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ABSTRACT
Identification of an optimal single protein sequence at the discovery stage for preclinical and clinical 
development is critical to the rapid development and overall success of a biologic drug. High throughput 
developability assessments at the discovery stage are used to rank potent molecules by their biophysical 
properties, deprioritize suboptimal molecules, or trigger additional rounds of protein engineering. Due to 
the amount of data acquired for these molecules, manual analysis methods to rank molecules are error 
prone and time-consuming. Here, we present applications of hierarchical clustering analysis for data- 
driven lead selection of biologics and preformulation screening using high throughput developability 
data. Hierarchical clustering analysis was applied here for prioritization of three different antibody 
modalities, including format and chain pairing of bispecific antibodies, sequence-optimized monoclonal 
antibodies from affinity maturation, preformulation screening of bispecific scFv-Fab fusion molecules, 
and monoclonal antibodies from an immunization campaign. This high-throughput method for ranking 
molecules by their developability characteristics and preformulation properties can substantially simplify, 
streamline, and accelerate biologics discovery and early development.
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Introduction

The goal of biologics preclinical research in the discovery and 
early development stages is to identify lead sequences that yield 
a single protein sequence that can progress through the clinical 
development as rapidly as feasible and will have the greatest 
chance of success during clinical trials.1 Properties of an ideal 
biologic involve tuning the target binding, specificity, potency, 
pharmacokinetic properties, in vivo efficacy, and ease of manu
facture. However, the antibody sequence space is vast2 and our 
understanding of the relationship between sequence, biophysi
cal properties, and function is still incomplete, making the 
identification of an optimal sequence difficult.3 As an example, 
a typical rodent immunization campaign can identify hundreds 
of monoclonal antibody (mAb) sequences that bind the target 
antigen with high affinity, but these antibodies may differ in 
their therapeutic properties, including affinity, specificity, 
potency, epitope, biophysical properties, and developability pro
file. Identifying a single sequence with optimal therapeutic and 
developability profiles for further development is thus an expen
sive and time-consuming process.4,5 Nevertheless, the clinical 
success of a biologic requires it to have an optimal potency, 
pharmacokinetic, efficacy, safety, and developability profile to 
enable a fast and successful path through clinical development.

Here, we focus on the developability properties and pre
formulation screening of sets of molecules from several 

antibody modalities evaluated during the pre-developability 
stage.3 Pre-developability is a high-throughput screening 
workflow that is used to quickly reduce the number of potent 
candidate molecules, often 10–100 molecules, to a set of 1–5 
lead molecules for further in-depth characterization. To mea
sure these properties, experiments are performed in a high- 
throughput fashion on each purified protein to characterize 
biophysical properties, including resistance to stress, hydro
phobicity, polyreactivity, thermal stability, aggregation, self- 
interaction, and heterogeneity.6 These assessments are routine 
for biologics selection and optimization at the discovery 
stage.3,4 The candidate molecules can be derived from in vivo 
immunization or in vitro campaigns (e.g., yeast or phage dis
play), sequence optimization efforts involving several point 
mutations made to modify the properties of a parent protein 
sequence, or protein engineering efforts, including changing 
domain order and linker identity. At all stages of development, 
potency drives lead selection. In addition, when potency is 
equivalent, developability properties are used as additional 
criteria for lead selection. During the lead identification 
stage, for complex modalities like bispecific antibodies 
(BsAbs) the focus can be on the ability to produce high- 
quality molecules to enable testing potency (Figure 1a), while 
for less complex modalities the focus at this stage is on 
potency. During lead optimization and lead selection stages, 
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these molecules are considered to have equal and optimal 
potency and in vivo activity, such that molecules are differen
tiated by developability properties during affinity maturation 
(Figure 1b), preformulation screening (Figure 1c), and lead 
selection (Figure 1d). In addition to experimental measure
ments, computational prediction of biophysical properties 
based on clinical-stage and approved mAb properties can be 
used to triage sequences.7–10 The best sequences are then 
selected based on the combination of developability assess
ment data and pharmacology data for further testing toward 
single candidate selection, early development, and eventually 
clinical studies.

One challenge to overcome is that typical pre-developability 
assessments do not always readily identify optimal leads with 
the best properties across all developability parameters. 
Manual analysis is the current standard practice to analyze 
tens of molecules across tens of assay endpoints that yield 
a high-dimensional space of biophysical properties where 
manual analysis is time-consuming and prone to error. 
Establishing a clear set of data used for decision-making can 
clarify priorities for ranking molecules. These molecules are 
evaluated based on integrated data from multiple experiments. 
Structured data capture enables data integration and advanced 
data science methods, including clustering analysis to simplify 
and speed-up comparison within the set of molecules.

Hierarchical clustering analysis (HCA) uses high- 
dimensional data to cluster individual molecules or preformu
lations based on similar endpoint values and has been pre
viously used to reveal relationships between developability 
assay endpoints of clinical mAbs8 and mAb isotypes.3 This 
analysis is well suited for high-throughput screening data, as it 
can be performed on high-dimensional data. The result of 
HCA is a dendrogram where molecules or preformulations 

with more similar endpoint values are more closely connected. 
The closeness of the connections in the dendrogram is used to 
create clusters with similar properties. We hypothesized that 
HCA could be used to indentify clusters of leads with optimal 
properties that could advance past the pre-developability stage. 
Identification of optimal clusters of molecules or formulations 
could streamline and standardize biologics pipeline decision- 
making toward lead selection with the ultimate goal of accel
erating drug development.

