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ABSTRACT

ImmunoGenAlI characterizes immunogenicity as an emergent property influenced by the intracellular
antigen-processing pathway, rather than an isolated function of peptide-HLA binding affinity. It is informed by
biological processes including proteasomal cleavage, peptide transport, and HLA presentation, which shape
downstream T-cell recognition. ImmunoGenAl optimizes existing therapeutic and vaccine sequences by
introducing targeted sequence perturbations that reduce predicted unintended immunogenic peptide
formation. These include modifying residues associated with cleavage patterns and HLA binding preferences to
lower peptide-HLA stability while preserving structural integrity. By acting across multiple biologically relevant
features simultaneously, these changes reduce immunogenicity more effectively than single-objective
optimization. This framework is bidirectional: it suppresses immune visibility for therapeutic design and can be
inverted for vaccine design to remove unnecessary amino acid substitutions, enabling more reliable control over
sequence quality and downstream performance. ImmunoGenAl enables systematic control of immune
recognition, outperforming five other industry-standard tools while maintaining structural integrity.
ImmunoGenAl utilizes modality-specific neural network encoders, including contrastive and transformer

architectures, to project biological inputs into unified latent representations.
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INTRODUCTION
Rationale

One of the most significant challenges in modern biomedical engineering has been the ability to design
therapeutic proteins that maintain functional efficacy while minimizing immune recognition (Dellas et al.,
2021; Parker et al., 2010). The rapid expansion of immunotherapeutic engineering—valued at an estimated
$4.23 billion market—reflects the growing reliance on personalized biologics in medicine (Coherent Market
Insights, 2026). Immune recognition is governed by the highly polymorphic human leukocyte antigen (HLA)
system, which comprises over 20,000 alleles (Creary et al., 2019; Robinson et al., 2015). Therapeutic proteins
are proteolytically processed into overlapping peptide fragments and presented by major histocompatibility
complex (MHC) molecules, where allele-specific binding determines downstream T-cell activation (Calis et al.,
2013; Hong et al., 2025; Jurtz et al,, 2017; Yewdell, 2006). Although a therapeutic sequence may retain its
primary biological function, even minor amino acid substitutions can substantially alter peptide-HLA binding
landscapes, increasing immune visibility and reducing clinical durability (Doud & Bloom, 2016; Greaney et al.,
2021; Sarkisyan et al., 2016; Sidney et al., 2008).

This clinical limitation creates a particular interest in computational methods capable of predicting and
optimizing immune evasion. Immune evasion refers to the ability of engineered sequences to reduce host
immune detection through modulation of antigen presentation features (Hamelin et al., 2025; Wec et al., 2021).
Quantitatively, predicted HLA binding affinity can shift from strong (<50 nM) to weak (>500 nM) binding
thresholds, reducing immune visibility by more than an order of magnitude (Aleksic et al., 2012; Sidney et al.,
2008). However, current industry-standard frameworks are predominantly prediction-only systems that
evaluate peptide-HLA binding in isolation, or optimization pipelines that introduce local sequence edits
without incorporating sequential and structural dependencies (Das et al., 2025; Li et al., 2021; Zinsli et al.,
2020). Because immune recognition is nonlinear and depends on high-dimensional sequence-structure
interactions, accurately modeling these immunogenic shifts requires architectures capable of learning long-range
contextual relationships (Anishchenko et al., 2021; Hayes et al., 2024; Rives et al., 2021). Transformer-based
deep learning models, which utilize multi-head self-attention to capture global residue dependencies without
vanishing gradient limitations (Vaswani et al., 2017), provide a mechanism for integrating multimodal biological
signals within a unified representation space. Yet, existing immune optimization systems rarely fuse structural
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geometry, contextual annotations, allele-specific exposure, and immunopeptidomic data simultaneously (Liang
etal., 2024; Zhao & Wang, 2025).

