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Advances in DNA delivery will be crucial to the enablement of new
gene therapies. Pioneering efforts in developing recombinant AdenoAssociated Virus (AAV) technology for gene delivery have led to a recent
wave of treatments for genetic diseases with great unmet need. Most
current therapies use the capsids of AAV isolated from Adenovirus stocks
or primary human and primate tissues, that were then discovered to have
favorable tropism, immunogenicity and manufacturability properties.
However, despite much work invested in the engineering of new capsids
for enhanced delivery, many delivery targets remain out of reach. In our
view, high-throughput capsid engineering could be done more effectively by combining three advanced technologies in a closed-loop manner:
i. next-gen library synthesis, ii. next-gen sequencing, and iii. machine
learning. This approach enables a machine-guided data-driven workflow
in which the search for improved capsids is dramatically accelerated relative to traditional open-loop methods. In this report, we review the technological advances that are pushing the field of AAV capsid engineering
toward machine-guided methods, describe and explore the promise of
this new approach, and discuss anticipated challenges. In the near future,
machine-guided approaches will revolutionize our ability to design safe,
targeted, delivery tools for the treatment of genetic conditions.
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While we currently understand the
molecular basis for thousands of
genetic conditions, most patients
with such diseases lack any satisfactory treatment options. Gene
therapy proposes to rescue mutated
and dysfunctional genes by adding a
new functional copy, or by repairing
a genetic defect through editing of
the genome. When it works, gene
therapy can therefore be a one-dose
cure for such conditions. In vivo
gene therapies comprise a delivery
component and a payload component, the genetic payload being
delivered to a patient’s cells via direct administration into the body.
Excellent reviews have been written
summarizing advances in payload
translation and development [1,2].
In this report we focus on the delivery component, in particular on
viral capsids from the Adeno-Associated Virus (AAV), as a promising application for new approaches
to machine-guided protein engineering. Optimizing AAV capsids
as delivery vectors will have great
translational impact (Figure 1). Defining the goal precisely, an ideal in
vivo delivery vector would be highly
capable at delivering its payload to
precisely the cells that need it and
no others. It would work robustly
independent of the immune history of each patient (no pre-existing
immunity), and be well tolerated by
the immune system, provoking no
immune reaction that would eliminate the therapy or that might prevent re-administration of another
dose or a second therapy. It would
be cheap and easy to manufacture.
And finally, it would be helpful to
increase the payload size of AAV
beyond 4.7kb, perhaps closer to the
5-6kb genomes that are observed in
other parvoviruses with similar capsid structures. It is fortunate that
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AAV capsids accomplish some of
these aims, but obviously they were
not naturally evolved for this therapeutic task. While today’s best AAV
capsids are useful tools that have recently led to dramatic life-changing
[3] and life-saving treatments [4],
today’s engineered capsids are still
highly similar in sequence to natural isolates and no engineered capsids have reached late stage clinical
trials. In our view, this is because
screening limitations, the complexity of AAV capsids and uncertainty
in basic AAV biology have prevented engineering efforts from generating enhanced capsids that fully meet
the needs of today’s researchers.

TOWARD MACHINEGUIDED DESIGN
THROUGH CLOSEDLOOP DATA-DRIVEN
WORKFLOWS
Early efforts to engineer AAV
capsids used random methods to
generate diverse libraries, but over
time the field has become more
data-driven. As with any protein,
a fundamental challenge for AAV
engineering is that the size of sequence space is extremely large,
growing exponentially with the
number of mutations introduced.
Furthermore, most protein sequence variants are non-functional
[5,6]. Based on initial observations
from NGS sequencing of barcoded
AAV capsid libraries [7], and our
own observations [8], we estimate
that when a single position of the
capsid is modified to a random
amino acid that less than one of five
mutants will be viable at forming a
capsid. This simple benchmark illustrates the challenge of building
diverse libraries. If less than 1/5
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ffFIGURE 1
High-throughput measurement of functional properties of AAV capsids for in vivo gene delivery.
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A) Measuring capsid function from capsid sequence. The AAV capsid is composed of 60 monomers forming an icosahedral shell
which surrounds the ssDNA viral genome. The AAV genome also contains flanking Inverted Terminal Repeat (ITR) sequences that act
as packaging signals. Under appropriate conditions capsids produced in library format can be made to carry their own genome. The
sequence of each genome can then be read in high-throughput from the mutation itself or from a linked DNA barcode.
B) The library of capsid genes can be enriched for functional variants using assays that select on the capsid protein: viral production,
immune evasion, and in vivo delivery efficiency and specificity for target tissues.

