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Highlights
Both animal immunization and in vitrodis-
play technologies have their own benefits
and drawbacks for antibody discovery.

An increased focus on quality control
aspects during antibody discovery will
likely lead to a larger reduction in the use
of animals in research and development
than only focusing on shifting to in vitro
technologies for antibody discovery.

Future antibody research should focus
on how to improve discovery practices
by harnessing the combined benefits of
For years, a discussion has persevered on the benefits and drawbacks of anti-
body discovery using animal immunization versus in vitro selection from non-
animal-derived recombinant repertoires using display technologies. While it
has been argued that using recombinant display libraries can reduce animal
consumption, we hold that the number of animals used in immunization cam-
paigns is dwarfed by the number sacrificed during preclinical studies. Thus, im-
proving quality control of antibodies before entering in vivo studies will have a
larger impact on animal consumption. Both animal immunization and recombi-
nant repertoires present unique advantages for discovering antibodies that are
fit for purpose. Furthermore, we anticipate that machine learning will play a sig-
nificant role within discovery workflows, refining current antibody discovery
practices.
both animal immunization and in vitro
display technologies.

Machine learning algorithms are being
increasingly implemented in antibody
discovery campaigns and are expected
to be an area of significant development
in the future.
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A Controversy amongst Antibody Researchers
The use of animals for research, development, and manufacturing has been a controversial
topic for several decades in many fields, including the field of antibody research, where the
majority of antibody-based reagents and therapeutics have historically been generated using
animal immunization. Recently, there has been a considerable push from both academics
and the EU to move from animal-derived to non-animal-derived antibody-based affinity (see
Glossary) reagents and therapeutic molecules [1,2]. An important debate ensued [3–5]: on
the one side, many past arguments for why the (developed) world is ready to make the transi-
tion were revocalized, including technical advances in display technologies, the benefits of
using recombinantly expressed monoclonal antibodies over undefined polyclonal anti-
bodies, as well as a moral obligation to reduce the use of animals in research and manufactur-
ing [6]. On the other side, this was contested with counter-arguments pointing out that high
transition barriers, such as cost and know-how, still exist for most academic researchers and
that antibodies derived from animals may outperform, in affinity and specificity, those derived
from in vitro display technologies [4]. Whilst largely agreeing with the arguments put forth by
both sides, we hold that a more nuanced and objective comparison between animal-derived
and non-animal-derived antibodies, as well as the technologies used to discover each type,
is needed to establish a strategic vision for antibody research. We hope that such a nuanced
discussion will help guide and enrich the debate and strengthen collaboration between anti-
body researchers on each side of the divide.