We hypothesize that a multimodal deep learning framework that jointly encodes structural geometry,
allele-specific ~ binding  distributions, contextual sequence dependencies, and high-dimensional
immunopeptidomic features will learn coordinated immune-activation signatures that enable targeted amino
acid substitutions to reduce predicted immune recognition while preserving structural stability and functional
domain integrity. By training on over 100,000 experimentally validated peptide-HLA entries and evaluating
performance across immunogenicity, epitope density, structural preservation, optimization efhiciency, and
population coverage, this approach aims to establish a scalable and biologically constrained system for synthetic
engineering of immune evasion in personalized therapeutic devices (Das et al., 2025; Dellas et al., 2021;
Sarkisyan et al., 2016).

BACKGROUND
Synthetic Inmunotherapeutic Design

Immunotherapeutic engineering is a rapidly advancing frontier in synthetic biology ($ 4.23 billion
market!), as personalized biologics increasingly reshape modern medicine. In personalized therapeutic design,
engineered biologics must maintain their intended biological function while also avoiding unintended immune
recognition. This creates a central design challenge because therapeutic proteins are not only evaluated by their
primary activity, but also by how the immune system processes and presents their peptide fragments after
administration (Coherent Market Insights, 2026).

Immune recognition is governed by the highly polymorphic human leukocyte antigen (HLA) system,
where therapeutic proteins are processed into peptide fragments and presented by major histocompatibility
complex (MHC) molecules, shaping patient-specific immune responses and downstream T-cell activation
(Creary et al., 2019; Robinson et al., 2015; Yewdell, 2006). Because HLA molecules vary across individuals, the
same therapeutic sequence can produce different immune-presentation outcomes depending on the
patient-specific HLA background and the peptide fragments generated during antigen processing (Creary et al.,
2019; Jurtz et al., 2017).

When designing therapeutic sequences, minor amino acid substitutions can significantly alter
peptide-HLA binding landscapes, especially since the HLA system comprises over 20,000 alleles. Although the
primary biological function may remain intact, small sequence changes can increase antigen presentation, trigger
immune activation, and reduce therapeutic efficacy. Therefore, immunotherapeutic sequence design requires
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optimization strategies that reduce unintended immune visibility while preserving the structural and functional
properties required for therapeutic performance (Zinsli et al., 2020).

Predicting and Optimizing Immune Evasion

Immune evasion is the ability of pathogens/therapeutic sequences to escape detection and suppression
by the host’s immune system by reducing immune-triggering features, preserving structural integrity (Hamelin
et al., 2025; Wec et al.,, 2021). In therapeutic engineering, immune evasion is important because unintended
immune recognition can reduce treatment durability, increase anti-drug immune responses, and limit the
effectiveness of personalized biologics. The goal is not simply to change the sequence, but to reduce
immune-triggering features while maintaining the original therapeutic structure and function (Parker et al.,
2010; Zinsli et al., 2020).

Accurate prediction of immune evasion is essential prior to sequence modification, as optimization
strategies rely on quantitative immune-risk estimation to guide rational amino acid substitutions (Calis et al.,
2013; Jurtz et al,, 2017). Prediction provides the baseline immune-risk profile of a therapeutic sequence,
identifying regions that are more likely to contribute to peptide-HLA binding, antigen presentation, and
downstream immune activation. Without accurate prediction, optimization can introduce sequence changes
that appear beneficial numerically but fail to preserve biological feasibility (Jurtz et al., 2017; Yewdell, 2006).

By optimizing therapeutic sequences, predicted HLA binding affinity can shift from strong (<50nM)
to weak (>500nM) binding thresholds, reducing immune visibility by over an order of magnitude (Aleksic et al.,
2012). These threshold changes are important because strong peptide-HLA binding is associated with increased
likelihood of antigen presentation, while weaker binding can reduce the probability of immune recognition.
However, optimization must remain constrained because excessive or poorly selected substitutions can alter
structural topology or disrupt functional domains (Dellas et al., 2021; Sidney et al., 2008).