sequences with a single mutation
are viable, then assuming rare epistatic rescue events, less than 1/25
of double mutants and 1/125 of
triple mutants will be viable, etc.
The conclusion is that as purely
random libraries become more diverse that the quality of these libraries decreases exponentially.
This tradeoff between diversity
and quality is critical to library design. Over time, new technologies

and new data have improved the
quality of capsid engineering libraries, with a general trend toward
incorporating more and more data
into the design process. Closed-loop
workflows represent the final stage
of this trend. See [9,10] for comprehensive reviews of AAV capsid engineering. Here we highlight a few
illustrative works to provide context
for what has recently become possible thanks to new technologies.
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Capsid engineering efforts to date
have usually begun with natural
AAV sequences. Starting at a viable
location in sequence space, random
mutation methods like error-prone
PCR can explore the space of adjacent variants [11]. However, due
to the exponential drop in viability away from the wild-type (WT),
these libraries are restricted to a
narrow region of sequence space,
and improved variants are then by
definition very similar in sequence
to WT. These approaches invite the
question: are dramatic improvements possible when engineered
variants are so similar in sequence to
natural capsids? In our view, this is
unlikely to occur: solving the needs
of the field, especially for applications like avoiding neutralization by
antibodies that exist due to prior infection by a natural capsid, will require development of AAV capsids
that are dramatically different in
sequence from any natural serotype
prevalent in human populations.
The goal of making more changes to
the capsid while maintaining viability has motivated alternative library
construction approaches. Toward
this aim, early libraries used short
peptide insertions at locations on
the external projections of the capsid [12,13]. Since external positions
are more tolerant of insertions, the
viability of these libraries is higher
than for error-prone libraries. This
incorporation of 3D structural data
into library design can be seen as a
first step towards a data-driven approach. Another popular method is
capsid shuffling [14,15], in which a
number of natural genomes are broken into smaller pieces and reassembled into chimeric capsids. By using
diverse natural capsids as source
material, the desire to make large
changes in sequence is balanced by
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the important requirement of maintaining viability. From a data-driven
perspective, decisions on which natural capsids to include and how to
shuffle their sequences are informed
by the functional properties of
those serotypes as well as sequence
and structural information.
Driven by advances in DNA
synthesis capabilities, library design strategies in recent years have
become more sophisticated by incorporating more phylogenetic
and structural data. Phylogenetic
information has been incorporated
into library design in multiple ways.
Some libraries focused on shuffling with breakpoints set around
the variable regions in evolutionary alignments, so as to access the
diversity of these locations while
maintaining functional sequences
in conserved regions [16]. Ancestral reconstructions enabled the
identification of new AAV capsids
that are very different in sequence
from present serotypes, but that
are still functional [17]. Domain
grafting represents an alternative
approach, in which the sequence
and 3D structural differences between two serotypes are compared.
This highly informed approach has
enabled the construction serotypes
with hybrid properties even without
large library diversity [18]. Structural data from AAV capsids bound
to monoclonal antibodies has also
been used to focus libraries on positions where these antibodies bind
the capsid surface, generating viable
capsids that can better avoid neutralizing serum [19]. While many
libraries have focused on random
search either through degenerate
libraries or combinatorial assembly, methods for high-throughput
direct synthesis of short DNA oligos, also called “oligo pools”, offer
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a compelling alternative to random
synthesis. Instead of randomly generating diversity, 100,000 or more
oligos at 200–300nt in length can
be printed in array format and then
used as input material for molecular
cloning. Early applications of oligo
pools included low-cost DNA assembly into full length genes [20]
and high-throughput screening of
diverse genetic constructs [21,22].
Oligo pools were recently applied to
peptide insertion libraries of AAV
capsids, wherein rather than using
random insertions, the library used
short peptides scanning along a set
of proteins with known bioactivity
– motivated by the desire to enrich
for AAV capsids capable of neuronal retrograde transport relative to a
purely random approach [23]. This
capability of having full control over
library composition is particularly
exciting, since incorporating more
information in the design should
yield richer, more diverse libraries
while maintaining high viability.
With new high-throughput DNA
synthesis capabilities, it becomes
possible to shift from an open-loop
to a closed-loop data-driven workflow. The library design strategies
described above were all open-loop:
either being just a single round of
screening, or multiple rounds where
the source material to each round of
engineering might change but, importantly, the strategy for generating
new diversity remained fixed (usually employing some form of degenerate synthesis or random mutation).
With oligo pools offering complete
flexibility as to what sequences are
tested, a closed-loop workflow becomes possible. By closing the loop,
the design of new libraries is primarily informed by the data from
previous rounds of screening, maximizing the amount of information

