7 Code Availability

All custom code used in the analyses has been deposited at GitHub

(https://github.com/jsolvason/nature2023-limb) and Zenodo

(https://doi.org/10.5281/zenodo.10368918).
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Chapter 3

Dependency grammar of developmental
enhancers.

3.1 Abstract

Enhancers direct precise tissue-specific expression and as such provide the instructions

for successful development and homeostasis of an organism. A major question in the field is

how DNA sequence encodes this tissue-specific expression. To investigate this we made 460,800

versions of a neural enhancer and tested all of these for activity in developing embryos. Each

enhancer has exactly the same number and affinity binding sites, and the same sequence content,

yet only a fraction of these elements are able to direct transcription illustrating enhancer activity

requires more than a combination of binding sites. We find that some organization or syntaxes,

robust syntaxes, are functional no matter what affinity sites are located there, while other

syntaxes are more nuanced, only working when certain affinity sites are located near each other.

Small changes to enhancers can convert them from inactive to active, with 36% of non-functional

elements becoming active enhancers by flipping the orientation of a single site. These flips also

move enhancers into more functional organizational families. We identified 910 syntax motifs

enriched within the active enhancers. Synthetic enhancers containing these motifs are sufficient

to drive tissue-specific expression in whole developing embryos. We developed a syntax score and

applied to every cluster of ETS and GATA in the Ciona genome. We find that active enhancers

have higher syntax scores, and that high syntax score can compensate for low affinity sites

illustrating a dependency between syntax and affinity to encode tissue specific enhancers. We

created synthetic enhancers with high syntax scores and moderate affinity and find that these
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can be used to design tissue specific enhancers. Collectively this study provides a comprehensive

illustration of the importance of dependency grammar to encode tissue specific expression, and a

framework for decoding the regulatory genome and building synthetic enhancers grammatical

rules.

3.2 Introduction

Enhancers are genomic elements that regulate where and when genes are expressed, they

provide the instructions for successful development and homeostasis of an organism. Changes in

enhancer sequence and function can lead to dramatic changes in morphology7;8;13;71. While we

can find regions of the genome likely to be enhancers using accessibility or epigenetic marks14;170,

we do not know where these open regions of the genome are indeed active enhancers, nor do we

understand which types of changes within an enhancer can alter gene expression. Identifying

the functional features within enhancers and understanding the mechanisms behind how these

functional features interact with each other to drive gene expression patterns is fundamental

in decoding the instructions for development and homeostasis within our genomes9. Advances

in this field can improve our ability to pinpoint disease-associated variants that alter enhancer

activity and potentially phenotypes, and to design tissue specific enhancers.

While we know that transcription factors bind to motifs within enhancers, finding these

features within the genome is challenging as functional features within endogenous enhancers

are typically low affinity sites7. Furthermore, we do not understand what combination of sites

encode active enhancers. The higher order rules governing the combinatorial code of enhancers,

and specifically the interplay of the affinity and syntax of sites (order, orientation and affinity) is

referred to as enhancer grammar9. While there are examples of enhancers in which grammar is

important for encoding enhancer activity9;39;46;52 there are also plenty of studies that cannot

find grammatical constraints on enhancers47.

Here we set out to determine if grammar plays a role in tissue specific expression, and if

grammatical constraints can be used to predict tissue specific enhancers within the genome and

to design tissue specific enhancers. To achieve this we focus the neural Otx-a enhancer, a well

characterized enhancer that has a pervasive logic, integrating signals from the FGF signaling
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pathway (ETS) and a tissue specific determinant (GATA) to encode gene expression91;171;172. We

create every possible organization of this enhancer and test these for activity in whole developing

Ciona robusta embryos. The marine chordate, Ciona robusta, is ideal to study the relationship

between enhancer sequence and function as we can electroporate libraries of a million elements

into whole developing embryos to study the relationship between enhancer activity and tissue

specificity.

3.3 Results

3.3.1 ETS and GATA are necessary and sufficient for neural enhancer
activity

The Otx-a enhancer drives expression in the neural a6.5 lineage which gives rise to the

anterior sensory vesicle and palps, and the b6.5 lineage which gives rise to the dorsal epidermis

and dorsal nerve cord5;91;171;173 (Fig. 1A,B,C,D,E). The Otx-a enhancer contains 2 ETS and 3

GATA sites171. We have previously shown that the suboptimal affinity of these sites is critical

for tissue-specific expression5. We measure affinity of these sites using PBM data94;123;174 and

find that the ETS sites have affinities of 0.58 and 0.39 relative affinities, while the GATA sites

have relative affinities of 0.85, 0.32 and 0.455. Ablation of these 5 sites (Otx-a ABL) using

GGAW to GCAW for ETS104 and GATA to AATA92;171 results in complete loss of expression

(Fig. 1D,G), demonstrating the necessity of these GATA and ETS sites. To test if these 5

sites are sufficient for expression, we randomize the Otx-a linker sequences to create a library 5

million unique sequences (Otx-a R). Across these 5 million sequences, the only constants are

the five 8mer binding sites (Fig. 1D). The Otx-a R enhancer activates neural expression that is

indistinguishable from the WT Otx-a enhancer (Fig. 1F, S1, S2), demonstrating the sufficiency

of these 5 sites to drive expression. As the 3 GATA and 2 ETS sites are sufficient for neural

expression, the Otx-a enhancer is an ideal system in which to understand how the syntax (order,

orientation and spacing) of these binding sites can contribute to tissue-specific expression.
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Figure 3.1. Otx-a neural enhancer is regulated by a common logic: GATA and
ETS. (A) Ciona gastrula embryo showing the animal side which contains ectodermal cells. FGF
signaling activates ETS in cells shown in blue. GATA is expressed in all cells on the ectodermal
side. (B) Otx-a expression shown in green occurs in the a6.5 and b6.5 lineages. (C) Tailbud
image shows the expression at a later time point with the dark green cells from the a6.5 lineage
giving rise to the anterior sensory vesicle (asv) and palps (pal). The light green cells from the
b6.5 lineage give rise to the dorsal epidermis (ep), nerve cord (nc), and two tail muscle cells (not
shown). (D) Otx-a contains 3 GATA and 2 ETS sites. Relative affinity of each site is labeled
within the site. Spacing between sites is labeled in grey. The GATA and ETS core sequences
required for binding labeled in orange and blue font, respectively. Otx-a Randomized (Otx-a R)
library contains fixed 8mers to maintain the affinity of the GATA and ETS binding sites and Ns
at linkers representing an equal chance of A,T,G or C. Otx-a R library contains 5 million unique
sequences (see detailed explanation on randomized library in Fig. S1). Otx-a Ablated (Otx-a A)
contains one point mutation per GATA or ETS core known to ablate binding of the TF (GATA
to AATA, GGAW to GCAW). (E) Otx-a activates expression in the anterior sensory vesicle (asv)
and palps (pal), nerve cord (nc), dorsal epidermis (epi), and two tail muscle cells. (F) Otx-a R
activates the same neural expression as Otx-a WT. (G) Otx-a A activates no expression. See
details on expression data for Otx-a WT, Otx-a R and Otx-a A in Fig. S2.
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3.3.2 Testing every possible organization of Otx-a enhancer in developing
embryos

To determine if there are constraints on the organization of the five sites within the

Otx-a enhancer, or if the presence of these sites regardless of organization is sufficient for neural

expression, we made a library of elements in which the order, orientation and spacing between the

ETS and GATA sites were altered. We generated every possible organization of GATA and ETS

sites using the five binding sites and five inert linkers within the Otx-a enhancer. The scrambled

elements are constructed by creating elements with any of the alternating linkers and followed

by any binding sites (Fig. 2A). Once a linker or binding site is added to an element it cannot be

used again in that element. Linkers are always inserted in the forward direction; binding sites

can be orientated in either direction. In total there are 460,800 possible combinations of these

features (Fig. 2B). Importantly, every element has the same number and affinity of sites and

the same sequence content. The differences between elements are the binding site organization

(the order, orientation and spacing between the binding sites) and the placement of the high-

and low-affinity sites and thus the interplay of syntax and affinity in the elements. Therefore,

differences in expression patterns can only be explained by changes in syntax and placement of

different affinity sites.

To ensure that any active elements are dependent on GATA and ETS, each element has

a paired ablated element in which all 5 sites are ablated with single base-pair changes (Fig. 2B).

In total, with the scrambled elements and ablated controls, the library contains 921,600 elements.

All elements are cloned upstream of a minimal promoter, GFP and a barcode (Fig. 2B). Each

element has on average 54 unique barcodes, and the total library contains 49 million barcodes.

The plasmid library is electroporated into fertilized Ciona eggs and mRNA and plasmid DNA is

collected from embryos 5.5hpf when the endogenous Otx-a enhancer is active. We conducted

three biological replicates. If the element is successfully electroporated into embryos then we will

recover the plasmid DNA. For elements that are active enhancers, the enhancer will transcribe

its barcode and we will be able to isolate mRNA for this barcode. 888,800 (96%) of the elements

were successfully electroporated into the embryos in triplicate.
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3.3.3 50,000 active elements regulated by GATA and ETS

To determine how many of these elements can activate transcription and are thus active

enhancers, we normalize the mRNA barcode signal to the number of copies of the plasmid DNA

for a particular barcode. We then average the signal for each barcode associated with the same

element to get an enhancer activity score. Of the 460,800 scrambled elements with functional

ETS and GATA sites, 17.5% (80,965) of the elements have an activity score of above one, these

are defined as active enhancers (Fig. 2C). Otx-a is within this list of active enhancers with an

activity score of 1.2 (Figure 2). The Otx-a ablated sequence is not active. 31% (143,799) of

the elements have an activity of 0 or below and thus are classified as inert elements. Elements

with activity between 0-1 are likely very weak enhancers and were not considered in our further

analysis. To validate the MPRA activity score and our thresholds for active enhancers and

inert elements we selected 22 elements that spanned a broad range of enhancer activity from

the library to test orthogonally in a reporter assay. We electroporated each of these individually

into embryos and quantified the GFP expression within at least 50 embryos per replicate. All

9 elements with MPRAs score ≥ 1 show expression in the GFP reporter assay. Of these, 8 of

9 show only neural activity while 1 has expression in neural and weak expression in other cell

types responding to FGF signaling. All 13 sequences with MPRA values below 0 show no GFP

expression in reporter assays thus validating the inert classification. The abundance of both

neural enhancers and inert sequences produced from the same number and affinity of binding

sites suggests the way in which these sites are organized is important for mediating enhancer

activity.

To identify enhancers dependent on ETS and GATA, we compare the expression of

the 80,965 active enhancers with their ablated control. 52,139 active enhancers are entirely

dependent on ETS and GATA as their ablated counterparts have activity values less than 0

(Fig. 2E). These 52,139 enhancers represent a set of active enhancers regulated by GATA and

ETS that can be mined for functional grammatical signatures that contribute to their activity.

We selected two enhancers, OLS 19 and 87, and confirmed that upon ablation of the five sites

that there is complete loss of GFP expression (Fig. S7). While our enhancers all have the same

sequence content, binding site count and affinity, only a small proportion are active enhancers,
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demonstrating that organization of sites matters. It is possible that the inactive elements contain

de novo repressors at the junctions of the linkers and binding sites and that render the elements

inactive. To test this hypothesis, we selected two inert elements and randomized the linker

sequence (Fig. S6). Randomizing the linkers between binding sites is not sufficient to convert

these inert elements into active enhancers, demonstrating that the non-functional sequence is

inert due to the syntax and/or placement of binding sites rather than any de novo repressors.

