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ABSTRACT
N-terminal heterogeneity resulting from non-uniform signal peptide (SP) cleavage can potentially affect 
biologics property attributes and result in extended product development timelines. Few studies are 
available on engineering SPs systematically to address miscleavage issues. Herein, we developed a novel 
high throughput computational pipeline capable of generating millions of SP mutant sequences that uses 
the SignalP 5.0 deep learning model to predict which of these mutants are likely to alleviate the 
N-terminal miscleavage in antibodies. We optimized the parameters to target mutating one or two 
amino acids at the C-terminus of 84 unique SPs, exhausting all theoretically possible combinations and 
resulting in a library of 296,077 unique wildtype and mutant signal peptides for in silico screening of each 
antibody. We applied this method to five antibodies against different targets, with various extent of 
miscleavage (2.3% to 100%) on their Lambda light chains. In each case, multiple SP mutants were 
generated, with miscleavage reduced to a non-detectable level and titers comparable with or better 
than that of the original SPs. Pairwise mutational analysis using an in silico library enriched with high- 
scoring mutants revealed patterns of amino acids at the C-terminus of SPs, providing insights beyond the 
“Heijne rule”. To our knowledge, no similar approach that combines high throughput in silico mutagenesis 
and screening with SP cleavage prediction has been reported in the literature. This method can be applied 
to both the light chain and heavy chain of antibodies, regardless of their initial extent of miscleavage, 
provides optimized solutions for individual cases, and facilitates the development of antibody 
therapeutics.

Abbreviations: Aa, amino acids; CHO, Chinese hamster ovary; CNN, convolutional neural network; 
CSscore, cleavage site score; CSV, comma-separated values; HC, heavy chain; HEK, human embryonic 
kidney; HPLC, high-performance liquid chromatography; IgG, immunoglobulin G; IGLV, immunoglobulin 
G Lambda variable; LC, light chain; LCMS, liquid chromatography–mass spectrometry; MS, mass spectro-
metry; PCR, polymerase chain reaction; PBS, phosphate-buffered saline; PEI, polyethylenimine; SP, signal 
peptide; SPase, signal peptidase; TCEP, tris(2-carboxyethyl) phosphine; TOF, time-of-flight.
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Introduction
The majority of secretory proteins in bacteria, Archaea, and 
Eukarya, as well as some transmembrane and intracellular pro-
teins, carry a short peptide averaging 16–30 amino acids in length 
at the N-terminus.1–5 This peptide, called the signal peptide (SP), 
serves as the address label marking the translocation and secretion 
pathways of premature proteins. In mature proteins, SPs are 
cleaved by one of the three types of signal peptidase (SPase) – 
type I, II, and IV.6 SPases bind primarily to the last three to seven 
residues located at the C-terminus of the SP (also known as the 
C-region). This region, along with the N-terminus of the mature 
protein, plays an important role in determining the cleavage sites.6

Due to their role in protein translocation and secretion, SPs 
have been widely used in the production of recombinant proteins. 
Efforts to engineer SPs are primarily focused on enhancing pro-
tein expression levels. Because SP cleavage is the rate-limiting step 
in protein secretion, cleavage efficiency affects production titer.7 

To increase the titer of recombinant proteins in bacteria, yeast, or 

mammalian cells, a number of studies used methods that screened 
either small sets of native, heterologous SPs,8 or combinations of 
such SPs and promoters.9–12 Other studies involved creating ran-
dom or site-specific mutagenic libraries of SPs via PCR, and then 
testing the mutants for their ability to improve titer.13–16

A much less investigated aspect of SP engineering is creating 
mutant SPs to correct the N-terminal miscleavage of proteins. 
N-terminal miscleavage results in either truncation (amino acids 
missing from the N-terminus of the mature protein) or extension 
(overhangs of extra amino acids at the N-terminus of the mature 
protein), leading to undesired product heterogeneity that poten-
tially affects the function of biologic products, especially antibo-
dies. For example, in their developability assessment of a human 
IgG1 antibody produced by Chinese hamster ovary (CHO) cells, 
Gibson et al. discovered that the N-terminal truncation of the 
antibody Lambda light chain can be addressed by either replacing 
the original murine-derived SP with a human IGLV1 germline SP, 
or by mutating the N-terminus SYE motif of the light chain.17
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Experimental analysis of SP cleavage sites through cloning, 
protein production, and liquid chromatography–mass spectro-
metry (LC-MS) requires extensive effort. To facilitate this pro-
cess, in silico tools have been developed to predict SP cleavage 
sites. Examples include convolutional neural network (CNN) 
models DeepSig18 and SigUNet,19 sequence alignment model 
Signal-Blast, Bayesian classifier Signal-BNF,20 and dynamic 
Bayesian network model Philius.21 More recently, Signal-3 L 
3.0 integrated CNN with self-attention and conditional ran-
dom field to achieve robust performance.22 SignalP 5.0, a deep 
neural network model combined with conditional random 
field, consistently ranks among the top in benchmark studies 
across various organisms.22–24 SignalP 5.0 was trained on 
20,785 proteins, and is able to predict cleavage by type I and 
II SPases in the Sec and Tat secretory pathways (i.e., Sec/SPI, 
Sec/SPII, Tat/SPI). Optimized transfer learning conferred 
SignalP 5.0 the ability to predict on multiple organisms, includ-
ing Eukarya, Archaea, Gram-positive and Gram-negative 
bacteria.23 SignalP 5.0, as well as its previous versions (3.0 
and 4.0), have been used in a few studies to aid the screening 
of wildtype signal peptides for improved secretory production 
of recombinant proteins and antibody fragments in E. coli,25,26 

