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Promoters and enhancers are cis-regulatory elements (CREs),
DNA sequences that bind transcription factor (TF) proteins to
up- or down-regulate target genes. Decades-long efforts
yielded TF-DNA interaction models that predict how strongly an
individual TF binds arbitrary DNA sequences and how individual
binding events on the CRE combine to affect gene expression.
These insights can be synthesized into a global, biophysically
realistic, and quantitative genotype-phenotype (GP) map for
gene regulation, a ‘holy grail’ for the application of evolutionary
theory. A global map provides a rare opportunity to simulate the
long-term evolution of regulatory sequences and pose several
fundamental questions: How long does it take to evolve CREs
de novo? How many non-trivial regulatory functions exist in
sequence space? How connected are they? For which
regulatory architecture is CRE evolution most rapid and
evolvable? In this article, the second of a two-part series, we
review the application of evolutionary concepts — epistasis,
robustness, evolvability, tunability, plasticity, and bet-hedging
— to the evolution of gene regulatory sequences. We then
evaluate the potential for a unifying theory for the evolution of
regulatory sequences and identify key open challenges.
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In Part 1 of this review series [1], we argued that regulatory
DNA allows us to reconstruct genotype-phenotype (GP)
maps that are both guantitative and global. Here, ‘global’
means that the map assigns a regulatory phenotype to all 4
possible sequences at a cis-regulatory element (CRE) of
length L [1]. This assignment is conditioned on a given
molecular context. Mutations in trans-elements can change
this context, for example, by changing transcription factors’
(TFs) binding preferences or expression profiles, thus re-
shaping the GP map itself. Therefore, trans-acting elements
may be treated either as fixed parameters or, when appro-
priate, as additional evolving variables that can alter the GP
map of the CRE.

We reasoned that global and quantitative GP maps for
regulatory DNA offer the opportunity to advance beyond
the trade-off between empirical (yet local and thus in-
complete) maps and global (yet idealized and thus un-
realistic) maps. They open the door to studying ‘long-term
evolution’, by which we mean evolutionary trajectories that
can start from arbitrary DNA sequences (including random
non-functional sequences) and proceed through an in-
definite number of mutations. We contrasted this with
‘short-term evolution’, which only accounts for a few mu-
tations (S 10) around an observed wild-type for which
phenotype or fitness measurements are available.

In Part 2 of this review series, we discuss how — in addition
to biology and physics-informed modeling and simulations
— a general #eory for the long-term evolution of regulatory
sequences and architecture may be within reach. By map-
ping genotypes into phenotypes, regulatory GP maps act as
information-theoretic codes. We review recent develop-
ments that bridge information theory and evolutionary
theory. These developments begin to address an over-
arching question: which regulatory architectures optimize the-
oretical objectives? When these architectures themselves
can evolve, what do they evolve toward and under what
conditions? For an illustration and description of the key
notions of regulatory architecture, function, grammar, and codk,
we point the reader to the first Figure of Part 1 of this re-
view series [1].

Epistasis, robustness, and evolvability for
regulatory sequences

In this section, we briefly review the application of the
general evolutionary concepts of epistasis, robustness,
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2 Genome Architecture and Expression

and evolvability to GP maps for ¢zs-regulatory sequences.
The motivation for this is twofold. First, because such
GP maps can be both quantitative and global, these
evolutionary concepts can be elevated from qualitative
descriptors to computable quantities. Second, as a con-
sequence, these quantities can serve as key ingredients
for the development of a more general theory, as we
explain in Section II.

Epistasis refers to non-additive effects of individual
mutations on phenotype or fitness. Because the bio-
physics of TF-DNA interactions necessitates a nonlinear
mapping between the binding energy and the resulting
site occupancy, a non-epistatic, additive expectation
would be a straw-man null model; thermodynamic
models provide a more appropriate baseline by capturing
the ‘global epistasis’ in all CREs due to the sigmoid
binding nonlinearity [2-4]. Identifying ‘specific epis-
tasis’ [5-7], that is, the extra, site-specific epistatic in-
teractions beyond the global ones induced by a single
sigmoid, is far more challenging. Specific epistasis could
arise because the loci within a single TF binding site
contribute to binding energy non-additively [8-10], or
because the occupancies of multiple TFs themselves
interact non-linearly to control gene expression [11].
Empirical work provides some evidence that specific
epistasis can generate rugged landscapes with multiple
fitness peaks [12]. However, apparent ruggedness must
be interpreted cautiously, as it can reflect noise due to
statistical and technical errors (e.g. sampling noise, assay
variability, batch effects, etc.) rather than true epistasis.

