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ABSTRACT

Background and Objectives: The goal of this research was to examine the relationship between the composition and
functionality of pea flour using the following machine learning algorithms: linear regression, partial least squares regression
(PLSR), Gaussian process regression (GPR), support vector regression, gradient-boosted decision trees, and a standard feed-
forward neural network.

Findings: In general, linear models outperformed non-linear models. PLSR provided best fits for prediction of emulsion
stability, oil holding capacity, foam stability and foam capacity; but was less effective for solubility and water holding capacity,
which were best described by the GPR model. Variable Importance in Projection scores, calculated for each PLSR model,
showed that protein and acid detergent fiber were both highly influential in predicting foaming capacity (1.52 and 1.55),
foaming stability (1.30 and 1.54), oil holding capacity (1.64 and 1.50), and water holding capacity (1.56 and 1.53). Protein was
also highly important in predicting solubility (1.80), alongside starch (1.60) whereas lipid was highly predictive (2.02) for
emulsion stability.

Conclusion: Application of machine learning models was successful in relating compositional features of pea flour to
functionality.

Significance and Novelty: Using machine learning to predict the functional behavior of pea will aid both breeders and
product developers in ingredient selection.

1 | Introduction changing regulatory frameworks, changing consumer demo-
graphics and health/nutrition (Cordoba et al. 2025). Pulse
proteins, particularly those derived from pea, are attractive
due to their low cost, abundant supply, and nutritional/
functional properties. Challenges exist related to ingredient
performance, as food companies aim to integrate pea ingre-
dients into various food market segments. Suppliers tend to

Over the last decade, significant advances and uptake of
alternative protein ingredients by the food industry have
occurred to reduce or replace the use of soybean, wheat, and
animal-derived proteins. Market shifts are being driven by
issues surrounding cost, environmental sustainability,
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see variability in the feedstock composition associated with
genetic and environmental effects that can have a direct
impact on functionality of the ingredient, and thus their
performance in food products. Knowledge surrounding the
strength of correlations tying seed composition to function-
ality is limited. Integration with machine learning driven
models to better understand and predict this relationship
could lead to advances in breeding programs and ingredient
performance. Artificial neural networks can predict pea seed
yield with high accuracy, significantly outperforming tradi-
tional linear models by effectively utilizing meteorological,
agronomic, and phytophysical data (Hara et al. 2022). Kircali
Ata et al. (2023) reported the hardness and chewiness pre-
diction of plant-based meat analogs produced by extrusion
could best be described by their relationship with the proxi-
mate composition of the ingredients using a regularized line
Ridge model.

Machine learning models were used to predict the protein
content of peas by analyzing their spectral data, enabling rapid
and non-destructive assessment for applications in biology and
food science (Xie et al. 2024). Machine learning methods can
capture complex, non-linear relationships among independent
and dependent variables (Lie-Piang et al. 2023). Many machine
learning algorithms are available for tabular data, however, few
studies have investigated their utility for mapping ingredient
functionality to performance. Screening and selection of the
best model for this purpose is an essential activity of this
research, including assessing the feasibility and predictive
ability of candidate models.

Lie-Piang et al. (2023) used machine learning (e.g., spline
regression, random forest, and neural networks) to predict and
quantify functional attributes of a wide range of ingredient
formulations. The authors considered functional attributes of
commercial isolates (e.g., pea protein isolate, pea fiber isolate,
pea starch isolate, and lupin protein isolates) and mildly refined

Pea cultivars

24-26 different pea
lines

2 growing seasons
(2023, 2024)

Protein
Moisture

ingredients (e.g., flour, air classified protein and starch fractions
for both pea and lupin), which included emulsion stability,
foaming capacity, gel stiffness, and final viscosities, and mapped
those to the formulation composition. The authors reported that
different machine learning models needed to be individualized
for each functionality and crop.

Dahl et al. (2025) predicted the rheological properties from
compositional data arising from food biopolymer mixtures
using machine learning. Formulations involving pea and faba
bean protein isolates/concentrates (14%-43%) were blended
with various polysaccharides (0%-13%) including maize starch,
pectin, cellulose and carrageenan, with final moisture levels
ranging between 40% and 72%. These levels were selected to be
indicative of high moisture extrusion processing/formulation
conditions. Data sets were evaluated using cluster analysis to
identify patterns in the data sets and variable importance, prior
to applying machine learning models. The authors reported that
when samples were within the linear viscoelastic regime, a
single-output random forest model was most effective at relat-
ing compositional data to its rheological data. For those ex-
hibiting a non-linear response, a multi-output random forest
regression was more effective. Neural network models were also
applied to predict spray drying conditions for encapsulation of
probiotics using pea proteins (Sharma et al. 2024). For the most
part, in the food industry, deep learning algorithms have fo-
cused on image analysis as it relates to processing, quality and
safety (Zhu et al. 2021). As an example, Wu et al. (2023) studied
the impact of residence time and texture prediction of pea
protein extrusion based on image analysis.

The overall goal of this research was to screen various machine
learning models for their predictive power in relating pea seed/
flour composition to a range of functional properties important
to the food industry (Figure 1). The impact of pea cultivar and
growing season are included to improve the robustness of the
dataset.

Functional property analysis

Western Canadian pea
breeding trials

Ash Solubility

Screening of machine learning models

FIGURE1 |

Gradient-boosted
decision trees

Neural network (multi-
layer perceptron)

Neutral/acid detergent | Water holding capacity Predictive power

fibre Oil holding capacity Linear Regression

Starch Emulsion stability Partial Least Squares

Lipid Foaming properties Regression (PLSR) Importance in
Gaussian Process projection scores
Regression Correlations
Support Vector
Regression

Experimental design for screening various machine learning models to predict the functionality of pea flour from their composition,
for varying pea cultivars and growing seasons from Western Canada.
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2 | Materials and Methods
2.1 | Materials

