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Empirical Modification of Force Fields for the Development

of Peptide-Based Gas Sensors

Thuc Anh Ngo,* Tanju Yildirim, Meng-Qun Feng, Kosuke Minami, Kota Shiba,

and Genki Yoshikawa*

Molecular dynamics models combined with computational approaches can be
used as advanced screening techniques for finding highly efficient
material-molecule interactions based on binding affinity, including in the
development of gas sensors. However, most models are originally designed
for liquid phase interactions, which do not align with gas sensing conditions,
resulting in lower-than-expected performance. This study introduces an
empirical modification method to adjust peptide interaction models for a gas
phase, aiming to better accommodate the interaction between pentapeptides
and target gas molecules. By adapting the weights of terms in the Gibbs free
energy equation given in an empirical force field model, we demonstrate a
significant increase in the absolute value of coefficient of determination (R,?) ,
from an average of 0.05 with conventional liquid phase models to 0.90 with
proposed gas phase models. An empirical modification technique for gas
phase interactions markedly enhances the prediction accuracy of models,
facilitating the effective development of peptide-based gas sensors.

1. Introduction

One of the most important characteristics of a gas sensor is
selectivity toward target molecules.['?] Among various materi-
als, oligopeptides derived from the specific binding region of ol-
factory receptors have gained significant interest as a receptor
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material for gas sensors, which is due
to their important role in attaining
gas-specific recognition in the olfactory
system.3] To design and find effective
oligopeptides with specific selectivity, the
evaluation of binding affinity between
a peptide and a target gas molecule is
crucial.*3] Molecular docking is a com-
putational technique aimed at predict-
ing the affinity between a receptor and a
ligand. Molecular docking has been ap-
plied to designing peptides as a mate-
rial for gas sensors.>~!!l There are two
major approaches to the engineering of
pentapeptides; i) based on the interaction
site of the olfactory proteins; and ii) com-
prehensive screening of short oligopep-
tides. For the former approach, oligopep-
tides with lengths ranging from 5 to
15 amino acids have been reported to
recognize some specific gases such as
trimethylamine, acetic acid, and butyric acid.[®7>5] This
method, however, has the limitation of finding actual interac-
tion sites of the proteins due to the lack of accurate 3D pro-
tein structures. In contrast, the latter approach has been widely
used for designing oligopeptides toward a wide range of gas
species based on simulated binding affinities.>!6”] The bind-
ing affinity calculated based on Gibbs free energy (AG) be-
tween oligopeptides and gases has been utilized as a guideline
for designing peptide-based materials for olfactory sensors.'’]
Three tripeptides (WWW, WAW, and WHW) containing aro-
matic rings with the highest simulated binding affinities for aro-
matic compounds showed good performance in detecting ex-
plosive gases with aromatic structures. The limited accuracy to-
ward some gases such as alcohols remains challenging using this
approach.®l Thus, further implementation of molecular dock-
ing to achieve better accuracy in predicting the interaction be-
tween pentapeptides and gases requires highly accurate docking
calculations.

Several models exist for evaluating intermolecular energy
landscapes in gas-peptide interactions, including the geomet-
ric model, first-principles calculations, and empirical force
fields.*18] The geometric method using the GRAMM (Global
Range Molecular Matching) docking program identified ligand-
binding residues with the greatest exothermic interactions
with chosen gas ligands.[®718-2] However, the method requires
multiple steps and biophysics knowledge for modeling struc-
tures and deriving peptide sequences based on interaction
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Figure 1. Evaluation of binding affinity between pentapeptide library and 12 gas molecules with AutoDock Vina. a) Typical working space between a
pentapeptide and a gas molecule to compute binding energy (AG). b) Screening result of pentapeptide library (1.6 million candidates) toward different
gas molecules using AutoDock Vina developed with liquid phase data shown using AG. It is noteworthy that the lower AG is, the higher the frequency
shift (Af) expected in QCM experiments. c) Predicted liquid phase binding energies of four selected pentapeptides (KVYYY, CDHWW, EHIPW, and
EFFPW) toward four target gas molecules: toluene, acetic acid (AA), acetone, and n-hexane.

