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Abstract 15 

Antibodies and T cell receptors are the molecular basis of immune memory, and also 16 

have become the foundation for generations of clinically successful biologics. Decades of 17 

research have established a broad range of systems to observe, identify, discover, and 18 

optimize the adaptive immune receptors, from both natural and synthetic sources. Recent 19 

advances in high-throughput display, next-generation sequencing analysis, and machine 20 

learning data mining are accelerating our capabilities to characterize immune receptor 21 

repertoires, including their functional properties. This commentary discusses the unique 22 

aspects that guide modern immune receptor studies, with an eye toward the near-term 23 

horizons in large functional dataset collection and analysis. 24 
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The Initial Frameworks 28 

Analysis of single adaptive immune receptors was launched in the 1970’s when Köhler and 29 

Milstein reported the hybridoma method, which for the first time enabled scientists to capture and 30 

harness monoclonal antibody and T cell receptor (TCR) variants (1). The isolation of monoclonal 31 

antibodies and monoclonal TCRs led to an explosion of scientific knowledge along with translational 32 

uses for adaptive immune receptors. Hybridoma technology, and later single-cell RT-PCR (2), enabled 33 

the first molecular glimpses of the vast sets of unique specificities that comprise our immune 34 

repertoires. Studies explored immunogenetics like V-gene usage, heavy:light and alpha:beta gene 35 

pairing, and somatic hypermutation. Statistics on the scale of hundreds of clones revealed gene 36 

associations with particular immune response features (3, 4).  37 

Hybridoma and single-cell sequencing provided a limited view of large immune repertoires, while 38 

the technologies of PCR, cloning, and especially protein display joined forces to rapidly accelerate 39 

progress in antibody and TCR affinity engineering against to target proteins (5). However, it was not 40 

until the 2000’s when next-generation sequencing technologies were released that more 41 

comprehensive data could be obtained for adaptive immune repertoires (6). By using next-generation 42 

sequencing, we began for the first time to discern individual adaptive immune receptors as a part of 43 

large adaptive immune response networks with precise molecular clarity. These technical advances 44 

of recent decades have now brought our community into the current world of big data for adaptive 45 

immune receptors.  46 

 47 

Parallels between Antibodies and TCRs 48 

 B cells and T cells work synergistically in vivo, and many common features are shared amongst 49 

their immune receptors. Chief among these are the features of central tolerance, clonal selection and 50 

expansion in vivo, and the need to balance sufficient antigen specificity while minimizing cross-51 

reactivity. A key difference between antibodies and TCRs are their mechanisms of action. Antibody 52 

molecules are secreted by B cells, and both the soluble protein and the cells are the effector agents. 53 

In contrast, T cell receptor functions are intricately linked to the T cell that encodes them, and the T 54 
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cell is the actual effector agent of TCR-driven responses. Affinity and multivalency dynamics of these 55 

two classes of immune receptors are also profoundly different. Antibodies are expressed as various 56 

molecular classes that present different numbers of binding arms:  membrane-bound B cell receptors 57 

(BCRs) are multivalent, soluble IgG and IgE are bivalent, soluble IgA is bi- or tetravalent, and soluble 58 

IgM is pentavalent. Somatic hypermutation plays an important role for antibodies to establish sufficient 59 

affinities to function in soluble, especially bivalent, formats. In contrast, T cells can express thousands 60 

of membrane-bound TCRs on their surface, and TCR recognition often (but not always) relies on multi-61 

valency. These low-affinity, multi-avid interactions of TCRs are ideally suited to recognize the subtle 62 

differences between distinct peptides presented by the same MHC molecule, whereas high-affinity 63 

antibody interactions are well-suited to the soluble nature of antibodies that bind tightly to foreign 64 

antigens and traffic them to appropriate effector cells and proteins within the body. Soluble antibodies 65 

have some activation differences based on glycosylation states, but still the antibody protein is 66 

sufficient to effectuate an immune response. In contrast, the response cascade triggered by a surface-67 

expressed TCR is highly dependent on cellular state. T cell control mechanisms include numerous 68 

regulatory checkpoints and exhaustion pathways that help to mitigate the high degree of cross-69 

reactivity that most TCRs can display to related peptides, including self peptides. These biological, 70 

functional, and structural differences between antibodies and TCRs are summarized in Figure 1. 71 