Pea breeding lines from the 2023 and 2024 western Canadian
pea Co-op Test, with three replicates each year, were evaluated
for protein composition and functionality traits. The 2023 lines
consisted of 12 from pea Co-op Test B grown at Sutherland
(Saskatoon) location, that is, CDC Spectrum, AAC Lacombe,
AAC Profit, CDC 7088-F1-21-1Y, CDC Limerick, CDC Forest,
CDC 6549-4, CDC 7084-F1-7-62, CDC 7090-F1-7-91, CDC
7088-F1-21-1G, CDC 6897-6, and CDC 6857-1, and 12 from pea
Co-op Test A also grown at Sutherland (Saskatoon) location,
that is, CDC 6461-1, CDC 6482-4, CDC 6308-3, CDC 6471-2,
CDC 6844-9, CDC 6736-2, CDC 6680-1, CDC 6716-14, CDC
6635-2, CDC 6735-2, CDC 6735-4, and CDC 6862-1. The 2024
lines consisted of 7 from pea Co-op Test B, that is, CDC
7084-F1-7-62, CDC 6897-6, CDC 6948-4, CDC 7078-2, CDC
7088-F1-21-1Y, CDC 6999-2 and CDC 7101-13, and 19 from pea
Co-op Test A, that is, CDC Limerick, CDC Forest, CDC Spec-
trum, AAC Profit, CDC 6844-9, CDC 6736-2, CDC 6680-1, CDC
6716-14, CDC 7007-15, CDC 7144-2, CDC 7100-2, CDC 6959-7,
CDC 7062-5, CDC 7150-5, CDC 6933-5, CDC 6921-4, CDC
7113-5, CDC 7040-3, and CDC 7027-3. The whole pea seeds
were milled into flour using a benchtop mill (Wondermill,
Garin Mill model: WM2000, Pocatello, ID). All milled flours
were stored in sealable plastic (low density polyethylene,
0.07 mm thickness) bags at 4°C until further analysis. All water
used was sourced from a MilliQ™ water purification system
(Millipore Corp, Milford, MA, USA).

2.2 | Compositional Analysis by Near Infrared
Spectroscopy

Compositional analysis (protein, moisture, ash, neutral/acid
detergent fiber, starch and crude lipid (i.e., ether extract)) were
determined using a FOSS NIR DS2500 Near Infrared spectro-
photometer (FOSS North America, Eden Prairie, MN, USA),
where reflectance of the pea samples was scanned from 400 to
2498 nm in 0.5 nm increments (Arganosa et al. 2006).

2.3 | Flour Functionality
2.3.1 | Protein Solubility

Protein solubility (%) was determined by dispersing 0.200 g of flour
in 20 mL water. The samples were adjusted to pH 7.0 using 0.1 N
NaOH and stirred (300 rpm) for 1 h at room temperature (22°C). A
corresponding sample was prepared by dispersing 0.200 g of flour
in 20 mL of 1 N NaOH (to completely solubilize the sample) and
allowing it to stir as previously described. The samples were then
centrifuged at 7000g for 15 min at room temperature (Sorvall ST8
Centrifuge, Thermo Fisher Scientific Inc., Waltman, MA, USA)
and stored overnight at 4°C. The protein content of the super-
natant was determined using the modified Lowry Method
(Thermo Scientific Modified Lowry Protein Assay Kit, LSG23240)
according to Lo et al. (2022). A dilution (0.3 mL supernatant in
10 mL water) was used to ensure the absorbance readings were
within the bovine serum albumin standard curve. Percent solu-
bility was calculated by dividing the protein content of the

supernatant at pH 7 by the protein content of the sample in 1N
NaOH (x100%).

2.3.2 | Water and Oil Holding Capacity

Water holding capacity (WHC) was measured by weighing 1.0g
flour and 10 g water into a 50 mL centrifuge tube according to Stone
et al. (2015). The mixture was vortexed at maximum speed 10
(Analog Vortex Mixer, VWR International, Mississauga, ON,
Canada) for 10s every 5min during a 30 min period and then
centrifuged at 1000g for 15min (Sorvall ST8 Centrifuge, Thermo
Fisher Scientific Inc., Waltman, MA, USA). The supernatant was
subsequently drained from the centrifuge tube and the mass of the
resulting pellet was weighed. The amount of water absorbed by the
flour was determined based on the difference in pellet weight and
initial flour weight (reported as g water/g flour). The same method
was used to determine oil holding capacity (OHC; g oil/g flour),
using 10 g canola oil in place of water.

WHC or OHC = [pellet weight (g)-initial flour weight (g)] o

+ initial flour weight (g).

2.33 | Foaming

Foaming capacity (FC) and foam stability (FS) were measured
by preparing a 1% flour sample in water according to Stone et al.
(2015) with slight modifications. The solution was stirred for
20 min using a magnetic stir plate followed by pH adjustment to
pH 7.0. After stirring for 1h at pH 7.0, 15mL of the flour
solution was transferred into a 400 mL beaker (inner diame-
ter = 69 mm; height = 127 mm). Using a homogenizer (Polytron
PT2100, Kinematica AG, Lucerne, Switzerland) with a saw
tooth generating probe positioned slightly below the air-water
interface, the solution was homogenized at 13,000 rpm for
2min to generate foam. Immediately following, the foam was
poured into a 50 mL graduated cylinder and the foam volume
(FV1) was recorded. After 30 min the foam volume (FV2) was
again recorded to measure the FS.

%FC = FV1 (mL) + 15mL X 100 )
%FS = FV2 (mL) + FV1 (mL) X 100. (3)

2.34 | Emulsion Stability (ES)

ES by creaming was determined by preparing a 1% protein
sample in water and adjusting the solution pH to 7.0 over 1 h at
room temperature according to Stone et al. (2015). Emulsions
were prepared by homogenizing 5 mL (V1) of the prepared 1%
protein solution with 5 g of canola oil in 50 mL centrifuge tubes.
Mixtures were homogenized for 2 min at 13,000 rpm using a
Polytron homogenizer (as described for foaming). The emulsion
was immediately transferred into a 10 mL graduated glass cyl-
inder (inner diameter =10.80 mm; height =100.24 mm) after
preparation. The ES was determined by observing the separa-
tion of the serum layer after 30 min of storage time at room
temperature (V2). The emulsion stability was calculated using
the following calculation:

%ES = (V1 — V2)/V1 x 100. )
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TABLE 1 | Compositional analysis by near infrared spectroscopy of protein, starch, neutral detergent fiber, acid detergent fiber, lipid, and ash
(%, dry basis) for the 2023 and 2024 growing seasons at Saskatoon, Canada. Data represent the mean and standard deviation of triplicate plots.