sites. The first-principles method is another way to evaluate the
intermolecular energies between oligopeptides and target
gases.[!'7] Even though the accuracy of the method is high,
extensive computational work limits the length of a peptide
in one simulation. Unlike physics-based models, empirical
force fields rely on machine learning algorithms to calibrate
experimental data and import results into simulation models,
improve gas-peptide prediction accuracy, and reduce computa-
tional complexity. Empirical force fields such as chemgauss have
been applied to design oligopeptides for specific biomarkers.l>#!
Peptides selected from the screening with chemgauss4 show
a good agreement between binding affinities and experiment
values for various gases except for alcohols. AutoDock models
are widely known empirical models in designing peptide-
based materials for gas sensors.[*1017:2122] Whilst the empirical
model showed high performance in some gases that have
aromatic structures, the model lacks accuracy for other gas
species such as aldehydes.®! Limitations of empirical models
may be attributed to their original calibration being based
purely on liquid phase data. Herein, we addressed this issue
with gas phase data together with optimizing AutoDock Vina
model.

The aim of this work is to adapt the empirical force fields by
modifying the weights in the model of each gas based on gas-solid
phase data for better correlations with sensing signals. Four pen-
tapeptides, namely KVYYY, COHWW, EIHPW, and EFFPW, were
initially selected via the liquid phase model and used as reference
data for evaluating the gas-peptide binding affinity via measur-
ing the mass of adsorbed gas molecules on pentapeptides using
a Quartz Crystal Microbalance (QCM). First, we adapted the em-
pirical force fields considered in AutoDock Vina model for gas
phase binding affinity by modifying the weights of the empiri-
cal force fields with the genetic algorithm (GA), which increases
the predictability of the model from no correlation to strong cor-
relation with the experimental results. Further improvement of
the weights using the stepwise algorithm (SA) shows high lin-
earity between the predicted normalized binding affinity and
the sensor output signal. This adaptive approach demonstrates
significant potential for enhancing the precision of empirical
force fields for gas phase measurements, paving the way for
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more accurate and reliable applications of gas sensors in various
fields.

2. Results and Discussion

2.1. Virtual Screening Results

The virtual screening was conducted to evaluate the binding
properties of all possible pentapeptides bound to 12 different
gases using the liquid phase AutoDock Vina model (Figure 1a).
These gases include aromatic hydrocarbons, amines, acids, alka-
nes, ketones, aldehydes, esters, and alcohols. These chosen gases
exhibit diverse physicochemical properties including varying
molecular weights, solubility, and polarity. The first step is find-
ing the most stable state of interaction in which a peptide and
a gas molecule are placed in close contact inside a unit cell to
compute the lowest binding energy. It should be noted that the
lower binding affinity of the complex corresponds to the stronger
interaction of the peptide and gas. Thus, the values of the bind-
ing affinity and the sensor frequency shift with the increased
gas molecule absorption on peptide material are negatively cor-
related. The overall binding affinities of the pentapeptide library
toward the 12 gases are diverse depending on the physicochem-
ical characteristics of both peptides and gas molecules. For ex-
ample, the gases containing phenyl groups, such as toluene and
aniline, exhibit strong affinities toward pentapeptides because of
n—r stacking (Figure 1b).[”2] For the experimental verification,
we chose four pentapeptides consisting of KVYYY, CDHWW,
EHIPW, and EFFPW because of their lowest AG to toluene, acetic
acid, acetone, and n-hexane, respectively (Figure 1c). To assess the
overfitting and ensure the accuracy of the prediction, two pen-
tapeptides with similarities in structural properties (DFIPW and
RTYYY) were selected as test samples.

2.2. Liquid Phase Model Performance Assessment with
Evaluation Metrics

To evaluate the performance of the phase model, a gas sens-
ing array comprising of the six pentapeptides was tested with all
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Figure 2. QCM responses of four selected pentapeptides based on comprehensive screening. a) Experiment setup b) QCM response of four pentapep-

tides toward toluene, acetic acid (AA), acetone, and n-hexane.

