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ABSTRACT
Biotherapeutic optimization, whether to improve general properties or to engineer specific attributes, is 
a time-consuming process with uncertain outcomes. Conversely, Consensus Protein Design has been 
shown to be a viable approach to enhance protein stability while retaining function. In adapting this 
method for a more limited number of protein sequences, we studied 21 consensus single-point variants 
from eight publicly available CD3 binding sequences with high similarity but diverse biophysical and 
pharmacological properties. All single-point consensus variants retained CD3 binding and performed 
similarly in cell-based functional assays. Using Ridge regression analysis, we identified the variants and 
sequence positions with overall beneficial effects on developability attributes of the CD3 binders. 
A second round of sequence generation that combined these substitutions into a single molecule yielded 
a unique CD3 binder with globally optimized developability attributes. In this first application to ther
apeutic antibodies, adapted Consensus Protein Design was found to be highly beneficial within lead 
optimization, conserving resources and minimizing iterations. Future implementations of this general 
strategy may help accelerate drug discovery and improve success rates in bringing novel biotherapeutics 
to market.
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Introduction

The molecular attributes and solution behaviors of 
a biotherapeutic candidate, the so-called developability profile, 
are often crucial in assessing the ease and probability of success 
in drug development.1–5 Although highly diverse and multi
faceted, these molecular properties generally fall within two 
categories: physicochemical stability and colloidal interactions. 
Physicochemical stability is governed by thermodynamic and 
kinetic properties of the folded structure and post-translational 
modifications, as well as the extent that these properties are 
modulated by solution or environmental conditions. Colloidal 
interactions are weak, nonspecific, and concentration- 
dependent self- and cross-interactions driven by the surface 
properties of the molecules, such as electrostatics and hydro
phobicity. Like physicochemical stability, colloidal interactions 
are also affected by solvent conditions, if not more so.

While not a requirement, most therapeutic proteins can 
benefit from at least some degree of protein engineering, either 
in terms of platform process fit, product consistency and sta
bility, or immunogenic potential. Rational design approaches 
can be used to improve product consistency and chemical 
stability by reducing the number of post-translational 

modification motifs, to improve physicochemical attributes 
such as thermal stability or aggregation propensity, and to 
address potential complex ‘biological’ phenomena such as 
immunogenicity. Biotherapeutic engineering, however, is 
neither a quick nor a straightforward process with predictable 
outcomes. Indeed, since comprehensive coverage of amino 
acid sequence space, even constrained to the complementarity- 
determining regions (CDRs), is cost and time prohibitive, 
tradeoffs are usually necessary. Thus, identifying an alternative 
approach to biotherapeutic engineering that takes advantage of 
sequence diversity emerging from discovery campaigns has 
immense potential in identifying optimal candidates with the 
required affinity, specificity, and superior developability 
profiles.

Full-length monoclonal antibodies have been a remarkably 
successful class of biotherapeutics, but smaller antibody-based 
molecular formats such as single-chain variable fragments 
(scFvs) and domain antibodies may be more desirable for 
certain clinical applications, such as binding intracellular 
targets.6 In addition, these molecular formats can help accel
erate biologic drug discovery by serving as a constituent 
domain that can be combined with different antigen-binding 
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fragments (Fabs) or other scFvs through an Fc domain to 
generate various multi-specific formats.7 Optimizing and 
developing scFvs has at times, however, proven to be complex, 
specifically regarding their physicochemical and serum 
stabilities.8–10

Given the advantages and diverse opportunities for scFv- 
containing therapeutics, a directed approach to identifying 
molecules with the desired properties in a rapid manner is 
highly desirable. The stability profile for a given scFv is driven 
by its CDRs, frameworks, and the linker sequences connecting 
heavy and light chains. Optimization of the VL:VH interface 
and engineering a stable linker have been shown to improve 
thermal stability, serum stability, and, in some cases, both.8–11 

It is believed that stabilizing the interface reduces dynamic 
opening of the VL:VH complex, which imparts two distinct 
advantages: decreasing aggregation propensity by reducing 
exposure of hydrophobic patches and conferring greater resis
tance to serum proteases through a similar mechanism.8–10 

However, clear sequence–structure–stability relationships 
remain to be fully elucidated. Such an understanding would 
help accelerate the discovery and optimization of scFv- 
containing biotherapeutics with the greater biophysical quality 
needed for ease of drug product development.

An approach that has shown great promise toward improv
ing the thermostability of proteins is Consensus Protein 
Design.12–18 Consensus Protein Design takes advantage of bil
lions of years of evolutionary conservation of residues impor
tant for function, as well as stability in a protein family, to 
obtain highly stable proteins and enzymes suitable for indus
trial applications. The potential of this approach was recently 
tested by Sternke et al. on six different proteins of sequence 
lengths ranging from 50 to 400 residues.14 The authors found 
that consensus proteins obtained from MSAs of the six differ
ent families maintained their respective biological functions. 
Four of the six consensus proteins showed increased thermo
stability over their naturally occurring homologs.

In this study, we describe our efforts to assess the utility of 
an adapted Consensus Protein Design approach toward opti
mization of a biotherapeutic, focusing on the anti-CD3 scFv 
portion of T-cell engagers as a model system (see Figure 1(a) 
for schematic example of a T-cell engager used in this 
work).19,20 We used eight publicly available sequences of CD3- 
binding scFvs from different pharmaceutical companies.21–28 

These appear to have been derived from humanization of the 
mouse SP34 antibody29 since their light and heavy chain 
sequences are of the same lengths and demonstrate high 
sequence identities in the framework and CDR regions. 
While different linker sequences and lengths were used 
among the original publicly available scFv sequences, we nor
malized them to a 20 amino acid (G4S)4 linker in this work. 
This helped us probe the influence of consensus protein design 
on the VL:VH interface stability without the added complexity 
of the linker length and sequence variations.

