
RSC Advances

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

9 
M

ar
ch

 2
02

6.
 D

ow
nl

oa
de

d 
on

 6
/1

7/
20

26
 1

:0
6:

56
 A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.

View Article Online
View Journal  | View Issue
Computational a
aInfochemistry Scientic Center, ITMO Univ

191002, Russia. E-mail: nosonovsky@infoch
bV.M. Gorbatov Federal Research Center fo

Sciences, 26, Talalikhina str, 109316, Mosc
cCollege of Engineering and Applied Scien

Milwaukee, WI 53211, USA. E-mail: shityak

Cite this: RSC Adv., 2026, 16, 12806

Received 8th January 2026
Accepted 2nd March 2026

DOI: 10.1039/d6ra00211k

rsc.li/rsc-advances

12806 | RSC Adv., 2026, 16, 12806–1
nalysis of umami and bitter taste
interactions: orthogonality in receptor–ligand
binding

Sergey Shityakov, *ab Samson Olusegun Afolabi, a Mariia S. Ashikhmina, a

Ekaterina V. Skorb a and Michael Nosonovsky *c

We investigated the in silico binding of ligands relevant to the bitter taste in wine (flavan-3-ol) and the

umami taste (glutamate) with bitter and umami receptors (T1R1 and T2R). The binding energies for the

binding sites of the receptors were calculated via molecular docking simulation and validated via

molecular dynamics simulation. As expected, bitter ligands have high affinity for T2R, and umami ligands

have high affinity for T1R1. We build an affinity matrix (the “taste matrix”) Pij and discuss the

dimensionality of the taste dataspace formed by these ligands in analogy with the RGB color vision

space. The redundancy among the taste receptors can be treated mathematically as a linear dependency

of columns and rows in the ligand–receptor interaction matrix, which we call the “taste matrix.” We

suggest a formula, D = rank(Pij)−1, for the dimensionality of this taste dataspace (the number of linearly

independent columns and rows) and calculate D = 3 for the taste determined by T1R1 and T2R. Given

that bitterness forms a 2D dataspace, this result is consistent with the notion that umami taste is

orthogonal to bitterness.
1. Introduction

The sense of taste detected by the human gustatory system is
a regulator of feeding behavior. Since ancient times, primary
tastes have been identied in European cultures. Aristotle wrote
about two primary tastes and their variations, a total of eight
tastes: “The species of avor are, as in the case of color, simple,
i.e., the two contraries, the sweet and the bitter, and secondary,
that is, on the side of the sweet, the oily, on the side of the bitter,
the salty, between these come the pungent, the rough, the
astringent, and the sour”.1

Until the end of the 20th century, physiologists in Western
countries believed that there were only four basic tastes: sweet,
bitter, salty, and sour. The h sense, umami (Japanese ,
literary, “delicious taste”) or savory, was suggested in 1907 by
Japanese chemist Kikunae Ikeda. He coined the word “umami”
and reported that Monosodium glutamate (MSG), a sodium salt
of glutamic acid (Amino Acid notation: Glu or E), is responsible
for this taste. By the beginning of the 21st century, umami had
been widely recognized as the h primary taste. Umami is
relevant to various food products, including wine 2–4 one of the
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most studied objects of taste perception. In addition to MSG,
the umami taste is created by various nucleotides, amino acids
(AAs), proteins, and peptides.5

There are also attempts to identify additional primary tastes,
which appear occasionally in the scientic literature. Thus,
since the 1990s, the calcium-sensing receptor (CaSR) has been
a receptor for the kokumi (Japanese “rich taste”)
taste.6,7 Recently, it has been suggested that starchiness (the
taste of starch and other glucose oligomers) can be sensed
independently of sweet receptors8 and that ammonium chloride
can be sensed by OTOP1 receptors.9

Human gustatory perception is complex and is mediated by
several distinct classes of taste receptors and taste receptor
cells. Thus, the salty taste is detected via several mechanisms,
one of which is thought to rely on the sodium channel ENaC.10

Sour-sensing cells are dened by the expression of PKD2L1 and
OTOP1 ion channels,11 whereas gustatory responses to carbon-
ation are mediated by the membrane-tethered carbonic anhy-
drase CA IV.12