Current approaches treat prediction and optimization as sequential or loosely coupled steps, lacking
unified constraint-aware modeling across immunogenic, structural, and contextual dimensions. This introduces
epitope trade-ofts, structural drift, and loss of functional robustness, limiting translational feasibility even when
predicted immune evasion scores improve. A background problem in this field is therefore the need for
optimization methods that evaluate immune risk, structural preservation, and contextual biological constraints
together rather than as isolated endpoints (Wec et al., 2021; Zinsli et al., 2020).

Artificial Intelligence
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Deep Learning is an A.I. & machine learning subset method that uses neural networks to achieve high
levels of accuracy (Li et al., 2021; Rives et al., 2021). In biological sequence modeling, deep learning is useful
because immune recognition depends on patterns distributed across amino acid sequences, structural features,
and biological context. These patterns may involve long-range residue relationships that are difficult to capture
using only local scoring rules or single-objective prediction methods (Rives et al., 2021; Vaswani et al., 2017).

Transformer-based multimodal neural network can interpret long-range sequence dependencies to
understand cross-modality immune interactions within therapeutic designs (Liang et al., 2024; Vaswani et al.,
2017). Transformer architectures use attention mechanisms to evaluate relationships between sequence
positions, allowing the model to identify regions that contribute strongly to immune-risk predictions. In
multimodal immunotherapeutic design, this allows sequence information, structural properties, immune labels,
and contextual biological features to be represented together in a unified learning framework (Liang et al., 2024;
Vaswani et al., 2017).

By integrating multiple biological modalities, artificial intelligence can support immune-evasion
prediction and optimization beyond peptide-HLA binding alone. A multimodal framework can learn
coordinated immune-activation signatures across genomic, structural, epigenetic, contextual, sequential, and
immunological information, allowing targeted amino acid substitutions that reduce predicted immune
recognition while maintaining structural stability and functional domain integrity (Das et al., 2025; Kumar et
al,, 2024).

OBJECTIVES

To address rapidly evolving diseases and the growing demand for personalized biologic therapies, there
is a need for precise and scalable design of therapeutic sequences that reduce immune recognition while
maintaining structure (Cao et al., 2024; Kumar et al., 2024; Liu et al., 2025; Sold & Griebenow, 2010). Current
approaches often evaluate immunogenicity in isolation, failing to account for coordinated biological
interactions and leading to unintended immune activation and costly redesign cycles.

This research will develop a tool, InmunoGenAlI, that demonstrates that understanding underlying
patterns of immune evasion across coordinated biological dimensions will lead to context-aware immune
optimization with structurally stable and functionally viable personalized therapeutic devices.

ImmunoGenAI will be created under the design criteria of a model trained on a variety of independent
biological modalities and diverse patient-specific immune-structural conditions. It learns biological
(cross-modal immune regulation dynamics) & structural (protein-immune interaction constraints) vs. industry
methods. It accepts protein or structure input < 5 minutes per sequence inference/optional manual feature
engineering (E2E).
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Primary Endpoints

Increase immune evasion prediction and optimization accuracy, maintain structural stability (RMSD
below threshold), reduce false-positive immune activation signals, reduce epitope density, validate performance
across independent cohorts and population HLA diversity.

Secondary Endpoints

Maintain cross-modal regulatory coherence, preserve native structural topology, prevent unintended
increases in antigen presentation or immune activation.

SOLUTION

ImmunoGenAIl utilizes modality-specific neural network encoders, including contrastive and
transformer architectures, to project biological inputs into unified latent representations. It formulates the
acquisition of underlying immune patterns & grasps evolutionary conserved motifs within therapeutic
sequences (Hayes et al., 2024). Additionally, it uses transformers to learn relationships between biologically
distant sequence positions and hierarchical interactions across therapeutic sequences. Finally, it utilizes industry
standard immunogenicity and structural stability metrics to ensure confidence in immune evasion predictions
and optimizations (Jumper et al., 2021).
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Figure 1
Overview of user workflow for ImmunoGenAIl multimodal deep learning processing pathway.
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Note. The pipeline starts with input therapeutic sequence data and advanced multimodal contextualization,
including secondary structure, binding partner, HLA genotype, cell type, methylation level, patient age, clinical
outcome, and design weights. The prediction/optimization stage applies risk scoring, constraint weighting, and
iterative redesign to generate optimized constructs with structural RMSD and functional preservation while
back translating to DNA/RNA. The model creation workflow includes data preprocessing and planning, data
encoding and feature creation, transformer-based latent embedding alignment, fusion concatenation, and