Unlike previous Consensus Protein Design studies that 
benefited from numerous sequences to derive a single consen
sus sequence, the limited number of anti-CD3 sequences 
resulted in a library of 21 consensus variants with single- 
point mutations, which were found to be functional in cell- 
based assays. Here, we present data on these variants from 

different developability perspectives, biophysical, computa
tional, and pharmacological (serum stability). We then used 
data science methods to better understand the molecular ori
gins of beneficial attributes and determined a globally optimal 
sequence. Our results indicate this adapted Consensus Protein 
Design approach may have unique value for biotherapeutic 
discovery. Rather than a limited characterization on a large 
number of variants, this rapid iterative process takes advantage 
of greater characterization data on fewer molecules to generate 
a second cohort of optimized variants in a data-driven manner. 
In doing so, a deeper understanding of sequence–structure– 
property relationships is obtained with a reduced risk of unan
ticipated detrimental consequences of otherwise beneficial 
substitutions.

Results

Molecular models of the Fv regions of consensus CD3 
binder scFvs

A first consensus scFv sequence (CON1) was created by using 
multiple sequence alignments (MSAs) of the variable regions 
from eight publicly available CD3 binder scFvs (Figure 1(b)). 
These CD3 binders are referred as PUBs in this work. Pairwise 
sequence identities for VL domains range from 84% to 100% 
and those for the VH domains range from 89% to 99.2%. The 
amino acid sequences of the VL domains in three publicly 
available CD3 binders, PUBs 4–6, are 100% identical. Only 
non-identical sequences were used in the MSAs of the VL and 
VH domains, while constructing CON1. CON1 was used to 
obtain 20 single-point variants (numbered CON2, CON3 . . . 
CON21) with mutations at eight light chain and nine heavy 
chain positions where no single amino acid was found to be in 
majority in the MSAs (Figure 1(b) after counting the identical 
sequences only once; see Table S1 for details). Visualization of 
the structural models showed that the sequence variation sites 
among the CONs are distributed throughout their molecular 
structures, being present on the molecular surface, inside 
domain cores, and in VL:VH interface.

Values of the descriptors computed from the homology- 
based models for the eight PUB (triangles) and the 21 CON 
CD3 binders (diamonds) are compared in Figure 2 (see Table 
S2(a) for data). The eight PUB CD3 binders show large varia
tions for each descriptor despite high sequence identities 
among the VLs and the VHs. The values of all the descriptors 
for the 21 CONs lie within the range shown by the eight PUB 
CD3 binders. Table S2(a) further substantiates these observa
tions by comparing the average, standard deviation, and range 
values for the computed descriptors.

Production and characterization of CD3 binders

All PUB and CON CD3 binders were expressed, purified, and 
characterized in the bispecific antibody format shown in 
Figure 1(a). We used a format where the anti-CD3 antibody 
is an scFv because scFvs are more prone to exhibit reduced 
solution and serum stability with a higher propensity to aggre
gate under thermal stress.30 Quantitative analytics were col
lected throughout these processes to assess the effect each 
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substitution had on the overall developability of the molecules. 
The yield, purity, hydrophobicity, surface charge, thermal sta
bility, hydrodynamic and aggregation properties are shown in 
Figure 3. Comparing PUB CD3 binders to CONs, the produc
tion metrics are statistically different with greater yield for the 
PUB set and higher purity of the CON set (Table S3(a)). It 
should be noted that CON8 (VL_L77I) was expressed sepa
rately from all other molecules and differences in total cell 
passages often cause variability in transient titer.

Most of the biophysical characteristics were found to be 
statistically comparable (Table S3(a)), but a few positions/sub
stitutions had more pronounced effects on specific properties. 
For example, Alanine at position 49 of the heavy chain (VH 
_A49 in PUB3 and CON14) was found to increase analytical 
hydrophobic interaction chromatography (aHIC) retention 
time by approximately 3.5 min compared to all other molecules 
that contained glycine at this position. Similarly, tryptophan at 
position 59 of the light chain (VL_W59 in PUB3-6 and CON6) 
appeared to impart greater thermal stability. While PUB5 and 

CON6 exhibited the greatest scFv Tm at 65.6°C and 65.3°C, 
respectively, thermal stability is clearly more complex than 
a single amino acid substitution because the PUB3 scFv had 
the lowest Tm (57.7°C) of all molecules. The one biophysical 
attribute that was statistically different between the PUBs and 
CONs was stability under thermal stress conditions (40 oC for 
5 weeks), with all but two consensus molecules (CON6 and 
CON15) showing less degradation (lower % high-molecular- 
weight (HMW) species) than all the molecules derived from 
publicly available sequences. All stability samples, except for 
PUB3, also exhibited a consistent low level of low-molecular- 
weight (LMW) species, i.e., fragmentation, that manifest as 
a tailing shoulder of the main peak (data not shown). Given 
the apparent consistency and added complexity of non- 
resolved peak integration, this parameter was not included in 
our analysis. Overall, the stress stability data support 
a potential benefit of consensus design, but the time required 
to collect this data is inconsistent with rapid lead selection, and 
therefore excluded from that process.

