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ABSTRACT

Protein-flavor binding is a common challenge in food formulation. Prediction models provide a time-, resource-,
and cost-efficient way to investigate how the structural and physicochemical properties of flavor compounds
affect this binding mechanism. This study presents a Quantitative Structure-Activity Relationship model derived
from five commercial plant-based proteins and thirty-three flavor compounds. The results showed that protein-
flavor binding is primarily influenced by the structure and physicochemical properties of the flavor compound,
with the protein source having a minor contribution. In addition to hydrophobicity, topological, electronic, and
geometrical descriptors significantly contribute to the observed protein-flavor binding. The Random Forest
model demonstrated a strong correlation between predicted and experimental values (Q2 = 0.93) and a high
predictive ability for a validation set of flavors and proteins not previously used (Q? = 0.88). The prediction
model developed holds promise for customizing flavor combinations and streamlining product design, thereby,
optimizing efficiency while reducing the risk of flavor overdose.

1. Introduction

The effort of a balanced global food system led to a shift toward more
sustainable protein sources, with a particular emphasis on plant-based
alternatives (Schreuders et al., 2019). The most common animal re-
placements are plant proteins (PP) derived from soybeans (Glycine max)
and peas (Pisum sativum L.) due to their excellent techno-functional
properties such as water-holding, gelling, fat-absorbing, and emulsi-
fying capacities (Kyriakopoulou et al., 2019). The need to find alterna-
tive protein sources to feed the global population and develop protein-
rich protein food products (> 20 % protein content) boosted the use
of a more diverse offer of pulses, where lupins (Lupinus angustifolius L.),
faba beans (Vicia faba L.), and lentils (Lens culinaris L.) have recently

gained significant attention (Kyriakopoulou et al., 2019).
Unfortunately, plant-derived proteins present undesirable off-
flavors, which can negatively impact consumer acceptance (Wang
et al., 2024; Xiang et al., 2023). Actions to improve the food flavor
profile include adding flavorings (i.e., flavor compounds). In nature,
flavor compounds encompass various chemical classes like aldehydes,
ketones, esters, alcohols, and terpenes, each with unique molecular
structures and physicochemical properties. When added to protein-
based food matrices, flavor compounds interact with- and may bind to
proteins, reducing flavor perception. These interactions can be revers-
ible or non-reversible (Anantharamkrishnan et al., 2020; Wongprasert
et al.,, 2024), influenced by structural, thermodynamic, and physico-
chemical characteristics, including unsaturation, spatial configuration,
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alkyl chain type, functional group position, chain length, hydropho-
bicity, and water solubility (Ammari & Schroen, 2018; Guo et al., 2024;
Li et al., 2024; Semenova et al., 2002; Wei et al., 2024).

Analytical measurements such as equilibrium dialysis (Damodaran &
Kinsella, 1981), static headspace gas chromatography-mass spectrom-
etry (GC-MS) (Wang & Arntfield, 2015), high-performance liquid
chromatography (Li et al.,, 2000), solid phase microextraction
(Gkionakis et al., 2007), and atmospheric pressure chemical ionization-
mass spectrometry (Viry et al., 2018) have been used to quantify flavor
binding. Although no single method is capable of yielding a complete,
quantitative picture of the flavor binding phenomenon, GC-MS is the
most widely employed technique for studying binding (Reineccius,
2010). Over the past few decades, mathematical methods and prediction
models have been implemented as a powerful and complementary
approach to GC-MS studies for quantifying binding interactions
(Temthawee et al., 2020; Wongprasert et al., 2024). In practice, pre-
diction models result in time-, resource-, and cost-efficient methods
compared to conventional experimental laboratory work. Some exam-
ples are models based on best-fit partial least-squares regression (Tan &
Siebert, 2008) and computational tools. Insightful approaches are the
development of models based on Quantitative Structure-Activity Re-
lationships (QSAR) or molecular docking (Bi et al., 2022; Tromelin &
Guichard, 2004). Based on the fact that both the flavor as well as the
protein's structural and physicochemical features are key in the binding
phenomenon, QSAR models seem the optimal tool to model flavor
partitioning in complex protein solutions (Tromelin & Guichard, 2004).

Up to now, the application of these prediction models has primarily
focused on a narrow and specific range of flavor compounds (e.g., al-
dehydes) (Snel et al., 2023). There is limited understanding regarding a
broader and more varied flavor dataset. Similarly, most of these pre-
diction models have investigated a limited selection of food ingredients,
and thus, the use of commercial food proteins remains relatively unex-
plored. The food industry employs protein isolates and concentrates as
meat and dairy replacers for practical reasons. Protein isolates vary in
composition and consist of multiple, non-uniform types of protein
fractions (Sadeghi et al., 2023). Furthermore, working with protein
isolates offers a more practical approach to daily food applications.