Neutral detergent Acid detergent

Cultivar Protein (%) Starch (%) fiber (%) fiber (%) Lipid (%) Ash (%)

2023 Growing season
CDC Spectrum 22.3+0.9 49.4 +2.7 14.9+0.7 11.6 +1.6 0.8+0.2 24+0.2
AAC Lacombe 20.7+0.5 50.6 +1.1 142+1.1 10.6 +0.6 1.2+0.1 2.4+0.0
CDC Limerick 22.5+0.9 48.6 +1.6 140+1.1 10.6 £ 0.6 1.2+0.1 24+0.0
CDC Forest 21.5+0.6 49.4+1.2 141+11 11.6 £0.3 1.1+0.3 23+0.1
AAC Profit 22.9+0.4 476 +1.4 13.2+0.5 11.1+0.3 0.6 +0.4 23+0.1
CDC 6549-4 23.2+1.2 47.4+0.4 13.8 +£0.7 11.0+0.2 1.1+0.1 25+0.1
CDC 7084-F1-7-62 22.1+0.9 473+1.0 16.5+0.2 12.2+0.3 1.3+0.2 2.6+0.0
CDC 7090-F1-7-91 234+0.3 47.2+0.9 13.4+1.8 11.7+1.4 1.0+0.3 2.2+0.0
CDC 7088-F1-21-1Y 222+1.1 48.7+0.8 144+0.3 12.2+0.2 0.3+0.3 23+0.1
CDC 7088-F1-21-1G 22.8+1.2 48.7+1.5 13.2+1.0 114+1.0 1.0+0.3 23+0.0
CDC 6897-6 21.3+1.2 48.5+1.8 14.5+0.6 11.5+1.0 1.4+04 23+0.1
CDC 6857-1 20.9+0.7 49.5+1.8 141+1.1 11.4+1.0 0.9+0.1 23+0.1
CDC 6461-1 22.0+0.6 50.7 +0.8 13.5+0.9 11.6 +0.9 1.8+0.2 1.7+0.1
CDC 6482-4 21.3+0.1 53.2+0.3 12.9+0.3 10.8+0.2 21+0.1 1.8+0.1
CDC 6308-3 20.4+0.7 51.3+1.3 13.3+0.5 12.3+0.6 1.8+0.1 1.7+0.2
CDC 6471-2 22.3+0.9 495+1.1 13.4+0.7 12.6 + 0.4 1.8+0.1 1.7+0.2
CDC 6844-9 22.3+0.3 50.2+1.3 13.3+1.2 11.7+0.7 1.3+0.2 1.7+£0.2
CDC 6736-2 21.6 +£0.2 50.1+1.3 13.1+0.7 11.5+0.7 1.6+0.1 1.6 £0.0
CDC 6680-1 21.4+0.2 49.0+3.4 141+14 13.0+1.0 1.3+0.2 1.6+0.2
CDC 6716-14 24.2+0.5 49.2+34 141+14 13.0+1.0 1.3+0.2 1.6+0.2
CDC 6635-2 20.3+0.3 52.0 +£0.36 13.1+0.3 11.5+04 1.8+0.2 1.6 +0.1
CDC 6735-2 209+1.2 51.1+1.6 14.7+0.1 11.9+0.8 1.7+0.3 1.8+0.2
CDC 6735-4 20.9+0.7 48.4+1.0 16.4+0.2 12.6 +0.7 1.9+0.3 1.9+0.1
CDC 6862-1 21.3+1.0 509 +1.8 144+ 0.6 12.1+0.8 1.6 +0.2 1.6 £ 0.0
Mean (2023) 219+1.2 49.5+1.9 14.0+1.2 11.7+0.9 1.3+0.5 2.0+04
Range (2023) 20.3-23.4 47.2-53.2 12.9-16.5 10.6-13.0 0.6-2.1 1.6-2.6

2024 Growing season
CDC Spectrum 27.8+0.5 499 +0.5 151+1.3 9.4+0.3 1.4+0.3 24+0.1
AAC Profit 27.7+0.9 48.1+1.5 15.0+2.0 9.6 +0.6 14+0.2 23+0.1
CDC Limerick 29.3+1.2 50.7+ 0.6 12.8+0.2 8.8+0.3 1.9+0.2 23+0.1
CDC Forest 273+1.3 52.4+0.8 13.8+0.7 9.2+0.9 23+0.2 24+0.1
CDC 6844-9 26.3+0.9 50.8 £0.9 14.2+1.0 8.9+0.6 1.7+0.3 21+0.1
CDC 6736-2 26.6 +1.4 51.2+0.9 13.4+0.8 8.6+0.6 2.1+0.6 20+0.1
CDC 6680-1 253+1.1 51.9+0.8 144 +0.3 9.1+0.3 1.3+0.3 22+0.0
CDC 6716-14 267+14 499+1.1 14.0+0.5 8.3+0.5 1.7+0.4 22+0.1
CDC 7007-15 27.5+0.5 48.5+0.7 145+14 9.3+0.8 1.4+0.5 21+0.1
CDC 7144-2 27.2+0.9 51.3+0.8 13.3+0.5 84+0.5 1.7+0.3 21+0.1
CDC 7100-2 25.7+0.8 52.6 +0.7 14.1+0.9 8.4+0.5 1.7+0.3 2.2+0.0
CDC 6959-7 27.0+0.9 51.3+0.9 14.2+0.5 9.6 +0.3 14+0.1 2.2+0.0
CDC 7062-5 26.3+1.0 49.8+0.8 148+ 0.4 9.0+0.6 1.8+0.2 22+00
CDC 7150-5 251+0.5 51.6+1.9 15.0+0.6 9.1+0.9 1.7+0.2 22+0.1
CDC 6933-5 28.3+0.8 509+14 12.8+0.5 8.0+0.3 1.7+0.2 21+0.0
CDC 6921-4 27.8+1.1 49.7+0.6 13.2+0.8 8.6+ 0.6 14+04 22+0.0