3.3.4 Not all clusters of sites are equal: Despite having the same sequence
content, binding sites and affinities, only a fraction of elements are
functional.

Despite having the same binding sites and linker sequences, only 52,136 elements are

active enhancers and dependent on ETS and GATA. These results suggest that the organization

of sites within the elements is critical for determining if an element is an active enhancer or inert

sequence. Visual inspection of organizations that encode active enhancers elucidates no clear

patterns shared among the neural enhancers, highlighting the degenerate nature of encoding

enhancer activity and tissue specificity. The lack of congruency between the related active

enhancers has previously led people to declare the absence of grammar within enhancers, however

it is likely that the degenerate nature of binding sites coupled with a higher order grammar that

is not linear has obscured our ability to see these grammatical constraints. Furthermore, the

interplay of affinity and grammar makes the grammatical encoding of enhancers more flexible,

this has been described as dependency grammar and soft syntax9;48. Revealing grammatical

rules may require mining of thousands of active enhancers that have the same regulatory inputs

to find syntax and grammatical rules associated with active enhancers. Our dataset is ideal for

finding such constraints. We therefore wondered if there were grammatical rules governing the

active enhancers within our enhancer screen.
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Figure 3.2 Characterizing the activity of 460,800 versions of Otx-a enhancer. (A)
Generation of the Otx-a scrambled library. Binding sites and inert linker sequences are parsed.
Every possible sequence made by placing the linkers and binding sites into scaffold that requires
alternaltion of linker and binding sites. Linkers are always in the forward direction while binding
sites can be in the forward or reverse orientations. We exhaustively generate all 460,800 possible
elements using this scaffold rule. (B) To test if GATA and ETS are regulatory inputs of active
enhancers in the library, a paired ablated version of each variant (ABL) is included which has a
point mutation at each GATA and ETS core known to ablate binding (GATA ≥ AATA, GGAW
≥ GCAW). Enhancers are cloned upstream of a promoter, GFP and a transcribable barcode.
All 921,600 sequences are electroporated into fertilized eggs. RNA and DNA are extracted from
the mid gastrula-stage embryos (5.5hpf). The ratio of barcode mRNA to barcode DNA gives the
enhancer activity score. (C) The enhancer activity distribution of all detected 393,554 (85%) WT
elements with Otx-a plotted as a single green dot. Activity scores ≥ 1 are active enhancers and
activity scores ≤0 are inert elements. Microscope validation of 28 inert sequences (red), neural
enhancers (green), and sequences activating neural and ectopic expression (purple). See details on
expression data for microscope validated elements in Fig. S3-5). (D) Neural enhancers activate
expression in the same neural tissues as Otx-a at the tailbud stage (anterior sensory vesicle,
palps, dorsal epidermis, nerve cord, two tail muscle cells. (G) 52,139 active enhancers detected
with paired ablated sequence activity ≤0 demonstrating the active sequences are dependent on
the GATA and ETS sites.
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Figure 3.2. Characterizing the activity of 460,800 versions of Otx-a enhancer.
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3.3.5 Syntax Contributes to Enhancer Activity

An important aspect of grammar is syntax, which is the order, orientation and spacing

of binding sites. To see if syntax is important for encoding enhancer activity, we group elements

with shared organization of GATA and ETS. Across the 460,800 elements there are there are

38,400 “organizational families”. Within each family are 12 elements which have the same

order, orientation and spacing of their GATA and ETS sites; the only difference between syntax

members is the placement of the different affinity binding sites (Fig. 3A). Many organizational

families are enriched for active enhancers while other organizational families contain few or no

active enhancers. (Fig. 3B,C,D).

We defined organizational families in which 7 or more active siblings with no inactive

siblings as robust syntaxes (Fig. 3C, dark green). We define organizational families in which

7 or more members are inactive and none are active as inert organizations (Fig. 3C, dark

red). Organizational families where there are a mix of active and inert enhancers are defined as

moderate syntaxes. We require moderate syntaxes to contain at least 4 elements classified as

either active or inactive. The Otx-a organizational family is an example of a moderate syntax as

5 of the 12 members are neural enhancers while the remaining family members are not active (Fig.

3B,C). In the most extreme examples of robust syntax, all 12 siblings are active enhancers (Fig.

3B,C). There are 9 of these extremely robust syntaxes. The most extreme inert organization

contain no active enhancers (Fig. 3B,C). There are 1,349 examples of these extremely inert

organizations.

To validate the MPRA results, we randomly selected 4 members from a robust syntax

and 3 members from an inert organization which we orthogonally tested by reporter assay. We

electroporated the siblings of these organizational families and quantified their GFP expression.

All four members of the robust organizational family are active enhancers that drive strong

expression in the neural tissue (Fig. 3E, S9). Interestingly all these enhancers show very low

levels of ectopic expression in other cell types indicating that the robust syntax also causes

ectopic enhancer activity. All 3 inert syntax siblings show no expression in reporter assays (Fig.

3F, S9). Hundreds of robust syntaxes and inert sequences exist, and they are enriched over what

would be expected by chance alone. We can generate a null distribution for the syntax analysis
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by shuffling the element labels and enhancer activity values. The shuffling and organizational

family analysis is repeated 100 times to generate a null distribution from which Z scores can

be calculated for observed values (See Methods). Strikingly, in none of our permutations did

we find any organizational families with all 12 neural enhancer siblings were detected, while 9

extremely robust organizational families contained 12 active enhancers in the real dataset (Fig.

3C). Moreover, we observe a statistically significant enrichment of robust syntaxes (top left of

heat map) and inert organizations (bottom right of heat map) with extreme Z-scores greater

than 150 representing Bonferroni-adjusted p-values of <1e-5. We find active enhancers from

robust syntaxes drive higher levels of expression than active enhancers in moderate syntaxes (Fig.

3G), which suggests that these robust syntaxes are more optimally organized for transcriptional

output.

Together, these results provide the most compelling evidence to date that binding site

syntax contributes to enhancer activity. Robust syntaxes are able to drive higher levels of

enhancer activity regardless of the position of the different affinity binding site. However,

moderate syntaxes have varied outcomes in gene expression suggesting that there is less flexibility

in the requirement of certain affinity sites in particular positions. It is likely that the more robust

syntaxes that function regardless of affinity represent more optimal organization of sites that

enable binding of the TFs more easily and thus changes in affinity are less important. While for

moderate syntaxes the organization of sites is less optimal and thus higher energy interactions

are required to offset the less optimal organization of sites, and thus binding affinity preferences

occur. In line with this, the robust syntaxes have higher levels of enhancer activity within the

MRPA than the moderate syntaxes and show high neural expression in GFP reporter assays,

with some weak ectopic expression (Fig. 3E) indicating that the robust syntaxes are stronger

enhancers despite having the same affinity binding sites.

83



Figure 3.3 Robust and moderate syntaxes drive enhancer activity. (A) Example of
the organizational family for Otx-a. Each organizational family contains 12 sequences which we
call syntax siblings. All siblings within a organizational family have the same order, orientation
and spacing between sites. The only difference is the placement of affinity of each site. (B)
Enhancer activities of the siblings of 3 organizational families: Otx-a organizational family
(an example of a moderate organizational family), a robust organizational family, and an inert
organizational family. Vertical dashed lines at 1 and 0 to indicate cutoffs for active enhancers
and inert sequences, respectively. The Otx-a organizational family is of moderate strength with
4 active enhancers and 2 inert sequences. All siblings of the robust organizational family are
active enhancers. All siblings of the inert organizational family are inert sequences. (C) All
organizational families can be sorted into a heat map based on the number of siblings which
are active enhancers (Y-axis) versus inert sequences (x-axis). Boxes shown in purple exhibit a
significant enrichment of organizational families over the null distribution. The null distribution
is generated by 100 random permutation of the number of organizational families within each
bin (see Fig. S8). We define families containing <=7 active siblings to have a robust syntax, and
families with ≥ =7 inert siblings to have an inert syntax. Moderate syntaxes are organizational
families that are not inert nor active, and with at least 4 elements classified as either active or
inert. (D) Distribution of enhancer activities within inert, moderate, and robust organizational
families. Robust organizational families have significantly higher expression than moderate and
inert organizational families (***=p<1e10, Mann-Whitney U test).
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Figure 3.3. Robust and moderate syntaxes drive enhancer activity.
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3.3.6 Single syntax changes convert inert elements into active enhancers

To further investigate the importance of syntax we looked at the importance of binding

site orientation. 38% (54,164) of the inert elements can be converted to active enhancers by

flipping the orientation of just a single binding site (Fig. 4A). Of all the flips, 58% flipped a

GATA and 42% flipped an ETS site. We tested two single flips which convert an inert sequence

into an active enhancer via standard reporter assays (Fig. 4B,C, Fig. S11A,B). In OLS 93,

flipping the orientation of an ETS site converts an inert sequence into a neural enhancer (Fig.

4B,C). In OLS 89, flipping a GATA site converts an inert sequence into a neural enhancer (Fig.

S11A,B). To more definitively rule out the presence of de novo activators or repressors in these

single flips, we randomized the backbone of a single flip OLS 89 and 90 (Fig. S6A,B). For these

two enhancers we see that randomization of the linkers does not alter enhancer activity, with

OLS89R showing indistinguishable expression from OLS89R, while the same element with a

flipped ETS site has no activity even with randomized backbones. We next wondered how these

flips rendering enhancers active relate to organizational families. Single flips that make enhancers

functional do so by moving elements into functional organizational families (Fig. 4D). The most

extreme examples of this are single flips that moves an enhancer from an inert organizational

family to a robust syntax (Fig. 4E).

3.3.7 Searching for signatures of functional grammar

Having seen that syntax is critical for enhancer activity we next wanted to discover if

there were particular syntax features that are enriched within the active enhancers. Although

we discovered hundreds of robust unique organizational families, it is likely that some of these

5-site syntaxes share smaller 2- or 3-site syntax sub-features that contribute to gene expression

activation. If such functional syntax motifs exist, these syntax features should be enriched in

active enhancers both within our screen and potentially the genome.

To determine the enrichment of syntax features in active enhancers, we first enumerated

all possible 2-site and 3-site syntax features that are present across all 460,800 library elements.

We encode these syntax features using order, orientation and spacing for 2-site and 3-site features.

For example, g 15 E is a 2-site syntax feature (Fig. 5A). We use uppercase G to represent
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Figure 3.4. Orientation of individual sites convert inert elements into active en-
hancers. (A) 54,163 inert sequences (38%) can be converted to an active enhancer with a single
flip of a binding site. (B) The inert sequence OLS 93 activates no expression. (C) A single flip of
an ETS site in OLS 93 converts the inert sequence into a neural enhancer. (D) Heatmap showing
that flips lead to elements moving into more functional organizational families. (E) An inert and
a robust organizational family which only differ due to the orientation of a single ETS site.
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forward GATA site, while lowercase g represents reverse GATA site. g 7 E therefore represents a

reverse GATA followed by a forward ETS which are spaced by 7bp. Distance is measured from

the middle of the GATA or GGAW core. Exhaustive generation of all 2-site and 3-site syntax

features found across the 460k elements results in 9,022 possible syntax features.