calibration and constraint integration with regularization.
IMPLEMENTATION

Model training dataset

For ImmunoGenAl, we used key datasets from the National Institutes of Health (NIH), Immune
Epitope Database (IEDB), RCSB Protein Data Bank (PDB), AlphaFold, TCGA, GEO, and the Pan-Cancer
Atlas (Jumper et al., 2021). These sources formed the raw biomedical dataset foundation for the project and
were used to create curated multimodal datasets containing 33.28 billion rows and over 2TB of biological data.

We turned raw biomedical data into a clean dataset through a structured compilation process. First, we
performed human-only sequence filtering by retaining only human-derived sequences, specifically
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Homo-Sapiens sequences. This ensured that the model was trained on biologically relevant human data rather
than mixed-species inputs that could introduce noise into immune prediction and therapeutic sequence
optimization.

After filtering, we removed redundant proteins and sequences shorter than S0 amino acids. This step
eliminated fragments, stabilized training inputs, and reduced noise through the preprocessing script. We then
performed dataset harmonization by converting heterogeneous structures to JSON so that different types of
biomedical data could be stored and processed in a consistent format across the pipeline.

Because the datasets exceeded conventional memory limits at over 2TB, we indexed large datasets for
efficient streaming access. The major roadblock was that the datasets were too large for conventional processing,
so we used an engineering solution of chunk processing to cluster data/sequences. This allowed the dataset to be
processed in manageable sections while still preserving access to the full multimodal dataset.

The final compilation workflow moved from raw biomedical datasets into human-only sequence filtering,
dataset harmonization, redundancy and fragment removal, and feature extraction. Feature extraction included
CIBERSORTx and pVACseq, allowing the cleaned dataset to support downstream immune profiling,
neoantigen prediction, and multimodal ImmunoGenAI model development (Kumar et al., 2024; Zhang et al.,
2025).
ENCODING
Figure 2
The Encoding Procedure of the ImmunoGenAI Integration.
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Note. Panel A shows a series of each numeric expression of a feature matrix and conversion into a vectorized
layout for each encoder. Panel B analyzes the multimodal transformer-based architecture characterized by each
encoder.

Next, sequences were transformed into numerical representations using multimodal encoding.
Biological features—including sequence information, structural properties, and immunological context—were
vectorized and processed using transformer-based neural network encoders to capture relationships between
amino acid positions and immune-relevant patterns.

Multimodal Feature Vectorization transforms six heterogeneous datasets into structured numerical
feature vectors, allowing different biological modalities to be represented in a unified machine-learning
compatible format. Genomic, Epigenetic, Structural, Contextual, Immune, and Sequence features were
represented through a Feature Matrix and Vector Extraction process.

Sequence Tokenization converts biological sequences into discrete token representations by mapping
each residue to a fixed vocabulary of the 20 canonical amino acids, allowing protein sequences and immune
alleles to be processed by transformer-based neural encoders.

Through the application of Representation Learning, the encoded biological modalities were processed
through Learned Embedding, Multi-Head Self-Attention, Transformer (x3), Global Attention Pooling, Layer
Norm, and Modality Latent Vector. This encoding procedure allowed sequence information, structural
properties, and immunological context to be represented in a unified machine-learning compatible format while
capturing relationships between amino acid positions and immune-relevant patterns.