Here, we describe how HCA of developability data can 
enable rapid, data-driven decision-making during the various 
stages of drug development to prioritize molecules and for
mulations with optimal properties. This work extends the 
previous use of hierarchical clustering of developability 
data3,8,11 to a new application of pipeline program decision- 
making for selecting optimal molecules and preformulations. 
HCA enables reproducible and systematic prioritization of 
lead molecules and preformulations based on developability 
endpoints. To illustrate key points, we discuss case studies 
for: 1) format and lead selection for BsAbs, 2) optimization 
of mAb sequences during affinity maturation, 3) preformula
tion screening for bispecific scFv-Fab fusion molecules, and 4) 
assessment of mAb sequences from an immunization 
campaign.

Results

During pre-developability assessment, multiple assays are run 
to assess and compare the biophysical properties, which at this 
stage are typically binding affinity and specificity, of ~10–100 
molecules that have the desired biological properties. The pre- 
developability assessment of diverse biologic modalities fol
lows a similar workflow and can occur multiple times during 

Figure 1. Preclinical biologics drug discovery process during hit-to-lead selection. Herein are presented case studies that span this process. (a) Case study 1: format and 
chain pairing selection of BsAb. (b) Case study 2: mAb optimization using yeast surface display. (c) Case study 3: preformulation screening of bispecific scFv-Fab fusion 
molecules. (d) Case study 4: mAb selection from immunization of a humanized mouse.
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the early discovery stage. To demonstrate that HCA of pre- 
developability data is generalizable to different modalities and 
at different stages of early discovery, we describe four case 
studies of production optimization of BsAb formats, mAb 
sequence optimization, buffer screening of bispecific scFv- 
Fab fusion molecules, and pre-developability assessment of 
mAbs from immunization (Figure 1a–d). Structured assay 
data were recorded and processed in a database to enable 
integration and analyses. Accurate data and metadata record
ing enabled the HCA presented here.

Case study 1: simultaneous BsAb production optimization 
and lead selection

Development of a BsAb can involve comparison of different 
formats, linkages, and chain pairings12 that require high- 
throughput determination of production parameters. In case 
study 1, three different BsAb formats were considered: 1 + 1, 2  
+ 1, and 2 + 2 (Figure 2a). The Fab domains used to create 
these BsAbs were validated for target binding by Biacore sur
face plasmon resonance (SPR). This set of 40 BsAbs included 
eight 1 + 1 constructs, 24 2 + 1 constructs, and eight 2 + 2 
constructs. These formats were considered to evaluate the 
effect of valency on potency. Within a given format, the con
nectivity of the binding domains was varied. These molecules 
were assessed for titer and purity/aggregation by size-exclusion 
chromatography (SEC) and capillary electrophoresis sodium 
dodecyl sulfate (CE-SDS) (Figures 2b and S1), as well as full 
complex formation by intact mass analysis by mass spectro
metry. The goal at this stage was to identify constructs with 
acceptable titer and purity to enable in vitro potency assays.

A wide range of titer and purity values were observed. The 
key assay endpoints for purity were %Main for both SEC and 
non-reduced (NR) CE-SDS to include both high and low 
molecular weight impurities, which are expected result from 
aggregation and incomplete chain pairing in BsAbs. The main 
peak was confirmed to be the full BsAb complex by intact mass 
analysis by mass spectrometry (data not shown). These three 
assay endpoints were clustered, and 10 clusters were identified 
(Figures 2c–d and S1). Clusters 1–7 sorted into the top branch 
of the dendrogram and these molecules had purities greater 
than 50% by SEC and CE-SDS NR. Within these seven clusters, 
Clusters 1–3 were characterized by higher titer. Both 1 + 1 and 
2 + 1 BsAb topologies were found in these three clusters. 
Clusters 4–7 had lower titer and both 2 + 1 and all 2 + 2 
BsAb topologies were found in these four clusters. Clusters 
8–10 sorted into the bottom branch of the dendrogram and 
were characterized by purity lower than 50% by SEC and CE- 
SDS NR. Only 2 + 1 BsAb topologies were found in these three 
clusters.