(Continues)
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TABLE 1 | (Continued)

Neutral detergent

Acid detergent

Cultivar Protein (%) Starch (%) fiber (%) fiber (%) Lipid (%) Ash (%)
CDC 7113-5 27.5+0.8 50.0+1.2 13.6+0.2 8.7+0.6 1.6+0.4 22+0.0
CDC 7040-3 27.5+1.2 498 +0.7 13.7+0.4 8.6+ 0.6 1.4+0.2 2.1+0.0
CDC 7027-3 259+14 53.0+1.2 14.6 £+ 0.4 8.8+ 0.6 1.7+0.2 21+0.1
CDC 7084-F1-7-62 28.1+0.6 50.6 +1.1 152+0.3 10.1+0.7 23+0.5 25+0.1
CDC 7088-F1-21-1Y 28.3+0.4 47.5+0.8 14.7 +0.8 10.1+0.4 1.1+0.3 2.3+0.0
CDC 6897-6 263+14 51.7+1.0 12.6 + 0.4 8.9+ 0.6 24+03 22+0.1
CDC 6948-4 26.8+1.3 52.6 +0.8 13.0+0.5 9.2+0.2 1.8+0.3 21+0.1
CDC 7078-2 26.5+1.3 50.8+1.6 14.0+14 9.6+0.8 21+0.6 23+0.1
CDC 6999-2 27.6 £ 0.6 49.3+1.0 142+04 9.0+ 0.6 1.4+0.2 22+0.1
CDC 7101-13 28.6+1.0 494+1.4 13.0+04 8.8+0.3 1.4+0.2 21+.01
Mean (2024) 271+1.3 50.6 +1.6 14.0+0.9 9.0+0.7 1.7+0.4 22+0.1
Range (2024) 25.1-29.3 47.5-52.6 12.8-15.2 8.0-10.1 1.1-2.3 2.1-2.4

2.4 | Machine Learning Models

In total, six candidate models were selected, representing a diverse
set of linear and non-linear approaches. For linear models, Linear
Regression (LR) and Partial Least Squares Regression (PLSR) were
evaluated. For non-linear models, Gaussian Process Regression
(GPR), Support Vector Regression (SVR), gradient-boosted deci-
sion trees, and a standard feed-forward neural network (multi-
layer perceptron, MLP) were evaluated.

PLSR is a linear method which excels in contexts where there is
a high degree of multicollinearity among the predictors, which
makes it a robust and common choice in many application
areas such as chemometrics. PLSR learns a projection of the
features into a reduced latent space which is maximally corre-
lated with the dependent variable (or variables). This lends to
not only robustness against correlated features, but also inter-
pretable predictions by inspecting the weights of individual
components.

GPR is a Bayesian regression method which assumes a Gaus-
sian prior distribution over the data generating process. Given a
kernel function K and data x, GPR models condition the class
of functions defined by K based on the observations, with the
assumption that they were sampled from a multivariate Gaus-
sian distribution with K defining its covariance. GPR has the
advantage of giving not only point predictions but the full
posterior distribution over predictive functions, although this
comes at the cost of high computational complexity. For the
kernel function, we evaluated the RBF (Gaussian) kernel, the
dot product kernel, and the rational quadratic kernel.

SVR generalizes support vector machines, a common model for
classification, to continuous regression targets. SVR models
learn to fit a function f(x) such that the training points lie
within a margin around it and only points which exceed this
threshold contribute to the loss during fitting. This function can
be a linear function (i.e. f(x) = wx + b), or non-linear using a
kernel function. We test the linear kernel, as well as the poly-
nomial kernel, the RBF kernel, and the sigmoid kernel.

Gradient boosted decision trees are an ensemble method which
combine multiple decision trees, which act as weak learners. Each

decision tree is fit to minimize the residual error produced by the
previous tree and the ensemble is heavily regularized to mitigate
overfitting. There are several implementations of gradient-boosted
decision trees available—in this work we use the popular XGBoost
implementation (Chen and Guestrin 2016).

Multi-layer perceptrons (or feed-forward neural networks)
are a classical example of neural networks. Inputs are suc-
cessively transformed by repeated linear projections, each
followed by a non-linear transformation. The output of the
final transformation is compared to the ground truth using a
loss function (here we use mean squared error), and the
parameters of the model are updated by backpropagation
(against the gradient of the loss with respect to each
parameter). For the MLP model, dropout stochastic regu-
larization (Srivastava et al. 2014) was used between hidden
layers. The architecture of the MLP as well as the optimizer
and other training hyperparameters were determined via
hyperparameter search (Section 3.3).

3 | Results and Discussions

3.1 | Compositional Analysis by Near Infrared
Spectroscopy

Compositional analysis of 24 and 26 pea lines from the 2023 and
2024 growing season are reported in Table 1. Overall, mean pro-
tein levels in pea breeding lines were lower in 2023 (21.9%) than in
2024 (27.1%). In contrast, starch (~50%), neutral detergent fiber
(~14%) and ash levels were similar (~2.1%) across years. Mean acid
detergent fiber was greater in 2023 (11.7%) relative to 2024 (9.0%);
whereas lipid levels were higher in 2024 (1.7%) than 2023 (1.3%).
Values reflect mean values of all lines, where some variation
among the pea lines within each year was evident (Table 1).
Protein levels are within the range of other reports for peas grown
in Saskatchewan (Canada). For instance, Stone et al. (2019), re-
ported pea flour (CDC Meadow) grown in Saskatchewan to have
approximately 24.5% protein; Hood-Niefer et al. (2012) reported
variation in pea flour protein levels (24.2%-27.5%) among 10 pea
lines; and Nosworthy et al. (2021) reported protein levels ranging
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TABLE 2 | Functional properties of pea flour from seeds from the 2023 and 2024 growing seasons at Saskatoon, Canada. Data represent the
mean and standard deviation of triplicate plots.

