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Cortisol is established as a reliable biomarker for stress prompting intensified research in developing
wearable sensors to detect it via eccrine sweat. Since cortisol is present in sweat in trace quantities,
typically 8-140 ng/mL, developing such biosensors necessitates the design of bioreceptors with
appropriate sensitivity and selectivity. In this work, we present a systematic biomimetic methodology
and a semi-automated high-throughput screening tool which enables rapid selection of bioreceptors
as compared to ab initio design of peptides via computational peptidology. Candidate proteins

from databases are selected via molecular docking and ranked according to their binding affinities

by conducting automated AutoDock Vina scoring simulations. These candidate proteins are then
validated via full atomistic steered molecular dynamics computations including umbrella sampling

to estimate the potential of mean force using GROMACS version 2022.6. These explicit molecular
dynamic calculations are carried out in an eccrine sweat environment taking into consideration

the protein dynamics and solvent effects. Subsequently, we present a candidate baseline peptide
bioreceptor selected as a contiguous sequence of amino acids from the selected protein binding pocket
favourably interacting with the target ligand (i.e., cortisol) from the active binding site of the proteins
and maintaining its tertiary structure. A unique cysteine residue introduced at the N-terminus allows
orientation-specific surface immobilization of the peptide onto the gold electrodes and to ensure
exposure of the binding site. Comparative binding affinity simulations of this peptide with the target
ligand along with commonly interfering species e.g., progesterone, testosterone and glucose are also
presented to demonstrate the validity of this proposed peptide as a candidate baseline bioreceptor for
future cortisol biosensor development.

Keywords Molecular docking, Molecular dynamics, Umbrella sampling, Cortisol bioreceptor, High-
throughput screening, Computational peptidology, De novo peptide design

Non-invasive and unobtrusive detection of various health biomarkers such as cortisol is of active research
interest' ™. These biosensors intended for cortisol detection via sweat>!* offer a clear advantage over other
biofluids such as saliva and urine for both non-invasive and periodic monitoring. Human eccrine sweat is a
biomarker-rich fluid that offers some correlations with blood serum!"*2. The possibility of detecting such analytes
via non-invasive methods using readily available sweat can be made possible by designing these bioreceptors
for specific analytes. The advent of nano-biosensing!*>-!® combined with various electrochemistry methods and
artificial intelligence to interpret the results has made it possible to realize such biosensors. Ongoing research on
such point-of-care sweat-based sensors is targeted towards improving their sensitivity and selectivity by testing
various bioreceptor candidates.

The most common problems affecting the performance of such biosensors are cross-reactivity of the
biorecognition element, stability of the capture molecules, ability to function in presence of interference from
other species, etc. To overcome these challenges, researchers continuously strive to optimize the design of the
biological recognition element i.e., bioreceptors. In fact, the design of effective biosensors primarily relies on
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identifying the most appropriate bioreceptor for the target ligand. Design of the bioreceptor needs to consider
multiple parameters such as binding affinity towards the target ligand, specificity, selectivity, ease of synthesis,
cost of synthesis, stability, sequence length and tertiary structure. Traditionally, some of these considerations
are addressed by simply employing well-validated antibodies as the bioreceptor during biosensor design!’~1°.
However, antibodies are large macromolecules that are generally expressed via living organisms. They also have
other limitations such as temperature sensitivity, requirement of cold storage and lack of reusability. Hence, there
is a strong requirement to come up with alternative bioreceptors.

In contrast, peptides are emerging as a promising class of bioreceptors as they are much smaller compared to
antibodies and can be synthesized easily without a living organism. For example, the baseline peptide proposed
in this manuscript is ten times shorter in length compared to the corresponding natural corticosteroid binding
globulin (CBG) proteins 2V95 (rat) and 2VDY (human)?. We present a systematic in silico methodology for
developing this peptide. We start by funnelling all the prospective candidate proteins for cortisol from the
protein data bank?! to a semi-automatic high-throughput screening tool based on molecular docking (using
AutoDock Vina version 1_1_2) for computing their interactions with cortisol. Subsequently, we rank these
proteins according to their scores and perform full atomistic steered molecular dynamics (SMD) simulations
using the classical molecular dynamics (MD) tool GROMACS?2. The top three candidate proteins from Auto
Dock Vina docking simulations are then selected to validate their free energy and dynamics by including the
solvent effects present in an eccrine sweat environment?>~?7. The potential of mean force (PMF) calculation
serves as a measure of the binding energy of these proteins with cortisol. The MD simulations are performed
using GROMACS while the PMF is calculated via umbrella sampling and weighted histogram analysis method
(WHAM)?.