yeast,27 and Leishmania torentolae.28

Despite these advances, very few studies have used in silico 
tools in a systematic way to engineer SPs that can address 
N-terminal miscleavage of proteins. In this study, we devel-
oped a novel high throughput computational pipeline that is 
capable of generating millions of SP mutants and uses SignalP 
5.0 to screen and predict which of these mutants are likely to 
alleviate the N-terminal miscleavage in antibodies. This pipe-
line is highly efficient, capable of creating mutants, predicting 
the probability of correct SP cleavage, and analyzing/rank 
ordering the results in a batch. We optimized its parameters 
to target one or two amino acid positions at the C-terminus of 
each of the 84 unique wildtype SPs, most of which derived from 
human germline V-gene alleles, exhausting all theoretically 
possible combinations and resulting in a library of 296,077 
unique wildtype SPs and their mutants for in silico screening 
of each input protein. We applied this method to five antibo-
dies against different targets with various extents of N-terminal 
miscleavage. In each case, we obtained multiple SP mutants 
that successfully reduced miscleavage to a non-detectable level, 
while maintaining titers similar to or better than the original. 
Further mechanistic studies using an in silico library enriched 
with high-scoring SP mutants revealed patterns of amino acids 
at the C-terminus of SPs.

Results

Comparison of CS scores of heavy chains, Lambda light 
chains, and Kappa light chains from an in-house collection 
of antibodies

To identify the antibodies that likely have SP miscleavage 
issues, using the computational pipeline, we analyzed an in- 
house collection of antibodies (19,151 heavy chains; 11,250 
Kappa chains; and 1,169 Lambda chains), with SPs commonly 
used for antibody production. The Cleavage Site (CS) score 
produced by the SignalP 5.0 model ranges from 0 to 1 and 

represents the predicted marginal probability that cleavage 
happens at a site. The higher the CS score, the higher the 
marginal probability that a cleavage happens at a specific site. 
For each residue in the input sequence, the SignalP 5.0 model 
produces a CS score, but a high CS score may not always 
represent the correct cleavage site. For the rest of the study, 
all mentions of CS score refer to the score at the correct 
cleavage site. As shown in Supp. Figure 1, the CS scores of 
the heavy chain (median 0.97) and Kappa chains (median 0.95) 
were more tightly packed between 0.8 to 1, while the scores of 
the Lambda light chains (median 0.72) spread from 0.4 to 1. 
The result suggested that the Lambda light chains were more 
prone to miscleavage than Kappa or heavy chains.

Impact of the number of residues at the N-terminus of the 
mature protein on the CS score

Five antibodies against different targets were selected for this 
study (Table 1). These antibodies have unique Lambda light 
chains (Supp. Figure 2). These Lambda light chains demon-
strated various extent of miscleavage (2.3% to 100% mis-
cleaved) as confirmed by LC-MS. Before we conducted in 
silico mutagenesis of SPs to address the miscleavage issue, we 
first investigated the number of residues at the N-terminus of 
the Lambda chain to use in the input sequence. The maximum 
length of the input sequence (SP plus mature protein) allowed 
by the SignalP 5.0 model is 70 aa. Consequently, for each 
antibody, we tested a range of lengths of N-terminus of the 
mature Lambda chain, from 5 to 51 aa, capping the length of 
the entire input sequence at 70 aa. The results showed that the 
number of residues at the N-terminus of the protein affected 
the CS score, and this effect is most prominent with sequences 
shorter than 10 residues (Supp. Figure 3). Because SPs natu-
rally have various lengths, for convenience of computation, in 
the rest of the study, we simply used the longest possible length 
(70 minus the length of the SP) for the mature protein in the 
input sequence.