Figure 1. (a) The bispecific antibody format used in assessing the biophysical properties and function of the CD3 variants was generated using knob-in-hole technology. 
The Fab arm corresponding to a tumor-associated antigen was inserted on the knob side. The anti-CD3 scFv was formatted in the VH:VL orientation with a 20 amino acid 
(GGGGS)4 linker between the heavy and light chains. The scFv was appended to the N-terminus of the hole with a 5 amino acid GGGGS linker spacer between the scFv 
and Fc. (b). Multiple sequence alignment of the amino acid sequences of eight publicly available CD3 binders. VL domains are aligned in the top panel and the alignment 
of VH domains is shown in the bottom panel. Note that VL sequences of PUBs 4–6 are 100% identical. These sequences were counted only once while deriving the first 
consensus sequence, CON1.
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Serum stability of CD3 binders

Serum stability is a critical attribute for scFv-containing 
biotherapeutics.8–10 Therefore, we incorporated a serum stability 
assay in this study. The stability of the PUB and CON anti-CD3 
scFvs after incubation with mouse serum for 48 hours at 37°C are 
compared in Figure 4. Remarkably, the serum stability values 
ranged from complete loss (highly unstable) to no loss (stable), 
based on binding to biotinylated CD3 antigen compared to buffer 
control (see Table S3(a)). The PUB molecules appeared to group 
into three categories: PUB1, PUB2, PUB4, and PUB5 were highly 
stable with loss of binding after serum treatment between 12% and 
16%; PUB6 and PUB8 were midrange (50% and 36%, respec
tively); and PUB3 and PUB7 were highly unstable with less than 

10% binding. Ten consensus molecules were determined to be 
serum stable (75–100%) and nine fell into the intermediate range 
(35–74%). Only two consensus CD3 binders, namely CON3 and 
CON15, were found to be serum unstable (Table S3(a)).

Functional assessments

All the PUB and CON CD3 binders were tested for function via 
in vitro CD3 antigen binding and cell-based cytotoxicity assays 
as described in Materials and Methods. The results are described 
in the Supplementary Material, and the data are presented in 
Figures S1 and S2, and Tables S5 and S6. Briefly, all the CON 
molecules CON1–CON21 were found to be functional.

Figure 2. Comparison of computed molecular descriptors for the Fv regions of the publicly available (PUBs) and consensus (CONs) CD3 binders. Black triangles show the 
PUBs, diamonds show the CONs, and filled/open circles show the optimal (CON22 (blue, best in biophysical properties), CON23 (purple, best in in silico descriptors) and 
CON24 (green, best overall))/de-optimized (CON25–CON27 (black circles)) combinations of the consensus variants (CombiCONs).
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Figure 3. Comparison of experimental data for the PUBs and CONs obtained using the bispecific molecular format shown in Figure 1(a). Black triangles show the PUBs, 
diamonds show the CONs, and filled/open circles show the optimal (CON22 (blue, best in biophysical properties), CON23 (purple, best in in silico descriptors) and CON24 
(green, best overall))/de-optimized (CON25–CON27 (black circles)) combinations of the consensus variants (CombiCONs). Three kinds of data are shown in this figure. 
Titer and quality via %Monomer after Protein A purification represent the production data. Melting temperature (Tm), aggregation onset temperature (Tagg), analytical 
HIC retention time (aHIC RT), high-molecular-weight species (HMWS) after 5 weeks of storage at 40°C (%HMWS) and Diffusion Interaction parameter (kD) represent 
biophysical data. Dissociation Constant (KD) from in vitro CD3 binding assays and EC50 from T-cell cytotoxicity assays represent the functional data. Note that the 
CombiCONs (CON22–CON27) were not tested for function because we found the 40-fold range of affinity values for the PUB and CON molecules resulted in highly 
similar EC50 values.

Figure 4. Serum stability assessment of the PUBs and the CONs. Serum stability was measured as % of binding to target (CD3) antigen after 48 h incubation in mouse 
serum at 37°C. Black triangles represent the PUBs, diamonds show the CONs, and filled/open black circles show the CombiCONs (CON22 (blue biophysical properties), 
CON23 (purple, best in in silico descriptors), CON24 (green, best overall) and CON25-27 (black circles)). The error bars were derived from two replicas. A subset of 
samples was retested at a different time point with a highly similar outcome.
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Sequence feature analysis

Eight computational descriptors and six manufacturing and 
biophysical attributes were compiled for the 21 consensus 
sequences (Tables S2(a) and S3(a)). Pearson correlation and 
Ridge regression analyses were performed on the complete set 
of data to identify the positions and residues with a high prob
ability of exhibiting the most desirable properties and minimal 
or no detrimental attributes via one-hot encoding technique. 
Coefficients obtained from these analyses were highly correlated 
with one another; therefore, only the results from the Ridge 
regression analyses are summarized in Tables S2(b) and S3(b). 

Taking the sum of the average Ridge coefficients for all compu
tational descriptors and, separately, manufacturing, and biophy
sical attributes (Figures 5(a, b) and Table S4) provided 
a convenient framework to determine the relative benefit of 
each residue at the 17 positions that vary among the 21 con
sensus variants. For most positions, a preferential residue was 
readily identified. Only four sites, namely VL_23, VH_19, VH 
_30, and VH_81, had Ridge coefficient sums below 10, suggest
ing that residue at these positions had minimal effects on the 
physicochemical attributes of the consensus molecules. 
Conversely, several positions strongly favored a particular 

Figure 5. Ridge regression coefficients of (a) computational and (b) experimental attributes for the 21 consensus molecules. Each bar encodes a specific position/amino 
acid combination in scFv. High values indicate that these combinations have a positive impact on the developability attributes. Note that mutations at several positions 
such as L77 in the VL, and A49, L80 and S87 in VH show opposite trends in computed descriptors versus experimental measurements. This may be due to the use static 
homology model used here and points to the need to molecular dynamic simulations, which were not included in this work.
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residue over the alternative ones, with a Ridge coefficient sum 
greater than 20. These positions and the favored residues are VL 
_Q40, VL_A45, VL_W59, VH_A/G49, and VH_G68. Structural 
models showed that all these positions, except VH_68, lie at the 
VL:VH interface.