A syntax feature is present in many enhancers. For example, E 35 G is present in 2,556

active enhancers (26%) and 7,025 inert sequences (74%) (Fig. 5B). To determine if there are

syntax features enriched within active enhancers, we test for enrichment of a syntax feature by

comparing the proportion of syntax-containing elements that are active enhancers compared with

the proportion of active enhancers across all 460,800 elements (Fig. 5B). Across all classifiable

elements of all 460,800 library elements, we observe 52,139k (27%) active enhancers dependent

on GATA-ETS and 143,799k (73%) inert sequences. We use the hypergeometric distribution to

calculate a p-value which signifies if a syntax feature is enriched in active enhancers. We find

that although E 35 G is not enriched, we find g 15 E and g 15 E 35 G are significantly enriched

in active enhancers. Interestingly, the effect size of g 15 E 35 G as calculated by the odds ratio

is greater than g 15 E (Fig. 5B). After Bonferroni adjustment of p-values, 931 of 9,022 syntax

features are found to be significantly enriched in active enhancers (p<.05, Fig. 5C). To assess the

false positive rate, we permuted the element labels and enhancer activities values, and repeat the

search for syntax features. In the permuted dataset, no syntax features are significantly enriched

in active enhancers (Fig. 5C). Looking at 2-site syntax features, we observe that there are certain

spacing between sites that are more enriched within active enhancers compared to other spacings,

this presents as a periodicity of spacing preferences between the sites. Using these datasets we

were able to impute spacing not present in our library. Within the 931 activator syntax features

enriched in active enhancers we see a wide variety of spacings, combinations and orientations.

The diversity of syntax features we observe suggests that these 2-site and 3-site features represent

many functional ways in which GATA and ETS can be put together to form an active enhancer.

3.3.8 Syntax features and syntax scores with active enhancers.

Many of the enhancers contain several enriched syntax motifs. We therefore developed a

methodology to score the different GATA-ETS syntax motifs within any DNA sequence (Fig.
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5D). First, the GATA and ETS sites are located by searching for GATA and GGAW TFBS

core sequences. Given the relative organization of GATA and ETS in the query DNA sequence,

we determine if any of the 931 activator syntax features are present in this organization. The

syntax score is the sum of the effect sizes for all the activator syntax feature within the query

sequence. The effect size of an activator syntax feature is the odds-ratio which is a quantification

of enrichment of the syntax feature in active enhancers. Thus for any synthetic or genomic

element we can create a syntax score. We do not know how these syntax features work together,

but by adding their odds ratio together, we assume that each of these syntax features are

contributing to the expression of the elements, and we want to assess if the syntax score correlates

with expression.
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Figure 3.5 Syntax features and syntax scores with active enhancers. (A) The Otx-a
enhancer contains many possible syntax features, some inert and some that are enriched in active
enhancers. Three examples of syntax features E 35 G, g 10 E and g 10 E 35 G are shown. (B)
Enrichment of syntax features in active enhancers. Across all elements tested within the Otx-a
grammar library, (27%) are active enhancers (shown in green) and (73%) are inert sequences
(shown in red), this represents the null distribution. 27% of sequences containing E 35 G are
active enhancers, representing no significant enrichment. g 10 E (37% sequences of are active
enhancers) and g 10 E 35 G (53% of sequences are active enhancers) are significantly enriched in
active enhancers (***=Bonferroni adjusted p<1e-10). Because g 10 E 35 G is enriched in a higher
percentage of enhancers, it has a higher effect size. (C) All tested syntaxes and the corresponding
log-transformed Bonferroni-adjusted p-value. Only syntax features with enrichments in active
enhancers of ≥ =10% were tested. Statistics of real data in black dots, while statistics of
permuted dataset plotted with grey dots. No syntax features are significantly enriched in active
enhancers in the permuted dataset. Red dashed line indicates significance cutoff p-value of .05.
(D) The syntax score of any arbitrary DNA sequences is calculated by first determining GATA
and ETS positions using GATA and GGAW, respectively. The GATA and ETS positions are
then used to determine presence of activator syntax features. Syntax score is calculated by
summing the effect size of all present activator syntax features. Effect size of each syntax feature
is the odds ratio enrichment in active enhancers. (E) Elements with syntax score ≥ 30 are highly
enriched in active enhancers compared to elements with syntax score ≤5. (F) Depiction of the
enhancer activities of the elements in panel (E). (G) Active enhancers with syntax score ≥ 30
have significantly higher levels of enhancer activity than enhancers with syntax score of ≤5. (H)
Robust syntaxes tend to have higher syntax scores than inert syntaxes.
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Figure 3.5. Syntax features and syntax scores with active enhancers.
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3.3.9 Syntax score defines functional and non-active enhancers.

Although the activator syntax features are enriched within active enhancers we did not

know if elements with combining syntaxes and our syntax score would be an effective method

to find active enhancers. We measured the syntax score for all 52,139k active enhancers and

143,799 inert elements. We find that 10% of elements with syntax score ≤ 5 are active enhancers,

compared to 45% of elements with syntax score ≥ 30 that are active enhancers. This suggests

that syntax can be used as a feature to predict active enhancers. Enhancers with low syntax have

significantly lower MPRA activity levels than enhancers with high syntax (Fig. 5G). These results

indicate that syntax score is an effective way to identify active enhancers, and combinations of

these syntax features do lead to more functional enhancers.

3.3.10 Genomic enhancers encode activity using dependency grammar

We wanted to see if searching for syntax features could help us find active enhancers

within the genome. We looked for elements with at least 3 sites within the genome which contains

at least one ETS and one GATA. We only considered ETS and GATA sites with ≥ 0.1 for ETS

and ≥ 0.2 relative affinity for GATA (Fig. 6A). We found 2,247 3-site elements and 907 4-site

elements that contain ETS and GATA clusters. These genomic elements have a wide distribution

of ETS and GATA affinities, the median relative affinity of these elements is 0.3 for GATA and

0.12 for ETS. None of the elements contain consensus ETS or GATA sites. To see how affinity

contributes to enhancer activity we looked at the relationship between affinity and enhancer

activity. We calculate a single affinity for each TF GATA and ETS by summing the relative

activities of the sites (Fig.6C). We found summing the affinity to be most effective, likely because

it takes into account valence. Active enhancers have subtle increase in summed ETS and GATA

affinity (Fig. S16 B,C), although the median affinity of these sites within active enhancers is still

low at .25 for ETS and .7 for GATA. To integrate the affinities of ETS and GATA we created a

heatmap in which each bin represents the affinity of both GATA and ETS (Fig. 6D). We find

that there are active enhancers within many different affinity bins, indicating that enhancers

with a range of affinities are active.

We next looked at the importance of syntax for enhancer activity. Regardless of their
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affinity, active elements have a subtle but significantly higher syntax score than inactive elements,

indicating that active enhancers contain more of the syntax features found within our synthetic

screen (Fig. S16A). Interestingly, the effect of syntax is more enriched than that of affinity of

either binding site alone suggesting syntax to be an important feature when identifying active

enhancers.

Enhancer grammar is the interplay of affinity and syntax. We have previously seen within

notochord enhancers that there is an interplay between affinity and syntax of binding sites6,

we therefore wondered if looking at both syntax score and affinity could help identify active

enhancer. We binned the elements based on the syntax score (low versus high syntax) and the

affinity of ETS and GATA. To exclude the possibility of the number of sites confounding the

analysis, we first only considered 3-site clusters. There are 1,007 3-site elements with no syntax

motifs (no syntax group, Fig. 6E). We compared these no syntax elements to the elements with

the top 500 syntax scores (with syntax group, Fig. 6F). We can test for significant enrichment in

each bin by comparing the observed enrichment in activity labels with the enrichment observed

after permuting the enhancer labels and activity values. None of the bins in the no syntax group

were significantly enriched for active enhancers. In the high syntax group, elements with 0.5-2.1

ETS and 0.55-1.0 GATA were significantly enriched for active enhancers (Fig. 6E). We found the

elements in the high syntax groups to be significantly more enriched in active enhancers when

comparing similar-affinity bins (Fig. 6G). We observed increases in percent active enhancers in

all bins except the elements containing the highest affinity GATA sites. This suggests that the

effect of syntax may not be observed in the highest affinity clusters. However, these high-affinity

clusters only account for 15% of the total clusters, indicating that the capability of the vast

majority of clusters to be an active enhancer will be influenced by the strength of their syntax.

These results illustrate that syntax can compensate for affinity to encode tissue specific expression

and that the dependency between these features encodes enhancer activity.

3.3.11 Designing tissue specific enhancers using grammar

We only looked at ETS and GATA sites within these genomic clusters and did not look

at factor in the contribution of any other factors, despite this we observe evidence of enhancer
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grammar where the affinity and syntax together are important in driving expression. As syntax

features can predict active enhancers within the genome we next wanted to see if syntax features

are sufficient to create synthetic tissue specific enhancers. To reflect the types of sites found

within the genome we chose elements with moderate affinity ETS and GATA sites and good

syntax. We selected syntax features found within the 0.5-1 bin of ETS and GATA affinities,

which we found to be significantly enriched in active enhancers. We placed these syntax features

onto inert backbones. Our synthetic element with a high grammar score drives expression similar

to the WT Otx-a enhancer. Thus indicating that not only are syntax features helpful to find

genomic enhancers, but they can also be used to design tissue specific enhancers.
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Figure 3.6 Dependency grammar encode genomic and synthetic enhancers. (A)
GATA and ETS genomic clusters library is generated by extracting all 66bp tiles with 3 to 4
non-overlapping sites. At least one GATA and at least one ETS is required with affinity of 0.2
and 0.1 respectively. (B) The enhancer activity of 3,144 GATA and ETS genomic clusters taken
from the Ciona genome. Otx-a enhancer activity plotted with green dot. Enhancer activity of 8
microscope validated neural enhancer and inert sequences annotated with green and red dots,
respectively. Purple dot represents enhancers with neural and ectopic expression. (C) GATA
and ETS elements can be grouped by their aggregated GATA and ETS affinity by summing the
affinity of the individual sites. The syntax of these elements is quantified using the same syntax
activator features detected in the synthetic screen. (D) The association of enhancer activity
with aggregate affinity of GATA and ETS within elements. The X-axis is the summed affinity
of GATA; the Y-axis is the summed affinity of ETS. The labels for each bin are as follows: (#
active enhancers) / (total # elements) (% of elements active). Color intensity of the square is
determined by the percent of elements that are active. Strongest activity bins observed at the
highest percentile of affinity. Some element activity observed in lower affinity bins. (E,F) Same
heatmaps as panel D but separating elements into low and high syntaxes. (E) Most elements
without syntax are 35-38% active, except the higher affinity elements which are 44-47% active
(F) The 500 elements containing the highest syntax scores (corresponding to a syntax score (SS)
of greater than 2.81). Most elements with high syntax have higher percent active elements than
elements in the low syntax bin, ranging from 45-58%, even for low affinity elements. (G) Elements
with syntax have significantly higher percent active elements than compared to elements with no
syntax. Lines connect bins which contain similar affinity elements, only differing in the syntax
of sites. (H) Generation of synthetic enhancers using activator syntax features with similar
strengths to high syntax scoring genomic elements. Activator syntax features used were detected
in the screen but not in the genomic clusters library. ETS and GATA 8mer sequences chosen
using PBM data which have affinity similar to wild-type Otx-a. Inert backbone taken from
ablated sequences known to activate no gene expression. An example of a synthetic enhancer
SE1 with syntax score of 11.8 driving neural expression in the asv, dorsal epidermis, palps, and
two tail muscles.
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Figure 3.6. Dependency grammar encode genomic and synthetic enhancers.
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3.4 Discussion

Enhancers are a critical feature of our genomes, as they provide the instructions for

when and where genes are transcribed. Yet in contrast to coding regions of the genome we have

very limited understanding of how DNA sequences encode for active enhancers. To address

this problem we did an exhaustive screen of the well characterized Otx-a enhancer. We made

every possible order, orientation and spacing of this enhancer and tested these for activity within

Ciona embryos. Strikingly, only a fraction of the elements are functional despite the fact that

they all have the same number and affinity binding sites and same sequence content. The active

enhancers have seemingly very different organization of sites. Why all this disparate elements

are functional is a remaining mystery, but these diverse elements likely all adhere to higher order

grammatical rules governing construction of a functional complex that can activate transcription.