Fusion Architecture and Prediction

A fusion model was then trained to integrate these modalities and predict immunogenicity scores.
Training was performed using a train/dev/test split, with hyperparameter tuning and regularization techniques
applied to ensure generalization and stability. Inputted sequence would process under each individual layer,
including the 6 encoders and the Fusion network to create the final Immune evasion score from 0-1. Predicted
score is evaluated from specific constraint engineering features that let InmunoGenAl be tailored to the patient.
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OPTIMIZATION

Figure 3
The optimization procedure layout of ImmunoGenAl translating and gradient-guided generation for therapeutic
sequences that are more effective in controlling immune evasion sustainability.
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Note. Panel A utilizes gradient sensitivity to identify mutation-prone positions influencing immunogenicity
across sequences including the canonical amino acid representations. Panel B describes the mutation landscape
which evaluates sequence changes impacting immune evasion score distribution.

Gradient-guided attribution reveals how sensitive the model’s prediction is to each amino-acid position.
Iterative mutation search explores candidate variants across sequence positions relative to the initial
input sequence (up to 100 variants). Model scoring guides selection toward higher predicted immune-evasion

sequences.

More possible mutations result in a “more complex” search space at the expense of computation.
Fine-tune mutation constraints to balance exploration & convergence while preventing overfitting &

underfitting.
STATISTICAL ANALYSIS

We conducted an in-depth statistical data analysis to quantify and verify the performance of my tool. A
broad, robust test set of 258 therapeutic sequences + a benchmark set of 20 well-characterized proteins and
structurally validated immunogenic motifs with established immunogenic profiles were used.
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RESULTS

We use multiple previously established metrics such as the immunogenicity score, epitope density,
distribution of HLA coverage, structural preservation, optimization efficiency, and modality ablation study.

Figure 4
ImmunoGenAl significantly improves immune evasion scores
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Note. ImmunoGenAl significantly improves immune evasion scores when compared to original sequences on a
test subset of n=278. ImmunoGenAlI increased immune evasion scores from p = 0.520 to p = 0.839 (~61%
improvement), with highly significant statistical difference (p = 5.64 x 107°). The y-axis is the immunogenicity
score on a scale of 0-1. The open points outside the InmunoGenAI Box and Whisker Plot are outliers that are
beyond 1.5 times the interquartile range. The horizontal divisions present in each box (from top to bottom) are
the upper whisker, 3rd quartile, median, 1st quartile, and lower whisker.

Immune evasion score

As noted in previous studies, immune evasion can preserve structural and functional integrity of
therapeutic efficacy. Figure 4 demonstrates that ImmunoGenAl increased immune evasion from 0.520 + 0.276
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to 0.839 + 0.046 on the 278-sequence test dataset. Extrapolating this shift suggests a substantial improvement in
predicted immune modulation compared to the original sequences with a benchmark improvement of 43.1%
and an average improvement of 61.27% across the full test dataset. This shows that InmunoGenAT’s results
were statistically significant (p<0.0001) in predicted immunogenicity scores while maintaining ideal values for
other metrics.

Secondary endpoints

The secondary endpoints were evaluated across the benchmark dataset sequences (n=20).
ImmunoGenAl maintains native structural topology and preserves conformational integrity throughout
optimization. Structural deviation is minimal, with an average RMSD of 0.48 A observed across the benchmark
set (n=20). This indicates negligible backbone displacement and confirms that immune modulation is achieved
without destabilizing tertiary architecture or disrupting broader multimodal biological consistency. These
metrics compare ImmunoGenAl immunogenicity prediction approaches to 5 other industry standard tools.
The results display that InmunoGenAlI achieved the highest median immune evasion score and most consistent
optimization across all evaluated sequences.

Figure 5
ImmunoGenAlI Significantly Improves the Normalized Immune Evasion Scores
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Note. ImmunoGenAl significantly improves the normalized immune evasion scores where the lighter shaded
boxes indicate the original sequence and the darker shaded boxes indicate the optimized sequences being
re-predicted from each tool. Box and Whisker Plot (n=20) comparing immune evasion with legend indicating

the color for each prediction sequence.