When classical toy models of epistasis ignore the sig-
moidal transformation from binding energy to gene ex-
pression, even an additive system can masquerade as
one with hopelessly complex high-order specific epis-
tasis. Explicitly incorporating known physical constraints
and the resulting global epistasis substantially reduces
the apparent complexity of specific epistasis. This ap-
proach has been successfully applied to TFs and CREs,
and is sufficient to explain most of the observed phe-
notypic variance [5,13,14].

Robustness enables the organism to maintain its function
in the face of perturbations, and it is expected to be
selectable insofar as it provides a mechanism for pre-
serving fitness. Mutational robustness denotes robust-
ness specifically to DNA mutations. In regulatory
sequences, the phenotype to be maintained depends on
the level of organization: for individual TF binding sites,
it is the TF-binding affinity; for an entire promoter or
enhancer, it is the regulatory function, that is, the de-
pendency of gene expression on regulatory inputs [1].
Cooperativity and combinatorial control can make the
regulatory function robust even when the affinity of in-
dividual binding sites is perturbed.

While in idealized asexual models, the equilibrium
‘mutation load’ (loss of fitness due to mutation) depends
only on deleterious mutation rate [15], in the presence of
epistasis and recombination, selection can favor more
mutationally robust GP maps that buffer mutational ef-
fects [16]. For TF-DNA interactions, the intrinsic
binding sigmoid ensures that at sufficiently high TF
concentrations, sites with one or a few mismatches can
still be occupied, buffering the immediate fitness con-
sequences of point mutations and thereby increasing
mutational robustness [17].

Beyond mutational robustness, gene regulation may also
be selected for robustness to environmental and con-
sequent physiological variability. In developmental
contexts, the presence of multiple weaker enhancers
could ensure proper spatio-temporal gene expression
patterns even when the upstream TF concentrations are
perturbed [18].

FEvolvability is the ability of the system to generate
phenotypic variation that is heritable and adaptive [19].
Robustness (maintaining existing function) and evolva-
bility (accessing new functions) are often put into con-
trast, but [20] demonstrated that this need not be the
case on a typical TF-DNA GP map, where the neigh-
borhoods of large neutral networks in sequence space are
flanked by regulatory sequences binding alternative
T'Fs: this endows the landscapes with local robustness,
while larger mutational distances suddenly unlock new
phenotypes. These ideas have been applied to land-
scapes derived from TF-DNA interactions in bacteria
[17] and eukaryotes [20-22]. More generally, fitness
landscapes where large neutral plateaus connect do-
mains with differing phenotypes can provide high
evolvability because cryptic neutral variation enables the
population to access various phenotypes without
crossing fitness valleys [23]. Alternatively, when gene
expression is viewed as a quantitative trait — as opposed
to a binary, ON/OFF one — one can ask about the
‘tunability’ of a landscape, that is, the ability of muta-
tions to fine-tune regulatory function. This property has
been reported for both prokaryotic [17] and eukaryotic
regulatory logic [21]. Moreover, the evolvability of any
specific phenotype can depend strongly on the proper-
ties of the GP map. Reconstruction and experimental
mapping of an ancient GP map of a TF-DNA regulatory
module showed that some DNA specificities are in-
trinsically far more likely to arise by mutation, and that
these biases shaped subsequent evolution of the reg-
ulatory module [24]. Both evolvability and robustness
are therefore context-dependent properties, affected by
the specific TF-CRE interactions involved [17].

Selection for evolvability and robustness might shape
regulatory architecture. Evidence from mutagenesis
during early metazoan development suggests that
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promoters are more mutationally robust, with most mu-
tations affecting overall expression level but not their
essential function, whereas enhancer mutations readily
alter spatiotemporal expression patterns [25,26]. If con-
firmed, such an ‘evolutionary division of labor’ would
represent a candidate architectural strategy that jointly
accommodates robustness and evolvability.

Evolvability is distinct from phenotypic plasticity. While
evolvability implies the ability to nimbly adapt to en-
vironmental changes via genetic mutations, plasticity
refers to non-genetic, yet adaptive (and sometimes rapid
and quantitative) responses to environmental change.
Plasticity is often used only descriptively, but can be
made quantitative in the context of gene regulation,
where it naturally maps to the already-introduced con-
cept of a multi-dimensional ‘regulatory phenotype’: the
set of ‘environments’ (represented by different combi-
nations of TF concentrations) paired with their corre-
sponding gene expression responses [14]. Regulation is
therefore a form of plasticity where molecular mechan-
isms adjust gene expression to the environment via a
‘regulatory function’ (see Fig. 1B in [1]). In contrast,
gene expression noise generates uncontrolled pheno-
typic variability and could plausibly be adaptive via ‘bet
hedging’ [27], a strategy extensively studied in bac-
teria [28-30].