Antibodies May Derive from Plasma, Hybridomas, and Recombinant Cell Lines
To discuss the benefits and drawbacks of animal-derived antibodies versus non-animal-derived
antibodies, it is critical to differentiate between the method of antibody discovery (Figure 1) and
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Figure 1. Schematic Representation of Different Antibody Discovery Strategies and the Experimental Stages That Are Involved. Abbreviations: Ab,
antibody; mAb, monoclonal antibody.
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the method of antibody production, a distinction that in the current debate, at times, has not been
sufficiently emphasized, thereby biasing or even invalidating some of the arguments. Antibodies
may be purified directly from the plasma of immunized animals [7], from hybridoma cell cultures
[8] (also derived from immunized animals), and from recombinant cell lines, such as Chinese
hamster ovary cell lines [9]. Each of these methods of production is still in use for generating
1264 Trends in Biotechnology, December 2021, Vol. 39, No. 12
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Glossary
Affinity: strength of interaction between
two molecules.
Affinity maturation: a process by
which affinity of an antibody to its target
is improved.
Antibody lineage: the population of
antibodies encoded by B cells that
originate from a single naïve B cell.
Antibody repertoire: the collection of
antibody genes derived from B cells or
synthesized in vitro by codon
randomization or by high-throughput
gene synthesis.
Antigen: a substance that causes the
immune system to raise antibodies
against it. An antigen is recognized by an
antibody.
Antigenic region: the part of an
antigen that is responsible for its ability to
raise an immune response.
Clonality: the degree to which an
antibody comprises one or more
antibody clones.
Conformation: any spatial
arrangements that the atoms in a
molecule (e.g., protein) may adopt by
rotating individual single bonds.
Coronavirus disease 2019
(COVID-19): an infectious disease that
emerged in 2019; caused by the newly
discovered coronavirus severe acute
respiratory syndrome coronavirus 2
(SARS-CoV-2).
Cross-reactivity: the ability of an
antibody to bind more than one type of
antigen.
Data mining: the process of
discovering patterns in data sets
involving a variety of computational and
statistical approaches.
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antibodies for therapeutic, diagnostic, and research reagent (including affinity chromatography)
purposes across many fields in science and medicine [5,7,9] and can be used to generate
antibodies with different clonalities (Box 1). Antibody isolation from animal plasma requires
continuous animal use for both discovery and manufacturing. This fundamentally differs from
the use of hybridoma technology and B cell screening, where immunization of an animal is a
one-off investment. Thus, there is no doubt that many of the downsides, including batch-to-
batch variation, high animal consumption, and undefined clonal composition, hold true for
plasma-derived antibodies [1,3,5,6]. Similarly, hybridoma cell lines used for ‘monoclonal’
antibody production sometimes contain two or more productive antibody genes, affecting the
clonality of the product and its downstream applications which may require monospecificity
[10]. By contrast, antibodies generated using recombinant expression technology may be
manufactured as products of more homogenousmonoclonal composition, increasing reproducibility
[11]. Whether the DNA sequence encoding the antibodies was recloned from a B cell or hybridoma
cell line, or discovered in a display campaign using recombinant (naïve or synthetic) antibody
repertoires is irrelevant in this respect. Although arguments could be made for display technologies
to generate antibodies entirely animal-free, it is important to consider that an antibody with
suboptimal properties, no matter how it was discovered, will likely consume orders of magnitude
more animals downstream in the R&D pipeline; this can either be due to the antibody being a
poor diagnostic or therapeutic agent, or simply by the antibody providing less trustworthy results
as a research reagent, as exemplified with anti-estrogen receptor (ER)β antibodies by Andersson
et al. [12]. The failure of a research reagent to provide trustworthy results may have the implication
that more experiments need to be repeated or that suboptimal therapeutic leads are advanced into
the preclinic, which can have a large impact on animal consumption. The animals used for antibody
discovery may, thus, just be the tip of the iceberg compared with those used in downstream
preclinical research and development programs. Therefore, the most impactful way of reducing
the use of animals in research is to generate antibodies that have undergone thorough quality
control and application-relevant validation, before undergoing extensive in vivo characterization
or being used as research reagents. Additionally, recloning of antibody-encoding genes into stable
cell lines allowing for continuous recombinant expression of antibodies is highly advisable for
achieving reproducible high-quality products [13]. Therefore, we strongly encourage researchers,
policy makers, and legislators to lay asmuch focus on discovery practices, including quality control
and themethod of (continuous) production, in the context of antibody discovery campaigns as they
currently lay on the method of discovery.
Deep learning: a type of machine
learning based on artificial neural
networks in which multiple layers of
processing are used to extract features
of interest from data.
Deepmutational scanning: amethod
that enables the high-throughput
screening of functional properties of a
large number of protein variants.
Deimmunization: a technology for
identification and removal of T cell
epitopes using immunological and
molecular biology techniques.
Developability: the suitability of an
antibody to bemanufactured, formulated,
and used for its (therapeutic) purpose.
Display technologies: technologies
that create a physical linkage between
an encoding gene (genotype) and the
functional protein (phenotype), which is
maintained throughout the selection

Box 1. Antibody Clonality: AMatter of Discovery Practices, Method of Production, and Application, Not Origin