In this study, it is hypothesized that a modeling approach could
predict flavor binding in commercial plant protein-based model systems
for diverse flavor compounds and reveal the key physicochemical and
configurational properties of the flavor compounds, determining the
binding mechanism. For this purpose, five different PP (soy protein
isolate (SPI), pea protein isolate (PPI), lupin protein isolate (LPI), faba
protein isolate (FPI), and lentil protein concentrate (LPC)) were tested
with thirty-three flavor compounds belonging to seven chemical classes
(ie., aldehydes, ketones, alcohols, lactones, pyrazines, furans, and
sulfur-type compounds). Besides their significant role in flavoring ap-
plications, offering a range of sweet, fruity, floral, smoky, citrus, and
fresh notes within the food and beverage industry, the selection criteria
for these flavor compounds included both their physicochemical prop-
erties and structural configurations, highlighting similarities and dif-
ferences, including the number of double bonds, spatial configuration,
type and position of the functional group, chain length, and hydropho-
bicity. While studying a single protein's structure is key to understanding
its flavor-binding role, it may not translate well to practical food ap-
plications. Relying solely on isolated protein fractions to meet texture
and appearance requirements seems impractical. Therefore, commercial
SPI and PPI were chosen due to their widespread acceptance as alter-
natives to meat and dairy products in the food industry, following the
rationale behind previous work from our group (Barallat-Pérez et al.,
2023). Additionally, the need to find alternative protein sources
addressing the global food demand has driven interest in a broader va-
riety of pulses such as FPI, LPI, and LPC. Furthermore, an independent
set of five flavor compounds (p-anisaldehyde, ethyl octanoate, methyl
salicylate, 3-methyl-2,4-nonadione, and delta-dodecalactone) was tested
in combination with Whey Protein Isolate (WPI), and Bovine Serum
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Albumin (BSA) as controls to verify the accuracy of the model. The
experimental assessment of protein-flavor binding was done by using
static headspace (HS) GC-MS. A QSAR model was trained and validated
to develop a relationship between the experimental determined protein-
flavor binding and the physicochemical- and configuration properties.
This model could assist food developers in crafting customized flavor
profiles by leveraging the most important physicochemical and config-
urational properties, thereby reducing the need for excessive flavoring
addition in (plant-based) product formulations. The distinctiveness of
this work is based on the utilization of commercial food proteins that are
well-suited for real food applications, offering a more realistic approach
to predicting protein-flavor binding.

2. Materials and methods
2.1. Flavor compounds

A summary of the chosen flavors, their Canonical Simplified Mo-
lecular Input Line Entry System (SMILES) codes, and molecular and
physicochemical properties (i.e., chemical structure, LogP, molecular
weight, vapor pressure, solubility, and boiling point) can be found in
Supplementay Table S1 (Kim et al., 2023; Wishart et al., 2022; The Good
Scents Company Information System, 2021). Unsaturation, spatial
configuration, alkyl chain type, position of the functional group, chain
length, and hydrophobicity were the selection criteria for the flavor
compounds to be included in the study (Barallat-Pérez et al., 2023; Bi
et al., 2022; Guo et al., 2024; Li et al., 2024; Wei et al., 2024).

Hexanal, heptanal, trans-2-heptenal, 4-cis-heptenal, trans-trans-2,4-
heptadienal, octanal, trans-2-octenal, nonanal, trans-2-nonenal, trans-2-
cis-6-nonadienal, trans-trans-2,6-nonadienal, 2,4-dimethylbenzalde-
hyde, trans-decenal, 2,3-butadione, 2-hexanone, 2-heptanone, 2-octa-
none, 6-methylheptan-2,4-dione, 2-nonanone, 1-pentanol, 1-penten-3-
ol, 1-heptanol, 2-octanol, 1-octen-3-ol, creosol, 1-nonanol, linalool,
dimethyl disulfide, 2,5-dimethylpyrazine, methyl propyl disulfide,
B-ionone, a-ionone, and 2-pentylfuran, were purchased from Sigma-
Aldrich (Zwijndrecht, the Netherlands) and all had a purity of >95 %.

2.2. Protein materials

Commerecial plant proteins were provided by different suppliers. Soy
Protein Isolate SUPRO® XT219D IP (SPI) was obtained from Solae (St.
Louis, Missouri, USA); Pea Protein Isolate S85F (PPI) was purchased
from Roquette (Lestrem, France); Faba Protein Isolate 90-C-EU (FPI) was
acquired from AGT (Waalwijk, The Netherlands); Lupin Protein Isolate
10,600 (LPI) was purchased from ProLupin (Grimmen, Germany), and
Lentil Protein Concentrate VITESSENCE® Pulse 2550 37403F00 (LPC)
was obtained from Ingredion (Westchester, Illinois, USA). The two
commercial proteins used to verify the model were: Whey Protein Isolate
BiPro® (WPI) which was supplied by Davisco International (Le Sueur,
Minnesota, USA), and Bovine Serum Albumin Purified Protein was
purchased from Sigma-Aldrich (>98 %) (BSA). Typically, commercial
proteins undergo multiple processing steps aimed at purifying and
optimizing functional properties. Protein content varied from 51.9 %—
97.6 %.