Solubility = Water holding 0il holding Foaming Foam Emulsion
Cultivar (%) capacity (g/g) capacity (g/g) capacity (%) stability (%) stability (%)
2023 Growing season
CDC Spectrum 68.7 +2.3 1.28 +0.05 0.88 +£0.03 85.6 +1.9 90.9+2.1 84.3+0.6
AAC Lacombe 76.2+4.2 1.26 +0.05 0.87 +0.01 989+1.9 854+23 79.7 £ 0.6
CDC Limerick 78.5+2.8 1.39+0.02 0.88 +£0.03 98.9+5.1 92.4+6.8 82.7+1.2
CDC Forest 774+1.9 1.33 +£0.03 0.87 +£0.01 110.0 + 3.3 85.9+ 3.5 80.3+0.6
AAC Profit 86.3+1.1 1.38 +0.05 0.91 +0.04 103.3+5.8 849+24 88.0+1.7
CDC 6549-4 78.8 £ 1.5 1.37 £0.05 0.90 +0.02 115.6 +7.7 89.4+2.1 83.7+1.5
CDC 7084-F1-7-62 84.3+0.7 1.37+0.08 0.93+0.01 134.4+9.6 86.8+1.2 83.7+2.3
CDC 7090-F1-7-91 79.6 £2.0 1.42+0.06 0.93 +£0.04 117.8 £13.5 88.6 +1.2 81.3+0.6
CDC 7088-F1-21-1Y 80.6 +£0.1 1.31+0.07 0.97 £0.01 123.3+3.3 88.2+34 93.0+1.0
CDC 7088-F1-21-1G 78.2+0.1 1.33+0.01 0.92 +0.03 148.9+1.9 89.6+1.2 91.0+1.7
CDC 6897-6 79.0+3.2 1.33+0.06 0.91 +£0.01 142.2 +12.6 87.4+2.0 87.0+ 1.7
CDC 6857-1 774+ 3.6 1.27 £ 0.04 0.91 +£0.02 131.1+13.9 87.2+1.3 89.3+0.6
CDC 6461-1 80.7+1.9 1.35+0.02 0.86 + 0.02 150.0 +16.7 87.3+2.0 83.7+0.6
CDC 6482-4 744+ 1.8 1.37 +£0.03 0.88 +0.04 190.0 £9.77 90.0+1.6 82.0+1.0
CDC 6308-3 73.3+1.7 1.34 +0.04 0.90 +£0.01 186.7 + 27.3 84.7+5.1 82.0+ 0.0
CDC 6471-2 79.5+4.4 1.34 +0.04 0.86 + 0.01 175.6 +34.7 88.2+3.3 89.3+1.2
CDC 6844-9 80.9+4.9 1.33 £0.03 0.89 +£0.01 105.6+1.9 92.6 +2.0 92.3+0.6
CDC 6736-2 79.7 £ 2.6 1.30 +0.05 0.89 +£0.03 123.3+3.3 84.7+1.6 86.0 +2.0
CDC 6680-1 82.7+3.2 1.51+0.04 0.89 +0.01 110.0+3.3 89.9+1.5 84.7+3.1
CDC 6716-14 79.7+1.3 1.30+0.01 0.86 +£0.02 137.8 +£10.2 89.4+3.1 85.7+1.5
CDC 6635-2 81.7+1.5 1.35+0.01 0.88 +£0.02 108.9+1.9 86.7 +1.7 80.0 +2.0
CDC 6735-2 77.6 +2.7 1.41 +0.04 0.89 +0.02 131.1+5.1 89.8 +2.8 81.0+1.7
CDC 6735-4 85.5+0.5 1.32+0.02 0.90 + 0.04 1244 +5.1 88.4+1.7 82.0+1.0
CDC 6862-1 79.1+29 1.34+0.05 0.89 +0.00 122.2 +3.8 88.2+1.8 90.0+1.0
Mean 76.2+ 3.8 1.35+0.05 0.89 +0.03 128.2 +27.0 88.2+2.2 85.1+4.0
Range 68.7-86.3 1.26-1.51 0.86-0.97 85.6-190.0 84.7-92.6 79.7-93.0
2024 Growing season
CDC Spectrum 86.0 +2.0 1.41+0.03 1.17 +0.02 929+ 3.4 84.4+7.6 84.0+ 1.7
AAC Profit 86.8+1.3 1.43+0.07 1.35+0.05 105.6 +11.7 86.1+3.7 82.1+1.2
CDC Limerick 83.1+3.1 1.16 + 0.04 0.98 +£0.00 744 +5.1 80.1+9.3 84.5+3.2
CDC Forest 77.8+1.8 1.21 +0.01 0.95+0.04 90.4+9.1 76.4+5.1 83.5+1.2
CDC 6844-9 76.8 +£0.3 1.20 +0.07 1.01 +0.04 108.7 + 4.4 78.6 £ 8.2 82.8+2.0
CDC 6736-2 77.5+3.1 1.21 +0.06 1.01 +0.04 70.2+12.5 78.8 +£10.8 85.5+1.2
CDC 6680-1 77.8+0.9 1.35+0.05 1.05+0.05 110.0+5.8 79.7+4.2 86.1+2.1
CDC 6716-14 70.5+0.3 1.20 + 0.04 1.06 +0.05 110.0+3.3 78.8 +£5.8 85.5+1.2
CDC 7007-15 76.5+2.6 1.16 +0.05 1.03 +0.01 94.4+4.1 77.8+6.9 83.8+1.0
CDC 7144-2 85.6 +3.4 1.13+0.02 0.97 +£0.03 102.2 +10.2 754+ 2.6 83.8+3.6
CDC 7100-2 79.7+1.2 1.32+0.02 0.99 +0.01 1049+7.3 76.5+4.7 84.1+1.2
CDC 6959-7 83.6+1.5 1.23 +0.05 1.03 +£0.05 101.1 +3.8 79.7 +4.5 83.6 £3.1
CDC 7062-5 789 +1.8 1.09 +0.06 1.11 £ 0.05 1104+ 5.4 85.6 +1.8 83.5+0.9
CDC 7150-5 79.5+14 1.21 +0.06 1.18 +0.05 101.3 +£12.7 84.3+3.7 82.7+2.3
CDC 6933-5 79.3+3.0 1.18 +0.05 1.05 +0.02 109.6 +7.1 84.2+4.2 86.7+1.2
CDC 6921-4 79.4+29 1.22+0.05 1.07 +0.02 68.9+7.7 75.6 +2.5 86.7+1.2
(Continues)
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TABLE 2 | (Continued)