The terms ‘monoclonal’ and ‘polyclonal’ antibodies are, at times, inadequately used to differentiate between animal-derived
or display technology-derived antibodies. While antibodies purified from animal plasma can be obtained only as an undefined
polyclonal mixture, hybridoma cell line-generated and recombinant antibodies can, in principle, be produced both as
monoclonal (one antibody amino acid sequence), oligoclonal (a defined number of multiple known antibody sequences),
or polyclonal (an unknown number of unknown antibody sequences) antibody products [49–51]. Indeed, monoclonal
antibodies produced from hybridoma cell lines are sometimes not truly monoclonal due to the presence of multiple
heavy/light chains and ongoing uncontrolled mutational processes in the early stages after fusion [10,52]. This can create
reproducibility issues in subsequent characterization steps or cause heterogeneity in the hybridoma-produced antibody
product if they have undergone insufficient quality control [10]. The distinction between different levels of clonality may, thus,
not necessarily have anything to do with the core technology used for antibody discovery in the first place, but rather be a
consequence of poor practices in the discovery workflowor themethod of continuous production.We therefore suggest that
the discussions on antibody clonality should also include considerations of the advantages and disadvantages of clonality as
a function of the antibody product’s application. It is often desirable to know the target specificity of an antibody with great
certainty, which is feasible withmono and oligoclonal antibodies. However, in cases, where the target(s) are uncharacterized,
an argument can also be made for polyclonal antibody mixtures, which cover a broader epitope landscape [53]. That said,
the heterogeneous nature of polyclonal antibody mixtures and their consequent recognition of different epitopes may lead
to undesirable and unpredictable cross-reactivity, as well as low therapeutic activity [54,55].
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process such that the selected protein
can be recovered and characterized by
sequencing of the encoding DNA or
RNA. Common display technologies
include phage display, yeast display,
ribosome display, mammalian display,
and CIS display.
Diversity: a measure for the number of
different monoclonal antibodies present
in an antibody panel, library, or
repertoire.
DNA/RNA immunization:
immunization protocol in which the
antigen is encoded by DNA or RNA and
expressed upon injection in the host.
Once expressed, the immune system of
the host will raise an antibody response
against it.
Epitope: part of an antigen that is
bound by an antibody.
Half-life: the time required for an
antibody concentration in the body to
decrease by half.
Heavy chain: the larger protein
polypeptide chain that makes up the
major part of an immunoglobulin
molecule (antibody).
High-throughput sequencing:
sequencing methods that are capable of
sequencing multiple DNA molecules in
parallel, allowing hundreds of millions of
DNA molecules to be sequenced
simultaneously.
Humanization: a molecular biology
method that introduces mutations in a
non-human protein, such as an
antibody, that brings the protein
sequence closer to the corresponding
protein found in humans. Humanization
is often used to reduce immunogenicity
of antibodies.
Hybridoma cell: a hybrid cell,
produced by fusing an antibody-
producing B cell with a tumor cell
(myeloma cell); used for the expression
of monoclonal antibodies.
Immunogenicity: the capacity of a
substance to elicit an immune response.
Library-on-library screening: the
simultaneous screening of a large
number of targets (e.g., antigens)
against a large number of potential
ligands (e.g., antibodies).
Light chain: the smaller polypeptide
chain that, together with the N terminal
half of the heavy chain, forms part of the
main antigen-binding region of an
immunoglobulin molecule (antibody).
Long-range sequence
dependencies: sequence
dependencies that occur between
amino acids that are distantly located
from each other in a protein sequence.
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Benefits and Drawbacks of Animal-Derived Antibody Discovery
Immunization of animals has been used for more than 120 years to raise antibodies for research,
diagnostic, and therapeutic purposes [7]. In addition to being a proven and technologically straight-
forward approach, the use of animal immunization comes with the benefits of: (i) generating
antibodies that have undergone an in vivo affinity maturation process, providing them with
high affinity and stability in vivo; (ii) access to valuable information on antibody lineage information
and paratope patterns using high-throughput sequencing [14]; and (iii) not requiring access to
the antigen for raising antibodies (e.g., via the use ofDNA/RNA immunization) (Table 1) [15,16].
These benefits are valid for both (recombinant) mono- and polyclonal antibodies. The generation of
antibodies in vivo is a complex process that has been diversified and optimized by nature over
hundreds of millions of years. Multiple IGHV, IGLV, and IGKV germline genes, each encoding
two antigen binding loops, hypervariable in sequence and structure, are available for the generation
of antibodies. Each of these genes can recombine with IGHD and IGHJ genes or IGLJ and IGKJ
genes, respectively, to form the third and most variable antigen binding loop. During this recombi-
nation, imprecise joining, nucleotide deletions and nontemplated nucleotide insertions will create
the primary antibody repertoire with a vast number of paratopes forming a cavity, a groove, a
flat, or a protruding architecture. Furthermore, during immunization or infection, antigen-specific
B cells will migrate towards specialized microanatomical structures known as germinal centers in
dedicated organs (lymph nodes, Peyer patches, and spleen) [17]. These B cells will proliferate
and interact intimately with various T cells (follicular T helper and follicular T regulatory), follicular
dendritic cells, and chemokines to stimulate somatic hypermutations, gene conversions, and a
class switch to select and produce, in a short time, robust, affinity-matured antibodies, whilst
avoiding autoimmunity. Arguments have been made that one of the drawbacks of animal-
derived antibodies is that they may be immunogenic because of their non-human origin [6].
However, the introduction of humanization techniques [18] and transgenic animals for antibody
generation [19] has rendered this argument less pertinent, although access to these technologies
may, similar to the access to in vitro technologies, be prohibited by high cost and lack of know-how
(Table 1). Additionally, in vivomaturation has, at times, been shown to decrease conformational
flexibility and lead to paratope rigidification. This has been associated with a decrease in
polyreactivity and hydrophobicity [20], which is beneficial for therapeutic applications.
Nevertheless, valid concerns regarding animal-derived antibodies remain: immunizations
are typically rather time-consuming (often requiring repeated injections over a course of
2–3 months), antigens need to be immunogenic or otherwise require further modifications to
increase immunogenicity, antigens may lose important 3D structural motifs when combined with
denaturing adjuvants, and there is limited control over the antibody response during immunization.
Due to this limited control, biases in the antibody response towards certain immunodominant
antigenic regions can limit sequence andepitopediversity. Furthermore, the discovered antibodies
are optimized for binding under physiological conditions and avoidance of self-targeting. Whilst
beneficial for several therapeutic uses, the latter can be problematic for research reagents or diagnos-
tics that need to target endogenous antigens and work under nonphysiological conditions (Table 1).

