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ABSTRACT 

Synthetic peptide immunogens based on B-cell epitopes from protein antigens are key to peptide 
vaccine design. Experimentally validated epitopes can be quite long, and not all residues might be 
significant for binding. Immunogenic cores can be identified so synthesis will focus on the 
relevant amino acid sequences. An immunoinformatics approach was done using online servers 
such as AllerTOP v.2, VaxiJen, IEDB, and Protein-Sol to evaluate the allergenicity, antigenicity, 
flexibility, accessibility, hydrophilicity, and solubility of B-cell epitope sequences of HAPP (Human 
Amyloid-Beta Precursor Protein). The immunogenic sequences underwent docking using 
GalaxyPepDock and validation using MolProbity, while PRODIGY was used to determine the 
binding energies of the identified sequences with select antibodies. Five immunogenic cores were 
determined: 682EVHH685 was identified via structure similarity, 675FRHDSGY681 and 
694DVGSNKG700 via flexibility analysis, and 675FRHDSGYEVHH685 and 694DVGSNK699 identified via 
surface accessibility. All immunogenic cores exhibited spontaneous binding with antibodies, and 
also demonstrated comparable or even increased binding strength compared with the source 
epitope. These findings suggest that there are potential immunogenic cores found in HAPP, which 
can be potentially used for more efficient peptide vaccine design. 
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INTRODUCTION 

Dementia, as a disease, is characterized by a decline in the cognitive function and performance of 
a person to the point of interfering with their ability to fulfill their usual activities (Haque and 
Levey 2019). This condition can be characterized as either Alzheimer’s Disease (AD) dementia, 
or all cause dementia, which covers all other types of dementia. AD represents the majority of 
dementia cases, and its frequency increases with age (Barker et al. 2002). Currently, the leading 
hypothesis explaining its pathophysiology is the formation of neurotoxic plaques from the 
amyloid β-protein (Aβ hypothesis) caused by the imbalance between production and clearance 
of Aβ42 and other related Aβ proteins (Selkoe and Hardy 2016). Thus, the promotion of clearance 
of this protein is a potential therapeutic intervention for AD. 

The sequential cleavage of the human amyloid- β precursor protein (HAPP) by β-secretase and 𝛾-
secretase results in the formation of the Aβ peptide (Abubakar et al. 2022). All known dominant 
mutations that cause early-onset AD are found either in the protease (presenilin) of the reaction 
that generates Aβ or on the substrate itself (HAPP) (Selkoe and Hardy 2016). As such, one way by 
which early-onset AD may be prevented is via the elimination of cells in the circulatory system 
(peripheral sink) in which HAPP is overexpressed in order to promote Aβ clearance in both the 
brain interstitial fluid (central sink) and the cerebrospinal fluid (CSF sink), following the “three-
sink therapeutic strategy” (Schreiner et al., 2022).  

Clearance of HAPP, Aβ, and Aβ related peptides may be achieved via small molecules and similar 
therapies (Cheng et al., 2020) or via immunotherapy (Song et al. 2022). Immunotherapy against 
Alzheimer’s may be achieved via peptide-based vaccine constructs (Malonis et al., 2020) that 
elicit a more complete immune response involving T-cells and B-cells, or via the use of 
monoclonal antibodies produced by B-cells that can slow down the progression of AD and 
promote Aβ clearance (Qiu et al. 2023). Eliciting the production of these antibodies requires the 
activation of B-cells via the interaction of B-cell receptors with specific sequences within antigens 
known as epitopes (Akbar et al. 2021). These epitopes, despite being part of the entire antigenic 
sequence, can be synthesized into discrete peptides that still elicit the same response as the whole 
protein in its native state (Camacho, et.al., 2008). This provides the groundwork for the use of 
epitopes in peptide-based vaccines and other peptide immunogens. B-cell epitopes, upon eliciting 
antibody production, eventually bind to complementary sequences in the antibody known as 
paratopes (Akbar et al. 2021).  