incorporated into the design process.
This is advantageous mainly due to
the complexities and uncertainties of
AAV biology. Many aspects of AAV
biology are poorly understood: we
have only a limited and incomplete
view of how AAV capsids interact
with cellular receptors and with internal host factors. It is therefore
difficult to predict the effect of any
given mutation on capsid function.
It follows then that for informing an
efficient search of sequence space,
nothing beats experimental data.
Fortunately, new technologies
also provide a way to obtain such
data in large quantities: by barcoding libraries of AAV capsids,
pooling the libraries and measuring their delivery properties in
multiplexed using high-throughput DNA sequencing [7,23]. While
these libraries generate a huge
amount of data that can be difficult to analyze, new machine learning approaches that are capable of
recognizing patterns within large
complex datasets are rising to meet
this challenge. We recently began
experimenting with closed-loop
data-driven workflows incorporating high-throughput DNA synthesis to build the libraries, DNA
sequencing to measure the results,
and machine learning to analyze
the data and design future libraries
[24] (Figure 2). We expect this machine-guided workflow to become
dominant in protein engineering
in the near future. For capsid engineering, we expect these technologies to impact the field in three
ways:
1. The design of smarter libraries
2. Better selections
3. Optimization across multiple
properties
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ffFIGURE 2
Open-loop vs closed-loop engineering workflows.
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Top: Open-loop workflows use the same strategy for generating diversity in each round of screening, and all connection between
rounds occur within the physical layer.
Bottom: For closed-loop approaches the design occurs in a data layer. Here the strategy for designing new libraries in each round
depends strongly on data from prior rounds. Engineering workflows become more closed-loop as more information feeds back
on library design. An example closed-loop workflow shows library design using the output of a machine learning model trained on
experimental sequencing data across multiple enrichment assays.

SMARTER LIBRARIES
Machine-guided approaches will
enable smarter libraries because
machine learning approaches are
more adept at navigating the variable terrain of sequence space than
approaches that rely on randomly generated diversity. Most of
sequence space is non-functional, but machine learning models
trained on data from prior rounds
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of screening can learn to identify
mutations that are likely to break
capsid function and prune these
away from future libraries, increasing viability while maintaining high diversity. Such a strategy
highlights an important trade-off
in the machine-guided workflow
between exploration and exploitation. A search strategy must first
explore the landscape and learn
what is good and what is bad,
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then can pivot to exploiting this
knowledge to generate optimized
mutants with greater likelihood
of improved function. We have
constructed libraries toward both
aims, and we refer to these search
strategies as either “wide” or “deep”
(Figure 3). In wide search the emphasis is on exploration, and in
our first attempt at a library of
this type we generated all possible
single amino acid substitutions,
insertions and deletions [8]. These
libraries are “wide” because the
branching factor of the search tree
is large and the number of simultaneous mutations per capsid variant
typically few, in order to minimize
the number of unviable sequences
that are created while maximizing
learning. Although a comprehensive single-mutation scan is within
the scale of current oligo synthesis,