Subsequently, a contiguous sequence of amino acids from the active binding site?* of the top candidate protein
is selected as the potential peptide bioreceptor based on its structure and interactions. This selected peptide is
then modelled to compare its docking performance with the parent protein, as well as its binding with interfering
molecules such as progesterone, testosterone, and glucose. Finally, the peptide is modified with a cysteine residue
at its N-terminus?>?° to facilitate attachment to a gold surface for transduction and future development of an
electrochemical biosensor. Thus, our workflow aids in silico development of biosensors by initially screening
a larger number of candidate protein receptors by docking, followed by selecting the right peptide sequence
from the candidate proteins, and finally validating the peptide bioreceptor using MD simulations. This method
can help computationally address the general challenges involving sensitivity and selectivity during bioreceptor
development and identify one or two candidates that can be later experimentally verified.

Theory and method
Rationale for in silico bioreceptor design
We follow a systematic in silico methodology for integration of multiple computational techniques such as semi-
automated molecular docking using AutoDock Vina*”?® and MD simulations using GROMACS to design a
baseline candidate peptide bioreceptor for cortisol. This combination approach enables us to enhance the search
space of the candidate protein and conduct rapid high-throughput screening by studying their ligand binding
interactions using docking, before validating the peptide using MD simulations. The workflow followed for the
baseline peptide design is shown in Fig. 1.

The proposed in silico approach for modelling the baseline peptide bioreceptor can be divided into two steps:
(1) molecular docking and (2) MD modelling. Molecular docking is performed for rapid screening of a large
number of candidate proteins. Docking tools do not provide any information about the thermodynamics of the
process or explicitly include appropriate solvent effects. Since MD is computationally intensive, it is subsequently
used for validation of a limited number of candidates screened by molecular docking. We then employ a classical
MD simulation technique known as ‘umbrella sampling’ to calculate the free energy profile of a specific ligand
along the reaction coordinates for understanding the energy landscape of the process. The first step in umbrella
sampling is to define a reaction coordinate that characterizes the process of interest. We choose the distance
between the respective centre-of-mass of the protein and the ligand to track interactions and binding events.
This is achieved by conducting an SMD pull simulation in the desired direction by implementing an imaginary
spring. This is termed as the ‘constant velocity pull simulation’ since this rate is fixed once we fix the force
constant of the spring. Subsequently, we calculate the potential of mean force (PMF) along this chosen reaction
coordinate. The PMF represents the free energy as a function of the reaction coordinate. Multiple umbrella
sampling simulations are performed with the system restrained along the reaction coordinate with each window.
A harmonic biasing potential is applied to keep the system at a specific value of the reaction coordinate. The
SMD simulations are executed in each umbrella window, allowing the system to explore its configurational
space while remaining constrained along the reaction coordinate. The trajectories are collected for each window.
Subsequently, a histogram of the reaction coordinate values is constructed based on the collected data. This
histogram provides information about the probability distribution of the system along the reaction coordinate
for reconstructing the PME Finally, using statistical mechanics principles, the PMF is reconstructed from the
histogram data. This involves applying the weighted histogram analysis method (WHAM) to obtain the free
energy profile as a function of the chosen reaction coordinate. The resulting PMF can be used to understand the
energetics of the process. It reveals energy barriers, transition states, and stable states along the reaction pathway.
Hence, umbrella sampling is employed to quantify the energy landscape and estimate the free energy changes
for estimating the PMFE.

Details of molecular docking
AutoDock Vina is the molecular docking tool employed in this work. Fifty candidate protein files are first selected
from the protein data bank®! (PDB). These proteins are selected via keywords for binding to “cortisol”. The
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Fig. 1. Workflow of development of baseline peptide bioreceptor for cortisol.