Supplementay Table S2 shows manufacturer-specified values such as
fat, carbohydrate, and protein content for all PP, WPI, and BSA. Proteins
were selected based on their nutritional composition, such as low-fat
and high-protein content and prevalence in plant-based food sub-
stitutes (e.g., high-protein-based beverages). To minimize the potential
for variation in the results, the protein batches were kept in the dark, in
sealed bags, and stored in a controlled environment with a cool tem-
perature of 10-15 °C and low humidity.

2.3. Other chemicals

NasHPO4e7H50, NaH3PO4e2H50, NagHPOy, 8-anilino-1-



C. Barallat-Pérez et al.

naphthalenesulfonate, chloroform (99.8 %), and methanol were
analytical grade and purchased from Sigma-Aldrich. Pierce™ BCA
(HO,CCgHsNy) assay kits were acquired from Thermo Fisher Scientific
Inc., (Waltham, Massachusetts, USA) and contained albumin standard
ampules (2 mg/mL, 10 x 1 mL containing bovine serum albumin in 0.9
% saline and 0.05 % sodium azide), and two BCA™ (bicinchoninic acid)
reagents: A) Na-COs, NaHCOs, (HO2CCgHsN); and C4H4Naz0g in 0.1 M
NaOH; B) 4 % CuSO4e5H50 (25 mL).

2.4. Preparation of food flavor stock solutions

The chosen flavor compounds were individually prepared as
described by Barallat-Pérez et al., 2023. To overcome the practical dif-
ficulties of preparing accurate flavor stock solutions and dealing with
volatility (evaporation) and solubility challenges, additional pre-
cautions were taken. Individual flavor stock solutions were prepared in
100 mL sodium phosphate buffer solution (pH 7.0, 50 mM) at an initial
concentration of 10 mg/L (Sigma-Aldrich) using amber glass bottles
(Pyrex®, Thermo Fisher Scientific Inc.) closed with screw caps. The
flavor stock solutions were subjected to an ultrasonic water bath treat-
ment (25 kHz, ultrasonic time 100 %) (Elma Schmidbauer GmbH, Ger-
many) for a duration of 1 h at a temperature of 20 °C to achieve
homogenization of the solution. The stock solutions were repeatedly
prepared in triplicate and stored under refrigeration conditions (3-5 °C).

2.5. Preparation of food protein solutions

Food protein solutions were prepared following the protocol pro-
posed by Wang & Arntfield, 2015 and adapted from Barallat-Pérez et al.,
2023. Specifically, the selected proteins (SPI, PPI, FPI, LPI, LPC, BSA,
and WPI) were individually prepared at an initial concentration of 2 (w/
v) % in a sodium phosphate buffer (pH 7.0, 50 mM). To address the
solubility challenge known in PP, the proteins were gradually added to
the solution while stirring, allowing their hydration in water. Subse-
quently, they were subjected to vortexing for a duration of 10-20 s (at
3200 rpm, Genie II, Genie™, Sigma-Aldrich) and subsequently trans-
ferred to an ultrasonic water bath (Elma Schmidbauer GmbH, Singen,
Germany) for 20 min at a temperature of 20 °C, to break down protein
clusters and ensure homogenization of the solutions. Mild heating
(20 °C) aided in dissolving the proteins. Subsequently, the protein so-
lutions underwent multiple rounds of vortexing (3200 rpm) lasting be-
tween 10 and 20 s each to guarantee a uniform mixture distribution.
Lastly, visual verification ensured that no clumps remained.

2.6. preparation of the gas chromatography-mass spectrometry samples

Gas chromatography-mass spectrometry samples were prepared
following the protocol proposed by Wang & Arntfield, 2015 and adapted
from Barallat-Pérez et al., 2023. A 20 mL GC-MS vial was utilized to add
1 mL of the 2 (w/Vv) % solution of each protein, which was subsequently
followed by adding 1 mL of flavor stock solution. Consequently, a pro-
tein solution with a final concentration of 1 (w/v) % and 5 mg/L flavor
concentration was obtained. Subsequently, the vials were closed with
screw caps (19 mm silicone PTFE SUPELCO®) and placed in a water
bath shaker (SW22, Julabo GmbH, Seelbach, Germany) at 30 °C, 125
rpm for 3 h before headspace analysis (HS). The samples were prepared
and analyzed in triplicate.

2.7. Binding measurement and calculation

Protein-flavor binding was measured using headspace GC-MS anal-
ysis utilizing an Agilent-7890 A GC instrument coupled with an Agilent
5975C triple-axis detector MS (Agilent, Amstelveen, the Netherlands).
The GC operated in split mode at a 1:10 split ratio with a split flow of 8
mL/min. The samples underwent incubation and agitation for 14 min at
a temperature of 40 °C, following a protocol established by Wang &
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Arntfield, 2015 and accordingly modified by Barallat-Pérez et al., 2023.
Subsequently, 1 mL of the sample's HS was introduced into the system.
The experiment utilized a DB-WAX column (20 m*180 pm*0.3 pm),
operated at a constant flow of 0.8 mL/min. Column temperature was
programmed at a rate of 40 °C/min to 240 °C. The mass spectrometer
operated at 70 eV electron ionization and a mass range spanning from 35
to 200 Da. MassHunter Quantitative Analysis software (MSD Chem-
Station F.01.03.2357) was used for the quantitation of the flavor.
Furthermore, the NIST Mass Spectrometry Library (InChI Library v.105)
was employed to provide chemical and physical data on the chosen
flavor compounds. Flavor compounds were studied individually to
prevent potential flavor-flavor competition for protein binding sites. A
quantitative measure for flavor binding to the proteins was obtained
utilizing the Eq. (1) presented by Wang & Arntfield, 2015.