Percentage of mutant SPs in the in silico library with CS 
scores above 0.8

Previous studies on SP engineering involved manual selec-
tion and testing of mutants, which is largely a trial-and- 
error process.17 To demonstrate the possible outcomes of 
randomly generated SP mutants, using a collection of 84 
unique wildtype SPs described in Supp Table 2, we intro-
duced one or two mutations among the last five amino 
acids at the C-terminus of each SP, exhausting all theore-
tical combinations. The sequences were then filtered to 
retain only the unique ones, resulting in a final SP library 
of 295,993 SP mutants and 84 wildtype SPs. Using the 
computational pipeline, we screened each of the five 
Lambda light chains using the same SP library. By integrat-
ing the areas under the kernel density plots, which estimate 
probability distributions, we discovered that, among the 
296,077 unique SP wildtype and mutants generated for 
each of five antibodies, only 2% to 27% (mean 11.8%) of 
SP mutants have CS scores greater than 0.8 (Supp. 
Figure 4). This suggests that most of the randomly designed 
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SP mutants had medium to low CS scores, and therefore 
might still be prone to miscleavage. Another observation is 
that the CS score is dependent not only on the SP 
sequence, but also on the sequence of the N-terminus of 
the mature protein. Because the same SP library was used 
in screening, the only difference is the N-terminal sequence 
of the antibody light chains. This difference resulted in the 
various shapes of the kernel density plots, and consequently 
the different chances of finding high-scoring mutants. 
Notably, mAb 5 and mAb 2 antibodies had a similar 
N-terminus, where the first 23 amino acids were the same 
and the sequences differed only after that (Supp. Figure 2). 
Their kernel density curves overlapped with each other, and 
the probability of finding high-scoring mutants was 2% for 
both antibodies. Taken together, the data indicate that 
computationally ranking the randomly generated SP 
mutants is necessary, in order to sort out the small 

populations of the high-scoring mutants. This process 
needs to be performed for each protein with a unique 
N-terminus, because a high-scoring SP mutant in one case 
might not be applicable to another case.

Impact of the number of mutations on the CS score

We investigated the effect of the number of mutations (0, 1 or 2) 
on the predicted CS scores of SP mutants. In each of the five 
antibodies, the median CS score consistently decreased as the 
number of mutations increased (Supp. Figure 5a), suggesting 
that in general, random mutations in the −4 to 0 region incur 
undesirable effects that reduce the predicted cleavage specificity 
of the SPs. For each antibody, we ranked all 296,077 wildtype 
and mutants descending by their CS scores at the correct 
cleavage site. No wildtype SP was found among the top 100 
mutants in any of the five antibodies we tested. Interestingly, 

Figure 1. Miscleavage and titer of SP mutants of mAb 1. A: Sunburst plot showing fraction of SP mutants having greater (Orange) or less (turquoise) percentage of 
miscleavage by MS, compared to that of the original SP. These are displayed in the inner circle. Among those with less miscleavage, percentage (calculated as fraction of 
all mutants tested) of mutants with non-detectable miscleavage (light green), or detectable but less miscleavage (light blue) are displayed in the outer circle. B: Bubble 
plot of CS score at the correct cleavage site vs percentage of miscleavage on MS. Color of the dots represents the original SP, single aa or double aa mutants. Size of the 
dots represents the number of miscleavage sites. The smallest dots have zero miscleavage product (i.e., 0% miscleaved). Dashed line represents a threshold of the CS 
score as explained in the text. C: Scatter plot of CS score at the correct cleavage site vs titer. Marker style represents the original SP, mutant SP with non-detectable, less 
but detectable, equal, or more miscleavage compared to that of the original SP. The original SP and the best mutant SP (non-detectable miscleavage and the highest 
titer) were labeled. Dash line represents the half of the titer of the original SP. Green dots above the dash line were mutants with non-detectable miscleavage and titers 
comparable or better than that of the original SP. D: Representative MS analysis of the original SP and the best mutant SP.
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among the top 100 (0.03%) mutants, at least 95% of them were 
double amino acid (double aa) mutants, and the rest were single 
amino acid (single aa) mutants (Supp. Figure 5b). This indicated 
that while double aa mutagenesis resulted in a lower CS score 
overall, it also produced the majority of the top scoring mutants.

Improvement of the CS score with single and double aa 
mutations

Two strategies are commonly used in mutagenesis. The first 
strategy involves conducting mutagenesis step by step. For 
example, wildtype SPs are screened first, then only the best 
wildtype SPs are moved forward as templates for creating 
single aa mutants. Subsequently, only the best single aa 
mutants are moved forward for the next round of mutagen-
esis. In the second strategy, all wildtype SPs and their theore-
tically possible single and double aa mutants are generated 
and screened. Here, we demonstrated that the second 
approach is preferred for in silico SP screening. In Supp. 
Figure 6, four wildtype SPs were selected: sp_10, sp_15, 
VL3_3 l, and VL10_10a. CS scores from the wildtype SP, as 
well as its highest-scoring single aa mutant and its highest- 
scoring double aa mutant were plotted. SP sp_15 had the 

highest score among the selected wildtype SPs. As for sp_10, 
it had a lower score to start with, but its best double aa 
mutant was on par with that from sp_15. In addition, 
VL3_3I and VL10_10a had extremely low scores (< 0.06) as 
wildtypes. However, their best double aa mutants were able to 
reach scores between 0.71–0.98, a significant improvement 
compared to their wildtypes. The results suggest that it is 
possible to convert a low-scoring SP to a high-scoring one 
with one to two mutations. As a result, even though covering 
all theoretically possible mutants demands more computa-
tional time, it is still desirable as it avoids missing potentially 
high-scoring mutants.

