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This presentation includes Novartis 
information and content is subject 
to copyright. The opinions and 
views expressed in this slide-deck 
are those of the presenters and do 
not necessarily constitute opinions 
or recommendations of Novartis. 
This presentation is accurate at the 
time of presentation.
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in silico  
Immunogenicity 
Profiling at Novartis
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in silico Immunogenicity Profiling -
advantages and limitations
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q IG profiling should be started as timely as possible in the biotherapeutic 
development process to inform necessary de-immunization approaches early 
on and to avoid resource spending on candidates with a high inherent IG 
potential in later stages.

q Oftentimes, this is only possible using in silico tools, since in early drug 
development, high-quality candidate material is not available in the 
quantities necessary for most in vitro assays.

q Additionally, high cost and long timelines of in vitro assays are also factors 
that can be hurdles for pharma and biotech companies alike.

q Limiting factors are still the prediction accuracy, especially for B cell epitopes, 
and that additional aspects like aggregation, PTMs, change in structure upon 
grafting and endolysosomal processing can’t be assessed.
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In case of

Immunogenicity strategy for biotherapeutics

Candidate design Candidate selection

Root cause investigation

Immunogenicity risk 
assessment process
(Questionnaire)

In silico profiling 
(ranking or re-design)

In vitro profiling (ranking/ 
characterization)

Clinical study 
design

Clinical study 
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Backtranslation,
learnings applied to             

new molecules
immunogenicity findings       
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in silico Immunogenicity Profiling 
at Novartis

q Prediction of HLA class II binding 
hotspots based on a PSSM

§ IG profiling of large candidate sets 
early in the development process based on 
hotspots and CDR overlap

§ De-immunization of hotspots  
via sequences randomization to find non-
binders that are confirmed via MAPPs 
assay
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How we started –
Candidate ranking based on # of cores

q The simplest way to rank 
candidates is just using the # of 
predicted binding peptide cores in 
each sequence

q But this is only a very high-level 
analysis, which offers no option to 
address sequence specific 
questions!
Ø Like generation of neo-epitopes by 

introduction of Fc modifications, non-
natural junctions, etc.
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IG

High
IG

Medium
IG
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IG
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IG

High / Low IG = relatively high / low clinical IG rate (% of ADA)
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How we improved –
Introduction of a weigthing matrix 
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q Only considering the # of predicted peptides is not enough to 
rank candidates properly!

q The quality of the hits is even more important and enables a 
better differentiation between candidates.

Ø Highly presented sequence regions harbor a greater risk – hotspot ranking

Ø Sequence regions that the immune system does not “know” harbor a 
greater risk – CDR overlap

■ hotspot
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Hotspot ranking
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What are hotspots?
Ø Hotspots are sequence regions that show peptide 

binding to at least 5 out the 8 most frequent European 
HLA class II alleles

Hypothesis behind the hotspot ranking
Ø Would these sequence regions be recognized by T cells, 

then a larger proportion of the population could develop 
immunogenicity

■ hotspot
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Candidate ranking based 
on # of hotspots

q Hotspot ranking seems to 
contribute to candidate 
differentiation and shows a better 
correlation to known IG rates than 
only counting binding cores

q But can we do more?
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CDR overlap ranking

q Hypothesis behind the CDR overlap ranking

Ø T cell frequencies against foreign sequence regions 
(CDRs) are expected to be higher than for conserved 
human sequences in the framework (FR)

Ø Introduction of a “weighting system”
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Candidate ranking based 
on CDR overlap

q Taking the CDR overlap into 
account, an even better 
differentiation between the 
candidates is possible!

Ø Are there additional parameters that 
we can include in our assessment to 
improve candidate ranking?
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Additional parameters to improve 
candidate ranking
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q Most in silico tools used in biotherapeutic development are predicting 
peptide binding to HLA class II molecules (e.g. NetMHCIIpan), frequently 
with the option to apply a weighting matrix, based on the hypothesis that 
self-peptides and germline sequences have a lower IG potential.

q Based on our experience during root cause analysis of adverse events in 
the clinic, we started to explore additional options to improve this 
weighting matrix. We could show that biotherapeutic sequences can 
bear analogs to pathogen sequences, which may result in a high 
number of memory T cells that are cross-specific to the biotherapeutic, 
as well as a high prevalence of pre-existing anti-drug antibodies.