B-cell epitopes have traditionally been identified by empirical means, particularly via 
immunoassays, and are archived thereafter in the Immune Epitope Database (IEDB) (Martini et 
al. 2020). The experimentally validated epitopes stored in this database have varying lengths, and 
not every residue found within them might be responsible for the observed immune response, 
because some sequences are more immunodominant than others (Abbott and Crotty 2020). This 
means that certain sequences are better at eliciting an immune response and may already be 
enough to elicit the production of antibodies. The synthesis and use of these sequences for 
immunotherapy and immunodiagnostics in lieu of their source epitopes could prove more 
efficient. In this study, we define such sequences as immunogenic cores. 

Technological progress has enabled computer-aided tools to become widespread in biochemical 
research. Computational tools have aided rational and efficient drug design (Macalino et al. 2015), 
elucidated mechanisms on the actions of peptide immunogens (Duay et al. 2023), and enabled 
epitope mapping and vaccine design via immunoinformatics (De Groot et al. 2020). The use of 
these in silico tools have accelerated many aspects of research on different kinds of therapeutics 
and allows for the more efficient use of time and resources before experiments are carried out in 
vitro, ex vivo, and in vivo.  
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This study provides a biochemical exploration on the potential immunogenic cores found in HAPP 
via an immunoinformatics approach. Identified immunogenic cores are verified via molecular 
modelling and docking. These immunogenic cores should have comparable binding energy and 
dissociation constants with their source epitopes and could eventually provide a basis for in vivo 
immunogenicity using only those sequences. 

METHODS 

Materials and Software. The entirety of this study was done in silico using freely available and 
accessible webservers. Experimentally validated peptide epitopes were obtained from the 
Immune Epitope Database (IEDB) by using the search query “Linear Peptide + B-cell Positive 
Assays + Alzheimer’s Disease (ID: 10652). Focus was given on epitopes from HAPP (UniProt: 
P05067). The resulting peptide epitopes underwent further immunoinformatics analysis. 

Testing for Allergenicity. Potential peptide immunogens for eventual vaccine design need to be 
non-allergenic in order to prevent severe side-effects. The potential allergenicity of candidate 
peptides was tested via AllerTOP v2.0 (Dimitrov et al. 2014) a webserver that determines 
allergenicity via comparison of the structure and sequence of a given peptide with known 
allergens. Peptides that are deemed allergenic did not undergo further analysis. 

Testing for Water Solubility. Solubility in aqueous systems is necessary for potential peptide 
immunogens that will be used in physiological environments. Water solubility of these potential 
peptide immunogens was evaluated via Protein-Sol (Hebditch et al. 2017), a webserver that 
determines both the water solubility and isoelectric point of a peptide given its sequence. 
Peptides that are not soluble in water and have an isoelectric point equivalent to the physiological 
pH (7.35-7.45) (Hopkins, et. al., 2024) did not undergo further testing. 

Identification of Potential Immunogenic Cores. There is a total of six linear B-cell prediction 
software found on the IEDB webserver, and another software found on a different webserver. 
Broadly, the algorithms they employ to determine immunogenicity can be grouped into three. 
The first group relies on structure similarity with known antigens. The second group utilizes 
flexibility analysis to determine immunogenic sequences, and the last group identifies 
immunogenicity via analysis of water accessibility. The remaining peptide epitopes that are non-
allergenic and water-soluble were analyzed using these webservers to determine the potential 
immunogenic cores within each epitope by finding the consensus sequences in each group. In all 
of these tools, the default settings found in the webservers were used. 

Via Structure Similarity. There are 3 algorithms that utilize structure similarity with known 
antigens to determine the antigenicity of a peptide sequence. These are: VaxiJen (Doytchinova 
and Flower 2007), BepiPred 2.0 (Jespersen et al. 2017), and Kolaskar-Tongaonkar Antigenicity 
Prediction (Kolaskar and Tongaonkar 1990).  

Via Flexibility Analysis. Flexibility is an important parameter that determines the potential 
antigenicity of a given sequence since it provides the ability to adopt different conformations 
necessary for binding. This can be measured by the Chou & Fasman Beta-Turn Prediction Tool 
(Chou and Fasman 2006) and the Karplus & Schulz Flexibility Prediction Tool (Karplus and Schulz 
1985).  