Benefits and Drawbacks of Non-animal-Derived Antibody Discovery
Non-animal-derived antibodies are typically discovered from recombinant antibody repertoires
using in vitro displaymethodologies [5]. A key advantage of these approaches is that they are able
to overcome many, if not all, of the shortcomings associated with animal-derived antibody
discovery (Table 1). For instance, recombinant antibody libraries alongside display selection
technologies offer the benefit of reducing, slightly, the use of animals for antibody discovery,
since animals are only required for the validation of the in vitro discovered antibodies and not
anymore for their discovery [5,6]. Recombinant libraries in combination with in vitro display tech-
nologies also offer the possibility of identifying affinity reagents, including antibody fragments,
1266 Trends in Biotechnology, December 2021, Vol. 39, No. 12



Machine learning: the collection of
computational methods that are able to
learn and adapt without following explicit
instructions by drawing inferences from
data patterns.
Molecular dynamics: a simulation
technique that permits the prediction of
time evolution of a biomolecule or
interacting biomolecules.
Monoclonal antibody: an antibody
produced by a single cellular clone or cell
line and consisting of identical antibody
molecules.
Nanobody: a recombinant single-
domain antigen-binding fragment,
corresponding to the variable domain of
camelid-specific heavy chain-only
antibodies. Similar to awhole antibody, a
nanobody can bind selectively to a
specific antigen.
Oligoclonal antibody: a mixture of a
smaller, defined number of monoclonal
antibodies.
Paratope: the binding site of an
antibody that recognizes an antigen.
Phage display: a display technology
involving bacteriophages that display
antibody fragments on the coat proteins
and harbor the corresponding gene
encoding the antibody fragment inside
the bacteriophage particle. Thereby, a
physical link between antibody fragment
(phenotype) and antibody fragment
gene (genotype) is created.
Polyclonal antibody: a mixture of a
large, undefined number of monoclonal
antibodies.
Polyreactivity: the tendency or ability
of an antibody to bind to a variety of
structurally unrelated antigens.
Recombinant antibody: an antibody
expressed by a cell line using
recombinant DNA technology.
Hybridoma cells do not produce
recombinant antibodies.
Recombinant antibody library:
antibody library generated from variable
immunoglobulin genes from B cells
isolated from nonimmunized donors or
synthetically created using in vitro codon
randomization or high-throughput gene
synthesis. Such libraries are not biased
to a particular antigen and are more
versatile to retrieve antibodies against
any type of target antigen.
Screening: a process for identifying
molecules (e.g., antibodies) or clones
(e.g., phages, bacteria, and other cells)
possessing a given property by
subjecting every single molecule/
particle/cell in a panel to analysis.
Selection: a process for identifying
molecules (e.g., antibodies) or cells