12 gases, including toluene, aniline, methylcyclohexane (MCH),
acetic acid (AA), propionic acid (PA), acetone, n-hexane, n-
heptane, hexanal, ethyl acetate (EtOAc), ethanol, and 1-hexanol
(Figure 2a). The responses of each peptide-coated QCM sen-
sor to four representative gases are shown in Figure 2b.
The average absolute frequency shift (|Af]) of replicate experi-
ments is assumed as an experimental indicator for the affin-
ity between the peptides and the gases (Figure S1, Supporting
Information).

To assess the accuracy of the liquid phase model in predict-
ing the gas response of the peptide-coated sensors with binding
affinities, we compare the normalized Gibbs free energy (AG,,,,,)
with the absolute change in frequency (|Af]) in terms of Pear-
son’s correlation coefficient (R), Spearman’s rank correlation co-
efficient (p), and the coefficient of determination through the ori-
gin (R,?) as described in the Experimental Section. The predic-
tion results based on the liquid phase AutoDock Vina agree with
the experimental results in the case of toluene with an R value of
—0.9. This finding aligns with the previous screening results of
triple pentapeptides, where aromatic amino acids were preferred
for enhancing binding affinities with aromatic ring-containing
molecules.'] It is, however, less effective for other gases, partic-
ularly acids, alcohols, and ketones (Figure 3; Figures S1 and S2,
Supporting Information). The inverse relationship between the
binding affinities and the response of peptide-coated sensors
with the positive values of R clearly illustrates the limitation of
the liquid phase model in the cases of acetic acid, propionic acid,
and ethanol. The earlier attempt to use the empirical force fields
for choosing peptides as the sensor receptor also resulted in a
poor performance for short alkyl chain alcohols.!?!l The incon-
sistency between the predicted binding affinities obtained from
the liquid phase model and the experimental results stems from
the weights that were empirically determined solely based on the
liquid phase data. To improve the efficiency of this liquid phase
AutoDock Vina model for the gas-solid phase, it is necessary to
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scale the physical terms with appropriate weights using gas phase
data.

2.3. Concept Demonstration with GA

We demonstrate the approach to the development of the gas
phase model by scaling each physical term with experimental
data and multiplying it with optimal weights. The gas phase
model was developed for each gas, in which all pentapeptides
were exposed to the same vapors with the same conditions, re-
sulting in 12 corresponding models. GA is employed to adjust
weights to achieve optimal agreement in the trend between the
binding affinities and experimental results. In this modified ap-
proach, a group of a certain number of different solutions with
six weight values each was initialized. In this study, a group of
twenty solutions was employed to balance the sufficient diversity
of each group and the feasible computation. Each weight value
was randomly set between 0 and 1. After the molecular dynamic
simulation, each solution was evaluated to have a score () con-
sidering R;, p;, and R,;? for determining the performance of the
model with the updated weights. New solutions were created by
crossing over the weight values from their parent sets. To keep
solutions diverse and avoid the local minimum, some random-
ness was introduced by changing some values in these new solu-
tions. New sets were ranked based on how well they performed
in the S; for generating the next groups. This cycle of selection,
crossover, introducing randomness, and evaluation was repeated
for 1000 cycles. The optimal weights entail iteratively decreasing
the score (S;) in Equation (4), with the optimal weights emerging
from the most successful weights of the preceding generation.
The final weights for all 12 gases after 1000 generations with the
minimum S; are shown in Table 1.