Cluster 1 was identified as having optimal titer and purity 
by SEC and CE-SDS NR (Figure 2e) and was composed of five 
BsAbs. Four of the five members of Cluster 1 were 1 + 1 BsAbs, 
and the remaining member of Cluster 1 was BsAb 2 + 1 16. The 
remaining four 1 + 1 BsAbs were found in Clusters 2 and 3, 
which had lower titer and purity by SEC and CE-SDS when 
compared with Cluster 1. Only four of the 24 2 + 1 BsAbs were 
found in Clusters 1–3. In Clusters 4–10 were 20 of the 2 + 1 
BsAbs and all eight of the 2 + 2 BsAbs. Clusters 4 and 5 had low 

titer and intermediate to good purity, and these clusters 
included all the 2 + 2 BsAbs and four 2 + 1 BsAbs. Cluster 
6–10 had very low purity and were composed of 16 2 + 1 
BsAbs. Taken together, these data revealed the 1 + 1 BsAb 
format as having the best titer and purity generally and identi
fied BsAb 2 + 1 16 as having better titer and purity to all other 
2 + 1 BsAb molecules. Although no 2 + 2 BsAbs were found in 
Cluster 1, potency studies to evaluate the effect of valency 
could be enabled by increasing the scale of production of the 
six 2 + 2 BsAbs found in Cluster 5, which had high purity and 
very low titer.

Case study 2: mAb lead optimization from affinity 
maturation

In case study 2, six parent mAbs were identified from a yeast 
display library as having desired target binding specificity and 
good developability properties. However, none of the six mAbs 
met the desired lead profile due to low-binding affinity in the 
range of 50–1000 nM. Affinity maturation was performed on 
these six parent mAbs and yeast surface display was used to 
identify variant mAbs (child mAbs) with tighter binding affi
nity. The six parent mAbs gave rise to 20 child mAb variants. 
To ensure that the affinity-matured child mAbs had good 
developability properties and specificity to the target, these 
26 molecules were assessed for purity/aggregation by (SEC), 
predicted pI, hydrophobicity (by hydrophobic interaction 
chromatography (HIC)), thermostability (nano differential 
scanning fluorimetry (nanoDSF)), non-specific binding 
(NSB) by ELISA to off-target antigens (baculovirus particles 
(BVP), DNA, insulin), and polyspecificity by binding to CHO 
lysate proteins using the polyspecificity reagent (PSR) assay, 
self-interaction by affinity-capture self-interaction nanoparti
cle spectroscopy (AC-SINS), size distribution by dynamic light 
scattering (DLS), binding affinity by Biacore SPR and selectiv
ity (Figure 3a). Selectivity measured the binding of the mAb to 
the target and to related antigens by Biacore and cellular 
binding assays. All assays were prioritized, as several of the 
parent mAbs had multiple suboptimal properties and affinity 
maturation can negatively impact developability properties.13

The mAb sequences were clustered, and eight clusters were 
identified (Figures 3b–c and S2). Cluster 6, which was com
posed of mAb Parent 2, mAb Child 2 A, and mAb Child 4 E, 
had optimal properties. The average value was optimal for all 
endpoints in this cluster (Figure 3d). The nearest cluster by 
distance measure to Cluster 6 was Cluster 7, which was differ
entiated by lower purity by SEC and higher self-interaction in 
acetate buffer by AC-SINS. Cluster 7 was composed of mAb 
Child 1 A and mAb Child 1 B. Clusters 1–5 were highly 
divergent from the optimal Cluster 6 and featured suboptimal 
values for AC-SINS in acetate and phosphate-buffered saline 
(PBS) buffers, PSR, NSB Average ELISA, and NSB BVP. 
Further, Clusters 1–5 trended with lower selectivity. From 
this clustering analysis, the three mAbs in Cluster 6 are recom
mended as having optimal properties, and the two mAbs in 
Cluster 7 as having the next best properties.

The parent and child mAbs had high sequence identity, and 
some parent and children mAbs had similar developability 
properties. For example, family 2 had both mAb Parent 2 
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and mAb Child 2 A – the only child mAb from family 2–in the 
optimal Cluster 6. There were, however, notable exceptions. In 
mAb family 4, mAb Child 4 E was found in the optimal Cluster 
6, while the other members were found in Clusters 2, 4, and 8, 

which had suboptimal properties, showing the diversity of 
properties that were achieved through affinity maturation. 
Clusters 2, 4, and 8 had suboptimal properties in HIC reten
tion time (RT) (clusters 4 and 8), PSR (clusters 2, 4, and 8), 