We found that these elements could be separated into organizational families all of which

share the same order, orientation and spacing of sites but have affinities at different positions. We

find that some syntaxes are robust and drive expression regardless of where the different affinity

sites are located, interestingly these robust syntaxes had the highest levels of enhancer activity

and also showed low levels of ectopic expression in non-neural cells raising the possibility that

syntax most permissive to building a functioning complex that can activate transcription are also

closer to driving ectopic expression. We determined that some syntaxes are not permissive to

active enhancer activity and are inert. The majority of enhancers lie within moderate syntaxes

where affinity of binding sites influences if the element is active. For moderate enhancers the

organization of sites is likely less optimal and thus the energy from the affinity interactions

are important for the assembly of the functional complex, whilst for the robust elements the

organization is so permissive to the assembly of the complex the organization of sites does not

matter.

Very small changes to elements can have dramatic effects, we find more than a third

of inert elements can be converted into active enhancers by flipping the orientation of a single

binding site and this moves elements into more robust organizational families. This has important

implications for assessing if an elements is a active enhancers within the genome, and if a de
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novo site will likely contribute to changes in enhancer activity and organismal level phenotypes.

We analyzed syntax in a rigorous manor by comparing how presence of syntax contributes

to differential enhancer activity for GATA and ETS genomic elements with similar affinities.

This results in a heat map, where you physically separate elements by their affinity, and then

quantify how the presence of syntax relates to enhancer activity. Future efforts will focus on

collapsing all elements to a single axis and predict their enhancer activity by integrating the

affinity and syntax of binding sites. The relative contributions of affinity and syntax is unclear,

making this single quantification of enhancer grammar difficult. Additionally, it is also unclear

how to encode the affinity of a binding site cluster with multiple types and numbers of binding

sites (e.g. 2 GATA + 1 ETS versus 1 GATA + 2 ETS). One approach is to do this explicitly,

assigning weights to affinity and syntax and assess how well this predicts enhancer activities.

Another approach is to encode the type, number, affinity and syntax of an element’s binding

sites into a machine learning model to see if it can learn how to combine the relative contribution

of the features which optimize prediction accuracy.

Machine learning models rely on a numerical encoding of enhancers, almost exclusively

using one-hot encoding to represent the precise sequence of the enhancer. This approach results

in a 4xN matrix where each of the 4 rows encodes presence of A/T/G or C and N is the length of

the enhancer11;49;61;175;176. This is where models had to begin because we still do not understand

the enhancer features encoding gene expression, so we must rely on encoding the precise sequence

and hoping the model will learn the features. There is no doubt these models have advanced

the field of enhancer predictions. However, these sequence based models may be limited in their

ability to make predictions based on the linear encoding of precise sequence. Although some

organizational preferences have been detected using machine learning models as an “oracle” to

predict how sequence changes enhancer function48;49;177, we do not yet know if these models can

pick up on nuances of site number, affinity and syntax given the limitation of how many training

sequences can be inputted. Indeed, low affinity sites are degenerate and there are multiple

functional syntaxes which can put together the same tissue-specific expression pattern9;178. We

hypothesize that the more we understand about the functional features governing enhancer levels

and tissue specificity, the more precisely we can encode these features for the machine learning
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models to learn and predict on. Given the importance of enhancer grammar which is encoded by

the site type, number, affinity, and syntax, we hypothesize that these features will be critical to

encode.

Together these results illustrate that there are clear grammatical constraints on how

proteins assemble on enhancers and that even very subtle changes to an enhancer sequence can

cause a dramatic change in activity. While there is clearly grammatical constraints on enhancers

we have not yet been able to full unravel these rules. Using our synthetic enhancer screen we

were able to determine syntax feature enriched within active enhancers and developed a syntax

score based on this enrichment. This syntax score enabled us to enrich for functional enhances

within the genome demonstrating that the synthetic screen could inform us within the context of

the genome. Beyond the genome, we were able to use syntax features to design tissue specific

enhancers. Together this work demonstrates that an understanding of the grammatical constraints

on enhancers can unlock the instructions for tissue specific genome expression embedded within

our genomes.

3.5 Methods

3.5.1 Ciona Electroporations

Counting Embryos. For enhancers being compared, GFP expression were counted on the

same day along with Otx-a wild-type as a reference in each set of experiment. Fifty embryos

were counted for each biological replicate. For all experiments, slides were counted blind. When

comparing % embryos with expression, we used Fisher’s Exact Test to determine if two constructs

produced significantly different expression in a tissue.

Acquisition of Images. For enhancers being compared, images were taken from electropo-

rations performed on the same day using identical settings. For representative images, embryos

were chosen that represented the average from counting data. All images are subsequently

cropped in the same way to an appropriate size. In each figure, the same exposure time for each

image is shown to allow direct comparison.

Library Construction for Fluorescence Microscopy . Randomized linker constructs were

ordered from IDT with Ns (equal chance of A/T/C/G) in place of the linker regions. The
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enhancer library was transformed using MegaX DHB10 electrocompetent cells with 1,000,000 to

5,000,000 total randomized linker variants.

Electroporation for Fluorescence Microscopy. All constructs whose expression patterns

are to be compared to each other were midiprepped in the same batch along with a Otx-a

WT control, using the NucleoBond Xtra Midi kit (Macherey-Nagel). Dechorionation, in vitro

fertilization, and electroporation were performed as described previously in Farley et al., 2016. 70

ug DNA was resuspended in 100 uL water and added to 400 uL of 0.96 M D-mannitol. Typically

for each electroporation, eggs and sperm were collected from 6 adults. Embryos were fixed

at the appropriate developmental stage for 15 minutes in 3.7% formaldehyde. The tissue was

then cleared in a series of washes of 0.3% Triton-X in PBS and then of 0.01% Triton-X in PBS.

Samples were mounted in ProLong Gold Antifade Mountant. GFP images were obtained with

an Olympus FV3000, using the 40X objective. All constructs were electroporated in at least two

biological replicates.

3.5.2 Scoring Relative Affinities of Binding Sites

We calculated the relative ETS and GATA binding affinity using the median signal

intensity of the universal protein binding microarray (PBM) data for mouse ETS-1 (Wei et al.,

2010) and GATA-6 (Badis et al. 2009) proteins from the UniProbe database

(http://thebrain.bwh.harvard.edu/uniprobe/index.php)123. Previous studies have shown that

the specificity of ETS family members is highly conserved from flies to humans (Nitta et al.,

2015; Wei et al., 2010), and thus ETS-1 is a good proxy for binding affinity in Ciona ETS-1

which has a conserved DNA binding domain. The binding preference for Ciona Gata.a is highly

similar to the orthologous human and mouse GATA4/5/694;174.

The relative affinity score represents the ratio of the median signal intensities of the

native 8-mer motifs compared to the optimal 8-mer motifs for optimal TF binding. For ETS, the

consensus site with a GGAW core is CCGGAAGT. For GATA, the consensus site with a GATA

core is GAGATAAG. The optimal or consensus sites have a relative affinity score of 1.0.
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3.5.3 MPRA Libraries

Gata and Ets Grammar Library Generation . The Otx-a Gata and Ets Grammar Library

was designed by reorganization of the Otx-a enhancer with minimal changes to the sequence

content. Since there is an ETS core of GGAW in Linker 1 of Otx-a, we deleted the first 3 bases of

linker one to get rid of the ETS core. We also found that Linker 4 has a TTC which could form a

de novo ETS TTCC core if joined with a binding site starting with a C. We therefore performed

a point mutation in Linker 4 to avoid this (TGTTC to TGCTC). We exhaustively generating

every sequence following this formula: any order of linker sequences in the forward direction

with any order and orientation of binding sites. This generated 25 * 5! * 5! = 460,800 grammar

variants. We additionally generated another 460,800 variants with point mutations to each Gata

(GATA to AATA) and Ets (GGAW to GCAW) site known to ablate binding. This totaled to

921,600 sequences in the Gata and Ets Grammar Library. The oligo library was synthesized by

Twist.

Gata Ets Genomic Clusters Library Generation. We extracted all 66bp tiles which include

3 or four binding sites, of which at least 1 Gata (matching GATA with affinity ≥ 0.2) and 1

Ets (matching GGAW with affinity ≥ 0.1) sites must be present. We filtered to only look at

non-overlapping Gata and Ets sites. For dense clusters of Gata and Ets, we ordered every 66bp

tiles every stepping 15bp. This results in a library of 3,144. The oligo library was synthesized by

TWIST Biosciences.

Library Cloning . Both the Gata and Ets Grammar Library and the Genomic Clusters

library were cloned with the following steps. The enhancer variants were ordered from Agilent

Technologies with adapters containing BseRI sites. This was cloned into the custom-designed

SEL-Seq (Synthetic Enhancer Library-Sequencing) vector using type II restriction enzyme BseRI5.

After cloning, the library was transformed into MegaX DHB10 electrocompetent cells, and the

culture was grown up until an OD of 1 was reached. DNA was extracted using the Macherey-Nagel

Nucleobond Xtra Midi kit. A 30bp barcode with adapters containing Esp3I sites was cloned into

this library using type II restriction enzyme Esp3I. The library was transformed into MegaX

DHB10 electrocompetent cells and grown up until an OD of 2 was reached. The DNA library was

extracted from the bacteria using the Macherey-Nagel Nucleobond Xtra Midi kit. The Gata and
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Ets Grammar Library members contain 50 barcodes per enhancer. The Gata and Ets Genomic

Clusters Library members contain 12 barcodes per enhancer.

Enhancer to Barcode assignment. To determine which enhancer was associated with

which barcode tag, we removed the intervening sequence containing promoter and GFP by

restriction digest with XbaI and SacI and re-ligated the remaining vector to get the enhancer and

barcode in close proximity. We amplified the region of interest with 10 cycles of PCR, and size

selected the PCR product using Agencourt AMPure XP beads. We ran the purified sample on a

bioanalyzer to check the product was the correct size then sequenced the library using NovaSeq

S4 PE150 mode (Illumina).