Combination consensus variants

Having identified the residues with the most significant impact 
on CD3 binder scFv developability, we combined these sub
stitutions into single sequences to confirm the overall optimi
zation. To better test the approach, we generated optimal and 
de-optimized variants based on the highest and lowest values of 
Ridge regression coefficient values for computational descrip
tors alone, experimental (biophysical) properties alone, and 
combined (computational + experimental) (Figures 5 (a, b) 
and Table S4). In total, six combinatorial sequences 
(CON22–CON27 referred as CombiCONs) were generated 
and subjected to the same repertoire of experiments and com
putational modeling as the single-point consensus variants. 
The calculated descriptors, thermal stability, aggregation 
onset, hydrophobicity, and serum stability of the three optimal 
CombiCON variants (CON22–CON24) were as good or better 
than all CON variants (Figures 2–4). The CON24 variant that 
combines the best Ridge Coefficients of experimental and 
computational attributes, was found to be globally optimized 
(see Figures 2 and 3; Tables S2 (b) and S3(b)). Conversely, the 
de-optimized CombiCONs (CON25–CON27) were all shown 
to be worse than the optimal CombiCONs and with larger 
variability in their attributes.

Discussion

In recent decades, several approaches have been developed to 
engineer proteins with more desirable functional and physico
chemical attributes. These approaches span a broad range, 
from directed evolution31 to library designs and mutational 
analyses as part of protein structure activity (ProSAR) to de 
novo protein design17 and computational structure-based pro
tein design.9,16,32,33 Consensus Protein Design takes advantage 
of evolutionarily conserved sequence motifs across different 
enzyme families to engineer enzymes with enhanced features, 
such as increased thermostability.12–14 In this study, we asked if 
an adapted Consensus Protein Design could be beneficial 
toward antibody engineering, even though the number of 
sequences available to construct the consensus molecules may 
be much smaller. An scFv was used as a model for this work 
because of previously reported developability issues related to 
this format.8,11,34 The eight anti-CD3 antibody sequences 
extracted from published patents (PUBs) appear to have been 
derived from a common murine SP34 antibody and possess 
highly similar light and heavy chain amino acid sequences. 
A set of 21 consensus molecules (CONs) were derived from 
all site-specific substitutions found throughout the scFv, 17 
positions in total. These substitutions were found to retain 
similar levels of in vitro antigen binding and T cell-mediated 
tumor cytotoxicity (Supplementary Material). We then evalu
ated the properties of the CONs and PUBs using several 

computational and experimental techniques in a manner ana
logous to antibody lead candidate selection process. The data 
were subsequently analyzed with one-hot encoding and Ridge 
regression to determine the positions and the residues at those 
positions that make the greatest contributions toward desirable 
developability attributes. Combining these substitutions into 
one sequence, we were able to generate an optimized 
CombiCon molecule (CON24) with subtle but clear improve
ments in key attributes, namely, Tm, Tagg and aHIC RT in 
comparison with the single-point CON variants (Figure 3).

Given the diversity of data funneling into candidate selection 
decisions, it is highly unlikely that a single molecule will emerge 
with uniformly maximal properties for all functional, biophysical 
and pharmacological attributes. Selection strategies often take 
a ‘totality of evidence’ with pre-determined absolute requirements 
(e.g., function) combined with desired molecular attributes and 
behaviors that are generally consistent with previous experience, 
whether obtained from internally manufactured and developed 
molecules or through external benchmarks of publicly available 
antibody therapeutics.2 Indeed, a more comprehensive assessment 
of candidates from different perspectives is critical to the lead 
candidate decision-making process. Several different approaches 
to computational and biophysical developability assessments have 
appeared in the literature,1,4,35,36 but, at the time of this report, no 
direct side-by-side comparison of a common set of molecules has 
been published.

Data science has transformed many aspects of basic, transla
tional, and clinical sciences, providing for deeper insights and 
improved decision-making. The Ridge regression performed on 
the data from the consensus molecules indicated eight positions 
had a considerable benefit based on the computational descrip
tors of the anti-CD3 scFvs. Similarly, there were five positions 
with considerable benefit on the production and biophysical 
attributes of the bispecific molecules bearing the anti-CD3 
scFvs. Interestingly, many of the substitutions identified from 
the analysis of computational descriptors were marginal in the 
experimental attributes and vice versa. This observation suggests 
that computational and biophysical data are non-redundant for 
these consensus scFvs, and together, provide a more compre
hensive perspective on molecule developability. While a more 
conventional combinatorial library design would have required 
screening over 450,000 permutations, our adapted Consensus 
Protein Design required only 35 (8 PUBs, 21 CONs, 3 optimized 
CombiCONs (CON22-24) and 3 de-optimized CombiCONs 
(CON25-27)). Therefore, a thorough analysis of consensus var
iants complemented by data science methods to inform a second 
round of molecule generation is an efficient and effective opti
mization process of biotherapeutic molecules.

The number of PUB CD3-binding scFv sequences we studied is 
much smaller than the number of sequences typically used in the 
other Consensus Protein Design experiments.14 Despite this 
apparent limitation, there are important implications of adapted 
Consensus Protein Design toward antibody drug candidate dis
covery in the future. First, all 21 consensus CD3 binders were 
functional. It remains unclear if such a consistent preservation of 
function will also be observed when taking a larger, more diverse 
set of binders from, for example, de novo antibody discovery 
campaigns. Second, the physicochemical properties of the CONs 
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converged toward the average values for the corresponding phy
sicochemical properties of the PUBs. Third, specific positions and 
substitutions within the consensus set contributed unequally 
toward developability attributes. We were able to turn these 
insights into testable combinatorial constructs that indeed proved 
to be globally optimized or de-optimized.