Via Surface Accessibility. Antigenic sequences need to be on the surface of the antigen so that they 
are accessible by B-cell receptors. A good measure of surface accessibility is the degree of 
hydrophilicity of sequences on the surface of the protein. Tools to measure surface accessibility 
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include the Parker Hydrophilicity Scale (Parker, et.al., 1986) and the Emini Surface Accessibility 
Prediction (Emini et al. 1985).  

Collection and Preparation of Antibody Structures. Currently, no tool exists that can predict the 
sequence and structure of the specific B-cell receptors that will bind to B-cell epitopes. This is 
circumvented by using the structures of experimentally verified antibodies, since the structures 
of antibodies closely resemble the B-cell receptors that triggered the maturation of a naïve B-cell 
into a mature plasma cell (Alberts et al. 2002). Five antibody structures developed against 
Alzheimer’s disease (Qiu et al. 2023) were obtained from the Research Collaboratory for 
Structural Bioinformatics- Protein Data Bank (RCSB- PDB). These are Aducanumab (PDB ID: 
6CNR), Crenezumab (PDB ID: 5VZX), Gantenerumab (PDB ID: 5CSZ), Ponezumab (PDB ID: 3U0T), 
and Solanezumab (PDB ID: 4XXD). The first two antibodies are both present in PDB as their free 
form, but the structures of the last three antibodies are in complex with some Aβ peptide 
fragments. These fragments were removed via iCn3D (Wang et al. 2020), and the energy of the 
modified structure was minimized using UCSF Chimera (Pettersen et al. 2004). This was done by 
clicking “Tools” and selecting “Minimize structure”, with the parameters being as follows: a) 
Steepest descent steps: 100; b) Steepest descent step size (Å): 0.02; c) Conjugate gradient steps: 
10; d) Conjugate gradient step size (Å): 0.02; e) Update interval: 10; and f) no fixed atoms and 
finally executing the “Minimize” command.  

Modelling of Antibody-Peptide Interactions. The interactions between the identified potential 
immunogenic cores and the antibodies were modelled using the GalaxyPepDock webserver (Lee 
et al. 2015). This is a freely accessible tool that performs similarity-based docking by utilizing 
experimentally validated structures available in databases as templates, then uses energy-based 
optimization that permits structural flexibility. This enables the webserver to perform interaction 
modelling without expending too much computational power. The structures of the antibody-
peptide complexes generated by GalaxyPepDock were validated by getting the percentages of 
Ramachandran favored residues using MolProbity (Williams et al. 2018). The Root Mean Square 
Deviation (RMSD) between the solved antibody protein structure and the antibody-peptide 
complex was generated via iCn3D. 

Determination of Binding Energy and Dissociation Constants. The modelled protein-peptide 
interactions generated by GalaxyPepDock were then evaluated for binding energy through the 
PRODIGY webserver (Xue et al. 2016). This allows for the determination of the antibody-epitope 
pairs that exhibit the most spontaneous binding and forms the strongest complexes. It also 
verifies the presence of immunogenic cores by comparison of their binding strength compared 
with the source epitope. For immunotherapy, determination of binding energy was done at 
human body temperature (37°C), but since antibodies can also be used for immunodiagnostics 
(Tabll et al. 2024), measurement was also done at room temperature (25°C). 

Residue Interaction Analysis. iCn3D was used to determine the specific residues within the 
antibody-epitope complex that interact with one another. The number and the type of 
interactions were also determined and illustrated via a 2-dimensional interaction map, and the 
numbers and types of residues were summarized for correlation with binding behavior. This 
entire workflow is summarized in Figure 1. 
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Figure 1. Overview of the immunoinformatics workflow employed in this study. 