comprehension scans for several
mutations remain beyond current
capabilities. After gathering relevant info on the protein landscape,
the next step is a deep search, aiming to combine beneficial mutations together toward generating
a highly functional capsid. The selection of deep mutants for synthesis can be informed by a machine
learning model, and as more and
more combinations of mutations
are tested these models begin to
learn how pairwise and higher-order interactions between different
residues affect function. The follow
up to a deep search library is then a
better informed and subsequently
deeper search. Toward the end of a
capsid selection project, all of the
resulting learnings should be applied to prioritize and test the most
likely sequences to achieve the

ffFIGURE 3
Wide and deep search strategies.
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Wide search emphasizes exploration, using fewer mutations per variant to maximize learning and maintain higher library viability.
Deep search emphasizes exploitation, aimed at generating capsids with better function by applying information from prior rounds
of screening. The viable fraction of a library is expected to be low when large numbers of mutations are randomly generated. Thus
truly random libraries will not be very deep. A simple strategy for generating viable deep libraries, and one that beats a randomly
generated library, is to combine just observed beneficial and neutral changes together in various combinations. More complicated
machine learning approaches can automate the process of extracting information from deep search data, then further propose
new sequences with a higher likelihood of improved function than randomly generated sequences.
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desired function, bottlenecking the
population size down to the single
variant that will ultimately be validated and used for the therapeutic
delivery of a transgene.
An open question is how to optimally balance the tradeoff between
exploration and exploitation, and
whether new technologies enable
strategies that are faster than what
has been done before. The most
popular search strategy for the last
4 billion years has been that of Darwinian Evolution (DE): the repeated process of
1. Random mutagenesis;
followed by
2. Enrichment of beneficial
mutations within the population.

ffFIGURE 4
The possibility of Super Darwinian Evolution.
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Darwinian Evolution is the repeated iteration of random diversification and
enrichment through selection. This process occurs within the physical layer due
to physical constraints on generating mutations and organismal replication. With
closed-loop workflows, containing both physical and data layers, these constraints are
removed. This enables Super Darwinian algorithms that can increase in fitness faster
than Darwinian processes. Plotted are hypothetical trajectories. Many formulations
would be possible, for illustrative purposes we imagine plotting the expected best
improvement in fitness that would achieved after a given number of variants have
been tested.
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The popularity of the Darwinian approach was due to two constraints. First, mutations had to be
physically generated at the molecular level, typically by error-prone
replication, DNA damage, or via
recombination. Second, with Darwinian Evolution the frequency of
an allele in the population encodes
a memory for what is known to
be good, so that new mutations
are more likely to occur on good
backgrounds. In both cases, with
de novo DNA synthesis capabilities, these constraints are removed.
Now the information from a first
round of experiments can be used
as input to a computer model, and
the next generation of mutations
generated without any physical
link between the molecules from
one generation to the next. Likewise, the record of what sequences are good and bad can be stored
in computer memory. Removing
these constraints, machine-guided
workflows suggest the possibility of Super Darwinian Evolution
(SDE), which we define as any exploration strategy that beats a Darwinian approach of random mutagenesis and selection on a given
fitness landscape (Figure 4). While
well-targeted mutagenesis libraries
are arguably already Super Darwinian since the mutations are not
completely random, these are still
open-loop workflows. The greatest
gains from SDE will come from
closed-loop data-driven workflows
as described above. The opportunity for SDE is clear, but it is
still unknown what algorithms for
SDE will be best suited for AAV
and for other proteins as the complex structure of protein fitness
landscapes is not well understood.
For this reason, the only method
of evaluating such algorithms will
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be through empirical head-to-head
comparison. These topics are the
subject of much active research
[25].