The adapted Consensus Protein Design outlined here appears 
to be a useful strategy for generating a small set of variants that 
can be analyzed from multiple perspectives, aiding in the ulti
mate identification of a molecule that is globally optimized for 
desirable biophysical, functional, and pharmacological attri
butes. Such an approach may have considerable benefits in 
lead engineering efforts within early antibody discovery pro
cesses; for example, within sets of antibodies from a common 
lineage isolated from immunization campaigns. We envision 
powering our adapted Consensus Protein Design with next- 
generation sequencing, capitalizing on the sequence diversity 
of antibody generation campaigns to focus engineering efforts 
and expedite the overall optimization process in a rational, data- 
driven manner. Importantly, this approach can be adapted to the 
specific needs of a therapeutic program. It can accommodate any 
number of attributes and facilitate an iterative strategy that 
leverages multiple data inputs from broader biophysical charac
terization of fewer molecules, rather than a limited biophysical 
data on a large number of molecules. Combined with program- 
specific adaptations, the general approach described here may 
achieve significantly accelerated project timelines for antibody- 
based biologic drug discovery and development.

Materials and methods

Collection of CD3 binders from literature

Eight publicly available CD3 binder sequences, referred to as 
PUB1, PUB2, . . ., PUB8 (Supplementary material), were col
lected from literature.21–28 All these CD3 binders appear to be 
humanized versions of the mouse SP34 CD3 binder.37 The 
molecular modeling calculations were performed only on the 
Fv portion of the CD3 binders, while the experiments were 
performed on each sequence in the bispecific antibody format 
shown in Figure 1(a) with the anti-Her2 antibody trastuzumab 
as the Fab arm.

Computational methods

Creation of the consensus sequences

The light and heavy chain variable region amino acid 
sequences from the publicly available CD3 binder scFvs were 
aligned with MOE. Duplicate sequences were removed. Several 
non-identical positions, highlighted in bold and underlined, 
had a clear majority residue (≥80%), which were used to define 
the basis consensus sequence (CON1): 

>CON1 VL
QAVVTQEPSLTVSPGGTVTLTCGSSTGAVTTSNYAN 
WVQQKPGQAPRGLIGGTNKRAPGTPARFSGSLLGGK 
AALTLSGAQPEDEAEYYCALWYSNLWVFGGGTKLTVL
>CON1 VH

EVQLVESGGGLVQPGGSLRLSCAASGFTFNTYAMNW 
VRQAPGKGLEWVARIRSKYNNYATYYADSVKDRFTIS 
RDDSKNTLYLQMNSLKTEDTAVYYCVRHGNFGNSYV 
SWFAYWGQGTLVTVSS
Note that amino acid sequences of the VL domains in PUB 

4–6 are 100% identical. These were counted only once while 
deriving CON1 and its 20 single-point variants, described 
below. Eight light chain and nine heavy chains positions had 
no clear majority residue. This presented us with an opportu
nity to design single-point variants of CON1. The alternative 
residues for each position are shown below in bold with the 
CDRs underlined. A total of 20 variants, CON2, CON3, . . ., 
CON21, were generated; in all 21, consensus sequences were 
generated.

>CONSENSUS VL Variants
QAVVTQEPSLTVSPGGTVTLTC(G/R) 
SSTGAVTTSNYANWVQ(Q/E)KPGQ(A/L/S) 
PRGLIGGTNKRAP(G/W)(T/V)PARFSGSLLGGKAALT 
(L/I)SGAQPEDEA(E/D)YYCALWYSN(L/H/R) 
WVFGGGTKLTVL
>CONSENSUS VH Variants
EVQLVESGGGLVQPGGSL(R/K)LSCAASGFTF(N/S) 
TYAMNWVRQAPGKGLEWV(A/G/S) 
RIRSKYNNYATYYADSVK(D/G)RFTISRDDSKN(T/S) 
(L/A)YLQMN(S/N)L(K/R)(T/A) 
EDTAVYYCVRHGNFGNSYVSWFAYWGQGTLVTVSS
Tables S1(a) and S1(b) summarize the positions and sub

stitutions in the light and heavy chains of CON1.

Molecular models of the scFvs and computation of their 
molecular properties

Molecular models for the Fv portions of 29 scFvs (8 published 
and 21 consensus CD3 binders) were created via high through
put antibody modeling enabled by Antibody Modeler in MOE 
(Chemical Computing Group (CCG) | Computer-Aided 
Molecular Design (chemcomp.com)). The Fv models were 
then checked for their stereo-chemical quality, amidated at 
their C-termini, protonated at pH 7.0 and ionic strength of 
0.1 M, then energy minimized to a root mean square gradient 
below 0.00001. The energy minimized models were again 
examined for their stereo-chemical qualities and any atom 
clashes or rotamer violations were eliminated via further opti
mizations. The final models were used to compute nine 
descriptors for VL and VH interface stability in the Fv regions, 
as well as their solution and molecular surfaces available in 
MOE protein properties calculations.38 These descriptors, 
BSA_VL-VH, Eint_VL-VH, Net charge on Fv, pIFv_3D, dipole 
moment, HI, surface area of positively charged patches, surface 
area of negatively charged patches, and surface area of hydro
phobic patches, are explained below.

BSA_VL-VH(Å2) is the surface area buried between VL and 
VH domains of the Fv region. A greater amount of buried 
surface area suggests greater complementarity of the two 
domains. Eint_VL-VH (kcal/mole) is the interaction energy 
between VL and VH domains of Fv region. A lower value of 
interaction energy suggests greater stability for the Fv region. 
Net charge on Fv (Z_Fv) is the net charge on Fv region at pH 
7, obtained by summing all the partial atomic charges in the Fv 

e2073632-8 Y. LIU ET AL.