RESULTS AND DISCUSSION 

Results of Allergenicity and Water Solubility Analysis of Linear B-cell Epitopes. Following the 
query indicated in the methods section, a total of 81 epitopes from 4 different antigens were 
obtained. Filtering further for those found only in Homo sapiens yields 45 epitopes, and limiting 
them to those found only in HAPP reduces it to 43 epitopes. Testing for allergenicity and water 
solubility reduces the count to the final 16 epitopes, which are summarized in Table 1. These are 
the epitopes that underwent further immunoinformatics analysis.  
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Table 1. Non-allergenic, water-soluble, experimentally validated linear B-cell epitopes 
from HAPP obtained from IEDB. 

Epitope ID Sequence 
7493 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA 
99921 DAEFRHDS 
99922 DAEFRHDSGY 
103097 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVV 
157148 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIATVIVITLVMLKKK 
157151 DAEFRHDSGYEVHHQKLVFFAKDVGSNKGAIIGLMVGGVVIA 
157152 DAEFRHDSGYEVHHQKLVFFAQDVGSNKGAIIGLMVGGVV 
157191 EFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA 
157223 EVHHQKLVFFAEDVGSNKGAIIGLMVGGVV 
157224 EVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA 
157292 GAIIGLM 
100097 HDSGYEVHHQ 
100216 KLVFFAEDVG 
100217 KMDAEFRHDS 
100606 VHHQKLVFFA 
100611 VKMDAEFRHD 

 
Potential Immunogenic Cores. Immunoinformatics analysis of these remaining epitopes 
revealed 5 potential immunogenic cores, summarized in Table 2. Structure similarity identified 
one epitope, while the analysis of both flexibility and surface accessibility identified 2 cores each. 
Their sequences, length, and location as part of the full tertiary structure of HAPP are also 
presented in Figure 2. 

Table 2. Identified potential immunogenic cores found in the remaining epitopes. 

Method Start End Length Sequence 
Via Structure 
Similarity 

682 685 4 EVHH 

Via Flexibility 675 681 7 FRHDSGY 
694 700 7 DVGSNKG 

Via Surface 
Accessibility 

675 685 11 FRHDSGYEVHH 
694 699 6 DVGSNK 

 
Models of Antibody-Peptide Interactions. The interactions of these epitopes made into discrete 
peptides with known antibody structures are illustrated in Figures 3-7. All of these show the 
expected appearance of 2 heavy chains and 2 light chains in the antibodies, with the epitopes 
binding between one heavy and one light chain. This makes sense because an antibody’s 
complementarity-determining region (CDR) is often found within these areas (Goulet and Atkins 
2020). These CDRs contain the hypervariable sequences that make up the antigen binding 
interface, and they are responsible for the high specificity of the binding behavior of these 
antibodies to pathogens. These models of antibody-peptide interactions were validated via an 
assessment of their Ramachandran-favored residues using MolProbity, and the results are 
summarized in Table 3. Complexes with Ramachandran-favored residues of 95% or higher are 
considered acceptable. Only the antibody-peptide complexes that meet this criterion are 
subjected to further analysis. The 3 antibodies that generated reliable antibody-peptide models 
were analyzed for their RMSD between their solved protein structures and the docked structures 
using iCn3D. The resulting RMSD data are summarized in Table 4. 
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Figure 2. The location of each potential immunogenic core (green) in HAPP (magenta). The 
respective sequences are: (A) 672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; 
(C) 675FRHDSGY681; (D) 694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. HAPP 
structure obtained from AlphaFold (Jumper et al. 2021) and viewed via iCn3D. 

Binding Energy Determination. The spontaneity of the binding of a given ligand to a receptor 
can be determined by calculating the binding energy of the resulting complex. This is a method 
usually employed to provide supporting evidence for the immunogenicity of predicted epitopes 
via immunoinformatics since immunogenicity is predicated on whether spontaneous binding will 
occur (Fatoba et al. 2021). The results of these parameters at room temperature are given in Table 
5, which will be relevant if the epitopes are intended to be used for diagnostic purposes with 
HAPP as a biomarker. On the other hand, the results for the binding energy at human body 
temperature are given in Table 6, data that will be relevant if the epitopes are intended to be used 
for therapeutic purposes. The data show that all epitope-antibody pairs bind spontaneously and 
form stable antibody-peptide complexes as indicated by exergonic binding energies.  