By applying GA to the weight optimization process, good Rand
p are quickly achieved with average values of —0.83 and —0.87,
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(a) L'iquid ’ ’GA Ste’pwise ' Table 1. GA optimized weights for 12 gas molecules.
Toluene | I 1
Aniline | ] Gas molecules Wer Wea Wiep Whp Whg Wiot
MCH i 1 Toluene -0.4 -0.2 1.8 -0.8 -0.8 -27
AA [ ] Aniline 0.0 —0.4 -0.2 -1.0 —0.4 -0.8
Aceto':: MCH ~0.4 0.0 19 —07  -04 73
n-Hexane } I ) AA -1.0 -0.2 0.7 -0.1 -0.2 -16
n-Heptane | - 1 PA -0.6 -0.2 -0.8 -0.4 -0.1 0.1
Hexanal | i 1 Acetone —04 03 50 ~0.4 0.0 0.9
EtEl':gnA(:: | n-Hexane 0.0 0.0 -0.2 -1.0 -0.4 -1.0
1-Hexanol } I ! ] n-Heptane -0.9 -0.6 -0.2 -0.6 -0.4 -0.9
. . . - - : Hexanal -0.1 -0.2 -0.7 -0.8 -0.2 —0.4
-0.5 0.0 0.5 —0.5Ro.o 05 -050005 o s 13 s 00 s
Ethanol -0.9 -0.6 -0.7 -0.7 -0.8 -0.5
(b) Toluene | I [— " 1-Hexanol ~0.7 ~0.1 ~03 ~03 ~02 49
Aniline | I - 1
MCH | : : 1
AA | - : . R,?%, a notable increase with the GA optimized gas phase models
PA | - I 1 is observed, particularly for EtOAc and 1-hexanol. The R,? values,
Acetone | [ [ I however, remain low for other gases, such as toluene, aniline,
n-Hexane | [ [ | and ethanol. GA optimization method only provides R, values
n-:eptanel with less than 0.5 (Figure 3c; Figure S3, Supporting Information).
eE)t(gI/‘-\ac I I i ] This limitation of GA-optimized models is possibly due to the al-
Ethanol | I I l terations in specific weight values within the GA functions, influ-
1-Hexanol | ! ! ] encing the overall performance (Figure S4, Supporting Informa-
. - - - - - tion). The GA optimization method mostly modifies the rotation
=050005 -050005 -050005 and repulsion weights as shown in Figures S5-S8, Supporting
P Information. A correlation test among weight values across 1000
(c) Tol T i T T " ] generations and S;, however, suggests that variations in weight
X:Iﬁ:: ] ] ] values of rotation and repulsion terms do not significantly in-
MCH | | fluence the overall performance of the model in some instances
AA l 1 | (Figure S4, Supporting Information). For example, in the case
PA ; 1 of MCH, the weight value of the gauss; term largely affects the
Acetone : : 1 improvement of S, but is not modified intensively further in the
n-Hexane 1 1 1 optimization process. Since gauss, represents the short-range re-
n-Heptane I I 1 pulsive interactions, the results imply that two Gaussian terms
Hexanal l ] l may be critical components of steric interactions between gas
EtEI:(a:)I:\o‘i molecules and peptides in the gas phase, affecting sensor perfor-
1-Hexanol ] ] mance. The strength of intermolecular forces—including both
. . . . . . steric and electrostatic interactions—is largely influenced by the
00 05 1000 05 1000 05 10 electron distribution within the molecules. Charge density plays a
Ry? crucial role in determining this electron distribution, which leads

Figure 3. Performance comparisons of the AutoDock Vina, developed us-
ing liquid phase data and gas phase data, with optimal weights obtained
with GA and SA. a) Pearson’s correlation coefficient (R;) implies the lin-
earity between AG and |Af]. A value closer to —1 indicates high linearity.
b) Spearman’s rank correlation coefficient (p;) implies the correct ranking
predicted binding affinity of one gas molecule to four different peptides.
A value closer to —1 indicates high selectivity. ) Coefficient of determina-
tion through the origin (Ro;?) implies the linearity between AG and |Af]
considering gas-solid phase interaction. An R,? value closer to 1 indicates
greater linearity with zero-intercept models.

respectively (Figures 3a,b and 4). In the cases of acetic acid, pro-
pionic acid, and ethanol, all of which previously show the inverse
relationships between the binding affinities and the experimental
results, Pearson’s correlation coefficients increase considerably,
reaching almost —1 for acetic acid (Figure 3a,b). Considering the

Adv. Sensor Res. 2025, 4, 2400122 2400122 (4 of 8)

to variations in the strength of the steric interactions. A previous
study involving first-principles molecular modeling of sensing
material selection demonstrated that changes in charge density
are correlated with the sensor’s response to different gases.!?!]
Therefore, we decided to comprehensively analyse all the chang-
ing directions of the weights including the Gaussian terms using
the SA method.