Toward an evolutionary theory of genetic
regulatory architecture

The concepts introduced in the previous section can
influence the evolution of regulatory architectures, but
they are local by construction, being measured around
given (often wild-type) sequences. As such, they natu-
rally inform what we have referred to as short-term
evolution. A general theory of long-term regulatory
evolution must instead capture these notions using
quantitative descriptors of the entire GP map. Such a
‘general theory’ would be a quantitative framework that
links (i) biophysical constraints on molecular interac-
tions, (i) evolutionary dynamics in genotype space, and
(ii1) GP map properties. The objective is not a complete
predictive description of gene regulation across all cel-
lular contexts, but to understand which classes of reg-
ulatory  solutions are  biophysically  possible,
evolutionarily accessible, or selectively favored under
realistic population-genetic regimes. With this perspec-
tive in mind, we now turn to what such a general theory
should look like.

On the one hand, physics and control theory are essen-
tial to realistically model /Zow regulatory responses are
physically generated by molecular components.
Regulatory phenotypes are not qualitative traits, but
quantitative input-output mappings that describe how
gene expression responds to environmental changes.

Theory for regulatory DNA sequence evolution Mascolo et al. 3

Such mappings are constrained at the systems level by
biophysical facts: all concurrently expressed TFs com-
pete for binding to all accessible CREs, and due to
limited TF-DNA specificity, any (even non-cognate) TF
can bind any CRE, albeit with a sequence-dependent
probability, giving rise to some level of unavoidable non-
cognate, off-target binding (or ‘crosstalk’) [31]. Biophy-
sical constraints further dictate that regulatory sequences
map into regulatory phenotypes through nonlinear
transformations (e.g. due to the sigmoid that maps
binding energy onto TF occupancy), so that global
epistasis 1s not an exception but a necessary baseline
expectation. Within all these physical and structural
constraints, the theory may suggest optimal regulatory
strategies with respect to specified information-theoretic
criteria, such as error minimization (reducing deviations
from optimal gene-expression output) [32], rate-distor-
tion optimization (balancing regulatory accuracy against
molecular cost) [33], channel-capacity maximization
(maximizing information transmission from regulatory
inputs to gene-expression outputs) [34], or description-
length minimization (minimizing the effective number
of DNA bases devoted to encoding regulatory programs)
[35]. Such optima should be understood not as predic-
tions of realized biological solutions, but rather as
benchmarks for rationalizing what should in principle be
biophysically possible with existing molecular compo-
nents, and what would be functionally desirable [36,37],
regardless of whether such architectures can in fact be
produced and maintained by natural selection.

On the other hand, population genetics imposes an en-
tirely orthogonal set of evolutionary constraints: setting
limits to how closely and rapidly any such regulatory
architectures can actually be approached given available
adaptation mechanisms, or maintained in the face of
mutation and drift. Existing, well-developed theory for
evolutionary dynamics [38] allows us to compute or si-
mulate evolutionary outcomes on given GP maps for
gene regulation that incorporate said biophysical con-
straints. At the same time, the quantitative language for
expressing these limits and the resulting GP map
properties must be provided via the measures of evol-
vability, robustness, tunability, etc., as discussed in the
previous section.

Yet there is a wide epistemological divide between
documenting, defining, and quantifying desirable prop-
erties of existing GP maps, and between suggesting a
first-principles, predictive theory of what gene regulatory
GP maps should look like and how they could evolve.
There is indeed a venerable history of combining me-
chanistic constraints and evolutionary arguments to ex-
plain gene regulatory architectures; as an early example,
we point to Savageau’s demand rules formulated in the
1970s, and the follow-up work on the role of activation vs
repression [39-41]. Nevertheless, one might argue that,
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due to the central role of historical contingency in evo-
lution, we cannot hope for any overarching predictive
theory for regulatory architectures: we will always be
confined to description, perhaps quantitative if we are
lucky; yet forever barred from true prediction, even
when it is only qualitative.

We strongly disagree. We also point to the similarly opti-
mistic disposition of colleagues pursuing a theory-driven
understanding of evolution [42]. Rather than argue the point
of principle, we highlight promising lines of inquiry toward a
tentative evolutionary theory of gene regulation.