Figure 6
ImmunoGenAI and other Immune Evasion Predictors on Epitope Density
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Note. ImmunoGenAI and other immune evasion predictors on the epitope density of the simulated regions
where light indicates the original sequence and the dark indicates the optimized sequence. Box and whisker plot
(n=20) comparing the epitope density of each original and optimized method. InmunoGenAlI produced the
lowest median epitope density, indicating reduced predicted immunogenicity compared with existing methods.

Immune-evasion score was used to evaluate the predicted ability of optimized therapeutic sequences to
reduce unintended immune recognition. Higher immune-evasion values indicate stronger predicted reduction
in immune-triggering features. Epitope density was used as a complementary metric to quantify the relative
burden of predicted immunogenic peptide regions after optimization. Lower epitope density indicates fewer
predicted immune-visible regions within the optimized sequence set. The mean immune-evasion score for each
method is depicted in Figure 5, and the calculated epitope density for each method is depicted in Figure 6.
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Note. Structural preservation and RMSD comparison across optimization methods in Box and whisker plot
(n=20 benchmark proteins). Light-shaded boxplots represent TM-score, where higher values indicate greater
structural similarity, and dark-shaded boxplots represent RMSD, where lower values indicate less structural
deviation. ImmunoGenAlI achieved the highest median TM-score and the lowest RMSD compared to the other
tools, while all other tools were assessed using their internal prediction algorithms with their corresponding
optimization methods as indicated in the legend.

Structural preservation was evaluated to determine whether sequence optimization maintained the
original therapeutic protein framework. Template Modeling Score (TM-score) was used to quantify structural
similarity between original and optimized protein structures, while Root Mean Square Deviation (RMSD) was
used to measure the average distance between corresponding backbone Ca atoms. Higher TM-score values and
lower RMSD values indicate stronger preservation of native structural topology. The structural preservation and
RMSD comparison for each optimization method is depicted in Figure 7.
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Figure 8
ImmunoGenAI Technique Yields Significantly Improved Optimization Efficiency
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Note. ImmunoGenAlI technique yields significantly improved optimization efficiency compared to the other
tools, while all other tools were assessed using their internal prediction algorithms with their corresponding
optimization methods as indicated in the legend. Optimization efficiency was measured as A immunogenicity
per mutation, where more negative values indicate a greater reduction in predicted immunogenicity for each
amino acid substitution introduced. Box and whisker plot (n=20) comparing the optimization efficiency with
legend indicating each optimization method derived from the primary prediction tool.
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Figure 9
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Note. InmunoGenAlI technique yields improved normalized population coverage across diverse set of HLA
allele coverage. Higher normalized coverage values indicate broader predicted HLA allele representation across
population-level immune presentation contexts. Box and whisker plot (n=20) comparing population coverage
with legend indicative of each prediction method with respective prediction tools.

Optimization efficiency was evaluated by comparing the change in predicted immunogenicity relative
to the number of sequence modifications introduced (Doud & Bloom, 2016; Parker et al., 2010). This metric
was used to determine whether immune-evasion improvements required extensive mutation or could be
achieved through targeted amino acid substitutions. Population HLA coverage was evaluated to estimate how
broadly the optimized sequences maintained predicted performance across diverse HLA presentation contexts.
The optimization efhiciency for each method is depicted in Figure 8, and the estimated population-level HLA
coverage is depicted in Figure 9.
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Table 1
The Evaluation Dataset Included 258 Therapeutic Protein Sequences, and 20 Benchmark Proteins with Validated
Immunogenic Profiles