Specialized taste receptors called TAS (or just T) receptors are
more complex. They form two families: the TAS1R (T1R) and
TAS2R (T2R) families. Sweet and umami compounds are sensed
by T1R heterodimers 13–15 whereas bitter compounds activate
T2R receptors.16–18 There are several dozen T2R receptors, 27 of
which are listed in some studies.19 Sweet taste is detected by the
T1R2 + T1R3 heterodimer. The umami receptors are the T1R1 +
T1R3 heterodimer receptors that respond to Glu and MSG and
are metabotropic glutamate receptors, or mGluRs.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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The extracellular structural domain of T1R1, also called the
Venus ytrap domain, acts as an orthosteric binding site and
recognizes common umami substances, including peptides,
amino acids, and nucleotides.20 Both the umami receptor Venus
ytrap domain (T1R1/T1R3-VFD) and the bitter receptor (e.g.,
T2R14) oen serve as protein receptors for docking in the
identication of peptides with umami/bitter taste.21

Various attempts to catalog umami-tasting peptides have
been made. Thus, Wang et al.22 analyzed 205 umami peptides
with 2–18 amino acids (AAs). Their results revealed that
peptides with 2–3 amino acids account for 44% of the total
umami peptides, and residues D and E are the key active sites,
regardless of where they are in the peptides.22 Later, Cui (2023)21

studied 489 peptides with umami/bitter tastes from TPDB
(https://tastepeptides-meta.com/) that were collected and used
to train classication models on the basis of docking analysis,
molecular descriptors (MDs), and molecular ngerprints (FPs)
via ve machine learning (ML) algorithms and four molecular
representation schemes.21 Charoenkwan et al. (2020; 2022)
developed the iUmami-SCM database.23,24 Ashikhmina et al.
identied 774 oligopeptides (with lengths of 2–20) relevant to
umami and reported that D, E, P, and G were the most common
AAs.5

Building on prior efforts to characterize umami peptides and
their sequence-driven taste determinants, a critical next step is
to contextualize these molecular features at the level of taste
receptor interactions. Bitter and umami perceptions are medi-
ated by the closely related T2R and T1R receptor families, and
increasing evidence suggests functional crosstalk between these
pathways, motivating a unied exploration of bitter-umami
taste space. In this regard, wine constitutes an experimentally
and conceptually suitable model system, as it contains a chem-
ically diverse yet well-characterized ensemble of bitter
Fig. 1 Chemical structures of the five taste compounds used in this stu

© 2026 The Author(s). Published by the Royal Society of Chemistry
polyphenols and umami-related compounds whose sensory
effects are transduced by T2R and T1R receptors,
respectively.25–27 The receptors selected in this study were
guided by biological relevance, representativeness within the
human T2R family, and the availability of structural informa-
tion.28,29 Specically, T2R1, T2R30, and T2R46 are among the
most extensively studied bitter taste receptors, with accessible
sequence data, validated ligand interactions, and previously
reported homology models, making them well-suited for
comparative docking analyses. Moreover, these receptors span
distinct functional clusters within the T2R family, enabling
coverage of receptor diversity while minimizing redundancy.
Within the wine matrix, polyphenols such as catechin, epi-
catechin, and avan-3-ol are primary contributors to bitterness
and astringency, whereas glutamate and inosine-50-mono-
phosphate act as key modulators of umami perception in fer-
mented beverages. The coexistence of chemically distinct
ligands engaging orthogonal taste pathways thus makes wine
an ideal system for probing the dimensional structure of bitter–
umami taste space (Fig. 1). Accordingly, this study employs in
silico molecular docking and molecular dynamics simulations
to investigate the interactions between representative wine-
derived ligands and T1R and T2R receptors.
2. Computational methods
2.1. Molecular docking simulation

Molecular docking simulations of the interaction of bitter and
umami ligands with T1R and T2R receptors were performed
using the ligands (n = 5) responsible for the bitter, umami, and
bitter tastes downloaded from the PubChem Database via the
Python script (Fig. 1). Flavan-3-ol is responsible for the bitter-
ness of amarone wine according to ACS data.30,31 The script uses
dy.