Enhancer to Barcode Dictionary Analysis . Raw sequencing data was first deduplicated

to get a file with unique reads and associated read counts. The location of the barcode and

enhancer in the read is known based on the vector design. For each unique read, we searched for

the enhancer in the expected location -5 to +1 bp. If the sequence at the enhancer location is a

perfect match to a sequence we ordered, then we extract the enhancer from the read and the

first 25bp as the barcode. We filtered out any barcodes that were mapped to multiple enhancers.

MPRA electroporation . Each library was electroporated into 5000 fertilized eggs.

Embryos were developed until 5hrs 15 min at 22°C. Embryos were then put into TRIzol, and

RNA was extracted following the manufacturer’s instructions (TURBO DNA-free Kit, Invitrogen).

The RNA was DNase treated using Turbo DNaseI from Ambion following standard instructions.

Poly-A selection was used to obtain only mRNA using poly-A magnetic beads as per instructions

(Dynabeads mRNA Purification Kit, Life Technologies). The mRNA was used in an RT reaction

that was specifically selected for the barcoded mRNA (Transcriptor High Fidelity cDNA Synthesis

Kit, Roche). The RT product was PCR amplified and size selected using Agencourt AMPure XP

beads (Beckman Coulter), then checked for quality and size on the 2100 Bioanalyzer (Agilent)

and sent for sequencing on the NovaSeq S4 PE100 mode (Illumina). At least three biological

replicates were sequenced.

The DNA was extracted by mixing the phenol-chloroform and interphase of TRIzol

extraction with 500uL of Back Extraction Buffer (4M guanidine thiocyanate, 50mM sodium

citrate, and 1M Tris-base). DNA was treated with RNase A (Thermo Fisher). DNA was cleaned
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up with Phenol:Chloroform:Isoamyl alcohol (25:24:1) (Life Technologies). The DNA was PCR

amplified and size selected using Agencourt AMPure XP beads (Beckman Coulter), then checked

for quality and size on the 2100 Bioanalyzer (Agilent) before sequencing on the NovaSeq S4

PE100 mode (Illumina). At least three biological replicates were sent for sequenced.

Gata and Ets Grammar MPRA Analysis . We extracted the barcode as the first 25

bases of the read. We determined the read counts of each library in the FASTQ file and

normalized the read counts to reads per million (RPM). We generated a table of all dictionary

barcodes and associated RPMs from each replicate. We aggregated barcode RPM measurements

within enhancers using the barcode-enhancer dictionary. For each replicate, enhancer activity is

calculated by summing associated barcode RPM in RNA and dividing by the sum of the RPM

in DNA. Replicate activities<0.5 are considered not detected and filtered out. The remaining

replicate activities for an enhancer are summed to calculate the experiment-wide enhancer activity

score. Finally, the activity scores are log2 transformed, and rescaled such that 0 is the 40th

percentile of activity and 1 is the 75th percentile of activity. This rescaling of the data to these

percentiles transforms the scores into a more intuitive scale where elements with activity less than

0 are inert, and elements greater than 1 are active enhancers. The set of 52,139 active enhancers

dependent on Gata and Ets were determined by requiring the element enhancer activity to be ≥

1 and the matched ablated control to be <=0.

Gata and Ets Genomic Clusters MPRA Analysis. We extracted the barcode as the first

25 bases of the read. We determined the read counts of each library in the FASTQ file and

normalized the read counts to reads per million (RPM). We generated a table of all dictionary

barcodes and associated RPMs from each replicate. We aggregated barcode RPM measurements

within enhancers using the barcode-enhancer dictionary. For each replicate, enhancer activity

is calculated by taking the average RNA:DNA ratio across all barcodes associated with the

sequence. Replicate activities <1.5 are considered not detected and filtered out. The remaining

replicate activities for a sequence are summed to calculate the experiment-wide enhancer activity

score. Sequences were removed from the analysis if they were not detected in ≥ 3 replicates.

Finally, the activity scores are log2 transformed, and rescaled such that 0 is the 55th percentile

of activity and 1 is the 65th percentile of activity. This rescaling of the data to these percentiles
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transforms the scores into a more intuitive scale where elements with activity less than 0 are

inert, and elements greater than 1 are active enhancers and less than 0 are inert sequences.

3.5.4 Analysis of grammar

Syntax Family Analysis. Syntax families are defined by a fixed order, orientation and

spacing. Sequences are grouped into syntax families if their (1) order of linkers and (2) order

and orientation of Gata/Ets binding sites are the same. Since there are 2 Ets sites and 3 Gata

sites, there are 3! * 2! = 12 possible sequences per syntax family. For each family we determined

how many active enhancers and inert sequences were detected in the syntax family. We defined

inert syntaxes as families 7 or more inert, with 0 active enhancers. We defined robust families as

having 7 or more active enhancers, with 0 inert sequences. We determined the average syntax

score in each bin of the syntax family by taking the average syntax score of all sequences in that

bin.

Single Flip Analysis. For every inert sequence (activity ≤0), we determined if any of

sequences created by any of the possible 5 single flips were active enhancers dependent on GATA

and ETS (wt variant activity ≥ 1, abl version ≤ 0). We determined which syntax family was

associated with the inert sequence and active enhancer associated with all single flips that resulted

in converting an inert sequence to a functional enhancer. Using the syntax family heatmap from

Fig. 3C, we determined how many inert sequences were in each bin. We then did the same for

active enhancers, determining how many active enhancers (products of the single flips) were in

each bin of the syntax family heatmap. We then subtracted the count of active enhancer counts

from inert sequences to get the transition between each bin. We find negative values in inert

syntaxes and positive values in robust syntaxes, indicating that the active enhancers from single

flips typically moved from inert syntaxes to robust syntaxes.

Detection of Syntax Motif Enrichment. Syntax features were encoded using order,

orientation and spacing of Gata and Ets binding sites. We enumerated exhaustively all possible

orders, orientations and spacings of which a 2-mer or 3-mer binding site syntax feature could

be arranged. We then calculated the enrichment of each syntax feature in active enhancers and

calculated a p-value using the hypergeometric distribution.

104



For a given possible syntax motif, we calculated the following parameters of the hyperge-

ometric distribution to test the significance:

Hypergeometric Parameters of the null distribution N = population size = total number

of sequences in the library (460,800)

K = number of success states in the population = number of neural enhancers dependent

on GATA/ETS (50,643)

Hypergeometric Parameters calculated for each syntax feature n = number of draws =

number sequences (of 460,800) which contain the grammar motif

k = number of observed successes = number of neural enhancers dependent on GATA/ETS

(of 50,643) which contain the grammar motif

P-value for hypergeometric test is defined as P(X≥k). Statistical tests only performed

for enrichments ≥ 10%. Bonferroni correction applied to adjust for multiple tests.

To assess the rate of false positives due to noise, we performed the same statistical test

for enrichments of grammar motifs in a shuffled dataset. The shuffled dataset was created by

simply shuffling the activity label for each sequence. No significant motifs are detected in the

shuffled dataset.

Since the Gata and Ets grammar library contains fixed length linker sequences, there are

some spacings between Gata and Ets not observed in our library. To estimate the enrichment of

the syntax feature we would observe if it were in the library. To do this, we first determined

what the observed enrichment is for +1/-1 of that spacing. We then imputed the enrichment of

that spacing by averaging the two adjacent enrichments of +1/-1 spacing. Finally, we calculated

the p-value using imputed enrichment with the same procedure as above.

Syntax Score Calculation. The location and orientation of sites within a DNA sequence

were determined through matches to the core sequences: GATA for Gata and GGAW for Ets.

From the order, orientation and spacing of those annotated sites, we then determine which syntax

motifs are present in the sequence. We then sum within each sequence all syntax motif odds

ratios as a measurement of the syntax motif’s enrichment in active enhancers as observed in the

screen. Sequence with no motifs are given a summed odds ratio of 1 as an odds ratio of 1 is no

enrichment at all.
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Analysis of GATA and ETS genomic clusters syntax and affinity. GATA (≥ 0.2 affinity)

and ETS cores (≥ 0.1 affinity) excluded due to potentially being nonfunctional due to ultra low

affinity. The remaining sites were summed to calculate the aggregate summed affinity. Syntax

score of sites remaining using the same process as outlined in “Syntax Score Calculation” above.

3.5.5 Design of Synthetic Enhancers

Synthetic enhancers were generated starting with the 3mer syntax motifs most strongly

enriched in active enhancers. Gata and Ets binding site sequences were determined by using

PBM data to find 8-mer sequences which are similar to Otx-a binding sites. Inert backbone

sequences used to link binding sites at specified spacing were taken from sequences with ablated

TFBS shown not to activate any transcription from Song et al 2022130 (ZEE36 and ZEE29).
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Epilogue

4.1 Discussion

4.1.1 The prevalence of low affinity sites creates a vulnerability in genomes

The first demonstration of the importance of low-affinity binding sites comes from studies

of hox patterning in the fly embryo4 and the nervous system of Ciona robusta (Ciona)5;6.

Optimizing the affinity of transcription factor (TF) binding in these enhancers causes loss of

tissue-specificity, though the downstream phenotypic consequences were not studied. In this

thesis, we demonstrate that single nucleotide changes to DNA sequence which drive affinity

optimizations cause gain-of-function gene expression and developmental defects in the Ciona

heart7 and vertebrate limb bud8. Importantly, more than 61% of predicted human heart

enhancers from contain an ETS binding site that can be affinity-optimized by a SNV at levels

known to cause loss of enhancer tissue-specificity7. This reveals a vulnerability in genomes in

which genetic variation can easily cause affinity optimizations in enhancers. Indeed, we find that

affinity optimizations of ETS, AP1 and IRF1 are all enriched for causal variants driving increased

enhancer activity levels across hundreds of enhancers8. Importantly, affinity optimizations of ETS

enriched for genetic variants that are associated with increased gene expression (cis-expression

quantitative trait loci, cis-eQTL). The effect of affinity optimizations in ETS cis-eQTLs correlated

well with the effect in reporter assays, suggesting MPRAs can recapitulate effect of gene expression

at the endogenous locus. Although massively parallel reporter assays (MPRAs) stands the ideal

method to test millions of variants for their effect on enhancer activity levels, they cannot yet

determine the effects on tissue specificity. However, there is evidence that suboptimality of

enhancers is associated with tissue-specificity, suggesting that higher levels of expression in one

tissue may correlate with loss of tissue-specificity5;6.
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Although we focus on the importance of affinity optimizing genetic variation in causing

disease, we also hypothesize this is a mechanism through which traits evolve. Enhancers are

known to contain genetic variation driving evolutionary adaptations133. In relation to vertebrate

limb digit development, we speculate that these types of mutations can drive changes in the

limb digits which diversify the kinds of interactions the hand can make with the environment

(e.g. grabbing objects, manipulating tools). In relation to the chordate heart, we speculate these

kinds of mutations could contribute to the evolution of extra chambers in the heart.

Enhancers are the most common genomic location of disease associated mutations1–3.