region. A greater value of Net charge correlates with more 
repulsive macromolecular interactions. pIFv_3D is the pI of 
the Fv region computed using the 3D coordinates of the pro
tein structural model(s). Like the net charge, greater value of pI 
suggests improved colloidal stability of antibody solutions. 
Dipole moment (D) is the dipole moment for the Fv region. 
A greater value of dipole moment suggests greater electrostatic 
polarization of the Fv region. HI is the hydrophobic imbalance 
of the Fv region.39 A greater value suggests greater hydropho
bic anisotropy of the molecular surface of the Fv region. 
Surface area of positively charged patches (Å2) is the sum 
of surface areas of all positively charged patches present on 
molecular surface of the Fv region. A greater value of this 
surface area translates into bigger positively charged patches 
on the Fv region’s molecular surface. Surface area of nega
tively charged patches (Å2) is the sum of surface areas of all 
negatively charged patches present on molecular surface of the 
Fv region. A greater value of this surface area translates into 
bigger negatively charged patches on Fv region’s molecular 
surface. Surface area of hydrophobic patches (Å2) is the 
sum of surface areas of all hydrophobic patches present on 
molecular surface of the Fv region. A greater value of this 
surface area translates into bigger hydrophobic patches on 
the Fv region’s molecular surface.

Expression and purification of the CD3-binders in 
bispecific format

All the bispecific antibodies containing publicly available (PUBs) 
and consensus (CONs) CD3 binding scFv were expressed in 
CHO-3E7 (CHO-E) cells maintained in an actively dividing 
state in FreeStyle CHO (FS-CHO) medium supplemented with 
8 mM Glutamax at 37°C, 5% CO2, and 150 rpm shake speed. The 
cells were transfected at 2 × 106 cells/mL in FS-CHO supple
mented with 2 mM glutamine. Transfection was carried out 
using TransIT Pro from Mirus following the manufacturer’s 
recommended conditions. Four hours post transfection, Gibco 
Anti-Clumping Agent and Pen/Strep were added to the trans
fected cells. Twenty-four hours post transfection, CHO CD 
Efficient Feed B was added to the transfection and the tempera
ture was adjusted to 32°C. The transfected cultures were main
tained for 10 d with centrifugal harvest at 4700 rpm, 4°C for 
40 min, followed by sterile filtration through a 0.2-μm filter. 
Titers of the clarified cell culture supernatants were determined 
on a ForteBio/Pall Octet Red 96 instrument with Protein 
A biosensors using an appropriate standard curve of matching 
IgG isotype and medium.

The clarified cell culture supernatants were loaded onto 
MabSelect SuRe column pre-equilibrated with Dulbecco’s phos
phate-buffered saline (DPBS). The columns were washed with 
DPBS, followed by DPBS plus 1.0 M NaCl, and finally DPBS. 
The bound proteins were eluted from the columns with 30 mM 
sodium acetate, pH 3.5 and neutralized with 1% volume to 
volume of 3 M sodium acetate, pH 9.0. The neutralized samples 
were filter sterilized followed by measurements of protein con
centration, endotoxin level, and purity by SDS-PAGE, as well as 
analytical size exclusion chromatography (aSEC). Impurities 
(i.e., mispaired bispecifics (knob/knob or hole/hole) and aggre
gates) were removed with cation exchange chromatography by 

loading the sample onto prepacked POROS HS50 column, 
washed and then eluted with a 0–500 mM NaCl gradient over 
20 column volumes. The eluate fractions were analyzed with 
aSEC, pooling the high percent monomer fractions before 
adjusting the salt concentration to 100 mM NaCl. The proteins 
were then sterilely filtered and final quality and quantity were 
assessed (i.e., protein concentration, endotoxin level, percent 
monomer by aSEC).

aSEC was carried out using a Waters Acquity UPLC H-class 
system. Ten micrograms of samples were injected onto Acquity 
BEH200 columns (Waters, 1.7 µm, 4.6 × 150 mm; 2 columns 
connected in series for analysis of stability samples) at a flow rate 
of 0.25 mL/min. The mobile phase was 50 mM sodium phosphate, 
200 mM arginine chloride, 0.05% sodium azide, pH 6.8. The 
elution profile was monitored at 280 nm and manually integrated 
to calculate percent main (monomer), HMW, and LMW species 
(Empower 3 Pro, Waters Corp.). All molecules were subjected to 
aSEC after the first step (Mabselect SuRe) and second step 
(POROS), with the former plotted to compare consensus vs. 
published scFvs.

Amino acid sequence confirmation

Amino acid sequences of all the CD3 binders were con
firmed via mass spectrometry prior to performing biophysi
cal experiments. For molecular weight determination, 
materials at ~1 g/L were analyzed with liquid chromatogra
phy coupled to mass spectrometry at both intact and subunit 
levels. For each analysis type, separate injections were made 
of native (intact or reduced) and PNGaseF-treated (de- 
glycosylated reduced) molecules. Each injection was desalted 
and introduced into the mass spectrometer using an Agilent 
1290 HPLC with a C3 POROS reversed phase column. 
A 3-min binary gradient consisting of mobile phase 
A (98.9% water, 1% acetonitrile, 0.1% formic acid, and 
2 mM ammonium acetate) and mobile phase B (70% iso
propanol, 20% acetonitrile, 9.9% water, and 0.1% formic 
acid) from 5% to 80% mobile phase B at 150 µL/min was 
used to trap, desalt, and elute the protein from the column. 
Mass spectra data of the eluted material were acquired using 
an Agilent 6224 TOF and processed using the maximum 
entropy algorithm within the Mass Hunter analysis software 
(Agilent). Mass spectral data confirmed the purity of each 
bispecific sample, including the absence of any knob/knob or 
hole/hole molecules.

Biophysical assessments

All biophysical experiments were performed using two-step 
purified materials. Protein samples were dialyzed extensively 
against 10 mM histidine, 20 mM NaCl, pH 6.0 and then 
concentrated to 10 g/L prior to analysis. Unless otherwise 
stated, all biophysical assays were performed in this condition.