Experimental validation of the computational pipeline

The five antibodies were expressed and characterized. Three of 
them (mAb 2, mAb 4, and mAb 5) were initially expressed 
using wildtype SP sp_13. mAb 3 was initially expressed using 
wildtype SP sp_12 and mAb 1 using wildtype SP VL3_3 r. The 
absolute value of the CS scores for these wildtype SPs appeared 
to have little correlation with the percentage of miscleavage 
observed on MS. For example, mAb 1 and mAb 5 had similar 
scores (0.479 vs 0.414). However, mAb 1 was nearly 100% 

Figure 2. Miscleavage and titer of SP mutants of mAb 2. Descriptions for plots A, B, C, and D were the same as that in Figure 1. In plot C, green dots circled in dash are the 
mutants with non-detectable miscleavage and greater than 2-fold improvement of titer, compared to the original SP.

MABS e2044977-5



miscleaved, while mAb 5 was only 2.3% miscleaved. In addi-
tion, mAb 3 and mAb 2 had very different scores (0.941 vs 
0.415), but their percentages of miscleavage were similar (5.5% 
vs 7.4%) (Table 1). This can be explained by the fact that the 
SignalP 5.0 model was trained as a multi-label classifier (i.e., 
probability of cleavage at a specific site) rather than a regressor 
based on MS cleavage data. As a result, the absolute value of the 
CS score is not predictive of the actual percentage of the 
miscleavage on MS.

Because of this limitation, we adopted a method of relative 
comparison. Our hypothesis is that, for a given antibody, 
regardless of the absolute value of the CS score of the original 
SP, if we can generate a SP mutant with a CS score higher than 
that of the original SP (i.e., a marginal probability of cleavage 
closer to 1), then the SP mutant will be more likely to cleave at 
the correct location, and consequently the miscleavage events 
will be less likely to happen elsewhere. To verify this hypoth-
esis, we ranked the mutants in descending order according to 
the CS scores. For each antibody, we selected some SP mutants 
from the top of this list (scores > 0.9), and then randomly 
picked SP mutants with scores in the 0.5–0.9 range. We 
expressed and characterized the five antibodies using a total 

of 82 SP mutants (14 for mAb 1, 19 for mAb 2, 21 for mAb 3, 14 
for mAb 4, and 14 for mAb 5). All these mutants but one were 
double aa mutants.

The results are summarized in Table 1, and raw data pro-
vided in Supp. Table 1. For each antibody, we obtained multi-
ple SP mutants (42% to 93% of the mutants tested) that 
successfully addressed the miscleavage issue, with no detectable 
miscleavage peaks on MS. Detailed analyses of the mutants 
screened for mAb 1, mAb 2, mAb 3, mAb 4, and mAb 5 are 
displayed in Figures 1–5, respectively. Specifically, in all 
mutants screened for mAb 1 and mAb 4, the percentage of 
miscleavage was reduced compared to that of the original SP 
(Figure 1a, Figure 4a). On the other hand, among the mutants 
screened for the other three antibodies, there was a mixture of 
reduced and increased miscleavage events (Figure 2a, Figure 
3a, and Figure 5a).

In general, it was difficult to establish a universal thresh-
old of the CS score, above which all clones showed non- 
detectable miscleavage. In some cases, a threshold could be 
established for one antibody, but it had to be modified for 
another antibody. For example, a cutoff score could be 
established at approximately 0.65 for mAb 1 (Figure 1b), 

Figure 3. Miscleavage and titer of SP mutants of mAb 3. Descriptions for plots A, B, C, and D were the same as that in Figure 1. In plot C, green dots circled in dash are the 
mutants with non-detectable miscleavage and greater than 2-fold improvement of titer, compared to the original SP.
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but needed to be raised to 0.82 for mAb 5 (Figure 5b) and 
0.94 for mAb 4 (Figure 4b). On the other hand, it is 
difficult to establish such a threshold for mAb 2 and mAb 
3 because there were some SP mutants that scored very 
high, but still showed various degrees of miscleavage 
(Figure 2b and Figure 3b). Regardless, a trend was consis-
tent across all five antibodies: it was more likely to find SP 
mutants with non-detectable miscleavage among the high-
est-scoring clones. For example, in this study, we tested 
mutants with CS scores ranging from 0.5 to 0.996. If we 
had only tested mutants with CS scores of at least 0.9, the 
success rate of identifying mutants with non-detectable 
miscleavage and titers comparable to or better than that 
of original SP would be much higher (Table 1, last 2 
columns). As a result, our recommended approach is to 
select a panel of mutants with the top-ranked CS scores 
(e.g., the top 10 mutants) for production and testing. While 
this approach does not guarantee that all the selected 
mutants will have non-detectable miscleavage, it is likely 
that we can find at least a few mutants that have mitigated 
the miscleavage issue, as demonstrated by all five antibodies 
in this study.