These differences lead to divergence in the experimental platforms and technologies needed to 72 

understand, evaluate, and manipulate adaptive immunity via the humoral vs. cellular immune 73 

compartments. 74 

 75 

The Two-Chain Nature of Antibodies and TCRs 76 

The common two-chain nature of adaptive immune receptors (heavy and light chain for 77 

antibodies; alpha and beta chain for T cell receptors) provides a diversity generation mechanism that 78 

allows immune receptors to recognize varied binding targets. Because the heavy:light and alpha:beta 79 

chains are encoded on separate mRNAs and derived from distinct chromosomes inside the cell, apart 80 

from being present inside the same cell membranes there is no physical connection between 81 
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complementary chain pairs until quaternary structures are formed post-translation. Due to the difficulty 82 

of sequencing multiple genes on separate chromosomes together, the earliest next-generation 83 

sequencing technologies analyzed heavy, light, alpha, and beta chains separately (6). However, given 84 

the importance of two-chain immune receptors in mammals, repertoire-scale technologies need to 85 

collect information on both chains together to fully analyze and understand immune repertoire 86 

properties (7–9). In developing antibody repertoires, it appears so far that most heavy chain V-genes 87 

can successfully pair with most light chain V-genes (4, 10). Then, somatic hypermutation enhances 88 

antibody affinity both through antigen interactions, and also often by refining the heavy:light interfaces 89 

for improved recognition (11, 12). Recent evidence also demonstrates that antibodies across multiple 90 

individuals often utilize the same heavy:light pairings when recognizing common antigens, suggesting 91 

a functional and structural convergence of recognition modes (13). Similar features can be observed 92 

in T cell receptors that target the same pMHC (14). Because T cells do not somatically hypermutate, 93 

the specific alpha:beta gene combinations likely provide an even greater role in antigen recognition 94 

than has currently been observed for B cells (15). The development of technologies to efficiently 95 

analyze paired heavy:light or paired alpha:beta chains are discussed in detail in the following section. 96 

Determining the targets of antibodies and TCRs helps to reveal the workings of adaptive 97 

immunity, and also can identify immune receptors or drug candidates that efficiently target a disease. 98 

Immune receptors have been discovered from individuals that can efficiently prevent viral infections 99 

or cancers, or that exacerbate diseases like autoimmunity. New vaccines or molecular therapeutics 100 

can then be devised to treat or cure based if immune receptor analyses reveal new molecular 101 

mechanisms of a disease. In some cases, a functional study of immune receptors helps identify target 102 

antigens, which is becoming especially common for T cell receptors in cancer (16). Antibody and TCR 103 

discovery is also commonly performed to identify new drug candidates. While native chain pairing 104 

information is very helpful for antibody drug discovery applications, it is not strictly required, and many 105 

antibodies have been discovered through phage display of randomly paired heavy and light chains. 106 

Still, native heavy:light chain pairing is often superior to random pairings, including both for 107 

performance and stability features (17). For TCRs, native alpha:beta pairings are extremely important 108 
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to reduce the risks of off-target therapeutic toxicity, which was observed in some early clinical studies 109 

of TCR-based T cell (TCR-T) therapy (18). Using natively paired alpha:beta TCRs as immune drugs 110 

can reduce toxicity risks because those TCRs have gone through central tolerance and are unlikely 111 

to present as high toxicity risks as artificial alpha:beta pairs, especially for autologous TCR-T 112 

applications. 113 

Recent technologies have dramatically expanded the scope of paired alpha:beta and heavy:light 114 

receptors that can be sequenced, cloned, and analyzed. Still, it is important to note that we still face 115 

severe biological and technical shortcomings for immune repertoire analysis. Biological sampling 116 

challenges remain severe, and it is impossible to collect full organism-level tissue samples from 117 

human clinical studies. The most advanced large-scale reported technologies for paired immune 118 

receptor sequencing accommodate a maximum of ~107 input B or T cells. Even though we can 119 

sequence more paired immune receptors than ever before, technical platforms can analyze the ~107 120 