HS1—-HS2

Binding (%) = (1 53 ) x 100 1)

HS; represents the (headspace) abundance, which refers to the peak
response of the flavored aqueous protein solution. HS; indicates the
abundance in the headspace when the flavor is absent, just the protein
solution. Meanwhile, HS; reflects the abundance in the headspace in the
absence of protein, therefore, just the given response from the flavor
compound. The main ions and retention times of each flavor were

determined using each flavor compound accordingly.

2.8. QSAR modeling

A graphical outline of the different steps followed for the QSAR
modeling is shown in Fig. 1. The experimental binding values (Supple-
mentay Table S3) were used as response variables to describe protein-
flavor binding, and a set of descriptors was used as explanatory vari-
ables in a QSAR model. The descriptors were collected from the litera-
ture, experimentally determined, or calculated using the SMILES code of
the flavor compounds. A Boruta algorithm was applied to select the
important descriptors for the Random Forest (RF) regression model
(Kursa et al., 2010). The effectiveness of the prediction model was
evaluated by both a Leave-One-Out Cross-validationi’ (LOOCV) and by
assessment of an external validation set.

To assess the significance of each descriptor for the RF regression
model, the importance value of each descriptor was determined and
compared with randomized descriptor values following the Boruta al-
gorithm procedure (Kursa et al., 2010). The procedure was applied 128
times, and in each iteration, the dataset (Supplementay Table S3 found
in Supplementary Material) was randomly divided into training and test
sets using a 4:1 ratio. The descriptor importance values for both original-
and randomized descriptors were determined using the VarImp function
from the R-package Caret (Kuhn, 2008). Then the descriptors were only
considered for the model that exhibited a determined importance value
significantly higher than the maximum observed importance value
among the randomized descriptors. Response plots (Fig. 3B) were
generated to visualize the relationship between individual descriptors
and protein-flavor binding (response). Using 10-fold cross-validation,
predictions were made by varying the values of the selected descriptor
from its observed minimum to maximum across 100 evenly spaced
sampling points, while keeping the values of all other descriptors fixed
at their calculated averages.

2.8.1. Molecular descriptors

Molecular descriptors included flavor and protein features. For the
selected flavor compounds, SMILES were obtained from the PubChem
database (Kim et al., 2023). SMILES is a standardized notation for rep-
resenting chemical structures in a computer-friendly format. It uses a
character string to uniquely denote each structure, allowing for easy
exchange and manipulation of chemical information. The list of SMILES
codes was submitted to the online chemical database (OCHEM) (Sushko
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Fig. 1. Schematic overview of the protein-flavor prediction model. GC-MS measurements experimentally determined the binding between thirty-three flavor
compounds and five commercial plant-based proteins, and a set of molecular descriptors was selected, calculated, and measured for QSAR predictive modeling.

et al., 2011) and the molecular structures were energy-minimized using
BALLOON optimization (Vainio & Johnson, 2007). Supplementay
Table S4 provides a full definition of the descriptors according to the
OCHEM CDK manual. A set of in total 309 2D and 3D molecular de-
scriptors was calculated using the descriptors calculator tool (The
Chemistry Development Kit version 2.8) (Steinbeck et al., 2003). The
LogP, vapor pressure, solubility, and topological polar surface area
values of the flavors were obtained from the PubChem database.

The selection of protein descriptors used in this study was based on
experimental laboratory analysis, prior literature and expert knowledge,
and open-access availability. The protein descriptors included surface
hydrophobicity, protein solubility, particle size, zeta potential, poly-
dispersity index, isoelectric point (pl), and nutritional information.

The surface hydrophobicity of PP was experimentally determined
following the approach of Li-Chan et al. (Li-Chan et al., 1984). Likewise,
the protein solubility was experimentally determined using the BCA
assay during the surface hydrophobicity experiments (pH 7.0). The BCA
assay was used to determine the final concentration of soluble protein.
The solubility was calculated using the following Eq. (2):

C protein, s
C product*W protein

Solubility (%) = ( ) x 100 2)

With Cprotein,s, being the final soluble protein concentration deter-
mined via the BCA assay, Cproduct the concentration of isolate in the
solution before centrifuging, and Wprotein the mass fraction of protein in
the PP.