RSC Adv., 2026, 16, 12806–12815 | 12807
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Table 1 Reconstructed ‘taste matrix’ for five receptors and five ligands
using the DGbind value as a scoring function in kcal mol−1

Receptor Catechin Epicatechin Flavan-3-ol Glutamate IMP

T1R1 −5.8 −5.6 −5.5 −7.5 −5.9
T2R46 −6.1 −5.5 −6.1 −4.4 −5.7
T2R30 −6.5 −6.3 −6.3 −4.3 −5.8
T2R1 −7.3 −7.5 −6.7 −4.4 −5.6
T2R38 −5.7 −5.8 −6.2 −5.8 −5.9
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View Article Online
the PubChemPy library to retrieve 3D chemical structures
dynamically from the PubChem database for a list of specied
compounds. The script then saves these structures in SDF
(structure data le) format.

Protein structures for human taste receptors were retrieved
from the AlphaFold Database using UniProt IDs. These struc-
tures were aligned in PyMOL against the TAS2R38 receptor as
a reference model. Binding sites were predicted using the
CASTp algorithm. Molecular docking was then performed with
AutoDock v.4.2.6, implemented through the Raccoon pipeline
for virtual screening. A standard genetic algorithm protocol
(ga_run = 10) was employed for docking simulations, as
previously described.19 The binding affinity, expressed as Gibbs
free energy (DGbind), was calculated using the eqn (1):

DGbind = DGvdW + DGelec + DGHBond + DGtor + DGsol (1)

where DGvdW represents van der Waals nonbonded interactions
between the ligand and receptor, encompassing both disper-
sion and repulsion forces; DGelec accounts for coulombic
(electrostatic) interactions between charged or partially charged
atoms; DGHBond describes hydrogen bonding interactions that
stabilize the ligand–receptor complex; DGtors reects the
torsional energy, which represents the entropic penalty associ-
ated with the exibility of the ligand due to rotatable bonds; and
DGsol represents the desolvation energy, capturing the change
in solvation energy when the ligand and receptor interact,
including the energy associated with displacing water mole-
cules from the binding site. Three-dimensional structural
diagrams were prepared via PyMol.32

2.2. Taste modelling details

To describe taste perception within a low-dimensional mathe-
matical framework, we adopt an analogy from sensory coding
theory, where complex stimuli are represented through
a limited number of receptor channels. Color vision provides
a well-known example of such dimensionality reduction and
serves here as a conceptual reference for organizing taste
receptor-ligand interactions in a structured dataspace. In color
vision, three cone photoreceptor types are tuned to short (S),
medium (M), and long (L) wavelength light, corresponding
approximately to blue, green, and red channels, respectively.
This trichromatic coding provides a useful analogy for under-
standing how a small number of taste receptor pathways can
combine to generate diverse taste qualities.33–35

For color vision perception, there are three types of cone cells
and receptors, the S-, M-, and L-cells, which roughly correspond
to blue, green, and red colors, respectively. The letters S, M,
and L stand for short, medium, and long wavelengths, respec-
tively. For light with a spectrum density of 4(l), where l is the
wavelength, the intensity of the mediated signal is given by
eqn (2)

IS ¼
ðN
0

RSðlÞ4ðlÞdl; IM ¼
ðN
0

RMðlÞ4ðlÞdl; IL

¼
ðN
0

RLðlÞ4ðlÞdl (2)
12808 | RSC Adv., 2026, 16, 12806–12815
where RS(l), RM(l), and RL(l) are the corresponding responsiv-
ities of the receptors that reach their maxima in the short,
medium, and long wavelength segments of the visible spec-
trum. Consequently, the continuous spectrum 4(l) is trans-
formed into two signal intensity ratios (IS/IL, IM/IL), forming
a 2D parameter space referred to as the “RGB space”.35

It is much more difficult to characterize the taste space,
although it has been suggested that 27 main bitter taste receptors
form three clusters in the data space in terms of their interaction
energies with bitter ligands; thus, similar to color vision, they can
be characterized as a 2D space.19 Similar to color vision, a mixture
of substances can be presented as a vector of concentrations
Cn(1# n#N, whereN is the total number of substances), whereas
taste perception can be presented as a vector Im(1#m#M, where
M is the total number of involved receptor types. The perception of
the mixture is dened via matrix multiplication:

Ii ¼
XN
j¼1

PijCj (3)

where Pij is the affinity matrix between ligands and receptors
containing the sensitivity of the i-th receptor to the j-th substance.
The elements of the matrix can be quantied as the binding
energies between the i-th receptor and the j-th ligand. We call this
a “taste space” matrix. The dimensionality of the taste space is
dened by the number of linearly independent columns or rows in
the matrix, which is equal to the rank of the matrix minus one

D = rank(Pij)−1 (4)

Rank is the number of linearly independent vectors forming
the rows of the matrix. The unity is subtracted since N points
dene the space of dimensionality of D = N − 1; thus, two
points dene a line, three points dene a plane, etc.

To calculate the determinant, we further substitute Pij = 1, the
elements that provide good binding, withDGbind <−6.0 kcalmol−1.
The determinant of the 5× 5 matrix given in Table 1 is det(Pij)= 0,
which automatically means that rank(Pij) < 5. This is because the
last two columns in the matrix are proportional. One can construct
a 4× 4 submatrix with a nonzero determinant by removing the last
column and the fourth row as

det

0
BBBBBBB@

0 0

1 0

0 1

1 0

1 1

0 0

1 0

1 0

1
CCCCCCCA

¼ 1 (5)
© 2026 The Author(s). Published by the Royal Society of Chemistry
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We can conclude that the rank of the tastematrix is rank(Pij)= 4.
2.3. Molecular dynamics simulation

To investigate the interactions of avan-3-ol and glutamate with
the receptors T1R1 and T2R38, receptor–ligand complexes were
further investigated via MD simulations. Each complex was
solvated within a rectangular box of TIP3P water molecules with
10 Å separation between any protein atom and the edge of the
box to avoid edge effects. Counterions (Na+ or Cl−) were incor-
porated to neutralize the system charge. The protein and ligand
were parameterized with the GAFF2 and AMBER ff19SB force
elds, respectively, and water molecules were parameterized via
the TIP3P model.

While T1R1 and T2R38 are membrane-associated receptors,
and the inclusion of an explicit phospholipid bilayer would
provide a more physiologically representative environment, in
the present study, the MD simulations were intentionally con-
ducted in an explicit aqueous environment to focus on the time-
dependent stability of the ligand–receptor complex, including
binding persistence, key intermolecular interactions, and local
conformational uctuations within the binding site. This
simplied setup has been widely employed in comparative and
screening-oriented MD studies, where the primary objective is
to assess relative binding stability rather than full membrane-
coupled receptor dynamics.

System topologies and coordinates were created via the LEaP
module of AMBER22. Minimization was performed at 100 000
steps to relax water molecules and ions with the restrained
protein–ligand complex.36,37 Stepwise equilibration was subse-
quently performed at a constant volume (NVT ensemble) with
positional restraints on the protein and the ligand at 5 ns. Aer
equilibration, the production step was performed at 500 ns
using a 2 fs time step, with bonds containing hydrogen atoms
constrained by the SHAKE algorithm. The long-range electro-
statics were treated via the particle mesh Ewald algorithm and
cut off at 10 Å from the nonbonded state. Using CPPTRAJ 38

trajectory analyses were employed to identify the structural
stability and dynamic behavior of the receptor–ligand
complexes. Root-mean-square uctuation (RMSD) and root-
mean-square uctuation (RMSF) analyses were employed to
quantify protein backbone stability and residue exibility,
respectively. The radius of gyration (Rg) was calculated to
monitor protein compactness throughout the course of the
simulation.39 Finally, free energies were predicted via the
MMGBSA/MMPBSA approach on the trajectories, resulting in
quantitative estimates of the thermodynamic stability of the
receptor–ligand complexes. The energies were calculated using
the MMPBSA.py command and a Python script that generates
Table 2 Energy profiles of protein–ligand complexes obtained from MD