P01308 Insulin

P01241 Somatotropin

P01588 Erythropoietin

P01563 Interferon alpha-2

P01375 Tumor necrosis factor

P05013 Interferon alpha-6

P60568 Interleukin-2
Granulocyte-macrophage

P04141 colony-stimulating factor
Vascular endothelial growth factor A, long

P15692 form

P09919 Granulocyte colony-stimulating factor

P02763 Alpha-1-acid glycoprotein 1
Complement C1q subcomponent subunit

P02745 A

P02647 Apolipoprotein A-l

P02765 Alpha-2-HS-glycoprotein

P04004 Vitronectin

P01009 Alpha-1-antitrypsin

P69905 Hemoglobin subunit alpha

P68871 Hemoglobin subunit beta

P00918 Carbonic anhydrase 2

P61626 Lysozyme C

Note. The evaluation dataset included 258 therapeutic protein sequences from the Therapeutic Targets
Database (TTD) and 20 benchmark proteins with validated immunogenic profiles, enabling robust statistical
assessment and generalization beyond standard curated datasets.
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Figure 10
Structural Topology Comparison of Benchmark Proteins
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Note.
Depicted are structural topology comparisons of benchmark proteins (Original [Red] vs. ImmunoGenAl
Optimized [Blue]). Each of the benchmark sets was simulated in 3D using the TM-align tool. ImnmunoGenAlI
preserves protein structural integrity during optimization, as shown by strong overlap between original and
optimized structures across multiple therapeutic proteins.
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Sequence Evaluation

ImmunoGenAlI does not introduce indiscriminate sequence alterations. Although targeted amino acid
substitutions are introduced to modulate immunogenicity, epitope architecture and structural integrity are
largely preserved. Across the 278-sequence test dataset, the model maintained ~88% peptide-HLA (Jaccard’s
coefhicient) identity while achieving substantial immune modulation.

Figure 11

ImmunoGenAI across different sequence evaluation metrics.
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Note. Panel A illustrates the distribution of backbone RMSD scores across the benchmark set (n=20), with the
dashed vertical red line indicating the median RMSD score of 0.48 A. Panel B depicts the population shift in
predicted immune evasion scores between original and ImmunoGenAl-optimized sequences across the
benchmark set (n=20), where the optimized sequence distribution shifts toward higher immune evasion scores.
Panel C compares baseline immunogenicity scores to ImmunoGenAl-optimized scores across all therapeutic
proteins, showing that underlying pattern and context are preserved while overall immune evasion scores
increase. Improvements are not uniform across therapeutic proteins, indicating that optimization respects
intrinsic immunogenic architecture. The simulation was evaluated from a full test set (n=278). Panel D shows a
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leave-one-modality-out ablation study, where removal of each encoder decreases model performance compared
to the full multimodal model, supporting the purpose of incorporating all six encoders. The y-axis represents the
mean predicted immunogenicity score for each outcome.

OPTIMIZATION OUTCOMES

An important observation is that optimization effects were not uniform across all therapeutic proteins,
suggesting that immunogenicity is highly context-dependent and influenced by intrinsic sequence architecture.
The ablation study further highlights that each modality contributes uniquely to overall performance,
confirming that multimodal integration is critical for balanced optimization.

A mild trade-oft between mutation count and immune evasion was observed; however, most sequences
required only 1-3 mutations, demonstrating that significant improvements can be achieved efhiciently without
excessive sequence modification. Additionally, due to the scale and heterogeneity of biological datasets,
processing pipelines were adapted to ensure complete and unbiased analysis across all sequences.

Overall, ImmunoGenAlI advances current approaches by enabling constraint-aware, sequence-level
control of immune recognition. Unlike existing methods that optimize single objectives, this framework
identifies key sequence regions that drive immunogenic responses and selectively modifies them to minimize
unintended immunogenic effects while improving therapeutic and vaccine sequence efficacy (Zhang et al., 2025;
Zhao & Wang, 2025).

CONCLUSION

In this paper, we introduce ImmunoGenAl, a multimodal deep learning tool that uses prediction and
optimization algorithms to improve the immune evasion of a therapeutic sequence. We find that deep learning is
particularly effective in enabling precise, sequence-level control of immune recognition by identifying and
modifying key regions that drive immunogenic responses. By reducing unintended immunogenic peptide
formation while preserving structural integrity, ImmunoGenAlI improves therapeutic reliability without

requiring extensive sequence modification.