Direction 1. Evolvable genotype-phenotype maps direct
long-term evolution of regulatory sequences

If molecular context is fixed (e.g. TF binding pre-
ferences immutable), evolution under selection and drift
is described by drift-barrier theory [43]: molecular re-
cognition approaches but typically fails to fully settle at
an optimum. But when GP map features can evolve (e.g.
via mutations in trans-regulatory elements), new evolu-
tionary pathways emerge. As an example, a transient
increase in TF promiscuity can evolve and reshape the
GP map, opening new pathways to neofunctionalization,
before specificity re-evolves [44].

Often, multiple CREs share the same molecular context
(e.g. targets of the same TF machinery). We recently
formalized this setting as ‘replicated GP maps’, in which
molecular parameters shaping the GP map (e.g. TF
concentrations, binding preferences, and cooperativities)
are shared across multiple CRE loci (hence ‘replicated’)
in an organism [11,45]. Replicated GP maps evolve to-
ward states that maximize the fraction of fit genotypes
while minimizing the information that selection must
accumulate in the CREs [46,47]. This principle holds,
surprisingly, even when selection on any individual CRE
is not overwhelmingly stronger than genetic drift [45].
Under realistic biophysical constraints, it enables first-
principles predictions of key regulatory parameters, such
as 'T'F concentrations, binding site lengths, and TF co-
operativity. The prediction of features of regulatory ar-
chitecture that were previously taken as given highlights
the potential of this theoretical development.

This information-theoretic approach also identifies condi-
tions under which entirely new regulatory mechanisms, such
as chromatin-based gene silencing, are expected to evolve:
when the information cost of encoding the novel me-
chanism in the genome is smaller than the information
savings it affords across all regulatory sites. This framework
treats bits as a kind of evolutionary currency, allowing the
feasibility and eventual fixation of novel mechanisms to be
predicted rather than merely described [45].

Lastly, simulations show that the architectures predicted
by this fitness-information tradeoff [45] may also be the

most evolvable ones, that is, those where regulatory
function can emerge most rapidly from random se-
quences [11] (Figure 1). This link between evolution
and information theory frames evolvability as a global
and quantifiable feature of the GP map. It also has the
potential to explain long-standing puzzles in gene reg-
ulation, including the ‘specificity paradox’ [11]: why
eukaryotes employ short, cooperatively acting binding
sites of diverse strength.

Direction 2. Accounting for mutational robustness yields
quantitative predictions for regulatory architecture
Most theoretical and simulational work on the evolution
of regulatory sequences and architectures has focused on
the weak-mutation regime, where populations are typi-
cally fixed for a single genotype and evolve toward a
drift-selection balance that can be formalized analo-
gously to the energy-entropy tradeoff of statistical phy-
sics. But what happens if the mutation rate is high
enough to make populations polymorphic at CRE loci (a
regime most likely to be relevant for prokaryotes)? The
link between evolution and information theory naturally
extends to this high-mutation regime: mutational flux
acts as an additional entropic force, and selection must
now accumulate a predictable amount of extra informa-
tion to select genotypes that are not just functional but
also more mutationally robust [45]. The action of se-
lection for robustness thus becomes a quantifiable global
metric, measurable in bits. Much work remains to flesh
out such theoretical extensions and their implications.

An early indication that such extensions are worthwhile
is provided by the elegant work by Stewart and collea-
gues, who argue why TF motifs are around 10 bp long
[48]. This work incorporates many attributes we consider
essential for a more general theory: it takes into account
biophysical constraints and nonlinearities, it is for-
mulated at the systems-level to model crosstalk, and it
considers not only the evolution of CREs but also of the
GP maps themselves (e.g. motif lengths can evolve).
The ~10bp TF length sweet spot is identified as a
balance between mutational robustness and the TF
specificity required for reliable gene regulation. While
this argument does not explain differences between
prokaryotes and eukaryotes and the ‘specificity paradox’,
it showcases that including mutational robustness within
a broader theoretical framework may be essential.