PDB ID | Binding Energy [kcal/mol]
6NWL | -10.36
2V95 -9.67
2VDY -9.28
6HGC -9.11
6ITP -8.32

Table 1. List of binding energies of top five candidate proteins screened from protein database.

selection is guided by literature data for native corticosteroid-binding globulins (CBG) from various organisms
such as rats, pigs, and humans. Proteins with > 75% similarity scores evaluated via BLAST scores are set aside as
duplicates. Finally, thirty-three candidates are chosen for feeding to AutoDock Vina.

These PDB files are pre-processed to remove the water molecules from the complexes and modified by
adding missing hydrogen atoms and Kollman charges. The processed files are stored as PDBQT files. The cortisol
(ligand) PDB file is also similarly processed. The protein is placed in a grid box of approximately (120 A)>
to enclose the entire protein. The ligand is then placed in its vicinity about 5 A away from the protein and
blind docking is performed. The binding configuration and binding energy of the protein-cortisol complex are
obtained by minimizing the potential energy of the system. The level of exhaustiveness selected is 8. Figure S1
in supporting information shows the complete docking with the candidate protein 2V95. We rank the candidate
proteins based on their binding affinity using the scoring function. Figure S2 in supporting information has the
candidate proteins, their PDB IDs, binding energies and interaction diagrams. The purpose of this step is to
identify the key interactions of the target analyte with the candidate bioreceptors. These candidate proteins then
serve as a basis for identifying a shorter peptide sequence.

Details of MD simulations

System preparation

The top three protein and ligand complexes are selected from the list of screened proteins based on their
interaction energies with cortisol, as listed in Table 1. Figure 2 shows the PDB ID, rendered structure and
binding energy of the top three candidate proteins. Each model consists of the protein molecule complexed with
the cortisol ligand, solvated by water molecules and 50 mM NaCl. The protein .pdb files, selected from the PDB
database, are individually placed in a simulation box of approximately (10 nm)? cube along with a single cortisol
molecule in an eccrine sweat model®® represented by approximately 50 mM of NaCl. Additionally, sodium ions
are added to ensure the system is charge neutral. The system is created as a protein-ligand complex and solvated
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Fig. 2. AutoDock Vina screening of top three candidate proteins with their corresponding interaction
diagrams with cortisol.

in eccrine sweat solution model using CHARMM-GUI?!. The force field used here has been CHARMM36 force
field*2-% at a physiological temperature of 310 K. All simulations were performed in GROMACS 2022.6.

Simulation protocol
Each system is simulated via the following protocol. First, the energy of a single macromolecule is minimized
in vacuum using the steepest descent algorithm (step size=0.01 nm). This energy-minimized molecule is
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then solvated with water. The water molecules are modelled using a three-point water model (TIP3P)*. The
biomolecules are systematically equilibrated by performing energy minimization, NVT and NPT simulations.
The NVT and NPT simulations are done in two stages. In the first stage, position restraints are placed on the
biomolecules and water is allowed to move freely. In the second stage, the simulation is performed without any
restraints.

1 ns of simulation is performed at each stage except for the last one, where unrestrained NPT simulation is
performed for 10 ns (the equilibration run). The simulation temperature and pressure are set at 310 K and 1 bar,
respectively. After the equilibrium run, the system undergoes 100 ns of NPT simulation as a production run.
The extracted trajectories are used to calculate properties. During the equilibration run, the temperature and
pressure are controlled with the Berendsen?” thermostat and barostat with appropriate time constants.

In the production run, the temperature and pressure are controlled by the Nosé-Hoover thermostat®®*° and
the Parrinello-Rahman barostat’, applying time constants of 2 ps and 5 ps, respectively. The electrostatic and
van der Waals cutoffs are set at 1.2 nm. The particle mesh Ewald (PME) summation method is used to treat long-
range electrostatic interactions. The neighbour list cutoff was set at 1.2 nm and updated at every tenth step. The
simulations are performed for 10 ns and trajectories are saved every 100 ps. The protein is position restrained
and the pull simulation conducted by aligning it along with positive Z axis which was selected as the reaction
coordinate.