BETTER SELECTIONS
The first law of directed evolution
is that “you get what you screen
for”, though perhaps that is best
interpreted in tandem with “be
careful what you wish for” [26].
Progress in the AAV engineering
field has been characterized by regular improvements in the quality
of screens and selections, so as to
ensure better translation into human therapeutics. Early studies
selected for capsid DNA genomes
in tissues of interest, but these did
not always result in better vectors.
That is because an increase in the
abundance of a particular genome
within a tissue is not necessarily an
improvement, since it is not easily possible to distinguish DNA
genomes that are stuck in the extracellular matrix or trapped in
cell cytoplasms from those that
make it all the way to the nucleus and express their payloads [27].
With this realization, recent works
have focused on RNA as an indicator of full transduction [23,28].
Cre-based methods represent an
alternative approach, wherein
DNA genomes that become double stranded in the nucleus of target cells are re-configured within
cells expressing Cre recombinase
[15,29]. To engineer capsids that
infect specific cell types, both RNA
and Cre-based selections can be focused using promoters that restrict
expression to particular subpopulations of cells. Finally, these experiments are still confronted by the

fact that enhanced transduction in
cell culture or in mice may unfortunately fail to translate into better
use in vivo for humans [30,31]. The
desire to develop capsids that better
translate to humans is now motivating screening of capsid libraries
on more closely related non-human primates, mouse-human hybrid models [32], and on human
primary cells [33] or explant organs
[34,35] In the near future, data
from high-throughput sequencing
will also make it possible to compare these approaches and identify
the best experimental models for a
given therapeutic application.
Machine-guided
approaches
will lead to better selections in two
ways, first by improving protocols
currently in use, and second by
enabling advanced selections for
the most challenging engineering
goals. Improving current protocols can be as simple as comparing
data from technical replicas and
optimizing the methods until the
results are highly correlated and reproducible. Such quality controls
will guard against protocols that
inadvertently bottleneck library
diversity or that generate extremely noisy selections. For a given in
vivo experiment, all the required
information on delivery properties to every major organ could in
principle be gathered from a single
animal, or perhaps two animals
to verify good correlation. Better
selections thus reduce experimental times and costs, encouraging
screening of libraries in the best
possible model systems. A second
area for improvement is the development of hybrid selections. It
may be that certain delivery challenges are too difficult to succeed
in a single round of library generation. Intravitreal delivery in the
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eye and transduction of the deeper
cellular layers is a good example of
such a complex, multi-step task.
While the first FDA approved ocular gene therapy is administered
through sub-retinal injection [3],
a limited number of patients can
be treated due to the complex nature of this surgery, and there is a
not insignificant risk of surgical
complications. For these reasons,
developing capsids that can be administered through a more routine
intravitreal injection is a major
goal for the field. Achieving the
goal requires simultaneously solving several problems unfamiliar to
a natural capsid: diffusion through
the vitreous fluid, crossing the internal-limiting membrane (ILM),
sliding past many cell types and
finally preferentially transducing
target cells. Why is it so challenging to find sequences that simultaneously overcome these multiple
functional challenges? The success
of directed evolution depends on
being able to achieve a measurable difference in function within
a given assay, in other words finding some sequences that are better
than others and then moving the
library in the direction of more sequences with increased fitness. But
when all sequences are unviable because too many different challenges must be solved at once, there is
no gradient to the fitness landscape
that can be climbed. With a machine-guided approach, individual
assays can be developed for each
of the steps: by breaking up a difficult selection into separate tasks,
the gradient of the selection for
individual steps can be measured,
enabling improvements to be made
first on earlier steps, then over time
enabling more of the library to
proceed to be challenged by later
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steps, until ultimately resulting in
sequences that are functional for
the final, composite goal. Selections for each individual property
are also informative even when a
significant portion of the library is
capable of reaching the final goal,
in which case studying the correlations among individual steps can
reveal inherent physical tradeoffs
among these functions. Learning
of this high-dimensional manifold
will provide a better understanding
of what it means to be truly optimal for specific delivery goals.

OPTIMIZATION ACROSS
MULTIPLE PROPERTIES
As highlighted above, an ideal
in vivo delivery technology must
perform well across multiple dimensions: efficiency, specificity,
low immunogenicity, and manufacturability. However, the bias in
randomly selected mutants toward
non-functional capsids leads to an
unfortunate conclusion: a variant
selected for its improved function
relative to WT in one dimension
will most likely be worse than WT
in any other given dimension. For
example, a variant selected for better transduction of a target tissue
may also be more difficult to produce. This can be extremely problematic, for example in treatments
using high-dose systemic administration, where the high costs and
long times required to produce
enough virus for a single patient
become rate-limiting factors for
treatment. Clearly the ideal selection method would enable improvements to be achieved across
multiple distinct properties, or at a
minimum not make delivery worse
in any critical dimensions.