B cells but not the ~108 T cells from a single human blood draw. Still, these numbers remain far from 121 

the ~2×1011 B cells and ~4×1011 T cells in a single individual (19). Even if we could recover all those 122 

cells, and pair all of their immune receptors, the current 2x300 bp sequencing platforms max out 123 

around ~4×108 reads per run, and long-read sequencing technologies analyze only around 2.5×107 124 

reads per run. Thus, despite tremendous advances in single-cell processing and sequencing 125 

platforms, we can still only observe a small fraction of human immune receptors directly. Given the 126 

limited observation windows that we have for antibody and TCR repertoires, it is important to collect 127 

the most complete information possible from the limited cell types samples we do obtain. 128 

 129 

Connecting Sequence to Function 130 

Several approaches have been devised to explore the functional properties of immune 131 

receptors, beginning with the hybridoma techniques that are still commonly used today. Single-cell 132 

RT-PCR after flow cytometry assisted sorting (FACS) into well plates also matured over decades, and 133 

is now a refined protocol (2). These single-cell RT-PCR approaches were transformed by advances 134 

in antigen design and development to enable precise identification of desired antigen-specific cells, 135 
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including designed recombinant protein antigens to identify specific B cells (20) and multivalent pMHC 136 

constructs to identify TCRs (21). More recently, antigen barcoding methods have been established to 137 

more easily detect immune receptor sequences and antigen binding profiles concurrently (22–24), 138 

and these techniques also can analyze full transcriptomes and link B- or T-cell state with antigen 139 

specificity. One limitation of these primary immune cell-based approaches is that the cells are non-140 

renewable, and thus each antigen specificity measurement is subject to single-cell measurement 141 

error.  142 

An important alternative to analyzing primary immune cells is to use a display platform to study 143 

immune receptor function. Display platforms connect an RNA or DNA sequence to the function of the 144 

protein that it encodes, with many technologies established over the years that are useful for immune 145 

repertoire screening applications. For antibodies, a broad variety of display platforms have been 146 

developed including phage display, mRNA display, bacterial display, and yeast display (25). Several 147 

display formats have also been established for antibody display, including single-chain fragment 148 

variable (scFv), fragment antigen binding (Fab), and full IgG formats; each of these are successfully 149 

used across multiple display platforms. Each platform offers unique advantages and disadvantages. 150 

Phage display has proven to be a workhorse technology for the biomedical community, and phage 151 

display supports remarkable library sizes with extremely high diversity and screening throughput.  152 

However, phage display can be limited by substantial replication bias across rounds, the limitations of 153 

protein expression in bacterial systems, is not compatible with flow cytometry, and can only be used 154 

for affinity analyses (not functional analyses). Yeast display has been growing in use due to its robust 155 

nature, eukaryotic expression systems, low cost and low replication bias across rounds, use in flow 156 

cytometry, and ample library sizes, although yeast are generally limited to proteins that do not require 157 

mammalian post-translational modifications and are mostly used for affinity-based screens. Most 158 

recently, mammalian display has been emerging as a popular platform. Technologies to improve 159 

library construction in mammalian cells have accelerated growth in mammalian display, which has the 160 

capacity to express mammalian proteins in their native formats while also being compatible with 161 

functional screening systems (26). These major advantages outweigh the higher cost and complexity 162 
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of mammalian cell screening for many groups, and thus mammalian display screening platforms are 163 

anticipated to become even more widely used in the coming years. 164 

T cell receptors can also be incorporated into display platforms and screened in varied formats, 165 

although with somewhat more difficulty than for antibodies. Antibodies evolved as secreted single-166 

molecule, soluble formats, and the structural configuration for soluble expression which supports their 167 

efficient use across many systems and fusion protein formats. In contrast, T cell receptors are always 168 

membrane-bound in nature, and they are a little more difficult to express than antibodies but still 169 

achieve successful display in phage, yeast, and mammalian cells (27). Because mammalian gene 170 

manipulation have advanced quickly over the past few years, it can be anticipated that the use of 171 

mammalian platforms for both antibody and TCR display will continue to expand. 172 