Table 1. The Most Important Advantages and Drawbacks of Different Antibody Discovery Strategies

Key advantages Key drawbacks

Isolated from animal plasma Only limited know-how and
simple infrastructure needed

Antigens need to be immunogenic

Benefits from in vivo affinity
maturation

Antibodies remain in original species format

DNA/RNA immunization
possible

Batch-to-batch variation

Animals needed for discovery and
continuous manufacture

Low abundance of relevant antibodies

Undefined/uncharacterized composition

Antigens may lose 3D structure when
combined with denaturing adjuvants

Generated by hybridoma cells Benefits from in vivo affinity
maturation

Animals needed for discovery

Established infrastructure in
many laboratories

Antibodies remain in original format and
humanization/deimmunization required
for therapeutic use

DNA/RNA immunization
possible

Reproducibility and quality challenges if
hybridoma cell lines are used for continuous
production

Preserves information on the
nature and dynamics of the
antibody response

Limited control over specificity and targeted
epitope

Antigens may lose 3D structure when
combined with denaturing adjuvants

Recloned from animal B cells Benefits from in vivo affinity
maturation

Animals needed for discovery

DNA/RNA immunization
possible

Antigens need to be immunogenic

Preserves information on the
nature and dynamics of the
antibody response

Limited control over specificity and targeted
epitope

Know-how and infrastructure needed for
screening and recloning

Variable domains remain in original format
and humanization/deimmunization required
for therapeutic use

Antigens may lose 3D structure when
combined with denaturing adjuvants

Recloned from human B cells Fully human format
(no humanization or
deimmunization required)

B cell material not easily obtainable

DNA/RNA immunization
possible

Know-how and infrastructure needed for
screening and recloning

Preserves information on the
nature and dynamics of the
antibody response

Ethical challenges in many cases
(including GDPR considerations)

Recloned from B cells from
transgenic animals

Fully human format
(no humanization or
deimmunization required)

Transgenic animals needed for discovery

Benefits from in vivo affinity
maturation

Access to transgenic technology is difficult
and expensive

DNA/RNA immunization
possible

Limited control over specificity and targeted
epitope

(continued on next page)
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possessing a given property by
eliminating all molecules that do not
possess the given property (without
analysis of the discarded molecules).
Self-targeting: the ability of an
antibody to target endogenous host
proteins.
Sequence dependency: an amino
acid (or group of amino acids) affecting
the occurrence of another amino acid (or
group of amino acids) at another
position in a protein.
Specificity: the degree to which an
antibody is able to selectively bind a set
of targets.
Therapeutic efficacy: the ability of a
drug (e.g., antibody) to generate a
desired and beneficial health change.
Training data: a subset of the full
dataset that is used to train a machine
learning approach.
Transgenic animal: animals that have
had one or more foreign genes
deliberately inserted into their genome.
In antibody research, transgenic animals
will typically have received human or
camelid antibody genes, inserted into
their genome, enabling them to generate
antibody responses from genes of
human or camelid origin.
Variable domains: the N terminal
domain of heavy and light chains of
immunoglobulins that have different
amino acid sequences in different
antibody molecules. These regions are
predominantly responsible for the
antigen-binding specificity of the
antibody molecule.

Table 1. (continued)

Key advantages Key drawbacks

Preserves information on the
nature and dynamics of the
antibody response

Know-how and infrastructure needed for
screening and recloning

Antigens may lose 3D structure when
combined with denaturing adjuvants

Display technologies involving
non-animal-derived recombinant
antibody repertoires