Table 3. Results for Antibody-Peptide Model Validation using MolProbity 

Epitope 
Percent of Ramachandran-Favored Residues 

Aducanumab Crenezumab Gantenerumab1 Ponezumab1 Solanezumab 
672DAEFRHDSGY 
EVHHQKLVFFA 
EDVGSNKGA701 

97.12 98.87 76.57 77.60 98.15 

682EVHH685 98.36 98.95 77.95 75.66 98.45 
675FRHDSGY681 97.67 99.30 79.11 76.03 98.21 
694DVGSNKG700 97.67 98.72 78.79 78.02 98.10 
675FRHDSG 
YEVHH685 97.46 98.73 79.10 76.90 98.70 

694DVGSNK699 98.60 98.72 77.98 76.49 98.45 
No Bound 
Epitope 

97.64 95.33 98.56 98.09 96.89 

1 Antibodies that did not exhibit sufficient Ramachandran-favored residues when bound to an epitope. 
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Table 4. Results for RMSD Analysis using iCn3D 

Epitope 

Root Mean Square Deviation (Angströms)  
Aducanumab1 Crenezumab Solanezumab 
Heavy 
Chain 

Light 
Chain 

Heavy 
Chain 

Light 
Chain 

Heavy 
Chain 

Light 
Chain 

672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 0.7466 0.7408 1.215 1.142 1.684 1.566 
682EVHH685 0.7813 0.7539 1.132 0.8646 1.419 1.581 
675FRHDSGY681 0.7423 0.7658 1.157 1.157 1.636 1.746 
694DVGSNKG700 0.7355 0.7325 1.218 0.9650 1.536 1.397 
675FRHDSGYEVHH685 0.7586 0.7586 1.460 0.9723 1.581 1.611 
694DVGSNK699 0.7974 0.8123 1.117 0.8686 1.661 1.481 

1 Antibody that exhibited lowest RMSD between solved protein structure and docked protein structure. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Interactions of the heavy chains (blue) and light chains (magenta) of Aducanumab with 
the epitopes as discrete peptides (green). The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. Structures viewed via iCn3D. 

Table 5. Gibbs free energy change for each epitope-antibody pair at room temperature. 

Epitope 
Binding Energy (kcal mol-1) at 25°C 

Aducanumab1 Crenezumab Solanezumab 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 -17.9 -15.8 -15.2 
682EVHH685 -18.5 -17.4 -15.4 
675FRHDSGY681 -18.0 -17.0 -15.0 
694DVGSNKG700 -17.9 -15.4 -14.5 
675FRHDSGYEVHH685 -18.92 -16.4 -14.5 
694DVGSNK699 -17.8 -17.1  -16.0 

1 Antibody that exhibited the strongest binding across all epitopes. 
2 Epitope with the highest binding strength to Aducanumab. 
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Figure 4. Interactions of the heavy chains (magenta) and light chains (blue) of Crenezumab with 
the epitopes as discrete peptides (green). The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. Structures viewed via iCn3D. 

Table 6. Gibbs free energy change for each epitope-antibody pair at body temperature. 

Epitope 
Binding Energy (kcal mol-1) at 37°C 
Aducanumab1 Crenezumab Solanezumab 

672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 -17.9 -15.8 -15.2 
682EVHH685 -18.5 -17.4 -15.4 
675FRHDSGY681 -18.0 -17.0 -15.0 
694DVGSNKG700 -17.9 -15.4 -14.5 
675FRHDSGYEVHH685 -18.92 -16.4 -14.5 
694DVGSNK699 -17.8 -17.1 -16.0 

1 Antibody that exhibited the strongest binding across all epitopes. 
2 Epitope with the highest binding strength to Aducanumab. 
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Figure 5. Interactions of the heavy chains (blue) and light chains (magenta) of Solanezumab with 
the epitopes as discrete peptides (green). The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. Structures viewed via iCn3D. 

 

Figure 6. Comparison of the binding strength of potential immunogenic cores with source epitope 
(broken red line). 