Receptor Glutamate (DGGB) Glutamate (DG

T1R1 −30.87 � 2.66 −12.47 � 7.11
T2R38 −22.57 � 2.43 −8.32 � 4.42

© 2026 The Author(s). Published by the Royal Society of Chemistry
free energies for each frame. A total of 10% of the frames were
selected for the free energy calculations.40 The results, along
with the standard deviation, are presented in Table 2. In addi-
tion, dynamic cross-correlation maps (DCCM) were constructed
to gain insight into the binding conformations of the
complexes.
3. Results and discussion
3.1. Virtual screening of protein–ligand complexes

We selected receptor–ligand complexes that represent both
physiological relevance and chemical diversity in taste percep-
tion. Flavan-3-ol, catechin, and epicatechin were chosen as
representative bitter polyphenols found in wine, where they
contribute to astringency and bitterness.19 Glutamate and ino-
sine-50-monophosphate (IMP) are included as canonical umami
ligands, with glutamate serving as the primary activator of
T1R1/T1R3 and IMP known to synergistically enhance umami
responses. On the receptor side, T1R1 was selected as the key
umami receptor, whereas T2R46, T2R30, T2R1, and T2R38 were
chosen as representative members of distinct T2R clusters
identied previously.19 We modeled T1R1 as a monomeric unit
for feasibility, although functional umami recognition involves
the T1R1/T1R3 heterodimer.41 Similarly, only representative
T2Rs from distinct clusters were used.

Table 1 presents the docking scores (kcal mol−1) of catechin,
epicatechin, avan-3-ol, glutamate, and IMP across human
taste receptors (T1R1, T2R46, T2R30, T2R1, and T2R38). None of
the ligands interacted with T1R1, except glutamate, whose
binding affinity was >−6.0 kcal mol−1. Catechin, epicatechin,
and avan-3-ol do not bind strongly to bitter receptors (T2R46
and T2R38). Notably, IMP displayed the lowest affinities.

As shown in Fig. 2, binding motifs in receptor families were
also explored. Catechin, epicatechin, and avan-3-ol, which are
all avonoids, share repeated hydrogen bonding and hydro-
phobic contacts with residues in both the sweet (T1R1) and
bitter (T2Rs) receptor binding sites. These contact modes
highlight their dual modulatory activities, which are implicated
in bitter perception and sweetness masking. Glutamate engages
strongly with T1R1 through hydrogen bonding and electrostatic
interactions, reecting its canonical role as an umami ligand.
Interestingly, it docks less snugly with T2Rs, which suggests its
selectivity for umami signaling pathways. IMP makes extensive
contact with polar residues, particularly in T1R1, which is
consistent with its function as an umami enhancer. The inter-
action of the phosphate group with the positively charged
residues, including arginine, supports this observation. These
ndings provide a molecular basis for dietary polyphenol and
nucleotide modulation of taste and are important for
simulation results in kcal mol−1

PB) Flavan-3-ol (DGGB) Flavan-3-ol (DGPB)

0.41 � 0.08 0.41 � 0.09
−21.90 � 1.81 −5.56 � 4.14

RSC Adv., 2026, 16, 12806–12815 | 12809
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Fig. 2 Protein–ligand binding sites for five ligands—catechin, epicatechin, flavan-3-ol, glutamate, and inosine-50-monophosphate—bound to
five different taste receptors, T1R1, T2R46, T2R30, T2R1, and T2R38. Each panel highlights the binding site residues and ligand interactions within
the receptor structures, displayed as colored ribbon helices with labeled amino acids.
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nutritional therapies, functional food palatability, and thera-
peutic intervention for diet-associated diseases.
3.2. Dimension of the taste space

The interesting question of the dimension of the taste space can
be treated by calculating the rank of the “taste matrix.” Previ-
ously, we used clustering and principal component analysis to
establish that bitter taste receptors tend to form three clusters
(hence, a 2D data space).19 Here, we use a different method
based on the taste matrix. We can construct such a matrix, for
example, for ve receptors and ve ligands, as shown in Table 1.
A number of assumptions can be made. For ligands with
binding energies of DGbind > −6.0 kcal mol−1 42–44 it is assumed
that no binding occurs, and the value of Pij = 0 is taken. Some
data are taken from Shityakov et al. (2025)19 and Oliveira
(2020).45 For catechin and epicatechin, it is assumed that no
docking with T1R1 occurs. For IMP, due to the absence of data,
the value of DGbind > −6 was assumed. To further explore the
interesting question of the dimensionality of the “taste space,”
docking data for another umami ligand, inosine-50-mono-
phosphate (IMP), with the bitter receptors T2R46, T2R30, and
T2R1 were calculated as −6.3, −6.2, and −7.1, respectively (all
DGbind > −6.0 kcal mol−1). Notably, these three receptors
12810 | RSC Adv., 2026, 16, 12806–12815
represent three distinct clusters of T2R receptors, as reported by
Shityakov et al. (2025).19