Amenable to many antibody
formats

Access to well-validated display libraries is
difficult and expensive

Animals not needed for
discovery or manufacturing

High-quality antigen preparations are
required for selection

Antibodies can be selected at
defined conditions

Often requires in vitro affinity maturation

Antigens need not be
immunogenic

Know-how and infrastructure needed for
selection and screening

Greater control over specificity
and target epitopes

Developability issues must be actively
addressed during early discovery

Cloned from immunized animals
and display selected

DNA/RNA immunization
possible

Animals needed for discovery

Benefits from in vivo affinity
maturation

Antigens need to be immunogenic

Preserves information on the
nature and dynamics of the
antibody response

Requires creation of a dedicated library for
each antigen

Limited antibody repertoire
cloning effort

Sequence and epitope diversity could be
limited due to the biases in the animal
immune response

Antibodies can be selected at
defined conditions

Know-how and infrastructure needed for
selection and screening

Variable domains remain in original format
and humanization/deimmunization required
for therapeutic use

Antigens may lose 3D structure when
combined with denaturing adjuvants

Trends in Biotechnology
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against both highly toxic and nonimmunogenic targets [4]. Thus, the explorable target space of
recombinant display libraries surpasses that of animal-based antibody discovery. Additionally,
the full experimental control and ability to manipulate the different steps during the discovery
process allows for targeted and rational discovery of antibodies to defined antigen conformations
or epitopes with custom properties. Such properties may include an ability to only bind antigens
under a certain set of conditions and release the antigens under another set of conditions, such
as nonphysiological pH, which may improve the recycling of these antibodies and, thus, a signif-
icant extension of their half-life and therapeutic efficacy (Table 1) [21,22].

Despite the advantages associated with in vitro display technologies, non-animal-derived
antibodies are, however, not above criticism. To perform an antibody discovery campaign
using recombinant display libraries, it is essential to have the target antigen purified and, often,
immobilized, which can be rather challenging depending on the target antigen (e.g., complex
membrane proteins such as ion channels or G protein-coupled receptors). Finally, there are
high financial, intellectual property (including company secrets) and know-how barriers that
need to be overcome to access the power of display technologies (Table 1) [4]. Thus, many
research groups remain excluded from utilizing these technologies, which may strengthen the
unfair competition between well-funded and underfunded laboratories. Therefore, we encourage
1268 Trends in Biotechnology, December 2021, Vol. 39, No. 12
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the installment of incentives to increase access, such as targeted funding opportunities to enable
the training of scientists in display technologies and free access to high-quality display libraries.
We also encourage collaboration between companies and academic scientists to facilitate
access to proprietary display technologies and antibody libraries.

Therapeutic antibodies in clinical trials developed using display technologies have been criticized
due to historical evidence that these antibodies poses significantly higher developability issues
in comparison to animal-derived antibodies [23]. For phage-derived antibodies, these
developability issues include a higher propensity for self-interaction and polyreactivity, which
have been shown to result from higher percentages of aliphatic residues in their paratopes
compared with non-phage-derived antibodies [24]. Regardless, 70 in vitro discovered monoclonal
antibodies have entered clinical trials, 14 have been approved, and one (adalimumab) has become
the top selling pharmaceutical worldwide [25]. Moreover, a number of new technologies and
methodological changes have been introduced recently to mitigate developability risks associated
with in vitro display technologies. For example, a novel mammalian cell-based display technology
has been shown to facilitate preferential enrichment of antibodies with superior biophysical
properties as part of the library selection for function [26]. Similarly, the introduction of predictive
developability screens at early stages of antibody discovery significantly de-risks downstream
development and manufacturing [27].

Finding the Golden Mean in Antibody Discovery
Taken together, we conclude that, to date, neither animal immunization nor the use of recombi-
nant antibody libraries in combination with display technologies are proven superior to one
another in relation to antibody discovery. In vitro display technologies carry a plethora of benefits,
however, the limited availability and substantial cost of high-quality (synthetic or naïve) antibody
libraries severely inhibit the majority of researchers, except for select antibody engineering labo-
ratories, from exploiting in vitro technologies. Moreover, other benefits of using animal immuniza-
tion are lost when using display technology from recombinant libraries for antibody discovery,
including antibody lineage information [4] and the possibility of raising antibodies without access
to the antigen itself (e.g., via the use of DNA/RNA immunization techniques). To overcome these
drawbacks, animal immunization may be coupled with display technologies; thereby, the
advantage of both in vivo affinity maturation and high-throughput selection at any experimental
condition are retained. This approach is routinely used in nanobody discovery [28,29] and
recently yielded promising candidates to treat coronavirus disease 2019 (COVID-19) [30].
Importantly, whilst the combination of technologies can already improve the properties of the
resultant antibody pool, it can also provide substantial datasets that can be exploited using
machine learning. This presents a golden opportunity to harness the potential of a third and
very powerful approach in our technological arsenal.