Solubility = Water holding 0il holding Foaming Foam Emulsion
Cultivar (%) capacity (g/g)  capacity (g/g) capacity (%) stability (%) stability (%)

CDC 7113-5 79.4+1.7 1.15+0.09 1.15+0.07 89.3+2.3 79.5+6.7 86.0+1.7
CDC 7040-3 76.1+1.2 1.19+0.05 1.24 +0.07 101.9+9.5 84.5+1.7 87.0+ 2.6
CDC 7027-3 769+19 1.21 +0.05 1.41 +0.06 102.0 £ 5.7 81.2+3.3 85.7+2.1
CDC 7084-F1-7-62 774+1.0 1.10+0.03 1.25+0.09 107.1 +4.0 86.1 +12.1 84.0+ 0.0
CDC 81.5+1.3 1.10 +0.05 1.00 +0.05 132.2+12.6 84.8 +4.1 86.5+0.5
7088-F1-21-1Y
CDC 6897-6 81.8+1.8 1.14+0.05 1.15+0.01 68.7+4.4 659+ 5.5 79.1+1.0
CDC 6948-4 81.6 +0.9 1.07 +£0.05 1.19 +0.04 76.0 +£3.5 75.7+3.4 83.0+1.7
CDC 7078-2 82.1+1.1 1.15+0.03 1.15+0.04 84.4+13.5 77.0+5.7 84.7+3.2
CDC 6999-2 80.8+5.2 1.13+0.06 1.25+0.03 88.2+10.0 81.7+5.5 84.0+1.7
CDC 7101-13 85.0+1.3 1.15+0.02 1.19+0.03 77.1 +£10.5 87.9+3.8 86.3+2.9
Mean 80.1 +3.7 1.20 +0.09 1.12+0.12 95.5+159 80.2+4.8 84.4+1.8
Range 70.5-86.8 1.07-1.43 0.95-1.41 68.7-132.2 65.9-87.9 79.1-87.0

between 20.8% to 27.5%. Recently, Galves et al. (2025) reported
various pea breeding lines in Saskatchewan to have protein con-
tents of 19.2%-28.2% depending on growing location.

3.2 | Functional Attributes of the Flours

The functional attributes of flour produced from 24 and 26
pea lines from the 2023 and 2024 growing season were re-
ported in Table 2. Overall, solubility values were higher in
2024 (80.1%) compared to 2023 (76.2%). However significant
variation among lines was evident, as values ranged from
68.7% (CDC Spectrum) to 86.3% (AAC Profit) in 2023; and
70.5% (CDC 6716-14) to 86.8% (AAC Profit) in 2024. CDC
Spectrum had a lower solubility of 51.2% in Stone et al. (2021)
than what was found for CDC Spectrum in the current study
(68.7%-68.0%).

Water holding capacity was greater in the 2023 growing season
(1.35 g/g) than 2024 (1.20 g/g). In 2023, CDC 6680-1 and AAC
Lacombe represent the high (1.51g/g) and low (1.26 g/g);
whereas in 2024, the high and low were AAC Profit (1.43 g/g)
and CDC 6948-4 (1.07 g/g). Our results are in-line with the
WHC (1.2-1.4g/g), reported for low-phytate and regular pea
(CDC Bronco and CDC Amarillo) cultivars in Chigwedere et al.
(2023), and CDC Meadow (1.13g/g) in Stone et al. (2019).
Galves et al. (2025) reported a mean WHC value of 1.7 g/g for
both high and low protein lines (pea populations PR-25, PR-30,
and PR-31) and a WHC of approximately 1.85g/g for CDC
Meadow. The WHC of CDC Spectrum in the current study was
similar to that reported by Stone et al. (2021) (1.28 and 1.41 g/g
vs. 1.37 g/g, respectively). Oil holding capacity (OHC) values
were lower in 2023 (0.89 g/g) than in 2024 (1.12 g/g). In 2023,
OHC values ranged between 0.86 g/g (CDC 6461-1) and 0.97 g/g
(CDC 7088-F1-21-1Y); whereas in 2024, OHC values ranged
between 0.95 g/g (CDC Forest) and 1.41 g/g (CDC 7027-3). Our
values closely align with that of low-phytate and regular pea
(CDC Bronco and CDC Amarillo) cultivars (OHC =0.9-1.1 g/g)
(Chigwedere et al. 2023). Stone et al. (2019, 2021) reported
higher values (1.8-1.9 g/g) for CDC Spectrum, CDC Striker and

CDC Meadow. Galves et al. (2025) reported CDC Meadow to
have an OHC of 1.3 g/g with similar results for both high and
low protein lines.

Foam capacity (FC) and stability (FS) values were both higher
in 2023 than in 2024. In 2023, the mean value of FC was 128.2%,
with a high of 190.0% (CDC 6482-4) and low of 85.6% (CDC
Spectrum); whereas in 2024 the mean FC was 95.5%, with a
high of 132.2% (CDC 7088-F1-21-1Y) and low of 68.7% (CDC
6897-6). In contrast, Stone et al. (2019) reported FC of approx-
imately 170% for pea (CDC Striker and CDC Meadow). Mean FS
for 2023 was 88.2% and ranged between 84.7% (CDC 6308-3)
and 92.6% (CDC 6844-9); whereas in 2024 the mean value was
80.2% and ranged between 65.9% (CDC 6897-6) and 87.9% (CDC
7101-13). Chigwedere et al. (2023) reported pea lines to have a
lower FC (56.7%-68.9%) and FS (65.8%-77.5%) than the breed-
ing lines in this study. All pea lines investigated in Galves et al.
(2025), including CDC Meadow, had very high FC (200%-300%)
whereas the FS was approximately 83%-92% depending on
breeding line and location. The emulsion stability (ES) relates to
how useful the ingredients will be in emulsified products
including plant-based egg replacers and dressings or sauces.
Overall, ES was similar regardless of the year with an average of
84.7%, with slight variation among lines. The breeding lines had
higher ES (all > 80%) than what was reported for pea lines in
Chigwedere et al. (2023) (all <70%), but lower than what was
reported for CDC Striker (96.4%) and CDC Meadow (90.6%)
in Stone et al. (2019).