Our group has established renewable display library screening techniques to circumvent the 173 

limitations of functionally mapping immune repertoires using primary cells. Across several studies, we 174 

generate paired chain gene libraries and clone them into display platforms to enable repeated 175 

screening experiments (8, 10, 28–33). An advantage of renewable libraries is that they provide the 176 

ability to collect accurate functional data by analyzing repertoires with statistical coverage (e.g., 10-177 

fold more tests than the known library size), which cannot be achieved with primary cells. These 178 

display-based assays can bin immune repertoires based on performance metrics like affinity, which 179 

can require testing different concentrations of antigen to evaluate across an entire affinity range, and 180 

likewise cannot be performed efficiently with primary cells. Renewable screening platforms can also 181 

evaluate cross-reactivity to antigen panels (30, 34–36), which is more difficult with primary cells 182 

because the multiple antigens compete with each other for cell surface binding. A renewable library 183 

screening approach also enables interrogation of cell populations that do not express high levels of 184 

immune receptors. Important examples are plasma cells from spleen and bone marrow, which secrete 185 

the majority of antibodies in circulation but do not express surface B cell receptors and therefore are 186 

not compatible with standard antigen-bait approaches (32). Finally, a critical advantage of renewable 187 

formats is that the immune receptors can also be screened for functional activity (e.g., pathogen 188 

neutralization, activation against a cancer cell, etc.), which cannot be achieved at a library scale with 189 
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primary cells and antigen-bait approaches (37). Collecting paired immune receptor sequence libraries 190 

and cloning into display libraries thus enables direct analysis of the functional performance of immune 191 

receptors en masse – bringing us potentially one step closer to a more complete, large-data 192 

understanding of immune receptor repertoires. 193 

 194 

Challenges and Opportunities in Functional Antibody Repertoire Analysis 195 

While antigen affinity is important and is often used as a screening parameter, an antibody’s 196 

affinity is rarely the functional drug property. For example in antiviral antibodies, virus neutralization in 197 

vitro is often considered the most important functional property for passive antibody prophylaxis and 198 

to evaluate vaccine responses. Other antibody effector functions like antibody-dependent cellular 199 

cytotoxicity (ADCC), antibody-dependent cellular phagocytosis (ADCP), and complement deposition 200 

can also be important to protect against infections, especially for viruses where breadth and potency 201 

trade-offs exist and non-neutralizing antibodies can contribute substantially to immune protection 202 

(e.g., influenza (38)). Autoimmune antibodies can recruit complement one aspect of disease 203 

pathogenesis (39), or even have receptor agonist or antagonist properties that primarily cause disease 204 

(39). Receptor agonism or antagonism is often much more important than affinity for drug discovery 205 

targets, and in some cases, the desired function is anti-correlated with affinity (40). The trade-offs 206 

between screening for affinity and screening functional performance have become even more 207 

important for multispecific and fusion proteins that use antibody domains, including T-cell engagers 208 

and affinity-tuned constructs. In multispecifics, each binding partner can have many possible variants 209 

with precisely known affinities, and yet still the ultimate combination of binding arms, linkers, and 210 

formats that will obtain a molecule with functional activity is very difficult to predict (41). Thus because 211 

affinity is only rarely the most important feature of an antibody, large-scale data collection for 212 

antibodies needs to focus on functional data collection to accurately explore antibody repertoire 213 

performance and obtain the necessary data for rigorous AI/ML model training. 214 

While functional screening efforts have been pursued for many years, substantial progress is 215 

still needed. Most platforms are insufficiently flexible, have limited throughput, or require complex 216 
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instrumentation that raises experimental costs to the point that repertoire-scale analysis is not feasible 217 

for most groups or for collecting large-scale data (ideally, 105 or more data points). For example, the 218 

Beacon single-cell platform can achieve function-first screening, but it requires multiple days of on-219 

chip culture and the sequencing throughput is limited to a few thousand antibody-secreting cells. 220 