FIDPDDD
(CDR region)
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New in silico immunogenicity profiling approach 
based on biotherapeutic / pathogen analogy
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Hypothesis:
Biotherapeutic sequences can bear analogues to pathogen sequences.

These potential cross-reactive T & B cell epitopes may induce a strong 
immunogenicity response in a large proportion of the patient population.

Picture created with BioRender.com

New tools for the identification of:
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in silico toolbox
MASE

(MASE: MAPPs Agretope
Similarity Evaluation)

Predictive model for HLA class 
II binding peptides that could 

be recognized by cross-
reactive T cells 

AP-BLAST
(Antigen vs Pathogen Blast )

Alignment of drug sequence 
with other proteins to find 

analogous sequences which 
could lead to ADA cross-

reactivity if surface exposed

PKYVKQNTLKLA

PKYVKQNTLKIA
PKYVKHNTLKLA

Different anchors but 
peptide “looks” the 
same to the T cell

iSHAPe
(in silico HLA agretope 

prediction)

Predictive model for HLA class 
II binding peptides (potential  

T cell epitopes)

15Can we translate pre-clinical in silico IG profiling results to clinical IG rates?



The principle of MASE (MAPPs Aggretope Similarity Evaluation)

16

MASE predicts peptides that may show T cell cross-reactivity due to sequence identity or 
similarity between drug sequences and pathogen sequences
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Immunogenicity (IG) Profiling
Comparison between counting cores and biotherapeutic / pathogen similarity profiling

Ø Implementation of biotherapeutic / pathogen analog profiling is a clear improvement 
for candidate ranking and shows better correlation to clinical IG rates!
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IGMotifFinder Pipeline: Identifying risky motifs in biotherapeutics
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q Analysis of 200+ biotherapeutics (Marks et al.) with the goal to identify 
epitopes (Motifs) that correlate with higher clinical immunogenicity rates.

*Source: Marks et al. Bioinformatics
2021, 37, 22, 4041-4047.

Brunno Rocha
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IGMotifFinder Pipeline: Identifying risky motifs in biotherapeutics
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Advantages of IGMotifFinder vs MASE:
q contains 3x the number of pathogen sequences 

in its database (75 vs 22)

q operates 5x faster than MASE, thanks to its 
indexed pathogen database

q Automatic generation of report ready figures

Brunno Rocha
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Post Doc Project: IGMotifFinder – Brunno Rocha
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q Network plots of MASE motifs in the extCDR can help distinguishing 
High/Moderate vs Low IG therapies by highlighting pathogen and human hits. 

ADALIMUMAB (Humira) – High IG
§ Less then half of the Motifs have an identical human hit
§ Motifs with many pathogen hits

USTEKINUMAB (Stellara) – Low IG
§ All Motifs show identical human hits
§ Overall less pathogen hits

High
IG

High
IG

Medium
IG

Low
IG

Low
IG

The nodes in the plots represent:
1st level = Biotherapeutic sequence
2nd level = HLA binding peptide core; 

black square is an analog,           
and the circle is an identical match

3rd level = MASE-identified analogs

Brunno Rocha
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Post Doc Project: IGMotifFinder – Brunno Rocha
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Drug C - Low IG
• All Motifs show 

identical human hits

High
IG

High
IG

Medium
IG

Low
IG

Low
IG

Drug A - High IG
§ No identical human hit
§ Lots of pathogen hits

The nodes in the plots represent:
1st level = Biotherapeutic sequence
2nd level = HLA binding peptide core; 

black square is an analog,           
and the circle is an identical match

3rd level = MASE-identified analogs

q Network plots of MASE motifs in the extCDR can help distinguishing 
High/Moderate vs Low IG therapies by highlighting pathogen and human hits. 

Drug B - Medium IG
§ Most Motifs show no identical human hit

Brunno Rocha
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Post Doc Project: IGMotifFinder – Brunno Rocha
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q Network plots of MASE motifs in the full sequence can help distinguishing 
High/Moderate vs Low IG therapies by highlighting pathogen and human hits. 