The Rise of Machine Learning in Antibody Discovery
The emergence of machine learning has led to impressive scientific and technological leaps
across many research fields [31] and is now also proving to become a powerful application in
the context of antibody discovery, as recently reviewed [32]. Briefly, early studies in the field dem-
onstrate that machine and deep learning can be employed to generate novel binders in silico
and to optimize target binding [33] or biophysical properties (Box 2). Specifically, in the early
phase of antibody discovery, machine learning is used for screening for function and affinity,
whereas towards the later stage developability optimization and screening become the focal
point [34]. One key opportunity that machine learning presents is that it may allow us to unravel
underlying rules for the specific strengths associated with either animal immunization or in vitro
display technologies, which could be used to improve properties such as affinity, specificity,
Trends in Biotechnology, December 2021, Vol. 39, No. 12 1269



Box 2. Current Deep Learning Techniques for Antibody Discovery

Deep learning is increasingly revolutionizing biological data mining and its success can be attributed to the ability of learning
long-range sequence dependencies, which are sequence patterns that are separated by large amino acid regions of
arbitrary length in biochemical sequences [32]. Specifically, in the case of antibodies, these dependencies reflect the fact that
antibodies bind as 3D structures, where amino acid residues that are distant along the sequence may be close within the
folded 3D antibody structure. Broadly, the application of deep learning for the discovery of therapeutic antibodies may be
categorized into three main areas: (i) sequence- and (ii) structure-aided prediction of antibody–antigen binding (or hybrid
sequence and structure versions thereof), as well as (iii) in silico generation of novel antibodies. (ad i) One of the main
challenges for deep learning remains the size of training datasets. Large datasets have been generated by deep sequencing
of natural antibody repertoires and in vivo antibody responses, phage display screening of diverse recombinant repertoires,
or deepmutational scanning and subsequent mining for antibody–target binding patterns [33,56,57]. These approaches
have also been applied to developability filtering and screening [33,58]. The drawback of sequence-based approaches is that
theymost often lack, due to the nature of the datasets, granular structural paratope and epitope information. (ad ii) Structure-
aided-based prediction aims to predictively link paratope and epitope, including at times additional physicochemical features
[59–62]. While the progress in 3D antibody–antigen prediction is encouraging, current datasets remain sparse and exclude
noncrystallizable proteins and also lack information on themolecular dynamics of the antibody–antigen interaction. (ad iii)
To bypass lengthy experimental antibody discovery, the next frontier is in silico deep learning-based antibody generation.
Proof of principles have shown feasibility with regard to the generation of antibodies with predefined structure [63], target
specificity [57], and predesigned developability parameters [58]. A future challenge for deep learning-based antibody
sequence generation is the joint design of antibodies with predefined developability, affinity, and specificity.
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and developability. This might help end the ever-ongoing debate and shift the focus to improving
antibody discovery practices and methodologies within the two fields. In particular, recent
advances in machine learning are expected to have utility when combinedwith display technologies.
For example, by facilitating the design of small focused libraries for antibody generation, machine
learning can remove the challenges in creating large and diverse libraries. Besides, early findings
have shown that the power of machine learning can be harnessed to include key determinants for
optimum developability properties or epitope specificity as part of the library design [35,36]. Finally,
a better understanding of the relationships between paratopes and epitopes may eventually help
bypass the need for antibody libraries altogether and facilitate discovery approaches that are entirely
performed in silico. Establishing robust in silico antibody discovery workflows will allow researchers
to screen a much larger protein sequence space than what is possible with diverse display libraries
[33]. It is of note that the implementation of machine learning into antibody discovery requires a set of
specialized skills and, potentially, access to substantial computational power. Fortunately, the rise of
cloud servers, increasing accessibility of supercomputers facilitating hardware access, and the
common practice of sharing machine learning software and providing easy to use tools lowers
these limitations [34].