Analytical hydrophobic interaction chromatography

Samples were prepared by diluting 1:1 with 2 M ammonium 
sulfate and analyzed using a Waters Acquity UPLC H-class 
system with a Sepax Proteomic HIC butyl-NP 1.7 column, 
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10 μg per injection. Chromatograms were generated from 
absorbance (λ = 220 nm) detection as a function of decreasing 
ammonium sulfate concentration; a 16-min elution gradient 
starting at 1 M ammonium sulfate, 0.1 M sodium phosphate, 
pH 6.5 (t = 0) to 0.1 M sodium phosphate, pH 6.5 (t = 16 min). 
Data were analyzed using Empower 3 software (Waters).

Weak cation exchange chromatography

Weak cation exchange chromatography was conducted on an 
Agilent 1260 Infinity II HPLC system (Agilent Technologies, 
Santa Clara, CA) equipped with a diode array UV/Vis detector. 
Seventy micrograms of proteins were injected onto a Pro-Pac 
WCX-10 column at a flow rate of 1.0 mL/min. The mobile 
phase A consists of 50 mM MES buffer, pH 6.0, and mobile 
phase B contains 50 mM MES buffer, 1 M NaCl, pH 6.0. The 
gradient elution was used: 60% A/40% B from 0 to 5 min; 100% 
B at 40 min; 100% B at 45 min; chromatograms were recorded 
with the UV detector at 280 nm and processed using Empower.

Differential scanning calorimetry

The conformational stabilities of all protein samples were 
assessed with a MicroCal VP-Capillary calorimeter (Malvern, 
UK) equipped with an autosampler. Protein solutions (at 1 g/L) 
were kept in a 96-well plate prior to sample injection. Samples 
were scanned at a rate of 1°C/min from 25°C to 100°C. Test 
article data were buffer subtracted, baseline corrected, and nor
malized based on protein molar concentration. The mid-point 
of thermal unfolding (Tm) for each domain was calculated using 
Origin 7.0 software (Origin Lab, Northampton, MA).

Dynamic light scattering

Dynamic light scattering was performed using a DynaPro plate 
reader III (Wyatt Technology, Santa Barbara, CA). Samples 
were dispensed into a clear-bottom 384-well plate (Aurora 
Microplates, Whitefish, MT). The sample plate was gently 
centrifuged to remove air bubbles prior to measurement. 
Translational diffusion coefficient (Dt) was derived by fitting 
the autocorrelation function into a cumulant mode. Intensity- 
average (z-average) hydrodynamic radius (Rh) was further 
calculated according to the Stokes–Einstein equation.

For the measurement of aggregation onset temperature 
(Tagg), samples at 1 g/L were analyzed with a silicone oil overlay 
to prevent evaporation at elevated temperature. The tempera
ture ramp was programmed from 25°C to 85°C at a rate of 
0.15°C/min. Each sample was measured 5 times with an acqui
sition time of 4 s. The hydrodynamic radius (Rh) was plotted 
against temperature, and Tagg was calculated using a pre- 
programmed macro in DYNAMICS software (Wyatt 
Technology, Santa Barbara, CA).

For the self-interaction parameter (kD), the dependency of 
the diffusion coefficient (Dt) on protein concentration was 
evaluated using samples ranging in concentration from 1 to 
8 g/L. The exact protein concentration was measured using 
a Dropsense96 UV/Vis spectroscopy plate reader (Unchained 

Labs, Pleasanton, CA). Dt was plotted against protein concen
tration (c) and fitted by linear regression to derive kD according 
to the following equation.. 

Dt ¼ D0 � 1þ kD � cð Þ

where D0 is the hypothetical diffusion coefficient in an infi
nitely diluted solution. Higher order interaction terms (≥2) are 
usually considered insignificant for the concentration range 
studied here and therefore ignored.

Stability under thermal stress

Protein samples (at 10 g/L) were dispensed into screw-cap 
polypropylene microcentrifuge tubes and placed in an incu
bator set at 40°C. Samples were extracted on d 0, 7, 21, and 35 
and diluted to 1 g/L with buffer. Analytical size exclusion 
chromatography (SEC) was carried out using the same 
Agilent HPLC system as described for analysis of stability 
samples, above. Ten micrograms of samples were injected 
onto two tandemly connected Acquity BEH200 columns 
(Waters, 1.7 µm, 4.6 × 150 mm) at a flow rate of 0.25 mL/ 
min. The mobile phase contains 50 mM sodium phosphate, 
200 mM arginine chloride, 0.05% sodium azide, pH 6.8. The 
elution profile was monitored at 280 nm and manually inte
grated to calculate the level of HMW and LMW species. Both 
HMW and LMW species were plotted as a function of storage 
time and then fit by linear regression to derive the slope to 
reflect the degradation kinetics. R2 was used to check the 
quality of the linear fit.

Serum stability

Antibodies at a normalized concentration of 100 ng/mL were 
incubated in mouse serum (Innovative Research) at both 4°C 
and 37°C using a thermocycler (Applied Biosystems Veriti 96- 
well thermocycler). After 48 h, serum-treated samples were 
evaluated for binding by ELISA (molecules were captured 
with goat anti-human Fab antibody (Southern Biotech, Cat# 
2085–01), biotiylated-CD3 antigen (in-house reagent) was 
applied to determine specific binding, followed by detection 
with streptavidin–horseradish peroxidase and TMB to obtain 
an OD450 for comparative analysis of samples). Serum stability 
of the antibody is represented by % binding and was deter
mined with the equation.. 