Particle size, zeta potential (surface charge), and polydispersity
(heterogeneity) index were measured using a Zetasizer Ultra (Malvern
Instruments Ltd., Worcestershire, UK) (Kew et al., 2021) using quartz
disposable cuvettes (Hellma, Miillheim, Germany). Protein solutions
were first diluted to a concentration of 0.1 wt% and subsequently sub-
jected to filtration through a 0.22 pm syringe filter (PTFE Syringe filters,
PerkinElmer, Shelton, Connecticut, USA) for particle size measurement

via dynamic light scattering.

The refractive index of the protein solution was set at 1.5 with an
absorption of 0.001. The samples were equilibrated for two minutes at
25 °C and analyzed using backscattering technology at a detection angle
of 173°. The measurements were performed in triplicate.

The pI values of the PP were obtained from literature. Values ranged
from 4.0 to 5.0 (Lee et al., 2021; Shrestha et al., 2021; Tiong et al., 2024;
Verfaillie et al., 2023).

2.8.2. Data preprocessing

Several preprocessing steps were performed before model develop-
ment. First, 110 non-varying molecular descriptors were removed from
the total of 328 descriptors in the dataset. The experimentally deter-
mined protein-flavor binding constant was used as the dependent vari-
able. All training data was centered and scaled to unit variance before
the training of the models. RF was used for training the models, unless
otherwise stated, and was implemented in RStudio (version 2021.09.0
build 351, Boston, Massachusetts, USA) using the rf function from the R-
package Caret (version 6.0-94) (Kuhn, 2008). The hyperparameters
were optimized by a grid search and the final optimized model had a cost
and sigma value of 14 and 0.01, respectively.

2.8.3. Validation of the prediction model

The model was validated through LOOCV, using only the selected
descriptors outlined above. To avoid introducing validation bias, all data
points related to a single flavor compound in combination with each
protein were deliberately excluded during each cross-validation repeti-
tion. This approach ensured that each flavor compound was systemati-
cally left out during cross-validation. In each cross-validation iteration,
the remaining dataset was used for training and consequently used to
predict the values that were excluded. Subsequently, the values (Q?)
were computed by comparing the predicted values with the observed
ones. Q? represents a measure of predictive accuracy (Andini et al.,
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2021; Hageman et al., 2017).

2.8.4. External validation

For external validation, the protein-flavor binding of a new set of
flavor compounds (p-anisaldehyde, ethyl octanoate, methyl salicylate,
3-methyl-2,4-nonadione, and delta-dodecalactone) and commercial
proteins (WPI and BSA), was experimentally determined and predicted
using ensemble modeling. The physicochemical properties and spatial
configuration of the selected flavor molecules can be found in Supple-
mentay Table S5 (The Good Scents Company Information System,
2021). To predict the binding values, the flavor and protein descriptors
were collected using the procedures previously described (see section
2.8.1). The protein-flavor binding values of the validation compounds
were predicted (Supplementay Table S6) using an ensemble of the
models employed during LOOCV. The thirty-three models were trained
on distinct training sets and were used to predict the protein-flavor
binding of each validation compound. This approach resulted in
thirty-three prediction values for each protein-flavor combination.

6 A
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These predictions were used to calculate average protein-flavor binding
values and intervals indicating variability from the validation
procedure.

3. Results and discussion
3.1. Protein-flavor binding mechanism: An overview

The binding mechanism of flavor compounds to commercial plant-
based proteins is shown in Fig. 2. Fig. 2A provides a visual and selec-
tive representation of one of these protein-flavor interactions (e.g., lupin
-+2-nonanone) to comprehend the experimentally determined binding
mechanism better. In flavored protein-containing samples (Fig. 2A),
relative headspace abundance is significantly diminished compared to
protein-free samples due to the protein-flavor binding mechanism.

Fig. 2B shows a heat map reflecting the extent of protein-flavor
interaction between the thirty-three flavor compounds and the five
commercial plant-based proteins. Notably, binding responses widely
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vary across flavor compounds and, to a lesser extent, between protein
sources. The experimentally determined binding values can be found in
Supplementay Table S3.