Future challenges

We conclude this review series by highlighting several
outstanding theoretical and simulational challenges that
now appear increasingly tractable. For brevity, we do not
dwell on the (perfectly valid!) efforts to scale up all ex-
isting directions, from collecting more data on regulatory
GP maps and analyzing them with better dimension-
ality-reduction methods, to refining mechanistic models
with ever more detailed knowledge. Rather, we
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Figure 1
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Co-evolution of CREs and of replicated GP maps for regulatory sequences. (a) Regulatory parameters (TF concentrations, binding specificities,
cooperativity parameters, properties of the non-linear mapping from sequence to expression) are shared among the CREs in the genome, even when
individual CREs are selected for different regulatory phenotypes. CREs can thus be seen as evolving on a ‘replicated GP map’ (piled blue discs, with
color representing fithess over genotype space). Over long timescales, evolution favors regulatory parameters (left-to-right progression on the x-axis,
with older maps on the left depicted as smaller, ‘further away’ disks) that maximize the fraction of fit phenotypes on the replicated GP map for
regulatory sequences (the fraction of dark blue increases); at evolutionary equilibrium, this can be understood as a tradeoff between required genetic
information to specify individual CREs and mean fitness. Surprisingly, this evolutionary optimization of genetic architecture for replicated maps can
occur even when selection acting on individual mutations in CREs is not much stronger than drift. The optimization can predict equilibrium values for
regulatory parameters (orange to red) ab initio [45]. (b) To tractably explore the outcomes of GP map and CRE sequence co-evolution, the ‘optimize-
to-adapt’ approach assumes time-scale separation [11]. Shared regulatory parameters change much more slowly than individual CREs evolve.
Assuming arguments from (a) hold, we can numerically optimize the regulatory parameters in silico (outer orange loop), so that the fraction of fit
genotypes in the GP maps is maximized. These equilibrium parameters coincide with those for which evolutionary adaptation of individual CRE
sequences (simulated via mutation, selection, and drift; inner blue loop) is most rapid and, in a sense that can be made mathematically precise, most

evolvable.

highlight higher-level arguments concerning the evolu-
tion of the regulatory system as a whole.

Challenge 1. What are the most informative sequence

ensembles to pursue, theoretically and experimentally?
In Part 1 of this review series, we examined how classical
mutagenesis studies on wild-type regulatory sequences
can be complemented by a more recent focus on fully
random libraries, which are closely linked to evolutionary
theory [14,47]. These experimental strategies provide a
way to infer quantitative GP maps, and thus can offer
quantitative estimates of robustness (Figure 2a) and

evolvability (Figure 2b, ¢) as described in this article, that
is, as global rather than local features of GP maps. But are
there library designs that interpolate between these two
extremes? Are there clever ways to use phylogeny or
theory to guide genotype construction for massively par-
allel assays? The iterative and directed enrichment of
initially random libraries has already been used for syn-
thetic promoter design [49], in SELEX-inspired methods
to derive TF binding preferences [50], or for optimizing
gene regulatory phenotypes [28]. Such directed (su-
pervised) iterative approaches could be extended into the
evolutionary  domain, where more  exploratory
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Regulatory potential revealed by enhancer mutagenesis and random DNA in Drosophila melanogaster. Data from [51]. (a) Low mutational robustness
of developmental enhancers. Random mutagenesis of native enhancers cloned upstream of a reporter gene, followed by site-specific integration and
reporter assays in stage 15 embryos, shows that most mutations reduce enhancer output. For the shavenbaby E3N enhancer, most variants drive
decreased expression, highlighting the sensitivity of developmental enhancers to sequence perturbations. (b, ¢) Expression is scored relative to a
minimal reporter as increased (up), decreased (down), or unchanged (N.C.). (b) Latent regulatory activity in random DNA. Fully random 180 bp
sequences cloned upstream of a reporter gene, when integrated at a common genomic site, frequently drive reproducible and spatially patterned
reporter gene expression in late embryos, demonstrating that regulatory activity is widespread in sequence space even in the absence of evolved
enhancers. (c) TF motifs enhance the evolvability of new regulatory function from random sequences. Random DNA libraries biased toward binding
sites for the pioneer factor Zelda show a marked increase in both the frequency and magnitude of developmental expression, indicating that
incorporation of key TF motifs strongly biases random sequence toward enhancer-like behavior.
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(unsupervised) yet still model-informed methods could
allow experiments to efficiently navigate the vast se-
quence space to better extract global, quantitative
GP maps.