Pinpointing disease-causing genetic variation in enhancers is a current major challenge. Across

this work we show that in Ciona, mice, and humans, affinity optimizing genetic variants represent

pathogenic gain-of-function (GOF) mutations. We do not expect loss-of-function genetic variants

(decreases in affinity or deletion of the site) to be pathogenic as often because of enhancer

redundancy. Within enhancers, there are multiple transcription factor binding sites which

provide robust activation97;158. Indeed, in our work we find that deleting the ETS-A results in

no phenotype in the ZRS, likely due because there are 19 ETS binding cores in the ZRS, six of

which are functionally validated. The large number of ETS cores in the ZRS not mentioned in

the literature highlights that we may be vastly underappreciating the number of sites within

enhancers. In addition to redundancy built within enhancers, genes are typically regulated by

also multiple enhancers156;157. We know that other enhancers can compensate in cases in which

a single enhancer is lost. Therefore, when pinpointing causal variants, we propose focusing on

GOF variants will be most successful as these are likely to drive loss of tissue-specificity and

downstream phenotypes.

Importantly, this perspective of GOF vs LOF came from mechanistic studies of the

rules governing enhancer function. This highlights the important of approaches that study

enhancers in a mechanistic and interpretable way. Although machine learning approaches have

been successful in making genomic enhancer predictions and generating synthetic enhancers, it

is difficult to understand how to improve these enhancer models if we do not understand the

underlying mechanisms that govern enhancer sequence to function relationships.

Machine learning models rely on a numerical encoding of enhancers, almost exclusively
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using one-hot encoding to represent the precise sequence of the enhancer. This approach results

in a 4xN matrix where each of the 4 rows encodes presence of A/T/G or C and N is the length of

the enhancer11;49;61;175;176. This is where models had to begin because we still do not understand

the enhancer features encoding gene expression, so we must rely on encoding the precise sequence

and hoping the model will learn the features. There is no doubt these models have advanced

the field of enhancer predictions. However, these sequence based models may be limited in their

ability to make predictions based on the linear encoding of precise sequence. Although some

organizational preferences have been detected using machine learning models as an “oracle” to

predict how sequence changes enhancer function48;49;177, we do not yet know if these models can

pick up on nuances of site number, affinity and syntax given the limitation of how many training

sequences can be inputted. Indeed, low affinity sites are degenerate and there are multiple

functional syntaxes which can put together the same tissue-specific expression pattern9;178. We

hypothesize that the more we understand about the functional features governing enhancer levels

and tissue specificity, the more precisely we can encode these features for the machine learning

models to learn and predict on. Given the importance of enhancer grammar which is encoded by

the site type, number, affinity, and syntax, we hypothesize that these features will be critical to

encode.

4.1.2 Towards increasing prediction accuracy of causal mutations using
grammar

Beyond the affinity of binding sites, the organization of sites is another component of

functional enhancers. The physical properties of TFs and the DNA to which they bind are

thought to constrain the way in which binding sites within a functional enhancer can be organized.

The interplay of binding site syntax (the order, orientation and spacing of sites) and the affinity

of sites is known as enhancer grammar9. The features encoding grammar are binding site type,

number, affinity and syntax (organization). Previous studies of grammar have only found the

“smoking gun” of grammar, or traces of grammatical features which are enriched in predicted

functional regions48–50;52;177. We sought to study enhancer grammar with a more explicit and

interpretable approach to provide a foundation for future studies to investigate grammar and use

grammatical rules to make genomic enhancer predictions.
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We study enhancer grammar using the Ciona neural enhancer Otx-a as a model, which is

known to be regulated only by GATA and ETS9;91;171;173. We generated a synthetic library using

the Otx-a well defined sequence components: the functional GATA and ETS sites and the inert

linker sequences. Therefore, these clusters have the same sequence content, binding site type,

number and affinity. The difference between these sites is the relative syntax of the sites (their

relative order, orientation and spacing). We find syntax is critical for a cluster of sites being

an active enhancer. Thousands of sequences are rendered inert from insufficient syntax, while

thousands of sequences are active enhancers due to their syntax. We found that 2-site and 3-site

syntax features were significantly enriched in active enhancers. We developed a method to use

predict functional enhancers using these activator syntaxes. Using this method, we found syntax

could increase the accuracy of enhancer predictions when integrated with affinity. This is the

first time syntax has been explicitly used successfully to improve genomic enhancer predictions.

We analyzed syntax in a rigorous manor by comparing how presence of syntax contributes

to differential enhancer activity for GATA and ETS genomic elements with similar affinities.

This results in a heat map, where you physically separate elements by their affinity, and then

quantify how the presence of syntax relates to enhancer activity. Future efforts will focus on

collapsing all elements to a single axis and predict their enhancer activity by integrating the

affinity and syntax of binding sites. The relative contributions of affinity and syntax is unclear,

making this single quantification of enhancer grammar difficult. Additionally, it is also unclear

how to encode the affinity of a binding site cluster with multiple types and numbers of binding

sites (e.g. 2 GATA + 1 ETS versus 1 GATA + 2 ETS). One approach is to do this explicitly,

assigning weights to affinity and syntax and assess how well this predicts enhancer activities.

Another approach is to encode the type, number, affinity and syntax of an element’s binding

sites into a machine learning model to see if it can learn how to combine the relative contribution

of the features which optimize prediction accuracy.

Given the power of syntax to enrich for functional enhancers, it will be an important next

step to test the effect of affinity optimizing genetic variant in clusters predicted to be functional

using enhancer grammar (affinity and syntax). We expect genetic variation optimizing affinity in

functional binding site clusters to be more likely to be causal than in non-functional clusters.
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Additionally, the likelihood of causality of a de novo TFBS could also be scaled based on the

syntax of that site with known cofactors. Specifically, we would determine if the de novo binding

site emerged in an active syntax with nearby co-factor binding sites relevant to that cell type.

In sum, grammar gives us a methodology to further increase the accuracy of predicted causal

affinity optimizations and de novo binding sites.

Another finding from our synthetic enhancer screen of Otx-a is that active enhancers with

robust syntaxes drove significantly higher levels of enhancer activity than active enhancers with

moderate syntaxes. This provides substantial evidence to previous experiments which hinted

that syntax is not only important for forming a functional enhancer, but can also contribute to

the levels of expression. This represents another feature that could be used to identify genetic

variation associated with disease. Specifically, indels which change spacing between sites could

optimize combinatorial TF binding similar to the effect of increasing TF affinity. Indeed, indels

between sites were observed to dramatically effect binding of transcription factors as measured

by ChIP-seq52. Although these observations are an important first step, this thesis suggests we

may need to study syntax in depth using synthetic screens to be able to make predictions of

which indels will cause changes to enhancer function.

This thesis focuses on supplementing current efforts to reveal genotype-phenotype relation-

ships with a mechanistic layer. We formulate our mechanistic understanding of enhancers from

decades of research as enhancer regulatory rules which govern sequence to function relationships

of enhancers. Genetic variants which break these regulatory rules are predicted to cause changes

to enhancer levels and tissue-specificity, and these changes in gene expression are thus likely to

drive phenotypic changes. The mechanistic low-affinity regulatory principle alone was able to

enrich for causal variants in high-throughput assays. Integrating mechanism with epigenetics

and fine-mapping will likely generate the variants most likely to be causal. In the future, we can

improve prediction accuracy of the low-affinity regulatory principle by prioritizing variants within

functional clusters as defined through enhancer grammar. Additionally, our finding that syntax

can increase enhancer activity levels suggest that it is another “optimization knob” through

which genetic variation could changes in gene expression levels or tissue-specificity. Adoption of

these principles in studying other TFs and other diseases will increase our collective power to
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uncover the genetic underpinnings of enhanceropathies.
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Figure A.1. Counting data for ETS site ablation within the FoxF enhancer. Related
to Figure 1. A. Schematic of FoxF enhancer reporter construct. B. Sequence of the 295bp FoxF
enhancer with transcription factor binding sites found by previous studies and the current study.
Previously studied EtsA, EtsB, and EtsC sites are described as the ETS3, ETS4, and ETS5 sites.
C. Schematics show the enhancers that were electroporated into embryos. Diagrams indicate the
WT FoxF fragment and X indicates GGAW > GCAW mutation. Graph shows the proportions of
embryos and levels of expression in TVCs (3 replicates, n >= 50 embryos for each replicate). P
values are obtained by using Chi-square test comparing each condition to the WT FoxF enhancer
with Bonferroni correction: ** P<0.0007, * P<0.007, N.S. not significant. Data in stacked bar
chart are represented as the mean. Table S1 contains sequences of ETS sites in each construct.
Figure S2 contains representative images for each of these constructs.
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Figure A.2 Representative images of each of the FoxF constructs tested in this
study.The first nine images are alternate representative images to those included in the main
figures. The final six images are representative images for the single-site ablation constructs in
Figure S1. The counting data for FoxF -ETS1 and FoxF -ETS3 shows fluorescence in less than
25% of embryos, therefore we included embryos with no fluorescence as representative images.
Scale bars, 50 um.
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Figure A.2. Representative images of each of the FoxF constructs tested in this
study.
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Figure A.3. Differential binding affinity with ETS1 single nucleotide variant. Related
to Figure 2. We performed an EMSA to detect binding of Ciona ETS1 DNA Binding Domain
(DBD) to a biotin labelled 30bp sequence of the FoxF enhancer centered on ETS1 with a 1.0
affinity site. We compared the impact of unbound competitor alleles containing the ETS site
of 1.0 affinity, the 0.97 ETS1-T-to-C site and the WT ETS1 site. Ciona ETS1 DBD bound to
the 1.0 ETS binding site in the control probe (lane 2) and this specific binding was competed
most effectively by the unlabeled competitor with the 1.0 affinity site (lane 3). The unlabeled
competitor probe harboring the single nucleotide variant ETS1-T-to-C competed almost as
efficiently as the probe harboring a 1.0 affinity ETS site (lane 4), while probe harboring the
wild-type ETS1 site was the least efficient at competing binding to the labelled probe (lane 5).
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Figure A.4. Counting of migration defects in tailbud embryos with affinity-optimizing
mutations. Related to Figure 3. A. Schematic of FoxF enhancer FoxF cDNA construct. B. Bar
chart of percentage of embryos with ATM migration defects. We scored the migration of ATMs
into the ventral midline in between 250 and 380 embryos per condition. P-values are obtained
by using Chisquare test comparing to WT FoxF enhancer with Bonferroni correction: ** P <
0.0017. The single nucleotide variants made are shown by the dots in the enhancer schematic.
Data are represented as mean ± standard deviation. C. Table with number of embryos.
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Figure B.1. Class I ETS family members have conserved DBDs. DBDs of ETS-1
transcription factors. Numbers show the location of contacts between the DNA-binding site and
the protein in human and mouse24,61,62. The DBDs are highly conserved across human, mouse
and flies across other class I ETS family members24,63,64.