Umbrella sampling and PMF

The binding energy computation via umbrella sampling and potential of mean force (PMF) is employed to
validate the binding affinity of the selected protein. The PMF is an indirect measure of the binding affinity of the
biomolecules. To calculate the PME, initial configurations are generated by constraining the ligand molecule at
various locations from the protein using a harmonic potential. Starting configurations are generated by pulling
the ligand molecule radially outwards from the protein, until the ligand (i.e. cortisol) is approximately 4 nm
away from the protein. It is pulled at a constant velocity of 0.01 nm/ps. During this process, snapshots of the
system are captured when the distance between the centre-of-mass of the protein and the ligand changes by
0.2 nm. The twenty captured windows are equilibrated for 1 ns, followed by 5 ns of NPT simulation using an
umbrella harmonic constraint of 1000 k] mol~! nm~2 The simulation trajectory is saved every 10 ps. The PMF
is generated using the weighted histogram analysis method*® (WHAM), as implemented using the gmx wham
command in GROMACS. The binding energy (AG) is the difference between the highest and the lowest values of
the PMF curve, given the values of the PMF converging to a stable value at a large distance i.e., selected reaction
coordinates, as shown in Fig. 4. All these simulations are performed on AMD EPYC 7532 with 64 cores per node
and 12 compute nodes at 2.4 GHz clock speed for approximately 15 days per SMD simulation to finally compute
the PME

Identifying the baseline peptide

The active binding sites of the top candidate proteins are analysed and contiguous sequences of amino acids
amongst these candidates are iteratively assessed to arrive at a baseline peptide while retaining its existing scaffold.
The binding energies and the interaction diagrams of all thirty-three candidate proteins are illustrated in Figure
S2 in the supporting information. The candidate protein 2V95 is assessed for selecting the most appropriate
continuous sequence of amino acids. Different sequences of different length are selected, and among those,
only one is chosen based on its length and its binding affinity. The candidate peptides are identified by selecting
various continuous lengths from the active binding sites of protein 2V95 to arrive at the proposed baseline
peptide as presented in Table S2. Only the protein 2V95 is selected over the other candidate proteins (listed in
Table 1) due to its relatively shorter (<50 amino acids long) sequence length of the binding site (ranging from
residues 220 to 257) as compared to the other proteins. Each sequence length, ranging from 36 to 46 amino acids,
is assessed for its binding affinity and selected based on a pre-determined binding affinity value for the shortest
sequence length.

Table Sl lists different physicochemical properties of the selected peptides computed using PepCalc?!. A
comparison of the final selected peptide and other candidates in terms of sequence length and binding energies
is presented in Table S2. Candidate #7 (proposed baseline peptide) offers a good binding score for the selected
length of amino acids. Next, interference with three competing biomolecules (e.g. progesterone, testosterone and
glucose) are assessed. Finally, the N-terminal is selected to incorporate a cysteine residue to promote attachment
to a gold surface, keeping in mind future development as a biosensor. This cysteine residue is selected from an
already existing residue in the native protein sequence of 2V95.

Validation of baseline peptide

The selected baseline peptide is then similarly modelled using GROMACS to assess its root mean square
deviation (RMSD) and binding energetics via umbrella sampling. Its PMF is computed and compared with
native protein which serves as a benchmark. The stability of the peptide is assessed via the RMSD values and
binding energy via PMF and compared with native protein 2V95.

Results
High throughput screening via molecular docking and scoring
We screen a number of the candidate proteins from the protein database which can bind with cortisol and
present them along with their binding energies via an AutoDock Vina based tool. The binding affinity results of
top five candidate PDBs using molecular docking is listed in Table 1.

The interaction diagrams of the top three candidate proteins are presented in Fig. 2. These candidates were
selected for further MD calculations and validation by performing umbrella sampling and computing the
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potential of mean force in presence of a solvent. 6NWL and 2VDY were not considered despite its higher binding
energy as its binding pocket was hidden and > 100 amino acids long.

The remaining list of thirty candidate proteins, considered along with their binding affinity, is presented
for completeness in Figure S2. These candidate proteins were subsequently ranked according to their binding
affinity. A continuous sequence of amino acids was selected as candidate bioreceptors based on their active
binding pockets. This biomimetic procedure enables rapid selection of bioreceptors as compared to ab initio
design of peptides via computational peptidology*2.

Validation of the top candidates via steered molecular modelling

We performed SMD simulation of the top protein-ligand complex in eccrine sweat solution®. The results are
presented for the evolution of the potential energy and RMSD of the native protein 2V95 and cortisol complex.
Figure 3 shows the RMSD values, while Fig. 4 shows the binding affinity. The RMSD values after stabilization
are within 0.6 nm which demonstrates the stability of the protein 2V95. We treat the native protein and cortisol
complex as a benchmark in our work.