This means that the data space formed by T1R1 and T2R
receptors is three-dimensional (eqn (2)). This is consistent with
the observation by Shityakov et al. (2025) that the space of bitter
receptors forms a 2D dataspace, given that the umami taste
adds one additional dimension.19 Note that the addition of the
sweetness receptor (T1R2) and a sweet ligand (e.g., sucralose)
will likely add dimension to the taste matrix. The presentation
of the ligand–receptor interaction in terms of the “taste matrix”
helps to better understand the relationships between taste a-
vors, such as bitter, umami, and astringent avors.
3.3. MD simulation

On the basis of the docking analysis, we selected four receptor–
ligand complexes (glutamate and avan-3-ol with T1R1 and
T2R38) for molecular dynamics (MD) simulations to capture
their biological relevance and contrasting binding behaviors.
Glutamate is the primary physiological ligand of the canonical
umami receptor T1R1, making this pair a natural benchmark
for validating our workow. In contrast, avan-3-ol is a key
wine-derived polyphenolic bitter compound, and T2R38 is
a well-characterized bitter receptor previously established as
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Molecular dynamics (MD) simulations (500 ns) of T1R1 and T2R38 receptors with glutamate (solid line) and flavan-3-ol (dashed line).
Panels: (A and B) receptor RMSD (Å); (C and D) ligand RMSD (Å); (E and F) receptor RMSF (Å); (G and H) ligand RMSF (Å); (I and J) radius of gyration
(Å). Each metric illustrates the conformational dynamics and stability of the receptor–ligand complexes.
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a reference in our earlier work.19 Additionally, we were limited
to T1R1 and T2R38 with glutamate and avan-3-ol due to the
high computational cost of MD simulations, excluding other
T2R receptors (T2R46, T2R30, and T2R1) analyzed in docking
studies. This focus on T2R38, a well-characterized reference
receptor, may not fully capture the variability in binding
dynamics across the T2R family, which consists of 27 receptors
forming three clusters.19 The exclusion of additional T2R
receptors limits the generalizability of our ndings to the
broader bitter taste receptor family.

MD simulations provided insights into the stability and
dynamics via the receptor RMSD (Fig. 3A and B), ligand RMSD
(Fig. 3C and D), receptor RMSF (Fig. 3E and F), atom-by-atom
ligand RMSF (Fig. 3G and H), and radius of gyration (Fig. 3I
and J). For T1R1 with glutamate (Fig. 3A, C, E, G and I), the
receptor RMSD and RMSF values revealed high conformational
exibility, with the ligand RMSD and RMSF values indicating
dynamic reorientation and the Rg reecting slight complex
expansion, which was consistent with umami signaling. For
T2R38 with glutamate and avan-3-ol (Fig. 3B, D, F, H and J), the
receptor RMSD and RMSF revealed a stable structure with
restrained residue uctuations, while the ligand RMSD and
RMSF showed dynamic ligand reorientation, and the Rg
Fig. 4 DCCM of ligand–receptor interactions. (A) T1R1 with flavan-3-o
glutamate. Each plot illustrates residue–residue motion correlations, hig

12812 | RSC Adv., 2026, 16, 12806–12815
conrmed compact complexes, reecting the rigid binding
environment of T2R38.

Following 500 ns MD simulations of glutamate and avan-3-
ol with T1R1 and T2R38 receptors, we performed free energy
binding calculations with the MM/GBSA and MM/PBSA
methods. The results, summarized in Table 2, elucidate the
energetic contributions to ligand–receptor interactions, align-
ing with the molecular docking data from Section 3.1. Speci-
cally, glutamate strongly binds to T1R1, with an MM/GBSA
binding energy (DGGB) of −30.87 kcal mol−1 and a Poisson–
Boltzmann solvation energy (DGPB) of −12.47 kcal mol−1. These
values reect the extensive polar interactions of glutamate,
particularly hydrogen bonding and electrostatic interactions,
within the T1R1 binding site, enhancing complex stability. In
contrast, avan-3-ol binds weakly to T1R1 (DGGB =

0.41 kcal mol−1, DGPB = 0.41 kcal mol−1), suggesting that
hydrophobic interactions dominate due to limited polar
contacts.