Figure B.2. PBM binding affinities correlate with the in vivo ETS-1 ChIP signal in
various cell types. a, ETS-1 ChIP–seq signals from mouse primary B cells (y axis) and PBM
mouse ETS-1 affinities (x axis) show a strong Spearman’s rank correlation of 0.88 (ref. 58). To
show that the correlation is not heavily dependent on values from affinity bins 0.1 and 1.0, we
show the Spearman’s rank correlation between cumulative affinity bins below the graph. For
example, the Spearman’s correlation using bins 0.1, 0.2, 0.3, 0.4 is 0.703. b, The ETS-1 ChIP
signal is low for all random non-ETS k-mers c, Correlation of ChIP signal and PBM affinity for
other ETS-1 ChIP assays in mouse primary B cells, human natural killer cells and human THP-6
cell lines58,59,60.
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Figure B.3. Conservation of ZRS ETS sites between humans and mice. a, The human
and mouse ZRS sequence is highly conserved. The human ZRS has 19 putative ETS-binding
sites, all with affinities equal to or lower than 0.52. The mouse ZRS has 6 functionally validated
and 12 putative ETS sites; 15 of these are conserved in location and affinity with the human
ZRS. b, The ETS-A site and surrounding sequence show perfect conservation between mouse and
human, as indicated by asterisks. Blue box highlights the ETS-A sequence within the human
and mouse ZRS.
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Figure B.4. EMSA shows the binding of human and mouse ETS-1 to the ETS-A
site and ETS-A variants. a, WT ETS-A probe sequence can bind to the ETS-1 DBD to
generate a band, the intensity of which decreases as the biotin-labelled probe is outcompeted by
a non-biotin competitor probe. A single-bp change in the ETS-A site (LOF) leads to a loss of
binding signal. b, EMSAs for WT, French 2, Syn 0.25, Indian 2 and Syn 0.52 sequences. The
total amount of bound probe relative to the unbound probe is not statistically different between
French 2, Indian 2 and Syn 0.25 sequences, suggesting that all three sequences have the same
affinity. P = 0.18, one-way ANOVA. The Syn 0.52 sequence binds more strongly than the 0.25 or
0.15 sequences do. EMSAs were performed independently twice and both replicates show similar
results. For gel source data, see Supplementary Fig. 1.
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Figure B.5 Ptch1 in situ hybridization in the hindlimb bud and forelimb bud of
transgenic mice. Embryos were collected at around the 53-somite stage for Ptch1 in situ
hybridization. a, Ptch1 expression is restricted to the posterior domain in WT hindlimb buds.
Ectopic Ptch1 expression can be seen in the anterior domain of homozygous French 2 (b), Indian
2 (c), Syn 0.25 (d) hindlimb buds. LOF homozygotes (e) and embryos with Syn0.25/LOF alleles
(f) do not have ectopic Ptch1 expression as predicted. g, Syn 0.52 hindlimb buds have larger
domain of ectopic Ptch1 expression than embryos with approximately 0.25 affinity ETS-A sites.
h, In WT forelimb buds, Shh and Ptch1 expression is restricted to the posterior domain. i, Syn
0.52 homozygotes display ectopic Shh expression and Ptch1 expression in the forelimb buds. The
Shh in situ hybridizations shown were performed on embryos at around the 48-somite stage. All
limb bud images were acquired and cropped using the same settings.
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Figure B.5. Ptch1 in situ hybridization in the hindlimb bud and forelimb bud of
transgenic mice.
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Figure B.6 Ptch1 in situ hybridization in the hindlimb bud and forelimb bud of
transgenic mice. a, In the hindlimb, heterozygotes and homozygotes have 100% penetrance in
polydactyly. In the forelimb, homozygotes have 100% penetrance whereas heterozygotes have
93.6% penetrance. b, Tibial hemimelia is observed in 95.3% of homozygotes but no heterozygotes.
c, Digit phenotypes on the hindlimbs of all mice studied. d, Digit phenotypes on the forelimbs of
Syn 0.52 mice. WT, LOF, French 2, Indian 2 and Syn 0.25 have no forelimb phenotypes. TT
denotes triphalangeal toe or thumb.
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Figure B.6. Syn 0.52 mice show highly penetrant polydactyly in both forelimb and
hindlimb, as well as tibial hemimelia.
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Figure B.7. Affinity-optimizing SNVs are significantly associated with GOF enhancer
activity. Enhancers containing SNVs that increase ETS affinity are significantly enriched in
GOF expression relative to all other SNVs within a 2% sequence mutagenesis assay of the ZRS
enhancer5. The bounds of the box plots define the 25th, 50th and 75th percentiles, and whiskers
are 1.5 × the interquartile range. One-tailed Mann–Whitney U test.
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Figure B.8. EMSA shows stronger binding of the human HOXA13 and HOXD13
DBDs to the Dutch 2 variant relative to the WT sequence.a, WT probe sequence can
bind to the human HOXA13 DBD to generate a band, the intensity of which decreases in the
presence of the non-biotin competitor probe. The Dutch 2 variant binds to HOXA13 more
strongly than does the WT allele. A single-bp change that ablates HOXA13 binding shows no
binding. b, EMSA with the same WT and Dutch 2 probe sequences as in a, performed with the
human HOXD13 DBD. The Dutch 2 variant binds to HOXD13 more strongly than does the WT
allele. EMSAs were performed independently twice and both replicates show similar results. For
gel source data, see Supplementary Fig. 1.
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Figure B.9. Experimental details for MPRA performed with 11 disease-associated
enhancers. Eleven disease-associated enhancers tested in saturation mutagenesis MPRAs; table
modified from a previous study30. Two different MYC enhancers were assayed. UC88 is an
ultraconserved enhancer. The MPRA for each enhancer is performed within cell lines relevant to
the disease studied, as detailed.
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Figure B.10. Affinity-optimizing eQTL variants are enriched in GOF target gene
expression. a, Seven ETS affinity-optimizing variants within lymphoblastoid regulatory element
MPRA drive significant GOF reporter expression40. Five of these are associated with significant
eQTL differential expression and all of these SNVs drive increased target gene expression41. Dot-
ted lines indicate thresholds for significance at P < 0.05 (significant GOF in green, and significant
LOF in red). b, eQTL analysis for all MPRA variants tested within the lymphoblastoid regulatory
elements (regardless of variant effect within MPRA assay)40,41. ETS affinity-optimizing SNVs
are enriched in GOF target gene expression. The bounds of the box plots define the 25th, 50th
and 75th percentiles, and whiskers are 1.5 × the interquartile range. One-tailed Mann–Whitney
U test. c–e, Genome-wide analyses for all significant eQTLs (P < 0.01) within the lymphoblastoid
cell line41 show that affinity-optimizing variants are enriched for GOF expression. Line indicates
mean values. One-tailed Mann–Whitney U Test. c, ETS SNVs with >=1.59 affinity fold change.
d, ETS SNVs with >=3.46 affinity fold change; this is the fold change of 0.52 mice relative to
WT 0.15 ETS-A. e, AP-1 SNVs >=1.5 affinity fold change.
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Figure C.1. GATA and ETS are sufficient for the neural expression pattern of Otx-a.
(A) Randomization strategy ablates all linker sequences. The features shared across all Otx-a R
unique sequences are the order, orientation, spacing, affinity and 8-mer sequence of the GATA
and ETS binding sites. (B) Examples of unique sequences in the Otx-a R library. 5 million total
sequences are present in the library. (C) Otx-a R library is electroporated into embryos and the
GFP expression pattern analyzed at the tailbud stage.
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Figure C.2. The GATA and ETS binding sites are necessary and sufficient to drive
the Otx-a neural expression pattern. No significant difference between Otx-a and Otx-a R
in the percent of embryos with expression in neural tissues derived from a6.5 and b6.5 lineage cells
(two replicates of 50 embryos for each construct; Fisher’s Exact Test). Complete loss of expression
observed in neural tissues in Otx-a A. (n=50 each for two replicates). Error bars indicate the
standard error of the mean. No non-neural tissue expression observed in any construct.
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Figure C.3. GATA ETS elements validated to be neural enhancers by fluorescent
microscopy. These elements activate Otx-a WT-like expression in a6.5 and b6.5 lineage neural
tissues and expression in ectopic tissues (mesenchyme, endoderm or notochord) of ≤%. n=50
each for two replicates.
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Figure C.4. GATA ETS elements validated to activate neural and ectopic expression
by fluorescent microscopy. These elements activate neural expression in both a6.5 and b6.5
lineage cells at lg20% and expression in at least one ectopic tissue (mesenchyme, endoderm or
notochord) at ≥20% at the tailbud stage. n=50 each for two replicates.
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Figure C.5. GATA ETS elements validated to be inert sequences by fluorescent
microscopy. These variants have ≤20% expression in both a6.5 and b6.5 neural lineages at
the tailbud stage. n=50 each for two replicates.
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Figure C.6. The GATA and ETS binding sites are the drivers of neural enhancer
activity in the Otx-a grammar library members. (A) Randomizing the linker sequences
of an inert sequence OLS 90. Dashed grey bars in the linkers of the enhancer schematic indicate
randomized N nucleotides in the linker sequences, with an equal chance of A,T,G or C. 5 million
unique sequences in the OLS90R library. Randomization of the linker sequences in OLS90 causes
no significant change in percent embryos with expression (Fisher’s exact test). (B) Randomizing
the linker sequences of a neural enhancer OLS 89. 5 million unique sequences in the OLS89R
library. Randomization of the linker sequences in OLS89 causes no significant change in percent
embryos with expression (Fisher’s exact test). n=50 each for two replicates.
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Figure C.7. GATA and ETS are required for neural expression of Otx-a grammar
library members(A) The neural enhancer OLS 19 activates gene expression in the a6.5 and
b6.5 lineage neural tissues. Ablation of all GATA and ETS sites (indicated with red Xs) causes
complete loss of gene expression. (B) The neural enhancer OLS 87 activates gene expression in
the anterior sensory vesicle, palps, nerve cord, dorsal epidermis and two tail muscles. Ablation of
all GATA and ETS sites causes complete loss of gene expression. (Fisher’s exact test) n=50 each
for two replicates.