Finally, we employed WHAM, for extracting the PME The values of the PMF converge to a stable value
at approximately 4 nm on the selected reaction coordinate as shown in Fig. 4. The binding energy (AG) is
then simply the difference between the highest and the lowest values of the PMF curve. The difference between
the highest and lowest values of PMF is approximately -10.2 kcal/mol. The RMSD of the native protein 2V95
is presented in supporting information Figure S5A and other candidate proteins are similarly modelled and
presented in supporting information figures S5B and S5C. The results presented in supporting information in
figures S1I0A and S10B for represent similar binding energy and serve as a validation for the selected SMD
methodology and umbrella sampling settings.

A close inspection of the energetically favourable binding conformations of the native protein (2V95) bound
to cortisol offers a physically contiguous sequence of amino acid residues (from 220 to 257) as opposed to the
other candidate proteins and therefore selected for further consideration for peptide design.

Protocol for selection of the baseline peptide and comparison with corticosteroid-binding
globulins (CBGs)

The candidate bioreceptor peptide is identified by selecting a few contiguous sequences of amino acids (Table
S2 in supporting information) from the active binding sites of the 2V95 protein, with the imposed constraint
that each sequence should be less than 50 amino acids in length. The pre-determined binding affinity value with
cortisol was imposed as another constraint as depicted in Figure S6 in supporting information. The selected
sequences are listed with their corresponding binding energy with cortisol and compared with CBGs. Finally,
a peptide with a sequence of 38 amino acids is selected with a cysteine residue at its end. It is represented by
the single letter sequence CQLIQMDY VGNGTAFFILPDQGQMDTVIAALSRDTIDR. The selection ensures a
good binding with cortisol with a relatively smaller sequence thereby, ensuring ease of synthesis at a lower cost.

Baseline peptide binding energies with competing species

The baseline peptide is then modelled with glucose, progesterone and testosterone. The binding energies of these
interfering species are listed in Table 2. Figure 5 shows the interaction diagram of progesterone and glucose with
cortisol. It was important to explore the binding affinity of the selected peptide with progesterone since CBGs

Root mean square deviation of native protein 2V95

RMSD [nm]

0.1

0.05

Simulation time [ns]

Fig. 3. RMSD of 2V95 native protein bound with cortisol over 100ns demonstrating stability.
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Fig. 4. PMF of 2V95 native protein with cortisol demonstrating binding force over pull distance i.e. reaction
coordinate.

are known to bind well with this hormone?’. As we see, the binding energies of the peptide with all three of these
species are much lower than the binding energy with cortisol.

Similarity analysis of the baseline peptide using smart BLAST

The baseline peptide is further compared with the proteins 2V95 (371 amino acids long) and 2VDY (373 amino
acids long), which are rat and human CBGs respectively. These two proteins were chosen for comparison due
to their relatively higher binding affinity with cortisol and the presence of a physically contiguous sequence of
interacting amino acids in the binding region. The comparison was performed using the Basic Local Alignment
Search Tool (BLAST)*** tool hosted by the National Center for Biotechnology Information (NCBI) online
server. The native peptide was found to have > 75% similarity with these two proteins, especially in their active
binding sites for cortisol. The relevant screenshots from smart BLAST demonstrating similarity between baseline
peptide and protein 2V95 and other candidate proteins are shown in Figure S3A and Figure S3B respectively in
supporting information. When the selected baseline peptide is subsequently compared with other proteins from
the database smart BLAST, it is observed that there is “landmark match” with both CBGs from as illustrated
in Figure S3B. This is an extremely promising result considering our biomimetic route of peptide selection as
opposed to ab initio peptide design via various extremely computationally intensive combinatorial methods?’.
The structures of these two large proteins have evolved to cater to a large number of design requirements,
resulting in macromolecular structures that are more than 370 amino acid sequences long. Furthermore,
the natural design considerations for a CBG and that of a bioreceptor are different. We argue that the entire
macromolecular structure of the native proteins is not necessary for biosensor applications. In this work, we
propose a lean peptide design approximately one tenth of the sequence length of native CBG proteins with
comparable binding affinity and tertiary structure as a baseline candidate to develop the intended biosensor.
The design considerations for our proposed biosensor are limited to bioreceptor development. Therefore, we
have only focussed on parameters such as binding affinity with target ligand, solubility, sequence length, tertiary
structure, and ability to bind with gold electrodes.