3.3 | Training Machine Learning Models

To aggregate the data for prediction, the mean was taken
across replicates for each dependent and independent vari-
able. Because not every breeding line was grown in both the
2023 and 2024 trials, the number of datapoints per mea-
surement was either 3 or 6. Correlations between and
among the sets of dependent and independent variables are
shown in Figure 2. To evaluate the ability of each model to
predict protein-related traits in unseen pea lines, we performed
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leave-one-out cross-validation where one line was held out for
testing and the rest were used for model training. This process was
repeated for each pea line to obtain a final set of predictions. For
each evaluation, outlier removal was performed on the training set
by removing samples which were outside a multiple of 1.5 of the
inter-quantile distance. Box-Cox power normalization was applied
to each of the dependent and independent variables, with statistics
for the transformation only calculated from the training samples.
The exceptions were MLP, for which standardization was used
instead for numerical stability, and XGBoost, for which no trans-
formation was applied. Except for LR, each model's hyperpara-
meters were tuned using leave-one-out cross-validation using the
training set inside the outer cross-validation loop. The MLP model
used a randomized search strategy with a budget of 100 iterations,
while for the remaining models a grid search strategy was used. In
order to avoid holding out data for early stopping, we trained the
MLP model for 250 optimization steps, and controlled overfitting by
searching over the learning rate instead. A summary of hy-
perparameters considered, and their search ranges are shown in

Supporting Information: Table S1. All models were trained using
the mean squared error criteria.

3.4 | Validation of Machine Learning Models

For each scenario, the model's prediction accuracy was calcu-
lated in terms of mean absolute error (MAE), mean squared
error (MSE), the coefficient of determination (R?), and Spear-
man's rank correlation (Spearman's rho). Prediction results are
shown in Table 3. For additional interpretability results, indi-
vidual conditional expectation plots, predictions, and residual
plots are shown in Supporting Information (Figures S1-18).
Across all evaluations, models consistently showed a moderate
ability to predict water holding capacity, oil holding capacity,
foaming capacity, and foaming stability, with R* values between
0.398 and 0.45 for the best performing model. However, all
models failed to significantly predict solubility or emulsion
stability, with negative R? values for each model.
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FIGURE 2 | Pearson correlation analysis describing relationships between pea flour composition and ingredient functionality. ADF, acid

detergent fiber; D.W.B, dry weight basis; EE, ether extract (i.e., crude lipid); NDF, neutral detergent fiber.
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TABLE 3 | Results for prediction of flour functionality.

Model MAE MSE R? Spearman'’s rho
(a) Solubility
LR 2.517 10.990 —0.279 0.078
PLSR 2.497 10.470 —0.218 —0.046
SVR 2.288 9.129 —0.06 —0.006
GPR 2.275 9.077 —0.056 —0.896
XGBoost 3.109 15.454 —0.798 —0.106
MLP 2.474 11.004 —0.280 —0.391
(b) Water holding capacity
LR 0.060 0.007 0.262 0.661
PLSR 0.058 0.006 0.373 0.697
SVR 0.063 0.006 0.262 0.647
GPR 0.061 0.006 0.318 0.641
XGBoost 0.058 0.005 0.431 0.647
MLP 0.060 0.005 0.329 0.664
(c) Oil holding capacity
LR 0.074 0.011 0.352 0.759
PLSR 0.073 0.010 0.398 0.746
SVR 0.077 0.011 0.325 0.706
GPR 0.080 0.012 0.258 0.725
XGBoost 0.079 0.010 0.364 0.695
MLP 0.086 0.014 0.156 0.676
(d) Foam capacity
LR 18.949 568.171 0.297 0.659
PLSR 17.212 481.804 0.403 0.693
SVR 21.744 997.811 —0.235 0.388
GPR 17.349 520.950 0.355 0.600
XGBoost 24.460 1028.412 —0.273 0.503
MLP 19.837 892.239 —0.105 0.418
(e) Foam stability
LR 3.288 16.842 0.353 0.630
PLSR 2.962 14.310 0.450 0.688
SVR 2.983 19.626 0.246 0.634
GPR 3.550 24.219 0.070 0.506
XGBoost 3.861 25.869 0.006 0.550
MLP 3.551 19.818 0.239 0.574
(f) Emulsion stability
LR 2.305 9.200 —0.296 0.103
PLSR 2.194 8.634 —0.217 0.154
SVR 2.264 9.342 —0.317 0.049
GPR 2.294 8.898 —0.254 —0.833
XGBoost 2.422 11.068 —0.560 —0.025
MLP 2.389 9.939 —0.401 —0.405

Note: The best value for each metric and trait is shown in bold.
Abbreviations: GPR, Gaussian process regression; LR, linear regression; MAE, mean absolute error; MLP, multi-layer perceptron; MSE, mean squared error; PLSR, partial
least squares regression; R?, coefficient of determination; Spearman's rank correlation, Spearman's rho; SVR, support vector regression.
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FIGURE 3 | Partial least squares regression of predicted and actual values for each functional attribute of pea flour.

Among the models evaluated, PLSR demonstrated the best
predictive ability across traits and performance metrics, with
two notable exceptions (Figures 3 and 4). It underperformed
GPR on solubility (R* of —0.218 vs. —0.056), and it under-
performed XGBoost on water holding capacity in terms of
MSE (0.006 vs. 0.005) and R? (0.373 vs. 0.431), while still
leading in MAE (0.0581 vs. 0.0587) and Spearman's rho (0.697
vs. 0.647). PLSR also underperformed linear regression in
predicting oil holding capacity, but only with respect to
Spearman's rho (0.746 vs. 0.759).