Serum stability ¼ ð
ELISAOD450 serum treated 37�C
ELISAOD450 serum treated 4�C

Þ � 100%

Functional assessments

In vitro CD3 antigen binding affinity

The kinetics of each anti-CD3 molecule binding to mono
meric human CD3 ε + γ-Fc (in-house reagent) were deter
mined via surface plasmon resonance on a Bio-Rad 
ProteOn XPR36 instrument. Following manufacturer’s 
recommendations (horizontal flow for 5 min at 30 µL/ 
min), a GLM sensor chip (Bio-Rad) was normalized, 
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preconditioned, then activated with a 50:50 solution of 
EDC/s-NHS. The capture antibody mouse anti-human Fab 
(Cytiva, Cat# 29234601) at 10 µg/mL in 10 mM acetate pH 
5.0; GE Life Sciences) was immobilized on the activated 
sensor to a response level of ~4500 RU. The chip surface 
was then deactivated with 1 M ethanolamine HCl and 
washed with three injections of 10 mM glycine pH 2.1 in 
both horizontal and vertical flow, 18 s each at 100 µL/min.

The public and consensus molecules (10 mg/mL in PBS- 
T-EDTA) were captured over 5 min at 30 µl/min vertical 
flow. After establishing a stable baseline with PBS-T-EDTA 
(1 min at 30 µL/min horizontal flow), monomeric huCD3E 
+G-Fc at 250, 83.3, 27.8, 9.3, and 3.1 nM in PBS-T-EDTA 
was injected horizontally at 30 µL/min for 5 min (associa
tion) followed by 10 min PBS-T-EDTA (dissociation). The 
surface was regenerated by injecting 10 mM glycine, pH 2.1 
for 18 s at a flowrate of 100 µL/min once horizontally and 
once vertically; the chip was regenerated a maximum of 7 
times.

ProteOn Manager software (V3.1.0.6) was used to pro
cess and fit the data. The inter spot (interactions with 
sensor surface) and blank (PBS-T-EDTA) were subtracted 
from the raw data. Sensorgrams were fitted to 1:1 
Langmuir kinetic model to provide rate constants (ka, 
kd) and affinity (KD). Figure S1 shows a representative 
sensorgram.

Redirected T-cell cytotoxicity and T-cell activation

MCF7 cells (ATCC HTB-22) were obtained from ATCC. 
The cells were cultured as described in the supplier’s 
description. T cells were freshly isolated from human 
peripheral blood mononuclear cells (PBMCs) using 
a negative selection kit (EasySep). PBMCs were isolated 
from Leukopak collected from healthy volunteers, which 
were obtained from ALLcells. Redirected T-cell cytotoxi
city was assayed by the lactate dehydrogenase leakage 
(LDH) assay release readout. Effector cells (T cells) were 
co-incubated with target cells (MCF7 cells) at a ratio of 
10:1 for 48 h in flat-bottom 96-well plates (Corning 
Costar®), as well as serial dilutions of bispecific antibodies. 
Supernatant was collected and transferred to maxi-sorb 
plates (Immulon 2HB 96-well plate) after 48 h, and LDH 
concentration was tested using Roche Cytotoxicity 
Detection KitPlus following the manufacturer’s instruc
tions. Cytotoxicity was determined with the following 
formula.. 

Cytotoxicity %ð Þ ¼
Experiment value � mean target and effector background

Max Lysis � Min Lysis
� 100%

For detection of T cell activation, Cells were transferred to 
the V-bottom 96-well plates after 48 hours incubation. Cells 
were stained with 7AAD, anti-CD8 FITC (BioLegend, Cat# 
980908) and anti-CD69 PE (BioLegend, Cat# 310905). 
CD69 surface expression was detected on CD8 + T cells 
by flow cytometry using Intellcyt. The percentage of CD8+ 

CD69+ was reported as T cell activation.

Sequence feature analyses

To quantify the influence of each sequence variation on experi
mental endpoints, we used different feature correlation and fea
ture importance analysis methods. As input information the MSA 
of the 21 consensus scFvs was used. Light chain and heavy chain 
sequences for each variant were concatenated into a single string. 
Subsequently, all positions without variability were removed, 
leaving a 21 × 17 matrix of letters with 17 columns representing 
positions (9 in the light chains, 8 in the heavy chains) with at least 
two different amino acids. Using one-hot-encoding, the matrix of 
letters was converted into a 21 × 37 binary matrix in which each 
column encodes the information whether a certain amino acid is 
present at a specific position or not.

With the sequences encoded as binary matrix, the relative 
influence of each position/amino acid combination (herein
after referred to as feature) was assessed. First, we used 
a Pearson correlation analysis, which yields correlation coeffi
cients for each feature, showing whether individual features are 
positively or negatively correlated with experimental data. In 
addition to the simple least squares estimator (Pearson), we 
used the Ridge regression algorithm (Ridge: a computer pro
gram for calculating ridge regression estimates | Treesearch 
(usda.gov)), which is often used for structure–activity relation
ship analyses in small-molecule drug discovery, to estimate the 
contribution of individual features. Scikit-learn40 was used for 
data conversion and model fitting.

Both the Pearson and Ridge regression methods yield coef
ficients for an individual variant site that indicate the impor
tance for a given endpoint. A value close to zero suggests the 
amino acid at that position has little to no influence on the 
endpoint (in silico descriptor or biophysical attribute), large 
positive or negative values indicate that the endpoint is sensi
tive to this amino acid/position combination. Although 
Pearson coefficients (–1 to 1) and Ridge regression coefficients 
(−100 to 100) span different ranges, the coefficients were highly 
correlated across all descriptors and attributes; we focused on 
the Ridge regression for further analysis. The grand averages of 
Ridge coefficients for in silico descriptors and biophysical 
attributes were 17.6 and 15.9, respectively, and 24.7 for their 
sum. We therefore placed a lower limit for significant impact at 
20 and an upper limit for minimal impact at 10.

Note that the choice of one-hot encoding to analyze the data 
was arbitrary. It helped us tease apart even the most subtle 
effects of the mutations at the positions in VL and VH. 
However, other techniques, such as quantitative structure– 
property relationship, would have yielded equivalent results. 
These techniques were not tried in this work.
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