Figure 2. Developability data and HCA for BsAb production optimization and lead selection. A. Schematic of three BsAb topologies studied: a) 1+1, b) 2+1, and c) 2+2. 
B. Histograms of key assay endpoints. Each bar is labeled with the number of BsAbs in each bin. C. Dendrogram of 40 BsAbs in three different formats clustered using 
developability assay endpoints. Numbers in black indicate cluster number. D. Parallel coordinate plot. Each panel is a separate cluster, and the color of the lines in the 
panel matches the color of the clusters in the dendrogram in panel C. for each panel, each line corresponds to a different BsAb. Y-axis is normalized to minimum and 
maximum value for each assay endpoint. E. Cluster means table. The mean value for each assay endpoint used for clustering is reported for each cluster. Mean values 
are color coded to indicate different properties: green (optimal) indicates ProA Titer >100 mg/L, SEC Main >95%, and CE-SDS NR Main >95%; yellow (intermediate) 
indicates ProA Titer >25 mg/L, SEC Main >90%, and CE-SDS NR Main >90%; and red (suboptimal) indicates ProA Titer <25 mg/L, SEC Main <90%, and CE-SDS NR Main 
<90%.
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Figure 3. Developability data and HCA for mAb lead selection from sequence optimization. (a) Histograms of key assay endpoints. Each bar is labeled with the number 
of mAbs in each bin. (b) Dendrogram of 26 mAbs clustered using developability assay endpoints. Numbers in black indicate cluster number. (c) Parallel coordinate plot. 
Each panel is a separate cluster, and the color of the lines in the panel matches the color of the clusters in the dendrogram in panel B. for each panel, each line 
corresponds to a different mAb. Y-axis is normalized to minimum and maximum value for each assay endpoint. D. Cluster means table. The mean value for each assay 
endpoint used for clustering is reported for each cluster. Mean values are color coded to indicate different properties: green (optimal) indicates SEC Main >95%, SEC RT 
<2.5 min, pI <9.0, HIC RT <25 min, AC-SINS (Ace and PBS) <540 nm, PSR <4, NSB ELISA <3, NSB BVP <6, Tmonset >60°C, Tm1 >70°C, Tagg >60°C, and DLS radius <6 nm; 
yellow (intermediate) indicates SEC Main >90%, SEC RT <3 min, pI <9.5, HIC RT <35 min, AC-SINS (Ace and PBS) <550 nm, PSR <8, NSB ELISA <15, NSB BVP <35, 
Tmonset >50°C, Tm1 >60°C, Tagg >50°C, and DLS radius <10 nm; and red (suboptimal) indicates SEC Main <90%, SEC RT >3 min, pI >9.5, HIC RT >35 min, AC-SINS (Ace 
and PBS) >550 nm, PSR >8, NSB ELISA >15, NSB BVP >35, Tmonset <50°C, Tm1 <60°C, Tagg <50°C, and DLS radius >10 nm.
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AC-SINS (clusters 2, 4, and 8), NSB Average ELISA (clusters 2 
and 4), and NSB BVP (clusters 2 and 4). These differences 
between mAb Child 4 E and other members of Family 4 were 
remarkable due to the high sequence identity within the 
family.

Case study 3: bispecific scFv-fab fusion preformulation 
screening for optimal buffer and early screening of leads

In case study 3, a preformulation screening assessment was 
performed on bispecific scFv-Fab fusion molecules (Figure 4a) 
to identify the optimal buffer formulation for developability 
assessment. These bispecific scFv-Fab fusion molecules were 
validated for target binding and potency before reaching the 
pre-developability assessment. Prior to this assessment, mod
alities such as bispecific scFv-Fab antibody fusions, antibody- 
drug conjugates, and other protein fusions undergo 
a preformulation screening assessment to optimize the formu
lation that is then used for the pre-developability assessment. 
These modalities have biophysical properties that can be sen
sitive to formulation, and it is crucial that they be screened in 
their optimal buffer. This set of molecules included nine bis
pecific scFv-Fab fusion molecules that represented two formats 
that differed in their connectivity: BsAb01 and BsAb02 were 
Format 1, and BsAb03-BsAb09 were Format 2. The two for
mats differed based on their linkers between binding domains. 
These nine BsAbs were assayed in four formulation buffers 
(histidine, citrate, glutamate, and acetate), giving 36 unique 
BsAb-buffer combinations. The molecules were assessed for 
purity/aggregation (SEC and CE-SDS), thermostability 
(nanoDSF), and temperature stress stability (40°C for 10 days 
with SEC and CE-SDS readouts) (Figure 4b and S3). Based on 
the program goal of optimizing stress stability to aggregation 
and thermostability, SEC and nanoDSF assay endpoints were 
prioritized as key assays, and CE-SDS was deprioritized.

The buffer screening assay endpoint data for the 36 mole
cule-buffer combinations were clustered and 12 clusters were 
identified (Figures 4c–d and S3). Clusters 1–6 are divergent 
from Clusters 7–12, with Clusters 1–6 having lower Tm1 and 
higher main peak monomer after 40°C 10 days stress by SEC. 
Interestingly, Clusters 1–6 were composed of BsAb01 and 
BsAb02, which shared the same Format 1, while Clusters 
7–12 were composed of BsAb03-BsAb09, which shared the 
same Format 2. Thus, the clustering analysis of the buffer 
screening was also able to discriminate different BsAb formats 
based on preformulation screening data.

According to the program goal, Cluster 1 had optimal 
properties for BsAb01 (Format 1) formulation, Cluster 2 had 
optimal properties for BsAb02 (Format 1) formulation, and 
Cluster 10 had optimal properties for BsAb03-BsAb09 
(Format 2) formulation, which was composed of 9 BsAb- 
buffer combinations (Figure 4e). The nearest clusters by dis
tance measure to Cluster 10 were Clusters 11 and 12, which 
were composed of 1 BsAb-buffer and 5 BsAb-Buffer combina
tions, respectively. Compared to Cluster 10, Cluster 11 had 
lower Tm-onset and Tagg compared to the combinations in 
Buffer, and Cluster 12 had lower main peak monomer after 
40°C for 10 days stress by SEC. For BsAb03-BsAb09 
(Format 2), this analysis recommends formulations that are 

found in Cluster 10, and all seven molecules formulated in 
20 mm glutamate, pH 5.0 are found within this cluster. For 
BsAb01 and BsAb02 (Format 1), this analysis recommends 
formulations that are found in Clusters 1 and 2, which is 
20 mm citrate, pH 6.0. The HCA analysis identified preformu
lations that were indeed superior during subsequent targeted 
stress studies, where BsAb03-BsAb09 (Format 2) had greater 
stability during 1 month temperature stress in 20 mm gluta
mate, pH 5.0 over the formulations in 10 mm histidine, pH 6.0 
(data not shown), that was more pronounced than in the 10- 
day study reported here.