Functional yeast reporter systems have also been established for purpose-built systems, but are 221 

limited to yeast-based reporter mechanisms (42). Fluorescence-activated droplet sorting (FADS) 222 

enables multi-cell capture of antibody-secreting cells and reporter cells, with commercial 223 

instrumentation recently becoming available (43–45). However, FADS is still limited by the throughput 224 

of the droplet sorter and by the Poisson distribution statistical limitations of obtaining a single antibody-225 

secreting cell and a single reporter cell in the same droplet, restricting the scale of repertoire 226 

information that can be collected. To address these challenges, our group has recently reported an 227 

approach to combine antibody secretion and functional reporter systems into the same cell, allowing 228 

efficient screening for functional read-outs using drug-ready molecules secreted by mammalian 229 

cells(37). Because the reporter cell and the secreting cell are one and the same, it becomes simple 230 

to break the droplets and sort secreting cells directly based on the reporter gene expression. This 231 

approach easily enables the functional analysis of >20 million single antibody-secreting cells within a 232 

single afternoon. We anticipate that these advances in large-scale functional screening will accelerate 233 

progress in antibody repertoire analysis and directed evolution for drug discovery. 234 

 235 

Challenges and Opportunities in Functional TCR Repertoire Analysis 236 

TCRs present numerous complications for high-throughput display screening. TCRs are 237 

optimized for low-affinity, low binding energy interactions, and cross-reactivity occurs from common 238 

MHC protein contacts and closely related bound peptides (21). The combination of low affinity and 239 

substantial cross-reactivity makes TCR discovery presents unique challenges compared with 240 

antibodies because TCRs are prone to rapid dissociation as monomers, and the difference between 241 

on-target and off-target affinities is lower. Rather than in vivo selection for high binding affinity like 242 

antibodies, TCRs are instead chosen by the immune system to sensitively distinguish between 243 
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different degrees of low-affinity contacts. T cells also modulate surface TCR expression in vivo, in 244 

addition to co-receptor proteins like CD3 and CD8 (46), dynamically tuning TCR activation sensitivity 245 

according to innate cell and extrinsic immune-based signals. The dynamic tuning helps to avoid 246 

damaging autoimmune responses while preserving T cell potency for inflammatory threats. The 247 

combination of avidity-based TCR selection and cell-based modulation of TCR signal amplifiers make 248 

T cells impressively capable to distinguish between self and non-self in vivo. How to collect the 249 

necessary data to understand molecular immune dynamics for TCR-pMHC interactions, and also to 250 

predict the behavior of T cells that encode those TCRs after a certain stimulus, remains an important 251 

but unsolved problem.  252 

To add to the complexity, not all binding TCRs will actively transduce the appropriate signals 253 

and activate T cells. TCR activation often occurs from low-affinity interactions, and appears to be 254 

mediated by energy vs. distance dynamics of the TCR-pMHC bond, rather than by overall affinity (47, 255 

48). It is important to express multivalent TCRs (e.g. on mammalian cells) since low-affinity 256 

interactions often require suitable avidity for binding and/or activation. Multimers such as streptavidin 257 

tetramers or dextramers are often used to enhance avidity and prolong dissociation times for cell-258 

based sorting, although these affinity-based screens do not directly collect information in functional 259 

TCR signaling (21). Mammalian cell lines such as Jurkat and SKW3 have been established to both 260 

analyze TCR affinity and also serve as activation reporters, often through native activation markers 261 

like CD69 expression or transcription factor expression like NF-κB. These cell lines normally express 262 

the necessary co-receptor protein CD3, and also often express CD8 or CD4. 263 

A common technique to identify antigen-specific TCRs uses T cell proliferation or cytokine 264 

expression after pulsing PBMC with antigen, and analyzing the activated T cells after culture (49). 265 

These co-culture assays identify certain populations of antigen-specific T cells, but are limited by the 266 

responsive capacity of primary T cells initially placed in culture. Some primary T cells are less sensitive 267 

and in an exhaustion state, whereas others are prone to sympathetically expand in a non-specific 268 

manner in a stimulatory environment. In many cases, T cells relevant to specific disease states cannot 269 

be sufficiently detected with peptide pulse expansion assays. T cell exhaustion is especially prevalent 270 
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for cancer-specific T cells, for which solutions that do not rely on antigen-specific primary cell 271 

proliferation are urgently needed. Another important challenge is to identify the pMHC antigens that 272 

are presented in disease-relevant contexts – for example, certain autoimmune peptides, or cancer 273 

antigens, which can include neoantigens, tumor-associated antigens, splice variants and/or peptides 274 

containing post-translational modifications. Improved methods for antigen-specific TCR analysis and 275 

for disease-relevant peptide identification are needed to improve upon the limitations of current TCR-276 

pMHC identification assays. 277 

To help address these challenges, our group has established a series of assays for renewable 278 

screening of TCR repertoires (31, 33). These platforms support unbiased functional screening against 279 

a set of desired pMHC tetramers or peptide-pulsed antigen-presenting cells (APCs). We first capture 280 

paired alpha:beta T cell receptor chains from T cell repertoire, and clone them en masse into 281 

mammalian display and reporter cell lines. By transferring the TCR libraries for expression in an 282 

activation-capable cell line, we ensure that every T cell in the library is on “equal footing” with respect 283 

to activation state. We can screen libraries by both affinity (31) and activation (33), and we can analyze 284 