2.4. Further Investigation with SA Optimization Method for all
Weight Changing Directions

SA optimization method systematically explores a wide range of
weight values from —1.0 to 0.0 with a step increment of 0.2. Each
solution was evaluated to have the S; as explained in the previ-
ous section. All combinations were ranked according to S;, and
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Figure 4. Parity plots of absolute frequency shift versus the normalized optimized binding energy using GA. The binding energy is normalized to its
maximum value. The training dataset, which includes four pentapeptides (KVYYY, cyan; CDHWW, blue; EHIPW, purple; and EFFPW, magenta), is shown
using open circles. The validating dataset, which includes pentapeptides DFIPW (red) and RTYYY (yellow), is shown with filled circles. Circles represent
the average values calculated from three measurements, with error bars indicating the corresponding standard deviations. Black lines show the results

of a linear regression.

the best set of the six weight values was determined. The final
weights for all 12 gases after 46656 (= 6°) iterations are shown in
Table 2. As a result, the multidirectional changes in the weights
derived from the SA optimization method exhibit substantial en-
hancements in the overall model performances.

Table 2. SA optimized weights for 12 gas molecules.

Gas molecules Wer Weo Wrep- Whp Whg Wyot-
Toluene -0.2 -1.0 -0.4 -0.6 -0.6 -0.2
Aniline -1.0 —0.8 -1.0 -0.6 -1.0 -1.0
MCH -0.4 -1.0 -0.8 0.0 -0.2 —-0.4
AA -0.2 —0.4 0.0 0.0 -1.0 —0.2
PA 0.0 —0.8 -1.0 -1.0 -1.0 0.0
Acetone —-0.6 -0.8 -0.4 -0.4 -1.0 -0.6
n-Hexane -0.8 -0.2 -1.0 -1.0 -1.0 -0.8
n-Heptane -1.0 -0.4 -0.4 -1.0 -1.0 -1.0
Hexanal -0.2 —0.6 -0.2 0.0 -1.0 —0.2
EtOAc 0.0 —0.2 —0.8 —0.6 -1.0 0.0
Ethanol —-0.2 —-0.8 —-0.2 -0.8 -1.0 —-0.2
1-Hexanol -1.0 -0.4 -0.4 -1.0 -1.0 -1.0

Adv. Sensor Res. 2025, 4, 2400122 2400122 (5 of 8)

In comparison to the liquid phase model and the GA-
optimized gas model, the SA-optimized gas models greatly im-
prove R and p (Figures 3a,b and 5). An average R value of —0.97
demonstrates the adequate ability of the models to predict the
peptide behavior with gases. Furthermore, the optimized weights
from the SA method resolve the issue of assessing polar gases
using the AutoDock Vina model, especially in the case of aniline.
For instance, the dominant effect of z—r stacking in the liquid
phase and GA optimized gas phase models results in the same
best affinities toward KVYYY for both toluene and aniline despite
the difference in the polarity of the gas molecules. The SA opti-
mized gas phase model accurately predicts EFFPW as the most
affinitive peptide toward aniline as observed in the experiments.
The SA optimized gas phase models further achieve the R,? val-
ues of above 0.9 in many gases (Figure 3c). The improvement of
the SA optimized gas phase models in discriminating peptides
that gave similar gas responses can be attributed to the consid-
eration of Ry? in the weight optimization process. Furthermore,
the SA optimized models can accurately predict which pentapep-
tide has a higher response than the other one for all 12 gases in
the validating peptide set (DFIPW and RTYYY), whilst the liquid
phase model can predict only for toluene, acetic acid, propionic
acid, and n-heptane. The success of the SA optimized model can
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Figure 5. Parity plots of absolute frequency shift versus the normalization values of optimized binding energy SA. The binding energy is normalized to
its maximum value. The training dataset, which includes four pentapeptides (KVYYY, cyan; CDHWW, blue; EHIPW, purple; and EFFPW, magenta), is
shown using open circles. The validating dataset, which includes pentapeptides DFIPW (red) and RTYYY (yellow), is shown with filled circles. Circles
represent the average values calculated from three measurements, with error bars indicating the corresponding standard deviations. Black lines show

the results of a linear regression.