The foundation of current machine learning approaches in antibody discovery is built primarily on
datasets derived from deep sequencing of natural antibody repertoires or phage display screen-
ing of large display libraries and 3D-structures of antibody–antigen complexes (Box 2). Future
success of machine learning in antibody discovery will depend on reliable simulation frameworks
for immune receptor and antibody–antigen binding, enabling unconstrained access to synthetic
ground-truth training data; access to nucleotide (not only amino acid sequence deposition, as
it is mostly practiced currently) antibody sequence data [37], given that preliminary investigations
show that machine learning accuracy may differ with respect to nucleotide or amino acid
encoding (the reasons for this remain to be understood) [38]; standardization of database formats
[39]; and, most importantly, the availability of experimentally antigen-annotated sequences,
necessitating a significant improvement of the current status quo. It is questionable whether
the larger numbers needed (at least multiple hundreds of binders per antigen) can be generated
using animal-based antibody discovery methods. A possible, yet not readily available due to
considerable technical obstacles, solution for large-scale gathering of protein–protein interaction
data may be library-on-library screening, where an antigen library is screened against an
1270 Trends in Biotechnology, December 2021, Vol. 39, No. 12



Outstanding Questions
How can the quality of commercially
available affinity reagents be incentivized
or regulated?

How can funders, policy makers, and
academic institutions create better
access to the newest antibody
technologies for academic researchers?

How can we create incentives for
companies to collaborate and share
their intellectual property and technical
antibody discovery know-how with
academia?

How can we improve access to
antibody technologies for scientists in
low-income countries?

How can we increase the data output
from both animal- and in vitro-based
antibody discovery to aid machine
learning?

How can we aggregate existing
monoclonal antibody sequence data
into larger databases?

How can we apply machine learning
algorithms to study clonal outputs
from display-technology-based anti-
body discovery campaigns?

How can we make machine learning
platforms more widely accessible for
scientists who are not experts in
programming and bioinformatics?
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antibody library [40–42]. Finally, further advances in model interpretability are needed to not only
use machine learning for predictive (discriminative) or generative tasks, but also for inference of
the underlying sequence rules that link antibody to target antigen, as well as link specificity and
developability. Indeed, if it is true that machine learning has the capacity to capture the high-
dimensional antibody sequence dependencies that determine target (epitope) binding and
developability, then we need to be able to extract these from the trained machine learning models
in an interpretable fashion [43]. Whilst challenging, recent progress in machine learning model
interpretation has sparked enthusiasm that soon we will be able to gain significant insights into
nature’s antibody construction plans [44].

Concluding Remarks
We hopemore focus will be directed towards application-relevant validation of antibody products
irrespective of the discovery method employed, particularly in the context of affinity reagents for
research purposes. This should have a significant impact not just on the antibody research field
itself, but also on the many other scientific fields benefitting from the application of antibodies
as tools. Importantly, it may also lead to better experimental results and a reduction of animal
use in research and development, but it will likely require that quality control for antibody-based
reagents is better regulated or incentivized (see Outstanding Questions). Moreover, it is important
that academic researchers can more easily gain access to proprietary antibody technologies, for
example, via strengthened collaboration between industry and academia for the benefit of both
parties and by empowering scientists from low- and middle-income countries, by supporting
their capacity for conducting cutting-edge antibody research. With machine learning joining the
toolbox for antibody discovery, we foresee a rapid rise in the utility, efficiency, and speed of
in vitro technologies in particular. However, to fully unlock its potential, it will be pivotal to improve
accessibility of ample data in standardized formats (e.g., online databases) [39,45,46] and that
machine learning tools and algorithms are made more accessible to scientists who are not
experts in programming and bioinformatics. It is also likely that advances in proteomics methods
may allow for de novo sequencing of antibody proteins in polyclonal samples (e.g., serum)
[47,48], which in turn may bring increased interest in using animal and human material for
antibody discovery purposes. In turn, this could also have implications for the ethics surrounding
antibody discovery [e.g., in relation to general data protection regulation (GDPR)]. Therefore, until
in vitro display technologies have been uncontestably established as superior and are widely
accessible, we advise that both animal immunization and display technologies can be used for
antibody discovery, depending on the intended application of the antibodies, as both areas are
likely to deliver major advances in science and medicine for the decades to come.
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