Previous studies showed that changes in the SP sequence 
could potentially affect expression titer.8–10 To investigate the 
effect of SP mutations on titer, we plotted the CS score versus 
titer for each clone. Little correlation was found between these 
two variables (Figure 1c – 5C), which can be explained by the 
fact that the SignalP 5.0 model was not trained on titer, there-
fore the CS score does not provide information on titer. 
Nevertheless, for each antibody, we discovered multiple SP 
mutants that not only reduced miscleavage to a non- 
detectable level, but also maintained titers from transient pro-
duction comparable (within twofold) to that of the original SP. 
These clones were represented by green circles above the dash 
lines in Figure 1c – 5C and summarized in Table 1. Two 
mutants for mAb 2 antibody (Figure 2c, circled in dash) and 
four mutants for mAb 3 antibody (Figure 3c, circled in dash) 
not only successfully addressed the miscleavage issue, but also 
improved the titers by more than twofold. Representative MS 
analysis for the original SP and the best mutant SP (highest 
titer and non-detectable miscleavage) were displayed for each 
antibody (Figure 1d – 5D). These results clearly demonstrated 
the success of our method, which may potentially offer 
a universal mitigation platform.

Figure 4. Miscleavage and titer of SP mutants of mAb 4. Descriptions for plots A, B, C, and D were the same as that in .Figure 1
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To aid the selection of mutants for future studies, we ana-
lyzed titers of all 87 antibodies (including those with the 
original SPs). The mutants were grouped by the wildtype SPs 
from which they were derived. The fold change in titer was 
calculated by dividing the titer of a given antibody produced 
with a mutant SP, by the titer of the same antibody produced 
with its original SP. In this way, the difference among the 
antibodies was normalized. As shown in Supp. Figure 7, 
some SPs and their mutants appeared to generate lower titers 
on average (e.g., sp_12, VKII_A18), while some appeared to 
generate higher titers on average (e.g., sp_14, VH_3-53). 
Because the number of antibodies produced per SP is relatively 
small, additional studies are needed to elucidate how SP muta-
genesis affects the titer of antibodies.

Pairwise mutational analysis of amino acid patterns at the 
C-terminus of SPs

The −4 to 0 region (Figure 6b) of the SP has been reported 
to contain the binding sites of SPases6 and therefore plays 
an important role in determining the cleavage specificity. 
Previous efforts studying the pattern of amino acids in this 
region resulted in the “Heijne rule”, which states that posi-
tion 0 (i.e., last amino acid) and position −2 (i.e., third 

amino acid from the last) favor non-charged amino acid.29– 

32 This rule was derived from statistical analysis of a small 
number of functional SPs. In this study, we took a different 
approach to analyze the preferred amino acids in this 
region. We asked the question whether the top-scoring 
mutants in the double aa mutagenesis library preferred 
mutations at certain positions, and if so, what these muta-
tions were. To answer this question, first, pairwise muta-
tional analysis was conducted by calculating the percentage 
of each of the 10 possible pairs of locations for double aa 
mutations. The 10 location pairs were equally distributed 
among the 288,900 unique double aa SP mutants (Supp. 
Figure 8). However, when narrowing down to the top- 
scoring 100 (0.035%) double aa mutants, a preference was 
observed for mutation combinations primarily at positions 
(−1, 0), (−2, −1), and (−4, 0). For mAb 4 antibody, a strong 
preference was also observed for mutations at (−4, −2) 
position.

Next, we analyzed the distribution of 20 amino acids at 
(−1, 0), (−2, −1), (−4, 0), and (−4, −2) locations, among all 
double aa mutants and the top-scoring 800 (0.28%) double aa 
mutants. The top 800 double aa mutants were used for this 
analysis in order to cover the theoretical diversity by 2 fold 
because in the pairwise analysis, each position could have one 

Figure 5. Miscleavage and titer of SP mutants of mAb 5. Descriptions for plots A, B, C, and D were the same as that in .Figure 1
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of the 20 amino acids, therefore a total of 400 pairs of amino 
acids were possible. The results showed that, among all double 
aa mutants generated in silico, the distribution of amino acids 
was random. However, when narrowing down to the top 800 
double aa mutants, preferences for certain amino acids were 
observed (Supp. Figure 9A through 9D). Specifically, only non- 
charged (i.e., aliphatic or polar) amino acids such as AGSPQ 
were enriched among the top 800 mutants at position 0. In 
addition, only non-charged amino acids such as ACGISTV 
were enriched at position −2. These observations were consis-
tent with the “Heijne rule”. On the other hand, for position −1 
and position −4, both of which were less studied in the litera-
ture, we observed enrichment of amino acids with different 
physicochemical properties, e.g., non-charged, negatively 
charged, positively charged, aromatic. These data indicated 
that position 0 and −2 preferred non-charged amino acids, 
while positions −1 and −4 were more promiscuous.