40 Michelle Anne C. Duñgo, Arturo L. Gaitano III 

KIMIKA • Volume 35, Number 2, July-December 2024 

The calculated binding energy is the same at both 25°C and 37°C. The dissociation constants 
determined from PRODIGY vary slightly, although the difference is less than 2 orders of 
magnitude, which is not a statistically significant difference and, as such, are not included in this 
paper. This indicates that there is no significant difference between the binding of the peptides 
with the antibodies at these 2 relevant temperatures, and as such, the peptides may potentially 
be equally effective for therapeutic and diagnostic purposes, with binding strength as the sole 
criterion. Another thing that can be surmised from this data is the nature of the interactions 
between the epitopes and the antibodies. The variability of the binding energies of the different 
epitopes with each antibody indicates differences in the number and the types of interactions for 
each antibody-epitope pair (Reverberi and Reverberi 2007). This warrants additional analysis 
and will be explored in greater detail in another section. Other studies also suggest that the 
number of hydrogen bond interactions, and therefore the binding strength, shows variability with 
respect to the degree of disorder present in identified epitopes (Badaya and Sasidhar 2022). This 
potential disorder present in the identified epitopes and its correlation with binding energies is 
a topic that may be explored further in future studies. 

To validate the identified potential immunogenic cores, the binding strength of each was 
compared with that of the source epitope. A positive result is indicated if the binding energies of 
these cores are comparable with that of the source. To better illustrate this, the binding strength 
of each potential immunogenic core was compared with the binding strength of the source 
epitope by getting the difference between their values of Gibbs Free Energy change (ΔΔG), with 
the results graphed in Figure 6. The use of such a parameter is often used for predicting the effects 
of mutations on protein-protein binding interactions (Brender and Zhang 2015), but is applied 
here to determine differences in ΔG values between the potential immunogenic cores and the 
source epitope. Values appearing above the broken red line (which denotes zero, for the change 
in the ΔG value of the source with respect to itself) indicate that there is an increase in the binding 
strength of the immunogenic core with respect to the source epitope (has a more negative ΔG 
value compared with the source). This means that the identified immunogenic cores, despite 
being shorter than the source, bind more strongly to the antibodies compared with the epitope 
from which they were obtained. This thermodynamic behavior, in theory, should indicate that 
these immunogenic cores, when synthesized as discrete peptides, should also stimulate an 
antibody-based immune response (Camacho et al., 2008).  

It is interesting to note that almost all epitopes in Figure 6 displayed at least one epitope-antibody 
interaction that exhibited a stronger binding than the source epitope, except 694DVGSNKG700, 
which showed only equal or weaker binding energies. The next fewest number of increases is 
exhibited by epitope 675FRHDSGY681, interacting more favorably only with Crenezumab.  This is 
followed by epitope 675FRHDSGYEVHH685, which shows increased binding strength to 
Aducanumab and Crenezumab. Epitope 694DVGSNK699 bound more favorably to all antibodies 
except Aducanumab, while 682EVHH685, despite being the shortest among the immunogenic cores, 
exhibited increased binding strength to all antibodies.  

Aducanumab, a recombinant human antibody developed as a potential therapeutic to promote 
amyloid-beta (Aβ) plaque clearance (Söderberg et al. 2023), exhibited the strongest binding 
across all epitopes, despite having relatively modest increases among the immunogenic cores. It 
functions by binding to amino acids 3-7 of the Aβ peptide and was approved by the US Food and 
Drug Administration (FDA) in 2021 (Arndt et al. 2018). This 2AEFRHD7 fragment of the Aβ peptide 
(as shown in UniProt) is an experimentally validated sequence that is also found in the 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 epitope of HAPP found in IEDB, and fragments of 
it are included in 675FRHDSGY681 and 675FRHDSGYEVHH685. Though these two immunogenic cores 
did not exhibit the greatest number of increases in favorability of binding, it is worth noting that 
epitope 675FRHDSGYEVHH685 binding with Aducanumab displayed the strongest binding energy 
out of all epitope-antibody pairs. The overlap of the FRHD sequence on both the Aβ peptide and 
HAPP that binds to aducanumab supports this strong binding energy obtained via computational 
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means. Additionally, despite B-cell receptors and free antibodies possessing differences in both 
structure and kinetics, they are both immunoglobulin (Ig) isoforms (García-Sánchez, et.al., 2023). 
As such, it can reasonably be said that the B cell receptors to which these immunogenic cores 
could potentially bind resemble Aducanumab. Further details on what these entails can be 
obtained from residue interaction analysis of the epitope-antibody interactions. 