As expected, binding is, to some extent, influenced by the hydro-
phobicity of the flavor compound (Fig. 2B). Flavors with high binding
values are visualized by the dark blue color and are mainly grouped at
the bottom of the correlation plot where the flavors are arranged by their
LogP values, which increase with the chain length (Bi et al., 2022; Su
et al., 2021). Closer observation of the data shows binding <1 % for the
rather hydrophilic flavor compound 2,5-dimethylpyrazine (Supple-
mentay Table S3) (LogP = 0.6). Other hydrophilic flavor compounds
within the data set also showed limited binding. Moreover, these
exhibited high variability in the binding levels across the different
protein sources (top part of Fig. 2A). For example, the experimentally
determined protein-flavor binding of 2-hexanone (LogP = 1.4) ranges
from <1 % to 15 % (Supplementay Table S3), where the lowest value is
for binding with LPI, and the highest value is for binding with FPIL
Similarly, binding values for 1-penten-3-ol (LogP = 1.1) vary from 6 %
to 32 % (Supplementay Table S3) where the lowest value is for binding
with FPL, and the highest value is for binding with SPI. On the contrary,
low variation in the experimental binding was observed for flavors with
higher binding affinity, e.g., trans-2-nonenal (LogP = 3.1), where values
ranged from 90 % to 97 % (Supplementay Table S3). An additional
parameter to consider is the accuracy of the experimental data. Deter-
mining the protein-flavor binding accurately of hydrophilic flavors is
more difficult than that of the more hydrophobic species. Hydrophilic
flavors often show low protein-flavor binding affinities and large
experimental errors. Viry et al. (Viry et al., 2018), Snel et al. (Snel et al.,
2023), and Wei et al. (Wei et al., 2024) explained the low protein
binding values of hydrophilic flavor compounds by a “pushing-out (size-
exclusion) effect”. This phenomenon leads to the expulsion of small and
hydrophilic flavor compounds from the solution, pushing them into the
headspace (Snel et al., 2023; Viry et al., 2018). Wei et al., 2024
described this effect as a “salting-out effect”, where the protein in so-
lution lowers the surface tension of the dispersion, enhancing flavor
release to the headspace.

From the modeling perspective, the non-uniform variance of errors,
known as heteroskedasticity, is a complication that may impact the
reliability of the predicted data obtained from the QSAR models.

This work was designed with a strong focus on practical applications,
recognizing that entirely flavor-free plant materials are not yet avail-
able. As a result, the binding capacity may be slightly compromised due
to the naturally occurring flavors in the plant proteins. However, it offers
a more realistic scenario for day-to-day food applications.

3.2. Key descriptors involved in the protein-flavor binding mechanism

Reflecting on the first hypothesis, a QSAR study was performed to
determine the most important properties that participate in the protein-
flavor binding. The RF model was selected to predict flavor binding to
proteins because of its high accuracy, robustness, and low likelihood of
overfitting data. For selection, only twenty-eight descriptors of the
initial 328 descriptors consistently performed better than those of
repeatedly randomized descriptor data. In essence, only twenty-eight
descriptors are here related to protein-flavor binding, which is influ-
enced by flavor structure and physicochemical properties. On the con-
trary, protein-related descriptors such as particle size, zeta potential,
surface hydrophobicity, isoelectric point, and the residual fat content
(up to 0.09 (w/v) % in solution), exhibited minimal influence on the
protein-flavor binding mechanism.

From these twenty-eight candidate descriptors, twelve were selected
for the prediction model. Their calculated importance scores are plotted
in Fig. 3A. Descriptors significantly impacting protein-flavor binding
include constitutional, geometrical, hybrid, electronic, and topological
descriptor classes (Toppur & Jaims, 2021) (Fig. S1). A full definition of
the descriptors according to the OCHEM CDK manual can be found in
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Appendix, Supplementary Material, Supplementay Table S4.

As shown also in Fig. 2, protein-flavor binding strongly depends on
flavor hydrophobicity (Bi et al., 2022; Su et al., 2021). Hence, it is not
surprising that the constitutional descriptors ALogP2, ALogP, and
XLogP, each referring to hydrophobicity albeit slightly different,
demonstrated the most pronounced importance scores within the
protein-flavor model, as illustrated in Fig. 3A.

Besides constitutional, the hybrid and topological descriptors like
ECCEN, BCUTc-1I, BCUTp-11I, and MDEC-22 also contribute to the
protein-flavor binding model (Fig. 3A). These descriptors provide in-
formation about the proximity of atoms, distances between them, con-
nectivity within a molecule, and overall molecular spatial relationships
(Toppur & Jaims, 2021) and help to describe the flavor compounds'
functional groups and the locations within the molecular structures.
Results showed that flavor structure (location of the functional group,
spatial configuration) and physicochemical properties (LogP) were pri-
mary contributors to protein-flavor binding being aligned with previous
scientific studies (Damodaran & Kinsella, 1981; Guo et al., 2024; Kiithn
et al., 2006; Li et al., 2024; Semenova et al., 2002; Wei et al., 2024; Zhou
& Cadwallader, 2006). For example, carbonyl group displacement along
the molecule enhanced binding significantly in commercial protein
isolate-based systems (Damodaran & Kinsella, 1981). The positioning of
the keto group within the inner structure of the molecule leads to steric
hindrance, causing a reduction in the interaction's free energy.

In addition, the descriptors WNSA-3, PNSA-3, and RNCS define the
flavor compounds' surface area and partial charge (Supplementay
Table S4) (Toppur & Jaims, 2021) and show here as well significant
contributions to protein-flavor binding. For instance, the charge density
of a carbonyl flavor compound is comparatively greater than that of an
ester (Ayed et al., 2014). Consequently, carbonyl-type flavor compounds
exhibit a higher degree of retention than esters.