TCR reactivities against cancer cell line and autoimmune model cell lines as well. A long-term goal is 285 

to use this platform to better understand the molecular characteristics of activating TCRs against 286 

pMHC antigens that are most important for disease, including against autoimmunity and cancers for 287 

which antigen-specific TCRs and the pMHCs that they recognize are both insufficiently described. 288 

 289 

Catalyzing Progress with Big Data 290 

Machine learning (ML) and artificial intelligence (AI) are transforming the way we understand, 291 

analyze, and interact with our world. A few exciting areas that AI/ML could assist researchers and 292 

clinicians include:  1) enhance basic sequence and structural understanding of adaptive immune 293 

interaction landscapes, 2) accelerate the design and discovery of new antibody- and TCR-based 294 

therapeutics, and 3) establish clinical biomarkers from immune receptor repertoire analyses to 295 

evaluate health, perform disease diagnosis & prognosis, and predict future disease risks. Successful 296 

AI/ML implementations nearly always occur in data-rich environments. Thus the key question for the 297 
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above applications is:  do we have enough data already? And if not, how do we collect the data that 298 

these algorithms need to be successful? The most rapid progress for ML’s impact appears to have 299 

been made in antibody developability. Several studies have compiled large datasets on various 300 

features that can influence developability features, which supported model development with a 301 

reasonable degree of accuracy for developability prediction (50). Mining immunized animal models to 302 

identify potentially optimal antibodies and mutations can also be a rich data source (51, 52), and 303 

library:library interaction data can also provide ample data points for effective discovery (53).  304 

De novo immune receptor design against a desired target is still low-yield (a small number of 305 

designed antibodies are actual binders) but is advancing rapidly. The best current antibody design 306 

technologies still require experimental screening due to low hit rates, and often also require follow-up 307 

optimization. Most immune receptor design models are built around structural and protein:protein 308 

docking predictions. These structural prediction efforts are generally trained in part on crystallography 309 

data that cannot fully account for protein dynamics. The high diversity and untemplated nature of the 310 

antibody CDR3 regions also pose a challenge for structure prediction and docking algorithms, 311 

although with important recent progress (54). The high binding energies of antibody:antigen 312 

interactions provide a tailwind for affinity-based antibody computational design. Still, the greatest 313 

challenges woare to design functional antibodies (agonists, allosteric modulators, and neutralizers), 314 

which can require dynamics that are not neatly captured in most structural data. Functional antibodies 315 

may also require binding to very precise regions of an antigen that are difficult to target specifically by 316 

immunization or library panning. Multispecifics present another major design challenge, and also rely 317 

heavily on dynamics and yet have many higher degrees of freedom compared to monoclonal 318 

antibodies. We need to collect more richly annotated datasets to address these antibody design & 319 

evaluation challenges in a satisfactory manner using AI, with a special focus on functional data as 320 

opposed to affinity data. 321 

For T cell receptors, ML has been used extensively to mine immunoproteomic peptide elution 322 

data and refine peptide display predictions. Several recent reports also explored AI/ML for TCR-pMHC 323 

interaction prediction (55), and prediction accuracy is improving quickly. TCR:pMHC interaction 324 
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prediction may be more tractable than many antibody:antigen predictions due to the common binding 325 

epitope and restricted angles of approach for TCR docking, and the lack of somatic hypermutation 326 

makes TCR sequence space much smaller than antibody sequence space. However, structure 327 

prediction of TCR:pMHC presents three major complexities that hinder progress: a) TCR:pMHC 328 

complexes have low affinity, which is more difficult to detect in energy-based docking models, b) cross-329 

reactivity is common, and c) TCR activation strength is only affinity-driven, but is also a function of 330 