be attributed to the improvement of two Gaussian terms (w,,; and
w,,) describing the steric interaction and the hydrogen bonding
terms. All models increase the effects of hydrogen bonding by
decreasing the value of the hydrogen bonding weight, in most
cases to the minimum value of —1. Overall, the implementation
of the SA optimization method improves all three metrics, lead-
ing to the best agreement in trends between binding affinities
and experimental results.

3. Conclusion

This study introduces empirical modification techniques for the
adaptation of the AutoDock Vina model based on gas phase data,
significantly enhancing the accuracy of predicting the gas re-
sponses of pentapeptides coated on QCM sensors. We also pro-
pose the coefficient of determination through the origin (R,?) as
an evaluation metric to support the weight optimization process
with respect to the nature of the gas sensing phenomenon. De-
spite the significant improvements made by tuning weights, the
gas phase model still falls short in predicting absolute values of
AG and the behavior of aniline and ethanol for peptide-coated
sensors that have similarities in the gas responses. These lim-
itations of the current gas phase AutoDock Vina models could

Adv. Sensor Res. 2025, 4, 2400122 2400122 (6 of 8)

be attributed to the constraints of their ability to capture the in-
teractions with small molecules, such as gas molecules. These
problems could be addressed with further comprehensive opti-
mization of the model by modifying the energetic terms based on
the parameters involved in addition to the tuning of their weight
values. By addressing these factors, future models may be able
to predict molecular interactions more accurately in gas phase
environments.

Our work has improved the ability of the AutoDock Vina model
to predict gas response of peptide-coated sensors by address-
ing gas phase limitations and optimizing weight values. This
study paves the way for the efficient application of empirical force
fields, as in this case, AutoDock Vina, in engineering peptide ma-
terials with the desired selectivity toward gas molecules for the
further development of gas sensors.

4. Experimental Section

Material Preparations: Synthetic pentapeptides (KVYYY, CDHWW,
EHIPW, EFFPW, RTYYY, and DFIPW) were purchased from Cosmo Bio
Co., Ltd. with 80% purity. Toluene, aniline, methylcyclohexane (MCH),
acetic acid (AA), propionic acid (PA), acetone, n-hexane, n-heptane, hex-
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anal, ethyl acetate (EtOAc), ethanol, and 1-hexanol were purchased from
Sigma-Aldrich, Fujiflm Wako Pure Chemical Corporation, and Kanto
Chemical Co., Ltd. MilliQ water (Millipore) was used for preparing the
peptide stock solution.

QCM measurements: An AT-cut quartz crystal resonator (QA-A9M-
AU (M), SEIKO EG&G Co., Ltd.) was used as the sensing element in which
pentapeptides can be coated onto the top surface. Each peptide (1 mg)
was dissolved in 1 mL of distilled water to make a stock solution. To de-
posit each peptide on the QCM, the QCM was cleaned with O, plasma
and immersed in the peptide solution for 48 h at room temperature. The
peptide-coated QCMs were stored at room temperature in the dark until
use.

The QCMs were placed in a Teflon chamber, which was connected to
two gas lines: an inlet and an outlet. The inlet was connected to a gas
system, which consisted of two mass flow controllers, a mixing chamber,
a purging line, and a sampling line with a vial (40 mL) containing a sol-
vent liquid (5 mL). The sensing setup was placed in an incubator and the
temperature was maintained at 25 °C. Before measuring the QCM out-
put, pure nitrogen gas was introduced into the QCM chamber at the flow
rate of 50 mL min~ for 5 min to remove any contaminants. Nitrogen gas,
which was one of the inert gases, was bubbled into a pure solvent, and the
resulting headspace vapor was directed into the QCM chamber for 1 min
followed by 1 min of purging with nitrogen and repeated five times. The
concentration of vapors was precisely controlled at 20% (i.e., 20 mL min~"
of sample vapors mixed with 80 mL min~" of nitrogen) with two mass flow
controllers. The total flow rate was 100 mL min~! for both sampling and
purging cycles. Data was recorded using a Crystal oscillator measurement
system (QCM922A, SEIKO EG&G Co., Ltd.) in the form of frequency shift
(Af).