The response plots (Fig. 3B) illustrate the contribution to protein-
flavor binding (response contribution) when only the input values of
the twelve selected descriptors for the model change. Three main pat-
terns were observed: First, an inverse response between polarizability
(BCUTp-1I) and partial charge (BCUTc-11) is observed; Low polariz-
ability or high partial charge seemed to result in higher binding values.
Second, remarkably similar patterns are seen for ECCEN and MDEC-22,
providing connectivity information and molecular distance between C,
N, and O. Third, a comparable pattern was found between WNSA-3,
PNSA-3, and RNCS, which relates to the charge distribution of the fla-
vor compounds (Supplementay Table S4) (Toppur & Jaims, 2021).

Confirming the initial hypothesis, the results clearly indicate that the
properties of the flavor compound—such as topology, geometry, and
hydrophobicity—primarily dictate protein-flavor binding. Aldehydes
exhibited the highest affinity, followed by sesquiterpenoids and alco-
hols, whereas ketones showed the weakest binding (Supplementay
Table S3).

Under the tested conditions, the protein-related descriptors and
protein sources (SPI, PPI, LPI, LPC, and FPI) showed here minimum
impact on the model's performance (Fig. 3 and Fig. S1). These results are
consistent with previously published data by Barallat-Pérez et al., 2023
and Snel et al., 2023 who studied flavor binding to commercial food
proteins where flavor binding proved to be mainly dependent on the
flavor molecule and its physicochemical properties such as spatial
configuration, absence/presence of double bonds, and location of the
functional group.

In light of the previous information and the additional data presented
in Fig. 2 and Fig. 3A, it becomes evident that the interaction between
proteins and flavors extends beyond hydrophobicity. Additional factors
related to configuration properties and charge distribution also play a
crucial role in the observed binding phenomenon, complementing each
other in a way that should not be ignored.



C. Barallat-Pérez et al. Food Chemistry 467 (2025) 142268

A

100 + i
Descriptor class
g Constitutional 5
Hybrid
75
8 Geometric [ ]
o) Topological [l
8 50 | Electronic []
4]
—
| .
o
o 25 + ——
- S
ol e e
T T T T T T T T T T T T
T 0% % I 3T % 2 0% 2 & § 8
g 3 s g g e 3 5 5 Q Sz
= < o =2 = ® z = £ g a =
L 8 8 5 = =
o o
- - |
< <
ALogp2 ALogP ALogPS_logS BCUTp-1I
15 i 7.5 1 -
10 A 5.0 ‘ 50
‘ 5.0
5 1 25 1 231
| ‘ 00 25
0 \
0.0 ‘ o5 00
5 - ‘
dalwle e Luel 25 oo amegmd 20 ik lad Lolel 55 Lo mmoshde L
0.0 25 5.0 75 10.0 0 1 2 3 -2 -1 0 ’ 4 5 6 i
5
"‘g BCUTc-1I ALogPS_logP WNSA-3 XLogP
2 4] o
=
'E 0 B J 2
o} | :
o ] ] 0
© 2 0 ‘ 0
L ] 2
o 4 \ 2
Q. \ N
‘D AR E_ AR | ) L L mAE_ I mElL Em ) oEm N IJ?I,‘,II,LII,l,-,‘,lil,l,l,lil,‘, ,I,‘,Ii‘lil,l L1 IEENIEE 1IN W
q) -0.40 -0.35 -0.30 -0.25 0 1 2 3 4 -8 -6 -4 -2 0 1 2 3 4
0
PNSA-3 ECCEN MDEC-22 RNCS
11 } ! 3
"
0 1 ‘ 0 2
0 ‘ 1
T \ 1 0
-1 "
21 ‘ o -
L ume s e 2w n PR T R W R R o lmam ramu mwi
-20 -15 -10 40 80 120 0 5 10 10 15 20 25

Descriptor value

Fig. 3. Ranking, categorization, and response plots of selected descriptors for the QSAR model predicting protein-flavor binding. (A) High importance scores indicate
a strong relationship between molecular descriptors (constitutional, hybrid, geometric, topological, and electronic) and protein-flavor binding. Randomization of the
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3.3. Predicting protein-flavor binding

Reflecting on the second hypothesis, the prediction of the protein-
flavor binding was conducted employing RF using the twelve selected
descriptors. For this purpose, a “leave-one-flavor-out” cross-validation
approach was used. Individual data points corresponding to a partic-
ular flavor within the dataset were methodically excluded one by one,
and the model was further trained using the remaining data points.
Subsequently, the performance of the model was assessed by making
predictions for the excluded data points. This process was repeated for
each data point in the dataset. Fig. 4 shows the correlation between the
predicted and experimentally determined protein-flavor binding values.
The Q2 = 0.93 indicated a strong correlation between predicted and
experimental values (Fig. 4). A more detailed overview can be found in
Supplementary Material Fig. S2.

From Fig. 4 it is evident that the protein source does not strongly
affect flavor binding. None of the protein sources showed significantly
larger differences between the predicted and experimental values. These
results are in line with the outcome of the descriptor ranking and se-
lection illustrated in Fig. 3A (showing no significant contribution of
protein-related descriptors) and with literature information (Barallat-
Pérez et al., 2023; Snel et al., 2023).