bond energy vs. distance. Due to these lower interaction energies and the importance of the energy 331 

vs. distance dynamics, we may need extensive functional TCR training data to design antigen-specific 332 

activating TCRs with minimal cross-reactivity. The known TCR structures are also biased towards 333 

higher-affinity TCRs, and additional structures of low-affinity, activating TCRs is likely to provide 334 

important data to accelerate progress. These unique challenges for TCR structural prediction are 335 

counterbalanced by the relatively lower diversity of the TCR and the common recognition modes (and 336 

thus more limited degrees of freedom for TCR:pMHC interactions) that can help support sufficient 337 

dataset collection and accelerate progress in TCR:pMHC prediction approaches.  338 

 More high-quality data is needed to address all these challenges. One relatively rapid way to 339 

collect large-scale affinity data is the use of library:library technologies (56), which promise to fill out 340 

large sets of affinity information and are very useful for AI/ML training. The ability to obtain large-scale 341 

functional information on antibody or TCR interactions, especially when combined with large-scale 342 

affinity data in parallel, will help to more finely discriminate between affinity/avidity interactions versus 343 

functional interactions. In pursuit of these aims, our group is collecting large-scale data on immune 344 

receptor performance for both affinity (28, 30, 34–36) and functional activity (33, 37). We hope that 345 

these rich datasets will catalyze new progress in AI/ML performance by combining functional data 346 

layers along with structure prediction. Pairing large-scale functional data to structural knowledge will 347 

unite advances in both experimental and computational techniques to unlock future opportunities in 348 

functional immune receptor design and prediction. 349 

  350 
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The Future of Immune Receptor Technologies 351 

The study and use of immune receptors will be dramatically transformed in coming decades as 352 

scientific tools to control immune responses and design new drugs continue to expand, while the costs 353 

of drug distribution & production continue to fall. For antibody therapies, active product dose 354 

manufacturing costs will fall from a combination of higher-potency drugs from refined discovery 355 

pipelines, longer half-life Fc modifications, and high-concentration formulations to allow infrequent and 356 

at-home subcutaneous delivery. Future improvements in nucleic acid drug delivery may also transform 357 

the protein drug treatment landscape by simplifying manufacturing & distribution. Extrapolating from 358 

the ~200 currently approved monoclonal antibodies, the large pipeline of drugs in clinical trials, and 359 

current growth from annual FDA antibody approvals, it is conceivable that we could have close to 360 

1,000 or more antibodies approved by 2040. At some point in the coming decades, reductions in active 361 

product dose costs and formulation/distribution advances will shift antibodies from a specialty drug 362 

class into more of a commodity, priced perhaps like the upper tier of today’s over-the-counter drugs. 363 

AI/ML will eventually become broadly useful to design and predict the performance of antibody drugs. 364 

Experiments will not be replaced or eliminated, but instead will focus on:  1) large-scale data collection 365 

and for model training that will enhance AI/ML accuracy and partner with computational tools on 366 

focused tasks, and 2) efficient large-scale validation of computationally designed molecules, and 3) 367 

engineering or optimization of initial candidates. Growth in immune repertoire analyses to measure 368 

broad clinical biomarkers will continue more slowly than drug discovery due to the tighter restrictions 369 

on clinical data collection, analysis, and interpretation compared to bench research. Still, immune 370 

repertoire analysis for diagnostics, prognosis, and treatment will build on its currently established base 371 

in minimal residual disease detection, and will develop fastest in therapeutic settings with strong 372 

patient-to-patient presentation differences and difficult-to-predict disease courses that also have high 373 

patient burdens, such as cancer immunotherapy and severe autoimmune diseases. 374 

TCRs are ideally suited for personalized medicines, and are already successfully used in 375 

personalized T cell and TCR-T cancer therapies. With sufficient data, improved design & selection 376 

capabilities will improve TCR-T treatment timelines and reduce costs for broader, worldwide 377 
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therapeutic growth. TCR-T are somewhat scalable on an individualized nature since the TCR 378 

molecule can be packaged as manufacturing-friendly nucleic acids and the resulting active drug 379 

product (the TCR-T cell) can multiply within the patient, which reduces the need for ongoing drug 380 

administration. Thus if the TCR-pMHC matching problem can be conclusively resolved and with 381 

sufficient reliability for medical settings, cancer therapy and autoimmune disease therapy will be 382 

radically transformed by personalized, designer TCR therapeutics. At some point in the foreseeable 383 

future, TCR drugs will be computationally designed based on immune repertoire and disease markers 384 