In general, linear models tended to outperform non-linear
models. For example, the MLP, being the model with the
highest representational capacity, underperformed linear
regression on five out of the six functionality traits. This is
an expected effect of the small dataset size, as even with
early stopping and high levels of regularization, high-
capacity models such as neural networks often perform
poorly on small datasets, due to their tendency to overfit the
training data. The dominance of linear methods may also be
because the relationships between composition and func-
tionality are approximately linear in nature, and so these
relationships are well-specified by linear models. The
strength of PLSR over linear regression may be attributable
to the fact that the composition covariates have a
high degree of multicollinearity, which is better handled by
PLSR. The poor average performance of XGBoost relative to
linear regression on some traits (R* of —0.273 vs. 0.297 on
foam capacity, 0.006 vs. 0.353 on foam stability) was more

surprising, as gradient boosted decision trees tend to per-
form relatively well on small tabular datasets.

To elucidate which composition traits contributed most to
predicting functionality, Variable Importance in Projection
(VIP) scores were calculated for each PLSR model
(Figure 5). In general, scores above 1 are considered above
average in their importance to the model's prediction, not
just correlated variables. VIP scores consider variables
within a multivariate model (i.e., considering all variables
together), whereas correlations consider isolated one-
variable relationships. This analysis shows that protein and
acid detergent fiber (ADF) were both highly influential in
predicting foaming capacity (1.52 and 1.55), foaming sta-
bility (1.30 and 1.54), oil holding capacity (1.64 and 1.50),
and water holding capacity (1.56 and 1.53). These values
complement Pearson correlation analysis which describes
the relationship between protein and ADF values for pre-
dicting foaming capacity (—0.58 and +0.55), foaming sta-
bility (—0.55 and +0.56), oil holding capacity (+0.67 and
—0.63), and water holding capacity (—0.62 and +0.61)
(Figure 2). Overall, having more protein within the pea flour
leads to poorer foaming properties, which is hypothesized to
be due to a higher level of insoluble or aggregated protein,
reducing its ability to migrate to the air-water interface to
form a stable viscoelastic film around the air bubble. In
contrast, higher levels of ADF would lead to increases
in continuous phase viscosity which slows drainage to
improve their foaming properties. Findings suggest that
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FIGURE 4 | Residual values from partial least squares regression for each functional attribute of pea flour.

both properties are of importance (driven by the high VIP
scores), but foams are being stabilized more by increases in
continuous phase viscosities from the ADF than protein-
stabilized films at the bubble interface. In the case of oil
holding, proteins have a positive impact due to the binding
of oil to the hydrophobic amino acids on the protein's sur-
face, which outweighs the negative impact of ADF which
acts to dilute the protein matrix. In the case of water hold-
ing, ADF has a positive impact since it physically traps
water within capillaries of the flour matrix and has good
swelling behavior. Whereas higher levels of proteins, despite
being hydrophilic in nature, are hypothesized to have a
negative impact on water holding, since it dilutes the ADF
levels and abides with less water than fiber does. Overall,
both total protein and ADF are independent, their opposing
(and competing) contributions drive pea flour functionality,
and are both critical drivers within the PLSR models. To
enhance foaming and water binding, the PLSR models
suggest increasing the ADF content in the pea flours,
whereas to enhance oil binding increasing total protein
content is more important.

Protein bias was also highly important in predicting solu-
bility (VIP score of 1.80), alongside starch (VIP score of
1.60). This was complemented by weak Pearson correlations
between solubility and protein (+0.13) and starch (—0.10)
(Figure 2). The multicollinearity findings suggest both
protein and starch are indirect but crucial drivers in

predicting solubility, and most likely have a synergistic
effect on solubility. This is hypothesized to be associated
with the protein/starch ratio, where when the ratio is high,
solubility would increase and vice versa.; however other
components like ash, lipid and fiber could impact this
complex mechanism. For emulsion stability, lipid content
within the pea flour was highly predictive (VIP score of
2.02) with a weak correlation of —0.22 (Figure 2). The lack
of a strong correlation alone suggests the total lipid content
is an indirect driver of emulsion stability, where lipids
might interact with other components (e.g., protein, starch,
etc.) to impact stability such as the ratio of lipid to protein,
starch and fiber, or combinations thereof.

4 | Conclusions

This study demonstrates that the predictive performance of
machine learning models varies significantly across differ-
ent functional properties of pea flour, reflecting the complex
interplay among composition, genetic variation, and en-
vironmental factors. Among the diverse set of models eval-
uated, linear models performed better than the non-linear
approaches, and PLSR offered the best predictive perform-
ance for most variables. For instance, the PLSR model pre-
dicted that protein and acid detergent fiber were both highly
influential in predicting foaming capacity, foaming stability,
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oil holding capacity, and water holding capacity as direct
drivers (i.e., strong VIP scores with strong correlations). To
have better foaming and water binding properties of the pea
flours, the PLSR models suggest the composition of ADF
should be higher (less protein), whereas for improved oil
binding, flours should have higher protein (less ADF).
However, the interplay between protein and ADF levels
within the flour play a critical role in determining protein
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functionality through competing mechanisms. In contrast,
total protein and starch were also highly important indirect
drivers (i.e., strong VIP scores with weak correlations)
predicting solubility, whereas only total lipid was recog-
nized as an important indirect driver predicting emulsion
stability. For these functional attributes, the importance
variables identified were influenced by complex relation-
ships with other compositional parameters.
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FIGURE 5 | Variable importance in projection scores for (A) emulsion stability, (B) solubility, (C) water holding capacity, (D) oil holding

capacity, (E) foam capacity and (F) foam stability of pea flours.
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C) Water holding capacity
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FIGURE 5 | (Continued)

The ability to better predict the functional properties of pea
flour (or other potential ingredients) based on composition
will lead to more rapid ingredient selection for food product
development purposes and help guide breeding programs
for composition specific traits, reducing reliance on time-
consuming and costly empirical testing. Furthermore, the
capacity to link compositional traits with functional out-
comes may provide breeders with actionable insights to
guide the development of pea cultivars tailored for specific
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functional requirements, enhancing ingredient quality and
consistency.

Overall, this work advances the integration of data-driven
modeling approaches with food science and crop breeding, pav-
ing the way for more sustainable and efficient production of plant-
based protein ingredients with optimized performance character-
istics. Future research may focus on expanding datasets to include
a wider variety of cultivars, environmental conditions, and pro-
cessing variables, as well as exploring model interpretability and
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E) Foam capacity
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FIGURE 5 | (Continued)

transferability across production batches to further enhance pre-
dictive robustness.
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