Case study 4: mAb lead selection from immunization

Case study 4 describes a pre-developability assessment of 
mAbs that came from a humanized mouse immunization 
campaign (Figure 5d). The mAbs were selected for the pre- 
developability study based on confirmed binding affinity and 
specificity to the target antigen and were predicted to have no 
primary post-translational modification liabilities within com
plementarity-determining region (CDR) residues. This set of 
39 molecules included 37 mAbs that were confirmed binders 
(mAb01-mAb36) and two mAbs of clinical-stage molecules 
that were used as comparators (mAb38 and mAb39). The set 
of 37 confirmed binders had high sequence diversity, including 
18 clades based on CDRH3 and both lambda and kappa iso
types. These molecules were assessed for purity/aggregation 
(SEC and CE-SDS), hydrophobicity (HIC), thermostability 
(nanoDSF), and non-specificity (NSB and PSR). Purity and 
aggregation were deprioritized because for traditional mAbs 
these properties can often be optimized during typical later- 
stage development. The distribution of each assay endpoint 
was assessed (Figure 5a and S4), and the hydrophobicity (HIC 
RT), thermostability (Tmonset, Tm1, Tagg), and non- 
specificity (NSB Average ELISA, NSB BVP, and PSR) were 
prioritized as key assays.

Next, the developability assay endpoint data for the 39 
molecules were clustered, and 11 clusters were identified 
(Figures 5b and S4). The number of clusters was set manually 
by minimizing the within-cluster variance using the parallel 
coordinate plots while also maintaining a small number of 
clusters (Figure 5c). The cluster means table revealed that 
Cluster 10 had optimal properties based on the program cri
teria, which was composed of 7 mAbs (Figure 5d). 
Interestingly, both clinical mAb comparators were members 
of Cluster 10, in addition to the five mAbs identified from 
immunization. The cluster with the next best properties was 
Cluster 11, which was composed of four mAbs and was the 
closest cluster by distance measure to Cluster 10. Here, the 
most noticeable difference between Clusters 10 and 11 was 
a higher average value of HIC RT. Clusters 1–9 and 10–11 were 
highly divergent, with molecules in Clusters 1–9 having sub
optimal properties in at least one of the following endpoints: 
HIC RT, NSB Average ELISA, NSB BVP, or PSR. Towards the 
goal of lead selection, this analysis recommends the five mAbs 
in Cluster 10 as having the best properties, and the four mAbs 
in Cluster 11 as having acceptable properties. The remaining 
28 mAbs in Clusters 1–9 can be easily deprioritized due to 
multiple suboptimal properties.
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Figure 4. Developability data and HCA for bispecific scFv-Fab fusion preformulation screening and early screening of leads. A. Schematic of scFv-Fab fusion that forms 
core structure of lead molecules. B. Histograms of key assay endpoints. Each bar is labeled with the number of bispecific scFv-Fab fusion:buffer combinations in each 
bin. C. Dendrogram of 36 bispecific scFv-Fab fusion:buffer combinations clustered using developability assay endpoints. Numbers in black indicate cluster number. 
D. Parallel coordinate plot. Each panel is a separate cluster, and the color of the lines in the panel matches the color of the clusters in the dendrogram in panel B. for 
each panel, each line corresponds to a different bispecific scFv-fab fusion:buffer combination. Y-axis is normalized to minimum and maximum value for each assay 
endpoint. E. Cluster means table. The mean value for each assay endpoint used for clustering is reported for each cluster. Mean values are color coded to indicate 
different properties: green (optimal) indicates SEC Main >95%, Tmonset >60°C, Tm1 >70°C, and Tagg >60°C; yellow (intermediate) indicates SEC Main >90%, Tmonset 
>50°C, Tm1 >60°C, and Tagg >50°C; and red (suboptimal) indicates SEC Main <90%, Tmonset <50°C, Tm1 <60°C, and Tagg <50°C.
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Figure 5. Developability data and HCA for mAb lead selection from mouse immunization. (a) Histograms of key assay endpoints. Each bar is labeled with the number of 
mAbs in each bin. (b) Dendrogram of 39 mAbs clustered using developability assay endpoints. mAb38 and mAb39 were clinical-stage competitors. Numbers in black 
indicate cluster number. Epitope binning results for each mAb are indicated. (c) Parallel coordinate plot. Each panel is a separate cluster, and the color of the lines in the 
panel matches the color of the clusters in the dendrogram in panel B. for each panel, each line corresponds to a different mAb. Y-axis is normalized to minimum and 
maximum value for each assay endpoint. (d) Cluster means table. The mean value for each assay endpoint used for clustering is reported for each cluster. Mean values 
are color coded to indicate different properties: green (optimal) indicates Tmonset >60°C, Tm1 >70°C, Tagg >60°C, HIC RT <25 min, NSB ELISA <3, NSB BVP <6, and PSR 
<4; yellow (intermediate) indicates Tmonset >50°C, Tm1 >60°C, Tagg >50°C, HIC RT <35 min, NSB ELISA <15, NSB BVP <35, and PSR <8; and red (suboptimal) indicates 
Tmonset <50°C, Tm1 <60°C, Tagg <50°C, HIC RT >35 min, NSB ELISA >15, NSB BVP >35, and PSR >8.
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Comparison of the clustering analysis of mAbs based on 
developability properties with an epitope binning assessment 
is important to evaluate epitope diversity of lead molecules. 
Because epitopes can be partially overlapping, mAbs with 
similar epitopes are classified into communities. Cluster 10, 
which was identified to have the best developability properties, 
contained mAbs from 3 of 5 epitope communities, maintain
ing epitope diversity (Figure 5b and S4). This result shows that 
HCA identified mAbs with good developability while main
taining epitope diversity.