There were two notable phenomena. First, given 
a specific location pair, the enrichment trends were gener-
ally consistent across different antibodies, though the actual 
percentage of a specific amino acid pair might vary slightly. 
For example, in Supp. Fig 9A, similar sets of hotspots (A/ 
G/S at position 0 paired with different amino acids at 
position −1) were found across different antibodies, though 
there were variations in the intensity of these hotspots. For 
mAb 2 and mAb 5, in addition to these hotspots, low levels 
of enrichment were also observed for P/Q at position 0 
paired with different amino acids at position −1. Second, 
given a specific antibody, similar conclusions could be 
made on the enrichment at a specific location, across dif-
ferent location pairs. For example, for the mAb 1 antibody, 
Supp. Fig 9A (−1, 0) and Supp. Figure 9C (−4, 0) evaluated 
different location pairs, but revealed a similar conclusion 
for the pattern of enrichment at position 0 (preference for 

Figure 6. Overview of the computational pipeline. A: The python package “sp” was developed and integrated with SignalP 5.0 executable to build the complete pipeline 
from mutant generation to prediction and analysis. B: Numbering scheme used in the “sp” package. Region from position −4 to 0 was used for creating single and 
double aa SP mutants. C: Illustration of the concept of duplicated mutants generated from the mutagenesis of unique wildtype SPs. Only one of the duplicated mutants 
was retained for analysis, so that the final output of 296,077 wildtypes and mutants contained only unique SP sequences.
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AGS). Taken together, the results suggested that the enrich-
ment patterns hold regardless of location pairs or antibo-
dies analyzed.

Discussion

Miscleavage of SPs of recombinant monoclonal antibodies is 
not uncommon, and it may contribute to product heterogene-
ity and complicate the development process. Mutagenesis of 
SPs can mitigate this risk, though it is a trial-and-error process. 
In this study, we demonstrated the utility of a novel computa-
tional pipeline integrated with the SignalP 5.0 deep learning 
model for high-throughput generation and screening of SP 
mutants to address the N-terminal miscleavage issue in anti-
bodies. Five antibodies with various degrees of miscleavage 
(2.3% to 100% miscleaved) were selected for validating this 
approach. An in silico library of 296,077 unique wildtype and 
SP mutants was generated from single and double aa mutagen-
esis at the C-terminus of each of the 84 unique wildtype SPs, 
exhausting all theoretically possible combinations. For each 
antibody, we were able to identify multiple SP mutants that 
successfully reduced the miscleavage to a non-detectable level, 
while maintaining similar or better titers.

Lambda antibodies were chosen as the focus of this study for 
several reasons. First, Lambda light chains appear to be more 
prone to miscleavage than Kappa or heavy chains. Secondly, 
these antibodies had significant variation in the levels of mis-
cleavage as determined by MS (2.3% to 100%). Success in each 
case shows that this method can be applied to antibodies 
regardless of their initial extent of miscleavage. Finally, these 
antibodies have different mature N-terminal sequence and 
target specificity. This demonstrates that the method is applic-
able to different antibodies. We have also applied it to solving 
the miscleavage of a heavy chain (data not shown).

There are several considerations when using this computa-
tional pipeline. First, full coverage of all theoretically possible 
mutants is important to avoid loss of diversity. Second, while 
the pipeline allows up to five mutations within the −4 to 0 
region, in practice we recommend mutating one or two amino 
acids per SP in the first trial. This is because, as the number of 
mutations per SP increases, the overall CS score decreases, 
reflecting a surge of low-scoring mutants. At least in this 
study, we were able to obtain single and double aa mutants 
with undetectable miscleavage and good titers. Third, even 
though the SignalP 5.0 model outputs a CS score for each 
amino acid in the input sequence, only the CS score at the 
correct cleavage site (i.e., position 0 of the SP) is used for 
ranking the mutants. Ranking the mutants by CS scores other 
than that from the correct cleavage site can result in prioritiz-
ing mutants that have reduced miscleavage at one site, but 
increased miscleavage at other sites. Finally, because there is 
a greater chance of finding successful SP mutants among the 
highest-scoring ones, our recommended approach is to rank 
the SP mutants by their CS scores in descending order and 
select a panel of mutants from the top of the list for in vitro 
production and evaluation. As shown in Table 1, by prioritiz-
ing mutants with higher CS scores, mutants with non- 
detectable miscleavage and good titers are identified at higher 
rates. While this approach does not guarantee that all selected 

mutants will have non-detectable miscleavage products, it is 
likely that you can find some that have mitigated the misclea-
vage issue with minimal impact on the expression.