3.4. Prediction of validation compounds

Training a QSAR model that can predict all possible combinations of
proteins and flavors is not feasible. The number of flavor compounds in
nature is enormous, thus, model restrictions must be validated and
defined for the structural domain and response space. To prove the
model's applicability, protein-flavor binding was predicted and
compared to experimentally determined data for compounds not in the
training and testing data set (Supplementay Table S1). The validation
compounds, such as p-anisaldehyde, methyl salicylate, and 3-methyl-
2,4-nonanedione, shared functional groups with our training set. Ethyl
octanoate and delta-dodecalactone, often employed in food flavors, were
also added to the data set. Supplementary Material, Supplementay
Table S5, shows the physicochemical and structural properties of the
compounds used in the validation.

The flavor binding values of the validation compounds were pre-
dicted by calculation of the twelve descriptor values for each flavor in
the validation set. These calculated values were used as input variables
for the previously trained model. The ensemble model is comprised of

100 1
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50 1
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254
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thirty-three different prediction models as a result of the LOOCV and
was applied to predict the flavor binding of the validation compounds.
For each model, the data of one flavor compound was left out and with
the remaining data, the model was trained. Fig. 5 shows the predicted
and experimental values of the validation compounds.

Methyl salicylate, 3-methy-2,4-nonadione, and p-anisaldehyde are
more hydrophilic and volatile than ethyl octanoate and delta-dodeca-
lactone (Supplementay Table S5 and S6) and show lower binding
(Fig. 5). Additionally, methyl salicylate, 3-methy-2,4-nonadione, and p-
anisaldehyde are characterized by a spherical-spatial configuration,
while ethyl octanoate and delta-dodecalactone have a linear-shape
structure. The steric effect from a spherical structure might hinder the
binding to the available hydrophobic pockets (Anantharamkrishnan
et al., 2020; Guo et al., 2024; Wongprasert et al., 2024).

Longer chain-length and linear molecules, such as ethyl octanoate
and delta-dodecalactone, consistently displayed a pattern in their
response plots (Fig. S3). This consistency indicated that they tend to
have higher MDEC values, which provide information about atom con-
nectivity along the molecule, closely related to higher binding affinity.

Despite the manufacturing and processing history that plant protein
isolates and concentrates often go through and the possible remaining
traces of fat and carbohydrates present, no large differences in flavor
binding affinity were found between the pure protein (BSA) and the
isolate (WPI) (fat levels <1, Supplementay Table S2) as seen in Fig. 5.
Furthermore, given the current studied system and the selected valida-
tion compounds, the proposed prediction model showed high predictive
ability (Q? = 0.88). Therefore, the obtained knowledge repeatedly
confirms the minor role of the protein source on the extent of protein-
flavor binding.

Using five verification flavor compounds p-anisaldehyde, ethyl
octanoate, methyl salicylate, 3-methyl-2,4-nonadione, and delta-dodec-
alactone may not fully address all flavor chemical classes and physico-
chemical properties existing in nature. However, it builds an initial
understanding of the protein-flavor binding mechanism and strengthens
the potential of the current prediction model. Follow-up studies are
suggested to expand to more diverse flavor compound datasets and more
diverse compositional and experimental conditions to cover broader
food applications.

4. Conclusions

The uniqueness of the present work lies in the use of a blend of

protein
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Fig. 4. Random Forest (RF) model depicting predicted vs. experimental protein-flavor binding values for the studied flavors and commercial protein isolates and

concentrates.
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Protein Isolate (WPI), and Bovine Serum Albumin (BSA). Results are expressed as mean + 2*stdev. Binding was calculated using Eq. (1).

different food protein fractions, suited for real food applications and
thus, representing a practical approach to predict protein-flavor bind-
ing. A modeling approach was hypothesized to predict flavor binding in
commercial protein-based model systems for various flavor compounds
and to reveal the key physicochemical and configurational properties of
the flavor compounds that determine the binding mechanism. The re-
sults unequivocally demonstrate a strong correlation between predicted
and experimental values, as demonstrated by the Random Forest model
highlighting that protein-flavor binding is primarily dictated by the
flavor compound itself under the here researched conditions. Beyond
hydrophobicity, topological, electronic, and geometrical descriptors
complementarily contribute to the observed protein-flavor binding.

The obtained results have the potential to expand the current un-
derstanding of protein-flavor interactions serving as a first step toward
developing time-, cost- and resource-efficient methods for predicting
flavor binding in protein-rich systems and optimizing flavor formulas
(less flavor dosing) based on their structure and physicochemical
properties.

Although the applied model system in this study may not fully cap-
ture the complexity of real-world foods, the prediction model offers
valuable preliminary insights. It provides a straightforward method for
predicting flavor binding in protein-rich aqueous systems, initially
focusing on single-component food systems using commercial protein
isolates. Acknowledging the complexity of real food systems, which
involve mixtures of flavors, sugar, salt, fat, and extensive processing
conditions (heat, pH, ionic strength), further research is needed to
explore the broader application of the presented model reflecting more
practical food scenarios.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.foodchem.2024.142268.
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