(e.g., based on tumor biopsy data), and a nucleic acid to deliver TCRs could be available for a quick 385 

subcutaneous injection at a local pharmacy. With robust and reliable TCR-pMHC matching, TCR 386 

immune repertoire sequencing will become a biomarker for autoimmune monitoring, cancer 387 

suppression or progression, viral disease susceptibility, and as a general marker of health state. 388 

Continued scientific progress will further blend the antibody and TCR modalities for synthetic 389 

and translational purposes. For example, soluble TCRs will be used like antibodies as the components 390 

of multispecifics against pMHC antigens (e.g., T cell engagers).  Antibodies will also be used like 391 

TCRs, for example in pMHC-specific antibodies, and of course in various formats of CAR-T. With 392 

sufficient functional data and safety/developability prediction data, personalized antibody therapies 393 

could become a reality. An important first application for personalized antibody design would be 394 

pMHC-specific antibodies, which may be a tractable problem due to the restricted degrees of freedom 395 

and common MHC binding contacts for antibody-pMHC interactions. Such antibodies could have a 396 

common framework for each MHC protein and vary only in the specific peptide contacts, and would 397 

have numerous high-value applications to support their initial development in autoimmunity and 398 

cancer treatment. In some ways, pMHC-specific antibodies could be simpler to design and quality 399 

control than TCR-T because antibodies are transiently dosed as protein rather than as cell-based 400 

TCR-T. Progress is already occurring quickly in de novo designs for proteins that bind pMHC (57), 401 

and designed antibodies and TCRs to precisely target pMHCs seem right around the corner. 402 

As treatment costs continue to fall we may see expanded prophylactic uses for both antibodies 403 

and TCRs. Studies of antiviral immune protection have revealed extremely potent and broad anti-viral 404 
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antibody responses in a subset of patients over the past 15 years; research into other diseases like 405 

cancers may reveal similar outstanding protective adaptive immune features in certain individuals. As 406 

costs for antibody and TCR drug delivery become competitive with traditional vaccines, we may begin 407 

augmenting our immune systems with exceptional adaptive immune proteins or immune constructs, 408 

rather than vaccinate and rely on our own immune responses against infectious diseases. For 409 

example, highly potent anti-flu antibodies with extended half-life modifications may be given in small 410 

annual doses before flu season, or even genetically programmed to be produced by our cells 411 

throughout the year. Anti-cancer antibody cocktails could be given to patients with a suitable risk 412 

profile on a prophylactic basis. These expanded drug uses of immune receptors in healthy individuals 413 

will only be possible by first addressing the safety barriers for interventions in healthy individuals, for 414 

which precedent exists for the several monoclonal antibodies already used for infectious disease 415 

prevention in approved therapeutics.  416 

As we continue to expand our abilities to manipulate immune protection, we will transition from 417 

blunt techniques like immunosuppressants and live-attenuated or inactivated vaccines toward fine-418 

grained, molecular control of immunity using molecular analysis and optimization of specific adaptive 419 

immune receptors. Personalized, large-data tools will guide patients and their doctors to help maintain 420 

optimal immune health. Immune systems will be read and analyzed en masse, biomarkers will be 421 

tracked for diagnosis and prognosis, and new drugs will be designed, all in partnership with guided 422 

computational assistance. The tight union of wet lab data, clinical data, and computational analyses 423 

represents the most important theme of the coming decades as we accelerate our explorations of 424 

adaptive immune receptors in science and medicine.   425 
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Figures 450 

 451 

Figure 1. Unique and common features of the adaptive immune receptors. The listed 452 

properties constitute important factors in the design of molecular sequencing, functional 453 

screening, discovery, and engineering studies for antibodies and TCRs. CDC-complement 454 

dependent cytotoxicity; ADCC-antibody dependent cell cytotoxicity; ADCP-antibody 455 

dependent cell phagocytosis; APC-antigen presenting cell. 456 
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