139



Figure C.8. Examples of Otx-a grammar library members. (A) Observed counts of
organizational family members sorted into the heatmap by the number of active enhancers and
number of inert sequences. (B) Mean count over 100 permutations of the number of organizational
families in each bin.
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Figure C.9 Sequences from robust and inert organizational families reproduce MPRA
enhancer activity under the microscope. (A) Expression patterns of four siblings within
a robust organizational family, with Otx-a expression pattern as a reference. All four siblings
activate expression in a6.5 and b6.5 lineage neural tissues in more embryos than Otx-a. A fraction
of the embryos have expression in ectopic tissues including the mesenchyme (≤5% embryos),
notochord (≤10% embryos), and endoderm (≤10% embryos). For each construct, two biological
replicates each with 50 embryos assayed. (B) The four robust syntax siblings drive strong neural
expression. (C) Expression patterns of three siblings of an inert organizational family, with Otx-a
expression pattern as a reference. All three siblings have no expression in the a6.5 neural lineage
and ≤5% embryos expressing in the b6.5 lineage. (D) No observable expression of the three inert
syntax siblings at the tailbud stage. For each construct, two biological replciates each with 50
embryos assayed.
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Figure C.9. Sequences from robust and inert organizational families reproduce
MPRA enhancer activity under the microscope.
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Figure C.10. In a single flip comparison, there are no sequence features which
distinguish inert and active enhancers. Motif logos for the robust syntax (top) and the
inert syntax (bottom) for two organizational families separated by a single flip. (A) In the
robust syntax, the motif logo is shown for the non-active sequences (left, dashed outline) and the
active enhancers (right, solid outline). Individual 8mer sequences which make up the logo are
also shown with ETS core underlined and in blue. Sequence content of non-active and active
sequences are shared, there are no distinguishing features across the site-linker junction which
can explain the difference in non-functionality. Therefore it is unlikely that a de novo motif is
created at the site-linker junction (B) In the inert syntax, the motif logo is shown for the inert
sequences (left, dashed outline) and the non-inert sequences (right, solid outline). Sequence
content is shared, therefore it is unlikely that a de novo motif causing the change in function has
been created at the site-linker junction.
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Figure C.11. Single flips cause inert sequences to convert to neural enhancers. A
single flip of a GATA site from the forward direction (A) to the reverse direction (B) causes an
inert sequence to become functional. (C) Expression data for OLS 93 show that a single flip of
an ETS site causes an inert sequence to become an active enhancer driving strong expression in
b6.5 neural tissues and some expression in a6.5 neural tissues. (Fisher’s exact test) n=50 each
across two replicates. (D) Expression data for OLS 97 show that a single flip of a GATA site
causes an inert sequence to become an active enhancer. (Fisher’s exact test) n=50 each across
two replicates.
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Figure C.12. No syntax features are significantly enriched in active enhancers after
permuting enhancer activity and sequence labels. (A) Distribution of log-transformed
Bonferroni-adjusted p-values for syntaxes that are significantly enriched in active enhancers
(significance level of p≤.05). (B) Permuted dataset created by permuting the enhancer activity
and sequence labels. Note that no activities were created or destroyed. In the toy example,
there are 4 enhancers and 4 activities (.1, .2, .8, .9). The procedure simply reassigns the activity
to a randomly chosen sequence. This way, the distribution of activities is the same in the real
dataset as the permuted dataset. (C) Performing the same search for syntax features yields no
significantly enriched syntaxes in active enhancers.
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Figure C.13. Optimal spacing across doublet syntax features. Percent enrichment
in active enhancers for different spacings of all possible doublet motifs. X-axis is the spacing
between the two sites of the doublet. Some doublets exhibit clear spacing preferences (g E,
g G, e E, E e) as indicated by differential enrichment in active enhancers which is dependent on
spacing. Some doublets do not exhibit spacing preferences as indicated by all spacings having
roughly similar enrichment in active sequences (G G, G E). Light grey bars indicate imputed
enrichments in active enhancers as estimated by averaging the left- and right-most spacing. For
example, g 11 E is not observed in the library, but we can estimate it by taking the average of
g 10 E and g 12 E.
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Figure C.14. Percent of embryos with neural expression activated by synthetic
neural enhancers Four synthetic enhancers activate expression in neural tissues.

Figure C.15. Syntax and affinity alone slightly enrich for active enhancers. (A)
Active enhancers are slightly enriched for higher syntax scores. (B,C) Active enhancers are
slightly enriched for increased ETS and GATA affinity.
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Ivan Ovcharenko, Matthew B. Dobbs, Christina A. Gurnett, Sylvie Manouvrier-Hanu,
Florence Petit, Axel Visel, Diane E. Dickel, and Len A. Pennacchio. Comprehensive In
Vivo Interrogation Reveals Phenotypic Impact of Human Enhancer Variants. Cell, 180(6):
1262–1271.e15, March 2020. ISSN 0092-8674, 1097-4172. doi: 10.1016/j.cell.2020.02.031.
URL https://www.cell.com/cell/abstract/S0092-8674(20)30208-7. Publisher: Elsevier.

149

https://www.sciencedirect.com/science/article/pii/S1534580723004926
https://www.nature.com/articles/s41586-023-06922-8
https://linkinghub.elsevier.com/retrieve/pii/S1534580721001568
https://linkinghub.elsevier.com/retrieve/pii/S1534580721001568
https://doi.org/10.1016/j.cell.2016.04.027
http://dx.doi.org/10.1038/s41588-020-0652-z
https://www.cell.com/cell/abstract/S0092-8674(20)30208-7


[14] Genevieve E. Ryan and Emma K. Farley. Functional genomic approaches to elucidate the
role of enhancers during development. Wiley Interdisciplinary Reviews. Systems Biology
and Medicine, 12(2):e1467, March 2020. ISSN 1939-005X. doi: 10.1002/wsbm.1467.

[15] Emil Uffelmann, Qin Qin Huang, Nchangwi Syntia Munung, Jantina de Vries, Yukinori
Okada, Alicia R. Martin, Hilary C. Martin, Tuuli Lappalainen, and Danielle Posthuma.
Genome-wide association studies. Nat Rev Methods Primers, 1(1):1–21, August 2021.
ISSN 2662-8449. doi: 10.1038/s43586-021-00056-9. URL https://www.nature.com/articles/
s43586-021-00056-9. Number: 1 Publisher: Nature Publishing Group.

[16] Sarah L. Spain and Jeffrey C. Barrett. Strategies for fine-mapping complex traits. Hum
Mol Genet, 24(R1):R111–R119, October 2015. ISSN 0964-6906. doi: 10.1093/hmg/ddv260.
URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4572002/.

[17] Matteo D’Antonio, Jennifer P. Nguyen, Timothy D. Arthur, Hiroko Matsui, Agnieszka
D’Antonio-Chronowska, and Kelly A. Frazer. Fine mapping spatiotemporal mechanisms of
genetic variants underlying cardiac traits and disease. Nat Commun, 14(1):1132, February
2023. ISSN 2041-1723. doi: 10.1038/s41467-023-36638-2. URL https://www.nature.com/
articles/s41467-023-36638-2. Number: 1 Publisher: Nature Publishing Group.

[18] Qingbo S. Wang, David R. Kelley, Jacob Ulirsch, Masahiro Kanai, Shuvom Sadhuka,
Ran Cui, Carlos Albors, Nathan Cheng, Yukinori Okada, Francois Aguet, Kristin G.
Ardlie, Daniel G. MacArthur, and Hilary K. Finucane. Leveraging supervised learning for
functionally informed fine-mapping of cis-eQTLs identifies an additional 20,913 putative
causal eQTLs. Nat Commun, 12(1):3394, June 2021. ISSN 2041-1723. doi: 10.1038/
s41467-021-23134-8. URL https://www.nature.com/articles/s41467-021-23134-8. Number:
1 Publisher: Nature Publishing Group.

[19] Joon-Yong An, Kevin Lin, Lingxue Zhu, Donna M. Werling, Shan Dong, Harrison Brand,
Harold Z. Wang, Xuefang Zhao, Grace B. Schwartz, Ryan L. Collins, Benjamin B. Currall,
Claudia Dastmalchi, Jeanselle Dea, Clif Duhn, Michael C. Gilson, Lambertus Klei, Lindsay
Liang, Eirene Markenscoff-Papadimitriou, Sirisha Pochareddy, Nadav Ahituv, Joseph D.
Buxbaum, Hilary Coon, Mark J. Daly, Young Shin Kim, Gabor T. Marth, Benjamin M.
Neale, Aaron R. Quinlan, John L. Rubenstein, Nenad Sestan, Matthew W. State, A. Jeremy
Willsey, Michael E. Talkowski, Bernie Devlin, Kathryn Roeder, and Stephan J. Sanders.
Genome-wide de novo risk score implicates promoter variation in autism spectrum disorder.
Science, 362(6420):eaat6576, December 2018. doi: 10.1126/science.aat6576. URL https:
//www.science.org/doi/10.1126/science.aat6576. Publisher: American Association for the
Advancement of Science.

[20] Mohiuddin Mohiuddin, R. Frank Kooy, and Christopher E. Pearson. De novo mutations,
genetic mosaicism and human disease. Frontiers in Genetics, 13, 2022. ISSN 1664-8021.
URL https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2022.983668.

[21] Augustine Kong, Michael L. Frigge, Gisli Masson, Soren Besenbacher, Patrick Sulem,
Gisli Magnusson, Sigurjon A. Gudjonsson, Asgeir Sigurdsson, Aslaug Jonasdottir, Adal-

150

https://www.nature.com/articles/s43586-021-00056-9
https://www.nature.com/articles/s43586-021-00056-9
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4572002/
https://www.nature.com/articles/s41467-023-36638-2
https://www.nature.com/articles/s41467-023-36638-2
https://www.nature.com/articles/s41467-021-23134-8
https://www.science.org/doi/10.1126/science.aat6576
https://www.science.org/doi/10.1126/science.aat6576
https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2022.983668


bjorg Jonasdottir, Wendy S. W. Wong, Gunnar Sigurdsson, G. Bragi Walters, Stacy
Steinberg, Hannes Helgason, Gudmar Thorleifsson, Daniel F. Gudbjartsson, Agnar
Helgason, Olafur Th Magnusson, Unnur Thorsteinsdottir, and Kari Stefansson. Rate
of de novo mutations and the importance of father’s age to disease risk. Nature,
488(7412):471–475, August 2012. ISSN 1476-4687. doi: 10.1038/nature11396. URL
https://www.nature.com/articles/nature11396. Number: 7412 Publisher: Nature Publish-
ing Group.

[22] Sigurgeir Olafsson and Carl A. Anderson. Somatic mutations provide important and unique
insights into the biology of complex diseases. Trends in Genetics, 37(10):872–881, October
2021. ISSN 0168-9525. doi: 10.1016/j.tig.2021.06.012. URL https://www.cell.com/trends/
genetics/abstract/S0168-9525(21)00168-2. Publisher: Elsevier.

[23] Felix Dietlein, Alex B. Wang, Christian Fagre, Anran Tang, Nicolle J. M. Besselink, Edwin
Cuppen, Chunliang Li, Shamil R. Sunyaev, James T. Neal, and Eliezer M. Van Allen.
Genome-wide analysis of somatic noncoding mutation patterns in cancer. Science, 376
(6589):eabg5601, April 2022. doi: 10.1126/science.abg5601. URL https://www.science.org/
doi/full/10.1126/science.abg5601. Publisher: American Association for the Advancement
of Science.

[24] Wei Zhang, Ana Bojorquez-Gomez, Daniel Ortiz Velez, Guorong Xu, Kyle S. Sanchez,
John Paul Shen, Kevin Chen, Katherine Licon, Collin Melton, Katrina M. Olson, Michael Ku
Yu, Justin K. Huang, Hannah Carter, Emma K. Farley, Michael Snyder, Stephanie I. Fraley,
Jason F. Kreisberg, and Trey Ideker. A global transcriptional network connecting noncoding
mutations to changes in tumor gene expression. Nat Genet, 50(4):613–620, April 2018.
ISSN 1546-1718. doi: 10.1038/s41588-018-0091-2. URL https://www.nature.com/articles/
s41588-018-0091-2. Number: 4 Publisher: Nature Publishing Group.

[25] Julian Banerji, Sandro Rusconi, and Walter Schaffner. Expression of a beta-globin gene is
enhanced by remote SV40 DNA sequences. Cell, 27(2, Part 1):299–308, December 1981.
ISSN 0092-8674. doi: 10.1016/0092-8674(81)90413-X. URL https://www.sciencedirect.
com/science/article/pii/009286748190413X.

[26] Sreejith J. Nair, Tom Suter, Susan Wang, Lu Yang, Feng Yang, and Michael G. Rosenfeld.
Transcriptional enhancers at 40: evolution of a viral DNA element to nuclear architec-
tural structures. Trends in Genetics, 38(10):1019–1047, October 2022. ISSN 0168-9525.
doi: 10.1016/j.tig.2022.05.015. URL https://www.sciencedirect.com/science/article/pii/
S016895252200141X.
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