Residue Interaction Analysis. The webserver iCn3D was used to determine the specific residues 
within the antibody-epitope complex that interact with one another. The results are shown in 
Figures 7-9 as 2D interaction maps. Though to varying degrees, the epitopes interact with both 
the heavy and light chains of the antibodies, since the antigen-binding fragment (Fabs) require 
interactions with both, and even show increased potency of the immune response when the heavy 
and light chain signatures of each chain are paired instead of being partial to one of the chains 
(Banach et al. 2021). Additionally, for most functional antibodies, the heavy chain determines the 
light chain, so interactions of an epitope with both may indicate greater functionality of the 
antibody (Jaffe et al. 2022). Cross-referencing the interaction maps in Figures 7-9 with the models 
in Figures 3-5 visually illustrate the interactions of the epitopes with both heavy and light chains, 
with the epitopes often present in the cleft between these 2 chains. The antibody structures 
present in the PDB used for this study are humanized monoclonal antibodies which often do not 
contain the fragment crystallizable (Fc) stems present in antibodies naturally produced by the 
body during an infection. This Fc stem is composed exclusively of constant domains that are 
important in eliciting effector functions (Goulet and Atkins 2020). Besides this role, these 
constant regions are also relevant for the stabilization of the paratope found on the antibody and 
crucial in enforcing epitope specificity (McConnell and Casadevall 2024). This difference may 
affect the binding of the Fab with the epitopes, though this is not explored in the current study.  

The number and type of interactions between the antibodies and the peptides are summarized in 
Tables 7-9. Cross-referencing the results of the residue interaction analysis with the results for 
binding energies indicates that it is not the mere number of contacts that is relevant for binding 
strength, but the number of relevant interactions such as hydrogen bonding, salt bridges, halogen 
bonds, -cation interactions, and - stacking. For example, epitope 675FRHDSGYEVHH685 exhibits 
the strongest binding to Aducanumab (-18.9 kcal/mol) despite the source epitope 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 having more contacts since the former has the 
same number of H-bonds as the latter but has more - stacking. However, this does not fully 
explain the binding strengths of all peptides with the antibodies. For example, 682EVHH685 exhibits 
the strongest binding with Crenezumab, and 694DVGSNK699 shows the strongest binding to 
Solanezumab despite both having less relevant interactions than the source epitope. The reason 
for this may be the topic of future studies, especially involving molecular dynamics simulations 
but is outside the scope of the current study. A possible hypothesis is that these epitopes, because 
of their shorter length, may be able to adopt spatial arrangements that lead to more stable binding 
confirmations despite having a lower number of interactions (Parisi et al. 2024). Finally, the 
relevant FRHD sequence highlighted earlier shows interactions with most antibodies, showing its 
significance. 
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Figure 7. 2D interaction map of the epitopes (green) with the heavy chains (blue) and light chains 
(magenta) of Aducanumab generated via iCn3D. The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699 



 Immunoinformatics Analysis Reveals Potential Immunogenic Cores… 43 

Volume 35, Number 2, July-December 2024 • KIMIKA 

 

Figure 8. 2D interaction map of the epitopes (green) with the heavy chains (magenta) and light 
chains (blue) of Crenezumab generated via iCn3D. The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. 
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Figure 9. 2D interaction map of the epitopes (green) with the heavy chains (blue) and light chains 
(magenta) of Solanezumab generated via iCn3D. The respective epitopes are: (A) 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701; (B) 682EVHH685; (C) 675FRHDSGY681; (D) 
694DVGSNKG700; (E) 675FRHDSGYEVHH685; and (F) 694DVGSNK699. 
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Table 7. Summary of the Number and Types of Interactions Between Aducanumab and the 
Peptides 