Two aspects of our study are novel. First, we used high 
throughput in silico mutagenesis and screening to optimize 
SPs for their cleavage specificity. Very few studies on engineer-
ing SP to address N-terminal miscleavage issues are available in 
the literature. Previous efforts primarily focused on mutating 
or truncating the N-terminus of the mature protein, or manu-
ally mutating one aa at a time for the SPs, or selecting 
a different wildtype SP. These methods have drawbacks. For 
example, mutations or truncations at the N-terminus of the 
mature protein might interfere with its function or increase its 
immunogenicity risk. In addition, functional studies need to be 
repeated for the mutant protein due to changes in its sequence, 
resulting in a delayed development timeline and requirement 
of additional resources. On the other hand, manually designing 
SP mutations has a relatively low chance of success. Studies 
have shown that the N-terminus of the mature protein is 
involved in SPase recognition.6 This implies that the optimal 
SP needs to be determined case-by-case in the context of 
specific mature protein sequences, thus there might not be 
a single solution that fits all. Our computational pipeline can 
address these concerns by performing large-scale, high 
throughput in silico screening of SP mutants. It can be applied 
to different proteins, providing an optimized solution in each 
case, and substantially saving time and resources. Second, our 
study is the first to conduct pairwise mutational analysis on the 
pattern of amino acids in the −4 to 0 region of the SP. Previous 
studies from Heijne et al. used small datasets of 65 to 188 
functional SPs to perform statistical analysis on the preferred 
amino acids at single locations.30–32 Our approach involves 
a much larger dataset, consisting of the top-scoring 800 
(0.28%) mutants enriched from an initial library of 288,900 
double aa SP mutants. It improves our understanding of the 
amino acid composition at the C-terminus of SPs.

There are several caveats of this method. First, as discussed 
earlier, the absolute CS score correlates poorly with the actual 
percentage of cleavage based on MS analysis data. As a result, 
inference about the percentage of miscleavage cannot be reli-
ably made based on CS score alone. Second, not all the highest- 
scoring SP mutants will have reduced or non-detectable mis-
cleavage. Moreover, because SignalP 5.0 does not have the 
ability to predict titer, some of the mutants might have low 
titers. Third, we observed that the length of the N-terminus of 
the mature protein affects the CS score, and this effect is most 
prominent with sequences shorter than 10 residues. While the 
degree of fluctuation differed depending on the exact 
N-terminal sequence of the protein, it is advisable to use longer 
sequences for prediction. In our study, we took the first 47 to 
51 amino acids on the N-terminus of the light chains for 
prediction, thus capping the length of the entire input sequence 
(SP plus mature protein) at 70 amino acids, the maximum 
allowed by SignalP 5.0.

In summary, we demonstrated the success of this computa-
tional pipeline by screening an in silico library of wildtype and 
mutant SPs for each of the five antibodies, successfully solving 
their N-terminal miscleavage issues while maintaining similar 
or better titers. This method can be applied to different 
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antibodies regardless of their initial extent of miscleavage, 
provides optimized solutions for individual cases, and facili-
tates the development of antibody therapeutics.

Materials and methods

Development of a computational pipeline for 
mutagenesis, prediction, and ranking

SignalP 5.0 standalone executable was licensed from the 
Technical University of Denmark. The executable has the 
same functions as the web version of SignalP 5.0,33 but allows 
command line access. To introduce functions such as muta-
genesis, text file parsing, ranking and interactive plotting, 
none of which is available in the executable, we developed 
a Python package called “sp” (source code available in 
Supplementary Materials), and integrated it with the execu-
table to build the complete computational pipeline. As shown 
in Figure 6a, the pipeline takes input from a collection of 
wildtype SPs and the N-terminal sequence of a mature pro-
tein. For each of the wildtype SPs, it produces a list of all 
theoretically possible single aa and double aa mutants, each 
harboring unique mutation(s) in the −4 to 0 region at the 
C-terminus of the SP (Figure 6b). Notably, previous studies 
by Heijne et al.30 used a numbering system consisting of 
negative and positive integers, but no zero. In our method, 
we assigned zero to the correct cleavage site, for the conve-
nience of computation, because most algorithms embed 
sequences using consecutive integers. The wildtype and 
mutant SPs are then combined with the N-terminal sequence 
of the mature protein and fed into the executable for predic-
tion. Next, the pipeline parses the resulting text files gener-
ated by the executable, and removes duplicated mutants 
derived from different wildtype SPs (concept illustrated in 
Figure 6c). Finally, it outputs a CSV file of all SP mutants 
ranked descending according to the CS score at the correct 
cleavage site, a number produced by SignalP 5.0 executable. 
The CS score ranges from 0 to 1 and represents the marginal 
probability that a cleavage happens at the indicated site. The 
pipeline also generates interactive plots of sequence versus CS 
score on any wildtype or mutant SP that the user selects. All 
computations were done in a Linux environment on a high- 
performance computing cloud instance on Amazon Web 
Service.