Significance of the in silico eccrine sweat model

The choice of the solvent model, namely the eccrine sweat model*® developed earlier by the same team, has a
significant impact on determining the stability and strength of the protein-ligand complexes. The hydrophobic
regions*! of the baseline peptide minimizes its exposure to water molecules by binding to ligands which can lead

Ligands Binding Energy [kcal/mol]

Progesterone | -5.38

Glucose -3.34

Testosterone | -4.29

Table 2. Interaction diagrams of baseline peptide compared with interfering ligands.
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Progesterone .. Glucose

Fig. 5. Interaction diagram of interfering species such as progesterone and glucose with cortisol.

to increased binding affinity. Similarly, the hydrogen bonding capabilities influence the formation and strength
of hydrogen bonds between proteins and ligands. Figure S4 shows the hydrophobic and hydrophilic parts of the
peptide. Finally, as discussed in the next section, a full atomistic molecular dynamics simulation of the peptide
is performed in eccrine sweat solution as a validation exercise.

Validation of the baseline peptide via steered molecular dynamics (SMD) simulation
We performed SMD simulation of the baseline peptide-ligand complex in an eccrine sweat environment as
described in the methods section. Figure 6A shows the peptide anchored to gold in a sweat environment.
The C-alpha atoms RMSD (< 0.6 nm) of the baseline peptide and ligand confirms the stability of the complex
and the equilibration of the system as shown in Fig. 6B. Despite the considerable shorter sequence length, the
baseline peptide is stable and retains bound cortisol for the entire simulation run of 30 ns. The binding energy
(approximately — 9.8 kcal/mol) computed is comparable with the native protein 2V95 (approximately - 10.2 kcal/
mol) and inspires confidence in the utility of the proposed baseline peptide.

As seen in Fig. 7, the PMFs of the native protein 2V95 bound to cortisol and of the baseline peptide
demonstrates binding affinity of approximately —9.8 kcal/mol and in Figure S9 in supporting information
demonstrates number of hydrogen bonds providing insights into the binding affinity over a 100 ns simulation.

Advantages of peptide bioreceptors over conventional antibody based bioreceptors
Traditional methods of developing biosensors involve using antibodies as the bioreceptor. Antibody based
electrochemical sensors have been used for the measurement of cortisol and other biomolecules due to their
high specificity and sensitivity. However, they suffer from limitations such as storage requirement, temperature
instability, high cost, cross-reactivity, and batch-to-batch variability. Antibodies are large molecules that are not
readily synthesized and can be chemically unstable!”!°. To address the issues, we propose the development of
an inexpensive, synthetic peptide which can be considered as an alternative to these antibodies. Our approach
is biomimetically inspired i.e., selecting a continuous sequence of amino acids from the native protein, aimed at
retaining structure, scaffold and stability of the finalized baseline peptide as opposed to combinatorial peptide
design“®.

Discussion
Our goal was to systematically arrive at a candidate baseline peptide following a biomimetic approach. In
addition to considering the specific binding affinity towards cortisol and a shorter sequence length, other factors
such as ease of immobilization on gold electrodes, solubility, ease of synthesis and cost of synthesis need to
be considered. Furthermore, the CBGs presented in Table S2 demonstrate a strong binding affinity towards
progesterone, which needs to be corrected in the proposed peptide design to avoid non-specific interactions.
Additional parameters such as size and sequence length of the peptide also play an important role in the
design. In the current work, we have computed these values and have only optimized the design for the minimum
continuous sequence length for the desired binding affinity. This is illustrated in the Table S2 (with peptides #1,
#2, and #3 as the representative candidates) where various lengths of amino acid sequences are assessed before
finalizing the 38 amino acids long sequence. The other native proteins that have similar or improved binding
affinity with cortisol (e.g. 6NWL as presented in Table 1 and illustrated in Fig. 2) do not offer a contiguous
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Sweat Solution

Gold Substrate

(A) (B)