Discussion

HCA accelerates decision making based on 
pre-developability data

We applied HCA to prioritize molecules and preformulation 
selection for 26–40 molecules representing mAbs, BsAbs, and 
antibody fusions modalities from immunization, yeast display, 
and in silico design at different stages of early discovery. HCA 
is simple, straightforward, fast, and easy to implement within 
the current biologics drug pipeline, and is currently used for 
analyzing small molecule predicted properties14 and toxicol
ogy profiles.15,16 This method allows researchers to establish 
criteria based on desired developability properties and apply 
these criteria quantitatively to identify molecules with optimal 
properties from a set of biologics. A key aspect of HCA is the 
use of pre-developability assay data for clustering. The pre- 
developability workflow can be run in high throughput on 
many molecules, and assays in this workflow are selected 
based on their ability to de-risk candidate molecules during 
early-stage biologics drug discovery. All molecules in a pre- 
developability set are analyzed using identical methods for 
protein production and analytical assays, such that the assay 
endpoint values are comparable. Inclusion of data for mole
cules with dissimilar methods would likely bias the clustering 
along this axis. In addition, when the validated clinical mole
cules were available for comparative analysis, our data showed 
that the two clinical comparators were members of the optimal 
cluster when co-assayed with 37 mAbs identified from an 
immunization campaign (Figure 5), validating the use of 
HCA to identify optimal lead candidates.

Careful selection of which assays to include in HCA is 
critical to the success of this analysis. During biologics drug 
discovery, a team must first define the goal of the desired 
molecule. In addition to the desired potency and tolerability, 
other properties like pharmacokinetics, stability, and manu
facturability must be defined and have priority and quantita
tive criteria set. This step identifies fit-for-purpose data, such 
that only assays with decision-making data are used for HCA. 
Additionally, decision-making assay endpoints also must show 
sufficient variability in the dataset, as was shown in the histo
gram analysis at the beginning of each case study. If the assay 
endpoint data have low variability and are not differentiated, 
then these data should be excluded from HCA to prevent 
clustering based on insignificant differences. The four case 
studies presented here come from different points in early- 
stage drug discovery (Figure 1), each with distinct goals and 
different analytical experiments included in the HCA. When 

screening BsAb formats and topologies (case study 1), the 
focus was on titer and purity, and did not require analysis of 
other properties at this early stage, as the majority of molecules 
had suboptimal titer or purity. During sequence optimization 
of mAbs from yeast display (case study 2), we included all 
assay endpoints to ensure developability was not affected by 
affinity maturation.13 During preformulation screening of bis
pecific scFv-Fab fusion molecules (case study 3), temperature 
stress stability to aggregation and thermostability was prior
itized as key parameters for these molecules, and clipping by 
CE-SDS was deprioritized. During lead selection of mAbs from 
immunization (case study 4), we prioritized hydrophobicity, 
thermostability, and non-specificity endpoints, and depriori
tized purity and aggregation as these properties can be opti
mized during typical cell line development for traditional 
mAbs.

HCA has previously been used to cluster mAbs based on 
their isotype3 and developability assay endpoints based on 
their relatedness.8,11,17 These analyses looked at many mAbs 
across many target antigens, with the goal of understanding 
overall characteristics of mAbs with good developability prop
erties or correlations between analytical assays. In contrast, the 
approach described here applies HCA to support lead candi
date selection in biologics pipeline programs. By performing 
the clustering analysis on related molecules, the optimal region 
of the multidimensional space of developability properties can 
be identified to enable lead selection. While applying HCA for 
lead selection, it is important to remember that molecules 
within a given format (i.e., therapeutic modality), topology, 
or clonotype will often have similar developability properties, 
and will therefore often cluster together, as was seen in the 
separate clustering of IgG1 and IgG4 mAbs,3 the three differ
ent formats in the BsAb production optimization (Figure 2) 
and the two different bispecific scFv-Fab fusion formats in the 
buffer screening example (Figure 4). In addition, in another 
example, the two best clusters by developability properties 
maintained epitope diversity (Figure 5b and S4). This shows 
that mAbs with good developability properties could be found 
in each epitope community, unlike what was found for mod
ality and topology (Figures 2 and 4).