For T2R38, avan-3-ol has a comparable binding affinity
(MM/GBSA) (DGGB = −21.9 kcal mol−1) with glutamate (DGGB =

−22.57 kcal mol−1). Yet the MMPBSA results show that gluta-
mate binds strongly (DGPB = −8.32 kcal mol−1) than avan-3-ol
(DGPB = −5.56 kcal mol−1). The favorable binding of avan-3-ol
l. (B) T1R1 with glutamate. (C) T2R38 with flavan-3-ol. (D) T2R38 with
hlighting dynamic interactions between the ligands and receptors.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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to T2R38 compared to T1R1 arises from robust hydrogen
bonding and electrostatic interactions, which is consistent with
its role as a bitter ligand. These trends suggest that glutamate is
a potent agonist of T1R1-mediated umami signaling, whereas
avan-3-ol is a strong ligand for T2R38, modulating bitter taste
perception.

Dynamic cross-correlation maps (Fig. 4) provide insights
into residue–residue motion correlations for the receptor–
ligand complexes. For T1R1 with avan-3-ol (Fig. 4A), extensive
positive correlations indicate cooperative residue motions,
suggesting enhanced structural stability. Conversely, T1R1 with
glutamate (Fig. 4B) shows pronounced anticorrelated motions
between residue blocks, which is consistent with the role of
glutamate as a canonical umami agonist that induces confor-
mational rearrangements for signaling. For T2R38 with avan-
3-ol (Fig. 4C), broadly correlated motions reect stabilized
dynamics, reinforcing local and long-range interactions within
the receptor. In contrast, T2R38 with glutamate (Fig. 4D)
exhibited a mix of correlated and anticorrelated motions,
indicating increased conformational exibility. This exibility
suggests that glutamate promotes dynamic ligand recognition
in T2R38 but lacks the stabilizing effect of avan-3-ol.

4. Conclusion

We studied the molecular binding of umami and bitterness
taste receptors with umami and bitter ligands, with an
emphasis on those bitter ligands that are relevant to wine taste,
since wine tasting is one of the most advanced areas of human
taste studies. In silico molecular docking was veried via MD
simulations. The large number of bitter taste receptors leads to
redundancy (similar reactions of different receptors to the same
set of ligands), which may be treated mathematically as a linear
dependency of columns and rows in the ligand–receptor inter-
action matrix, which we call the “taste matrix.”

We suggest a method to investigate the dimensionality of the
taste perception space in the case of multiple types of taste
receptors, such as T2R bitterness receptors and T1R1 umami
receptors. We built an affinity matrix between bitter and umami
ligands and bitterness and umami taste receptors (the “taste
matrix”) and found that the rank of the matrix is four, which
corresponds to the 3D organization of the taste data space for
these tastes. Umami taste perception is orthogonal to bitterness
perception. This 3D organization was previously identied by
clustering ligands' interactions with bitter taste receptors using
principal components. Moreover, in the “taste space,” sweet-
ness perception (mediated by the T1R2 receptor) is orthogonal
to bitterness perception, although it was not addressed in the
present study. Understanding the organization of the taste
space is important for the development of articial taste
analyzers (“articial tongues”).46,47 Note that the present study is
limited by its exclusive reliance on computational methods,
which prevents direct biological validation of the predicted taste
effects. Moreover, the dynamic nature of taste cannot be fully
replicated by in silico models. To improve the reliability and
applicability of the ndings, future research should incorporate
experimental approaches such as in vitro enzyme inhibition
© 2026 The Author(s). Published by the Royal Society of Chemistry
assays, cell-based receptor activation assays, and electrophysi-
ological studies. These methods would enable experimental
validation and renement of the computational predictions,
bridging the gap between theoretical models and biological
reality.
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