Epitope 
Number of Each Type of Interaction  
H-bonds Salt 

bridge 
Contacts Halogen 

bonds 

-Cation - stacking 

672DAEFRHDSGYEVHHQ 
KLVFFAEDVGSNKGA701 

6 2 42 0 2 0 

682EVHH685 3 0 21 0 0 2 
675FRHDSGY681 0 0 21 0 2 1 
694DVGSNKG700 7 0 31 0 0 0 
675FRHDSGYEVHH685 1 6 0 33 0 1 5 
694DVGSNK699 1 0 14 0 0 0 
1 Epitope that exhibited the strongest binding with Aducanumab.  

 
Table 8. Summary of the Number and Types of Interactions Between Crenezumab and the 
Peptides 

Epitope 
Number of Each Type of Interaction  

H-bonds 
Salt 
bridge 

Contacts 
Halogen 
bonds 

Pi-
Cation 

Pi- 
stacking 

672DAEFRHDSGYEVHHQKLVF
FAEDVGSNKGA701 

10 4 95 0 1 2 

682EVHH685 1 2 1 20 0 0 2 
675FRHDSGY681 6 1 31 0 1 2 
694DVGSNKG700 0 1 29 0 1 0 
675FRHDSGYEVHH685 1 3 44 0 0 2 
694DVGSNK699 0 1 24 0 1 0 

1 Epitope that exhibited the strongest binding with Crenezumab. 

Table 9. Summary of the Number and Types of Interactions Between Solanezumab and the 
Peptides 

Epitope Number of Each Type of Interaction  
H-bonds Salt 

bridge 
Contacts Halogen 

bonds 

Pi-
Cation 

Pi- 
stacking 

672DAEFRHDSGYEVHHQKLVF
FAEDVGSNKGA701 

10 4 82 0 2 2 

682EVHH685 1 3 2 21 0 0 2 
675FRHDSGY681 1 1 35 0 0 2 
694DVGSNKG700 0 1 26 0 1 0 
675FRHDSGYEVHH685 5 1 40 0 0 4 
694DVGSNK699 1 7 1 26 0 0 0 

1 Epitope that exhibited the strongest binding with Solanezumab. 

CONCLUSIONS 

Immunoinformatics analysis revealed 16 non-allergenic, water-soluble, experimentally validated 
epitopes from IEDB, and identified 5 potential immunogenic cores present in those epitopes. 
These are 682EVHH685, 675FRHDSGY681, 694DVGSNKG700, 675FRHDSGYEVHH685, and 694DVGSNK699. 
All of these exhibited comparable binding strength and affinity with the source epitope 
672DAEFRHDSGYEVHHQKLVFFAEDVGSNKGA701 when docked with 3 monoclonal antibodies 
developed against Alzheimer’s disease. These immunogenic cores displayed more favorable 
binding with at least one antibody compared with the source except for 694DVGSNKG700 which 
displayed only equal or weaker binding. Aducanumab showed the most exergonic binding energy 
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across all immunogenic cores, indicating that the antibodies that these cores may elicit when used 
as immunogens would most likely resemble Aducanumab. The epitope 682EVHH685, despite being 
the shortest, showed increased binding strength with all antibodies compared with the source 
epitope, indicating its versatility. Molecular modelling also showed that the immunogenic cores 
situated themselves between one heavy and one light chain of the antibodies, potentially showing 
the Fab region of the antibody. The antibody-epitope complexes demonstrated similar binding 
strengths at 25°C and 37°C, indicating that they might be equally effective for therapeutic and 
diagnostic purposes based solely on binding strength. The Aducanumab- 675FRHDSGYEVHH685 
complex displayed the strongest binding out of all complexes, indicating that this immunogenic 
core may be the best epitope to synthesize as a discrete peptide to elicit the production of an 
antibody resembling Aducanumab. This also contains the FRHD sequence present in the Aβ 
fragment 2AEFRHD7 that is experimentally validated to be in complex with Aducanumab, 
supporting its binding strength. These results could lead to in vitro and in vivo testing of these 
potential immunogenic cores. 
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