Fig. 6. (A) Model of the proposed baseline peptide bioreceptor immobilized on gold substrate and bound with
cortisol docked in the binding cavity. (B) Binding pocket of baseline peptide and bound cortisol.
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Fig. 7. PMF plot with standard deviation of candidate baseline peptide bioreceptor with cortisol
demonstrating binding affinity over pull distance of approx. 4 nm.

sequence of amino acids <50 AA, to create a peptide with a similar structure. Hence, they are not considered
further. A final consideration is the ability of the designed peptide to bind to the surface of gold electrodes. This
is achieved by a cysteine termination at the N terminal of the baseline peptide. The cysteine residue contains
thiol groups that can readily form strong covalent bonds with gold atoms on the electrode surface, creating a
stable gold-thiol bond.

The proposed peptide sequence CQLIQMDY VGNGTAFFILPDQGQMDTVIAALSRDTIDR, as depicted in
Figure $4 in supporting information, is > 50% hydrophobic in nature. As it is an acidic peptide, it will require an
acidic solvent to dissolve it initially. Later the solution pH will need to be adjusted to 6.3 to mimic the mean pH
value of eccrine sweat. Preliminary simulations of the proposed peptide, as presented in Figure S7 and Figure
S8 in supporting information, have shown that the immobilization of the peptide on gold does not significantly
alter its structure. The RMSD of the peptide and cortisol is within reasonable limits as presented in Fig. 8. Finally,

Scientific Reports | (2024) 14:22325 | https://doi.org/10.1038/s41598-024-73044-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Root mean square deviation of baseline peptide

0.8

RMSD [nm]

20

40 60 80 100
Simulation time [ns]

Fig. 8. C-alpha atoms RMSD of candidate baseline peptide bound with cortisol demonstrating stability over
100 ns.

the RMSD plot of the peptide in Fig. 8 demonstrates no significant increase in RMSD as compared to the RMSD
of the native protein 2V95, despite the shorter sequence of the peptide. The proposed baseline peptide is one
tenth the size of the native protein. Hence estimated cost of synthesis for 5 mg of the peptide at >80% purity
(HPLC Purification) is approximately USD 400. In contrast, the same amount of a conventional monoclonal
antibody for cortisol (e.g. CORT-1) costs USD 4000. Furthermore, the central part of the sequence demonstrates
hydrophobicity to improve its affinity and stability. The cysteine amino acid at N-Terminal with a reactive -
SH group provides ease of binding with gold electrodes. In summary, the proposed baseline peptide can be
considered as an efficient, cost effective, and a viable alternative to antibody-based cortisol bioreceptors.

Summary

This work describes a systematic biomimetic approach to arrive at a baseline peptide bioreceptor for cortisol with
the future goal of developing a biosensor. The baseline peptide bioreceptor is achieved by screening candidate
proteins from the protein database via semi-automated AutoDock Vina based molecular docking. Subsequent
explicit MD calculations serve as a validation to compute the PMF of the candidate shortlisted proteins. Finally,
identifying the active binding sites made up of continuous sequences of amino acids amongst the top candidates
are iteratively assessed to arrive at a baseline peptide sequence. Parameters such as binding energy, sequence
length, tertiary structure, and cost of synthesis are considered. Physicochemical properties such as solubility,
pH, and isoelectric point are also computed to arrive at the presented peptide. This peptide was then modelled
to establish comparable binding energy values with the native proteins. We also explore its interference with
competing biomolecules such as progesterone, testosterone and glucose. Additionally, the N-terminal is selected
as cysteine residue (present in the native protein 2V95) which serves as a thiol bond with the gold electrode
substrates for further development as a biosensor. The in silico eccrine sweat model earlier reported by us serves
as a solvent to simulate the performance of a large number of candidate receptors for sweat biosensors and
reduce the need for multiple laboratory experiments.

This work is intended to serve as a tool to aid the design of candidate bioreceptors for systematic development
of various wearable biosensors. This high-throughput screening methodology can also serve as a horizontal
means for design of the bioreceptor element of wearable sweat sensors for biomarkers other than cortisol. This
tool can be used to compare various candidate peptides via their binding energies, simulate different sequence
lengths, predict tertiary structures and interference with competing species. Thus, this design tool can serve as
an aid to expedite the development of de novo biosensors.
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