Challenge 2. Isolating the impact of regulatory
mechanisms on long-term evolution

Are the molecular mechanisms (and corresponding GP
map features) with predictive power near the extant
wild-type sequences the same that govern long-term
regulatory sequence evolution? For instance, pro-
miscuous RNAP binding with variable spacer length in
bacterial promoters was found essential for predicted
long-term dynamics, accelerating e novo regulatory
function emergence by orders of magnitude [8]. Yet in
extant promoters, this feature appears far less important:
omitting it only slightly reduces predictive power. In
other words, features that are essential for modeling
regulatory sequences sampled around existing wild-type
CREs may differ from those required to recapitulate
long-term adaptive dynamics. Seen in a positive light,
this consideration puts forward the simulated evolu-
tionary dynamics as a potential ‘arbiter’ for distin-
guishing essential from incremental GP map features.

Challenge 3. Can information theory quantify regulatory
code optimality?

Shannon’s information theory piqued the interest of evolu-
tionary biologists very early [52], but has remained on the
sidelines of the mainstream, in contrast to its role in other
branches of life science [53,54]. Recently established theo-
retical links suggest that, absent mechanistic constraints and
under strong selection, regulatory architecture would evolve
toward CREs that implement a Shannon-optimal code for
desired phenotypes [45,47], that is, one that assigns in-
formation proportional to the negative logarithm of pheno-
type frequency, so that common phenotypes require less
genotypic information and the overall genotypic information
that must be maintained by selection is minimized. While
more work is needed to grasp the impact and breadth of this
connection, the simple fact that it links two fundamental
theories, that is, evolution by natural selection and in-
formation theory, suggests that notions thought to be merely
descriptive for genomes (e.g. sequence information, re-
dundancy, compression, coding efficiency, etc.) may provide
deeper quantitative insights.

Challenge 4. Evolution of gene regulatory circuits for
emergent phenotypes

Gene regulation is a strongly interacting, feedback-rich,
networked system, encoded by all CREs. Consequently,
the function and evolutionary fate of an individual CRE
may not be understandable when analyzed as an isolated
input/output ‘device’. While it is not unreasonable to
assume, as a first approximation, that high fitness should
correlate with precise and timely response of such de-
vices to environmental (i.e. TF concentration) changes,

Theory for regulatory DNA sequence evolution Mascolo et al. 7

it is ultimately the output of the entire gene regulatory
network that gives rise to biological function, and that is
selected for. In this review series, we focused on efforts
to bridge the gap between CRE sequence and regulatory
(gene expression) phenotype; Challenge 4 argues for
further linking gene expression phenotypes (plural!) of
multiple interacting CREs to collective, higher-order
phenotypic functions. Examples here might include: the
emergence of tissue or organismal shape and geometry,
controlled by multiple genes and mediated by tissue
mechanics; or cell-cell communication modulating gene
regulatory networks across multiple cells that give rise to
a reproducible body plan during early organismal de-
velopment; or the gene regulatory networks in bacteria
controlling enzyme levels to keep cellular metabolism
running efficiently across different environments.

Impressive work has been carried out, especially in the
evo-devo and biophysics communities, on the evolution
of circuits giving rise to observed tissue- or organism-
scale organization [55-60]. Yet most of this work ab-
stracted away regulatory sequences, focused on muta-
tional moves taking place directly at the level of gene
network parameters, and often replaced evolutionary
with numerical optimization. While this drastically re-
duces the dimensionality of the search space and makes
such problems tractable simulation-wise [61], it also
closes the door to the rigorous and quantitative appli-
cation of evolvability, robustness, and genetic informa-
tion concepts, as well as to realistic estimates of
adaptation speed, which are only truly calibrated with
reference to the actual genotypic space and mutational
moves taking place therein. Therefore, a major goal for
future work could be to connect at least one emerging
tissue- or organismal-level phenotype (e.g. tissue pat-
terning or morphology) that has measurable fitness
proxies to regulatory DNA sequences through inter-
mediate phenotypes (e.g. gene expression levels, reg-
ulatory network parameters, etc.). This would enable the
explicit study of that phenotype’s evolution via muta-
tions in regulatory DNA. This program is ambitious
because key links remain poorly understood, including
long-range and 3D regulatory interactions, enhancer-
promoter specificity, and the propagation of expression
changes through developmentally integrated, pleio-
tropic, and polygenic trait architectures. In particular,
long-distance effects, such as enhancer-promoter inter-
actions typical of multicellular eukaryotes, complicate
GP maps inference by making CREs’ effects inter-
dependent. At the same time, their unequal prevalence
across taxa raises interesting questions about the evolu-
tion of regulatory grammars and architectures [1], simi-
larly to the above-mentioned ‘specificity paradox’. Due
to these difficulties, progress will likely require focusing
on biological systems where both mechanistic knowl-
edge and experimental tractability are unusually strong.
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