Input antibodies and wildtype SPs

We selected five antibodies against different targets from 
patents (mAb 1,34 mAb 2,35 mAb 3,36 mAb 4,37 and mAb 
538). These antibodies have light-chain sequences belonging 
to the Lambda family. Due to the length limit of the input 
sequence (maximum 70 amino acid including SP) imposed by 
the SignalP 5.0 model, only the first 47 to 51 amino acids on 
the N-terminus of the light chains were used for prediction. 
Alignment of the first 52 amino acids at the N-terminus of the 
light chains showed that they were all unique (Supp. 
Figure 2). The light chains exhibited different extent of 
N-terminal miscleavage, ranging from 2.3% to 100% mis-
cleaved, as confirmed by MS analysis. A collection of 84 

unique wildtype SPs, ranging from 19 to 23 amino acids in 
length, was acquired from public database39–42 (Supp. 
Table 2). The majority of these SPs come from human germ-
line V-gene alleles. For each antibody, 31,1304 SP mutants 
(that is, 1 wildtype, 95 single aa mutants and 3,610 double aa 
mutants, for each of the 84 wildtype SP) were generated for 
prediction. After removal of duplicated mutants, 296,077 
unique wildtype and mutant SP were retained and analyzed 
(Figure 6a).

Cloning of SP mutants

SP mutants were generated by routine gene synthesis of DNA 
encoding the mutated SP with flanking restriction enzyme 
sites. The DNA was then cloned by standard methods into 
the original plasmid, thereby substituting the original SP 
sequence with the mutant sequence. Transfection grade plas-
mid DNA was generated by standard amplification and pur-
ification methods.

Expression of SP mutants

Plasmids encoding SP mutants were transfected into CHO-3E7 
cells (NRC-Canada) at 50 ml scale using 125 ml Erlenmeyer 
flasks (Corning 431143 or HTSLabs 931110) shaking at 125 rpm 
in a 50 mm throw shaker. The cells were grown at 35°C with 8% 
CO2 in HyCell TransFx-C expression media (Cytiva 
SH30941.02) supplemented with 8 mM Glutamax 
(ThermoFisher 35050–061), 0.18% Pluronic F68 
(ThermoFisher 24040–032), and 5 ml/L Penicillin- 
Streptomycin (ThermoFisher 15070–063). Cells were grown to 
a density of 2.5E6 cells/ml and transfected by mixing plasmid 
DNA (0.5 mg/L of culture with HC:LC ratio of 2:3) with 1 mg/ 
ml PEI Max (PolySciences 24765–1) in a 1:6 ratio of DNA:PEI. 
DNA and PEI were mixed in 5% of the culture volume of 
TransFx-C media for 10 minutes before adding to the culture. 
Cells were fed with 10% BalanCD CHO Feed 4 (Irvine Scientific 
94134) 24 hours post transfection, and again at 72 hours post 
transfection. In addition, the glucose level was adjusted to 10 g/ 
L at 72 hours post transfection using 45% D-(+)-glucose solu-
tion (Sigma G8769). The expression was carried out at 35°C for 
24 hours and then lowered to 32°C at feed 1. Expression was 
shaking at 125 rpm and incubated with 8% CO2 for 10 days post 
transfection. The media containing the secreted antibody was 
separated from the cells by centrifugation at 3 K x G for 
10 minutes, and then filtered through a 0.45 μM stericup 
(Millipore SCHVU01RE) or, for analytical samples, through 
a 0.45 μM Claristep filter (Sartorius 17C06TF – 96).

Analysis of expression titer and purification of analytical 
sample

The expression titer of the secreted antibody was determined 
by analytical HPLC using a Poros G 20 μM column (Thermo 
Fisher 1512224) on a Waters Acquity Arc HPLC system with 
a fraction collector. Briefly, the column was equilibrated with 
phosphate-buffered saline (PBS) and the samples were loaded 
to the column at a flow rate of 2.0 ml/minute and the column 
was washed with PBS prior to elution with elution buffer 
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consisting of 150 mM NaCl and 0.016 N hydrochloric acid. The 
eluted antibody was collected in a 96-deepwell plate (Waters 
WAT058957) using the fraction collector and neutralized with 
0.5 M Na2PO4. This sample was then used to perform MS. All 
production and analysis experiments were repeated at least 
twice.

Analysis of cleavage percentage by MS

The molecular weight of the purified antibodies was deter-
mined by reduced MS. Briefly, the sample was reduced by 
incubation for 15 minutes in presence of 50 mM TCEP 
(Thermo Fisher 77720). The MS/MS spectra were captured 
on an Agilent 6230 TOF LC/MS instrument, and the result 
was deconvoluted using Mass Hunter (Agilent) or Byos 
(Protein Metrics) software to determine the molecular weight 
of the individual antibody chains. The relative % cleavage of 
chains that were misprocessed was calculated by measuring the 
peak height of the misprocessed chain as a percent of the peak 
height of the intact chain.

Data analysis

Data analysis was done in Python. Kernel density estimation 
was conducted using a Gaussian kernel with a bandwidth cal-
culated by the Scott method.43 Plots were generated using 
Matplotlib (version 3.4.3) and Plotly (version 4.14.3) packages. 
Sequence alignments were produced using Geneious Prime 
(version 2021) using the Geneious Alignment method.
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