Extending HCA of pre-developability data to accelerate 
decision-making in the pipeline of the future

Future biologics drug development will be shaped by advances 
in artificial intelligence and machine learning (AI/ML).1,18,19 

HCA will be an important tool in supporting pipeline decision- 
making based on AI/ML models for biologics discovery. For 
small molecule drug discovery, commercial tools are currently 
deployed in the industry to use HCA on modeled property data, 
such as solubility, hydrophobicity (logP), blood–brain barrier 
penetration, and P-gp transport, to cluster potential lead mole
cules based on similarity over 10+ predicted properties.14 Here, 
we propose that HCA could be used for biologics model data 
that is rapidly growing to rival small molecule model data. The 
majority of current approaches focus on building models to 
predict a single endpoint. For example, there are AI/ML models 
with good predictive power of primary developability end
points, including hydrophobicity of mAbs,9 polyspecificity of 
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mAbs9 and VHHs,20 thermostability of scFvs,21 viscosity of 
mAbs,22 and deamidation23 of CDR residues in mAbs. 
However, biologics drug discovery teams frequently seek to 
optimize multiple developability endpoints simultaneously. 
Multi-parameter optimization of model data in small molecule 
drug discovery is now routine.24,25 The predicted values from 
multiple assay endpoint models for hundreds of sequences 
could be analyzed by HCA to identify sequences with optimal 
predicted developability profiles across the high-dimensional 
space of predicted developability endpoints. In addition, the 
combination of experimental data with AI/ML predicted values 
could augment the analysis based on purely experimental data 
presented in the case studies.

Advances in high-throughput experimentation have also 
increased the need for analysis tools to interpret large datasets 
to support lead molecule selection.11,26–28 Greater numbers of 
molecules can be experimentally assessed due to improve
ments in recovery of clones from immunization and in vitro 
display,29 miniaturization of protein production, and minia
turization and automation in analytical assays.5 Furthermore, 
modalities such as BsAbs and bispecific scFv-Fab fusions can 
be fused or paired in multiple ways, leading to a greater num
ber of possible sequences that can be subjected to 
a developability assessment.12 In the four case studies dis
cussed here, HCA was applied to between 26 and 40 entities, 
and 3–15 assay endpoints. This HCA method scales to larger 
sets of molecules30 and can allow for rapid and systematic 
ranking of the best molecules from a set of hundreds.

While the examples presented here apply HCA to pre- 
developability assessments, we expect that other evaluations 
during early-stage drug development could also benefit. For 
example, screening clones from an antibody discovery cam
paign for binding affinity, species cross-reactivity, and specifi
city often involves analysis of hundreds of molecules assessed 
over a high-dimensional assay space. In this example, incor
poration with AI/ML-predicted endpoints could further accel
erate decision making and molecule lead selection. 
Additionally, the impact of HCA for data-driven decision 
making during early-stage drug development can be increased 
through democratization of the method. Data availability and 
interactive tools like dashboards allow for the integration and 
sharing of data that often comes from cross-functional teams 
and the application of HCA.

Materials and methods

Hierarchical clustering analysis

Analyses were performed in JMP using Ward’s method and 
each value was normalized using the Z-score. The number of 
clusters was set manually by minimizing the within-cluster 
variance using the parallel coordinate plots while also main
taining a small number of clusters. The data used for clustering 
can be found in Tables S1-S4.

Protein production

Proteins were produced using transient transfect of ExpiCHO 
cells followed by Protein A purification as previously 

described.3 The protein titers were determined by measuring 
the protein recovered after protein A purification using an 
A280 measurement to determine concentration, multiplying 
by the total volume of purified protein, and dividing by the 
culture volume.

Size-exclusion chromatography

Proteins were analyzed by SEC using a Waters UP-LC system 
and a BEH200 column as previously described.3

Hydrophobic interaction chromatography

Proteins were analyzed by HIC using a Dionex Pro Pac HIC-10 
column as previously described.3

Nano differential scanning fluorimetry

Proteins were analyzed by nanoDSF using a Nanotemper 
Prometheus NT.48 instrument as previously described.3

Capillary electrophoresis sodium dodecyl sulfate

Proteins were analyzed by CE-SDS using a LabChip GXII 
(Perkin Elmer) with an HT Protein Express Chip (Perkin 
Elmer) as previously described.3

Affinity-capture self-interaction nanoparticle 
spectroscopy

Proteins were analyzed by AC-SINS in 20 mm sodium acetate 
pH 5.5 and PBS 1× pH 7.4 as previously described.3

Dynamic light scattering

Proteins were analyzed by DLS using a DynaPro Plate Reader 
II (Wyatt, Santa Barbara, CA) as previously described.3

Biacore surface plasmon resonance

Proteins were analyzed on a Biacore T200 or Biacore 4000 (GE 
Healthcare) as previously described.3