This research demonstrates that sequences learned by a multimodal transformer neural network
undergo selection more aligned with human immune presentation patterns, thereby increasing immune evasion
beyond the industry standard. ImmunoGenAl significantly enhances immune compatibility in synthetic
immunotherapeutic design for the same structural framework, development time, and manufacturing resources
— enabling safer, longer-lasting personalized therapies which help save lives.



sc H 0 I_ARI_Y SCHOLARLY REVIEW JOURNAL
L REVI EW E-ISSN: 2996-8380

Published by Leadership € Innovation Lab

FALL 2026

ImmunoGenAlI exceeded the claim and met all of the engineering endpoints by significantly increasing
immune evasion and reducing unintended antigen presentation while preserving structural stability.
ImmunoGenAl outperforms 5 other immune prediction tools and their corresponding optimization methods,
including industry-standard IEDB immunogenicity prediction scores.

ImmunoGenAl can deliver a 61.27% relative improvement in immune evasion within the same
structural framework, improving immunotherapeutic design efficiency. Therapy cost can be reduced due to the
increase in efficiency. Case study conducted on Monoclonal Antibody (mAb) Therapies & other benchmark
sequences (Lim et al., 2022; Sold & Griebenow, 2010). ImmunoGenAl can be applied to therapeutic biologics
developed for diseases such as COVID-19, Cancer, autoimmune disorders, and genetic enzyme replacement
therapies (Cao et al., 2024; Greaney et al., 2021; Liu et al,, 2025).

ImmunoGenAl can be applied across a wide range of biomedical domains, including cancer
immunotherapies, infectious disease vaccines (e.g., COVID-19), autoimmune disorder treatments, and enzyme
replacement therapies. In cancer immunotherapy and infectious disease vaccines, InmunoGenAlI can modulate
antigen-derived peptide repertoires by reducing high-affinity HLA-binding epitopes or enhancing desired
immunodominant regions, thereby refining T-cell activation profiles and improving specificity of immune
targeting. In autoimmune and enzyme replacement therapies, it can selectively disrupt self-reactive epitope
formation to minimize aberrant immune activation and anti-drug antibody responses, while preserving protein
function and physiological activity across diverse therapeutic contexts. By redesigning existing biologics and
guiding the development of new ones, it ofters a pathway toward more precise and personalized treatments.

ImmunoGenAl decreases the likelihood of unintended immune recognition as opposed to
industry-standard optimization techniques. The emergence of compensatory epitope hotspots and anti-drug
antibody formation is mitigated through coordinated, context-aware multimodal optimization. This is
paramount because some therapeutic proteins may inherently contain localized immunogenic regions that
require coordinated modulation to prevent compensatory immune amplification during optimization (Fig. 11).

Beyond improving biological performance, this approach has the potential to reduce development costs
and accelerate therapeutic design by minimizing trial-and-error optimization. Overall, ImmunoGenAlI
represents a new paradigm in immunotherapeutic engineering, where targeted, constraint-aware sequence
optimization can systematically reduce unintended immune recognition while enhancing treatment efficacy.

Future work will extend ImmunoGenAl to optimize additional regulatory regions, including
untranslated regions (UTRs), to further refine control over antigen expression and immune presentation.
ImmunoGenAlI can be scaled up even more by adding more parallel computing and training for a longer period
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of time. Developing an ImmunoGenAl research API will allow researchers to submit HTTP requests to predict
and optimize therapeutic protein sequences, improving accessibility to the tool. Applying transfer learning on
ImmunoGenAl with additional population-scale HLA datasets and disease-specific immunogenicity data can
enhance adaptability across therapeutic domains. Industry collaboration and licensing opportunities, along with
lab testing of ImmunoGenAl, can improve confidence and provide external validation. Together, these results
position ImmunoGenAl as a scalable tool for frontier immunotherapeutic design.
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