EXPERT INSIGHT
UPCOMING CHALLENGES
AND CONCLUSIONS
While machine-guided engineering approaches have great promise, many challenges remain. The
high-throughput
technologies
enabling this workflow have only
recently become available, and
future advances in the quality
and quantity of DNA synthesis
and DNA sequencing will have a
major impact on what can be accomplished. Of note, it would be
particularly helpful to increase the
length of error-free DNA oligo
synthesis; similar benefits would
arise from extending deep sequencing read lengths. On the synthesis
side, at present it is not cost-effective to generate large quantities
of oligos (>1,000,000) at lengths

ffFIGURE 5
Optimization across multiple functional properties.
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Machine-guided
approaches
enable AAVs to be optimized for
multiple functional properties.
Since it is possible to measure
each of the relevant functions in
high-throughput, selecting a variant that performs well across all
functions is as simple as choosing
an in silico multi-dimensional objective function and taking the
best of the ranked variants (Figure
5). This process can be easily customized. First, each assay can be
independently refined, and repeated, in order to improve the quality
of these measurements. Second, a
capsid engineer can perform selections that would be impossible
to do through physical transfer
of molecules: for example, while
physical methods work well for
enrichment strategies, it is difficult
to use such assays for negative selection. To illustrate, consider the
goal of generating an anti-immunogenic AAV. It would be possible
to isolate AAVs that are enriched
for entering primary immune
cells, then from this data design a
library in which these variants are
removed. Such a negative selection
would be difficult to perform otherwise. More complex compound
selections are also easy to program:
for example, an objective function
might prefer a CNS-enhanced,
liver-detargeted capsid that can be
manufactured with same or better
efficiency as the WT serotype. The
relative preference for each property can now be set based upon
their relevance for the therapeutic
application, rather than from experimental limitations. Once these
methods are fully implemented,
researchers working at the cutting
edge of gene delivery will never
have to settle for AAV capsids with
sub-par functional characteristics.

Function 1

WT

Since most random mutations are less fit than WT for a given property, selection
for one function will most likely result in variants that are worse in an independent
function (yellow). Measuring each function in high-throughput via DNA sequencing
enables identification of the rare variants that are improved across multiple functions
(green) and aids in selecting the best performing variant for validation (dotted circle).
By focusing libraries on viable and diverse variants, machine-guided design increases
the chance that the rare variants improved across the many important functional
properties of AAV will be tested.

Cell & Gene Therapy Insights - ISSN: 2059-7800

533

CELL & GENE THERAPY INSIGHTS
much greater than 300nt. On the
sequencing side, researchers must
choose between a large quantity of short-read sequencing or a
lower quantity of longer reads.
For now, these limitations can
be overcome by clever assembly
strategies and DNA barcoding.
Advances in DNA synthesis and
sequencing will enable a more fluid connection from experimental
measurement to design and synthesis. For data-analysis, challenges include knowing how to split
data into training and test sets to
ensure models are not overfit on
experimental noise. It will also be
important to learn what sources of
input data can lead to generalizable predictions of new sequences
that far surpass the capabilities of
sequences used for model training,
in other words, models that move
beyond mere interpolation to extrapolation. Advances in data analysis will come from multiple areas:
1. The greater availability and lower
cost of computational cloud
platforms for building datadriven models
2. Advances in applying highcapacity neural net architectures

so critical to therapeutic success, the
challenge of improving AAV capsids
is impossible to ignore. In our view,
a machine-guided approach is now
best suited to solving these problems. Today’s technologies enable the
efficient search of sequence space,
the refinement of experimental selections used to identify improved candidates, and optimization of AAVs
across all therapeutically relevant delivery properties. When used appropriately, these tools can reduce the
risk of complications associated with
the use of natural capsids and better
ensure translation to humans. Fully
leveraging these advanced technologies will enable our field to engineer
synthetic capsids that maximize the
chance of therapeutic success.
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