Drug A
High IG

Drug C
Low IG

High
IG

High
IG

Medium
IG

Low
IG

Low
IG

Ø all motifs w/o an identical human hit 
are located in the extCDR region Ø All motifs show 

identical human hits

The nodes in the plots represent:
1st level = Biotherapeutic sequence
2nd level = HLA binding peptide core; 

black square is an analog,           
and the circle is an identical match

3rd level = MASE-identified analogs

Brunno Rocha
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Parameters to include in a weighting matrix
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Drug C - Low IGDrug A - High IG

=

q # of identified analogs (Motifs)

q Ratio of pathogen vs human analogs

q Quality of the hits (e.g. vaccination)

Ø Quantity and Quality of the hits is 
important! E.g. do we have an 
identical human hit?

q Brunno has a lot more work to do ;-)
Ø Weight / group pathogens 
Ø Include protein expression levels 
Ø Cross-check with known epitopes
Ø …

=

=

Brunno Rocha
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IGMotifFinder pipeline – real life example 
humanization variants (filtered extCDR hits)

Ø filtered hits = all motifs with an identical human match are filtered out

parental variant
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The nodes in the plots represent:
1st level = Biotherapeutic sequence
2nd level = HLA binding peptide core; 

black square is an analog, 
and the circle is an identical match

3rd level = MASE-identified analogs 
(red = pathogen; green = human)

Brunno Rocha
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Can we translate 
pre-clinical in silico 
IG profiling results to 
clinical IG rates?
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Integrating Therapies’ Clinical Features for Immunogenicity 
Prediction

27

q Augmenting sequence-based prediction with clinical factors substantially improves 
model performance (cross-validated AUC increased from 0.72 to 0.93)

Ø For a proper correlation with clinical IG rates, the dataset needs to be large 
enough, bolstered with clinical features and curated!

Ø The Marks dataset needs to be augmented!

Brunno Rocha
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Integrating Therapies’ Clinical Features for Immunogenicity Prediction

28

Ø The Marks dataset needs to be augmented!

Source: Maximiliano Hess Cancino’s Dataset
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*Source: Marks et al. Bioinformatics
2021, 37, 22, 4041-4047.
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Integrating Therapies’ Clinical Features for Immunogenicity Prediction
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§ Features like indication, drug MOA & comedication MOA are associated with each clinical trial 
for a given therapy. 

Dataset dimension: 190 Therapies 
(617 Datapoints)

Feature Values

Broad Indication

• Cardiovascular
• Infectious
• Inflammatory
• Neurological
• Oncology
• Other

MOA
• T/B Cell Activator
• T/B Cell Suppressor
• Other

Comedication 
MOA

• Activator
• Suppressor
• None (Monotherapy)
• Other
• Unknown
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Source: Maximiliano Hess Cancino’s Dataset



Distribution of ADA rates according to indication and MOA
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Source: Maximiliano Hess Cancino’s Dataset

ADA distribution follows 
expected patterns for MOA



Integrating Therapies’ Clinical Features for Immunogenicity Prediction
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IDC Novartis
ADA frequency    vs     ADA incidence
(# of pos. samples) (# of pos. patients)
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Random Forest models indicate a correlation between ADA incidence, 
# and quality of HLA binders, pathogen similarity and clinical features
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Maximiliano 
Hess Cancino 

Brunno 
Rocha

If we use the Marks dataset HLA Binder would be around 0.5

Marks dataset

Positive class is comprised 
of ‘High’ immunogenic 
therapies (ADA > 10%)
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Random Forest models indicate a correlation between ADA incidence, 
# and quality of HLA binders, pathogen similarity and clinical features
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Maximiliano 
Hess Cancino 

Brunno 
Rocha

If we use the Marks dataset HLA Binder would be around 0.5

Marks dataset

Positive class is comprised 
of ‘High’ immunogenic 
therapies (ADA > 10%)

Novartis dataset
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Conclusion
Can we translate pre-clinical in silico IG profiling results to clinical IG rates?
q Yes, even though we are working with a “noisy” dataset, our random forest models show that there 

is an obvious correlation between clinical ADA incidence, the number and quality of HLA binders, 
pathogen similarity, and clinical features. 

q However, we are still unable to predict the impact of ADA! 
Ø Translation is limited to the likelihood of ADA emergence.

Next steps:
q Improve the pathogen similarity scoring matrix (weight & group pathogens, add expression levels of 

proteins to better judge the possibility of tolerance, etc.)

q Expand the Novartis dataset by incorporating additional information (e.g. via incorporation of IDC data)

q Enhance performance of the random forest models (tweak feature ranking)

q Confirm “risky motifs” via an in vitro T cell assays (potential external collaboration opportunity) or via 
GenAI tool IGCheck (cross-check literature to identify in vitro confirmed epitopes)
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