Epitope binning and community analysis

A biosensor surface containing an array of covalently coupled 
mAbs was prepared on an HC30M sensor chip (Carterra) via 
amine-coupling using the LSA’s surface array preparation 
protocol. The running buffer for chip preparation was 
25 mm MES pH 5.5, 150 mm NaCl, and 0.05% (v/v) Tween- 
20. The entire sensor surface was first activated with a mixture 
of 40 mm EDC and 10 mm sulfo-NHS in 100 mm MES buffer 
at pH 5.5 for 5 min. mAbs diluted to approximately 10 μg/mL 
in 10 mm sodium acetate pH 4.5, 0.05% Tween-20 in duplicate 
were coupled to unique spots on the EDC-sulfo-NHS- 
modified surface for 10 min, followed by a 5 min injection of 
1 M ethanolamine-HCl (pH 8.5) to quench any remaining 
reactive esters. The resulting array of covalently coupled 
mAbs on the sensor surface was used for subsequent epitope 
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binning measurements. Binning in this study was performed 
in a “classical sandwich format” at 25 °C in 1×HBS-TE +0.5  
mg/ml bovine serum albumin (BSA) using the single flow cell 
mode of the LSA instrument. Each binning experiment cycle 
involved first a 3 min injection of the antigen at 100 nM 
followed by a 3 min injection of the secondary antibody at 
50 μg/mL. The array surface was regenerated with two 15 
s pulses of 10 mm glycine pH2.2 after each binning cycle. 
The raw high-throughput epitope binning results were pro
cessed using the LSA epitope software to generate a heat map 
as well as other visualizations such as a combined dendrogram 
and network/community plots.

Nonspecific binding assays

The NSB Average ELISA assay followed the methods of Jain 
et al.8 Briefly, ELISA assays were run with six different anti
gens: cardiolipin (50 μg/mL, Sigma #C0563), dsDNA (1 μg/ 
mL, Sigma #D4522), ssDNA (1 μg/mL, Sigma #D8899), insulin 
(5 μg/mL, Sigma #I9278), KLH (5 μg/mL, Sigma #H8283), and 
LPS (10 μg/mL, InvivoGen #tlrl-eblps). Each antigen was 
coated on to 96-well half-well plates (Corning #3690) by incu
bating 25 μL per well at 4°C overnight. Then, plates were 
blocked with 0.5% BSA in PBS at RT for 1 hr. Next, 100 nM 
of each antibody in 0.5% BSA in PBS was incubated at RT for 
1 hr. The wells were washed three times with 0.1% Tween-20 in 
PBS, and anti-Hu H/L HRP Peroxidase AffiniPure Goat Anti- 
Human IgG (H+L), (Jackson ImmunoResearch #109-035-088) 
at 1:5000 dilution in 0.1% Tween-20 in PBS was incubated at 
RT for 1 hr. The wells were washed three times with 0.1% 
Tween-20 in PBS, and the wells were developed with 1-step 
TMB (Thermo #34028). After 15 min, 1 N HCl was added to 
each well and the plates were read at 450 nm. The value 
reported is fold over zero, where the antibody well absorbance 
value is divided by the absorbance value of the well without 
any antibody. The fold over zero value for cardiolipin, dsDNA, 
ssDNA, insulin, KLH, and LPS was then averaged and reported 
as NSB Average ELISA.

The NSB baculovirus particle (BVP) assay was like the NSB 
Average ELISA assay, except BVP (2.8 μg/ml in 50 mm sodium 
carbonate, pH 9.6, Lake Pharma) was used to coat the plates, 
and Tween-20 was not included in the buffers. The fold over 
zero value for BVP was reported as NSB BVP.

Polyspecificity reagent assay

The PSR assay was performed as previously described.9 Values 
are reported as fold over zero, where the fluorescence value is 
divided by the fluorescence value of the sample without any 
antibody.

Selectivity assay

Selectivity was calculated from the binding affinity of the mAb 
to the target that has high allelic diversity in the human 
population by Biacore and cellular assays that include binding 
to cells that express the target allele and binding to cells that 
express the non-target allele. The selectivity data represents 
results from multiple assays: (1) Biacore binding to target 

allele, (2) binding to cell lines that express either the target 
allele or a non-target allele of the same gene, and (3) binding to 
human PBMCs with and without endogenous target allele 
expression. The selectivity score value was set where 1000 
was the highest specificity, and 0 was no specificity.

Preformulation screening

Samples were prepared for buffer screening by dialysis against 
4 mm sodium acetate pH 5.5, concentration to 5 mg/mL, and 
jump dilution in one of four buffers to 1 mg/mL final protein 
concentration. The four buffers are: 20 mm sodium acetate, 
pH 5.5; 20 mm glutamate, pH 5.0; 10 mm histidine, pH 6.0; 
and 20 mm citrate, pH 6.0. Samples were then subjected to 
SEC, CE-SDS, nanoDSF assays. Stress studies were performed 
on aliquots that were incubated at 40°C for 10 days and 4°C for 
10 days. These stress study samples were then subjected to 
SEC, CE-SDS, and DLS assays.
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