Molecular Docking Analysis:  The peptide libraries and ligands were
subjected to molecular docking using AutoDock Vina.[?*] Structures of
pentapeptides were constructed by PyMol (The PyMOL Molecular Graph-
ics System, Version 1.2r3pre, Schrédinger, LLC.). Each peptide and gas
molecule conformation were visualized and checked to guarantee their
accuracy in terms of hydrogen atoms and bond orders. The energies of
all molecules were minimized based on a chemistry forcefield function
named MMFF94s integrated with AutoGrid4. Possible stable conformers
were precalculated to consider the molecule’s flexibility. In docking, a rect-
angular search space of 20 A x 20 A x 20 A was adapted, enclosing both
a pentapeptide and a corresponding gas molecule. The flexibility of both
partners was considered indirectly by employing nine different conforma-
tions in ensemble docking results. A docking solution with the lowest root
mean square deviation (RMSD) was selected as the best conformation be-
tween a pentapeptide and a gas molecule to calculate the intermolecular
free energy.[?’] Based on the scoring function of Vina, AG was predicted
as the sum of distance-dependent atom pair interactions, f(d):

) d.
AG= Z M +finter (dintra) ’ (1)

atom pair T+ WrotNrot

where dior and diy,, are the intermolecular and intramolecular surface
distance of each atom pair, N, is the number of active rotatable bonds,
and w,; is the associated weight. Each atom pair interacts through steric
interactions (i.e., gauss;, gauss,, and repulsion) and could be hydropho-
bic interaction and non-directional hydrogen bonding (Hy,,4). The atom
pair interactions, f(d) is given by

f(d) = wgigauss, (d) + wyygauss, (d) + wprepulsion(d)
+ wyphydrophobic(d) + wygHpong (), (2)

where w,, Wgo, Weep,, Whp, and wyg are associated weights for each term.
Detailed scoring function can be found in the original paper by Trott and
Olson, 2010.2™ For virtual screening, all possible pentapeptides with 12
gas molecules including toluene, aniline, MCH, AA, PA, acetone, n-hexane,
n-heptane, hexanal, EtOAc, ethanol, and 1-hexanol were analyzed and the
corresponding binding affinity was estimated using the reported weights
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for liquid phase as shown in Table S1, Supporting Information.[?’! For the
gas phase model, the binding affinity was estimated using the optimized
weights determined using optimization algorithms described in the fol-
lowing section.

Evaluation Methods: To assess the performance of the obtained set of
weights as a scoring function for the solid-gas phase, a score of a scor-
ing function was evaluated for the ith gas molecule (S;) based on three
metrics: namely, Pearson’s coefficient correlation, Spearman’s rank cor-
relation coefficient, and coefficient of determination through the origin.
These three metrics were the direct measurements of linearity between
normalized binding affinity AG,,,,, calculated by diving AG to the maxi-
mum absolute value of the system, |AG|,,,,,, and the absolute experimen-
tal QCM frequency shift, |Af], for each gas molecule. Pearson’s coefficient
correlation (R) assesses the linear correlation between normalized values
of the predicted binding affinities and the experimental results.[?°] Pear-
son’s correlation coefficient of the ith gas molecule (R;) was calculated
based on AG,,, and, |Af] for each scoring function. Spearman’s rank
correlation coefficient assesses the ability of a scoring function to cor-
rectly rank the predicted binding affinity of one gas molecule to four dif-
ferent pentapeptides.[?6] Spearman’s rank correlation coefficient of the ith
gas molecule (p;) was calculated based on AG,,, and |Af] for each scor-
ing function. To consider the nature of the solid-gas phase interaction, an
additional parameter known as the coefficient of determination through
the origin was introduced for evaluating the model’s accuracy, indicating
that no binding state between a pentapeptide and a gas molecule leads
to no signal response toward the gas molecule. The coefficient of deter-
mination through the origin evaluates the linear correlation to the linear
regression given by §;; = a; x;; + b;, where x;; is the absolute experimental
frequency shift, |Af], §; is the normalization of estimated binding affinity,
and g; and b; are the slope and the intercept of a linear regression between
predicted binding affinity and experimental frequency shift. If AG, ., was
zero, meaning no binding affinity, the gas molecules do not adsorb on the
peptide, resulting in a zero value of |Af]. Thus, the intercept b; in this study
was set to zero. The coefficient of determination through the origin was
determined between predicted binding affinity and linear regression:

2
" -
. Zalu-w)
R =1- ——————— ©)]

n — 2’
(- w)

where y; and y; are the predicted binding affinity and the mean of the
predicted binding affinity. It should be noted that the range of R; is from
-1to 1, while R(Z)I. in this study is always in the range from 0 to 1. Based on
the three metrics, the score, S; for a scoring function is defined as

S=(1+R)+(1+p)+(1-RE). (4)

The optimization algorithms, described in the following section, mini-
mize the S; evaluated for each scoring function based on the set of weights.

Optimization Algorithms:  In the AutoDock Vina models adapted to the
solid-gas phase, the associated weights of each term in Equations (1) and
(2) were optimized for each gas species. As an initial proof of concept,
it was started with the same magnitude for all weights in the preliminary
evaluation of the ability of AutoDock Vina for obtaining good agreement
between predicted binding properties and the response of peptide-coated
sensors. Two optimization algorithms: GA?”] and comprehensive screen-
ing via SA were applied.

GA was used as the first approach to obtaining optimal linear weights
for a quick demonstration. In this modified approach, a group of twenty
different solutions with six weight values each was initialized. Each weight
value was randomly set between 0 and 1. After molecular dynamics sim-
ulation and evaluation with the above metrics, the top ten solutions were
selected as parent solutions for the next generation based on their S; as ex-
plained in the previous section. New solutions were generated by perform-
ing crossovers on the weight values from the parent solutions. This pro-
cess involved selecting two parent solutions and combining their weight
values to create offspring solutions for the next generation. To maintain
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diversity among the solutions and to avoid convergence to a local mini-
mum, randomness was introduced by modifying one weight value in this
new solution. Specifically, a random value between —1 and 1 was added to
a weight value, effectively implementing mutation. The new solution sets
were then evaluated based on their performance using S;. These new so-
lutions were ranked according to their score, and the best performing so-
lutions were selected to form new groups for subsequent iterations. This
iterative cycle of selection, crossover, introduction of randomness (mu-
tation), and evaluation was repeated for 1000 cycles. Extensive iterations
allowed the algorithm to thoroughly explore the solution space and in-
creased the likelihood of finding the global optimal solution rather than
setting on a local optimum.

As the second approach to determining the optimal weight values, a
comprehensive screening of all possible combinations of six weight values
ranging from 0 to —1 was conducted with a step size of 0.2. As each of the
six weights could have six possible values, this resulted in over 40,000
possible combinations in total. Each combination represented a potential
solution and was evaluated using S;. After evaluating all combinations, all
solutions were ranked according to their performance scores. Rankings
were then used to determine the best solution for the six weights. The
comprehensive search method ensured a wide range of weight values to
enhance the probability of identifying the global optimum.

Statistical Analysis: All statistical analyses were performed using
Python 3.7.11 with the following libraries: pandas (v1.3.5) for data manip-
ulation, NumPy (v1.21.6) for numerical computations, SciPy for statistical
tests (v1.7.3), and matplotlib (v3.1.1) for data visualization. Experimental
data sets were collected from at least three independent replicates and
were expressed as means + standard deviations.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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