
Academic Editors: Karolina
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Abstract

The smoke point marks the onset of thermal degradation in edible oils. Although in this
work we validated and improved its determination, it still relies on a subjective visual
assessment and remains incompletely understood in relation to oil composition. This
limitation reduces its reliability as a criterion for selecting frying oils in both industrial
and culinary contexts. This study provides a systematic evaluation of how key chemical
attributes of virgin olive oils influence their smoke point and proposes predictive models
that could overcome the limitations of direct measurement. Forty-eight virgin olive oils
were characterized, and multivariate modeling was applied to identify the most influential
predictors. Free fatty acid content was the main determinant of the smoke point, exhibiting
a strong inverse relationship, while saturated fatty acids and oxidative stability were
shown to increase the smoke point by limiting the formation of volatile lipid oxidation
products. Partial least squares models enabled accurate predictions using only routine
quality parameters, such as free fatty acid content and saturated fatty acid content. Gaussian
process regression further improved predictive performance and achieved high accuracy
using free fatty acid content alone or, alternatively, other analytical parameters that are
easily and routinely determined in olive oil. These findings offer a potential practical
framework for estimating the smoke point without direct testing, with relevant implications
for virgin olive oil quality control and the selection of oils for high-temperature applications.

Keywords: virgin olive oil composition; smoke point prediction; PLS and Gaussian models

1. Introduction
The smoke point is defined as the minimum temperature at which oil releases a thin

continuous stream of smoke, a phenomenon directly related to the presence of volatile
compounds such as free fatty acids (FFAs) and low-molecular-weight products [1,2]. This
parameter is particularly relevant for deep-frying, where high temperatures, moisture from
food, and oxygen accelerate hydrolysis, oxidation, and polymerization reactions. These
reactions produce volatile compounds that contribute to fried food aroma but may also
generate substances with adverse nutritional or health effects [3], including aldehydes such
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as acrolein and polycyclic aromatic hydrocarbons [4–6]. Heating oils to high temperatures
has also been linked to the emission of particulate matter, which is considered a contributing
factor to numerous health problems [7]. Since the formation of these thermal degradation
products increases sharply after the smoke point is reached [4,7], the smoke point is widely
used to assess the thermal suitability of frying oils [8]. Values above 200 ◦C are generally
recommended by professional and scientific sources [9–12], and certain national guidelines
specify minimum smoke points for frying applications [13].

During deep-frying, the smoke point generally decreases as degradation products
accumulate, particularly free fatty acids resulting from hydrolysis [14,15]. For this reason,
several countries recommend smoke point thresholds to guide oil disposal [16,17].

However, the smoke-point parameter presents relevant gaps. First of all, its measure-
ment remains empirical and often poorly reproducible [16]. The AOCS Official Method Cc
9a-48 [1] is the most commonly applied procedure. It relies on visual assessment, which is
subjective and can be influenced by experimental conditions. In particular, incandescent
lightbulbs, originally specified in the AOCS method, have largely been replaced by LED
lighting. This raises the question of whether the color temperature of the light source affects
endpoint visualization and, consequently, the accuracy and precision of the smoke-point
determination. Moreover, although its widespread use in gastronomy, the smoke point
remains insufficiently understood from a scientific perspective, particularly in relation to
other quality and compositional parameters. It is well established that the smoke point
depends strongly on oil’s FFA content [18–20], with a pronounced negative correlation
observed [21]. FFAs originate from hydrolysis of triacylglycerols, and their levels are associ-
ated with the quality of the raw oil, thereby influencing the smoke point of virgin oils. The
oil refining process markedly reduces FFAs and other volatile compounds [22], resulting in
refined edible oils having higher and more consistent smoke points than virgin oils. The
smoke point is also influenced by fatty acid (FA) composition, particularly chain length: oils
rich in shorter-chain FA tend to exhibit lower smoke points than those with longer-chain
FA [4]. Furthermore, Yen et al. [23] demonstrated that the smoke point of soybean oil
and lard increases upon the addition of synthetic antioxidants. Other researchers have
demonstrated the effects of minor seed oil components on the smoke point. Wu et al. [24]
reported that the smoke point was negatively correlated with FFAs, phospholipids, and
moisture and volatile matter, but positively correlated with the peroxide value. Al-Dabbas
et al. [25] observed a decrease in the smoke point of oils as a result of the removal of
oxidation products and volatile compounds.

For virgin olive oils, the smoke point is expected to vary according to their FFA content,
which can reach up to 2% under EU regulations [26]. Only a limited number of studies
have measured the smoke point of virgin olive oils in the context of their thermal perfor-
mance [20,27,28]; consequently, the relationship between smoke point and other quality
and compositional parameters remains unclear. A suitable approach for selecting virgin
olive oils for deep-frying and monitoring their degradation is to employ objective and
reliable methods based on routinely measured physicochemical and compositional param-
eters. Using these parameters to model and predict the smoke point allows for minimizing
reliance on subjective visual assessment while improving accuracy and reproducibility. To
achieve this, it is necessary to establish clear correlations between the smoke point and
the compositional parameters that influence it. Predictive models for the smoke point of
edible oils have been proposed [24,29], but they rely on a large number of parameters, not
always routinely measured, which limits their applicability in routine quality control, or
require specific instrumentation. In the case of olive oil, no scientifically validated data or
published models are currently available.
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To address these gaps, the aim of this study was therefore twofold: (i) to advance
understanding of smoke point variation in virgin olive oils by examining its associations
with key quality and compositional parameters and (ii) to reassess the current smoke point
measurement procedure with the goal of improving reliability and developing predictive
models requiring fewer analytical inputs.

2. Materials and Methods
2.1. Samples

Samples (n = 48) of virgin olive oils were obtained during the 2017/18 and
2018/19 campaigns. The sample set included 19 virgin olive oils of the commercial category
extra virgin (EVOO) and 29 virgin olive oils of the commercial category virgin (VOO). Most
of the collected oils belonged to the virgin category because this kind of oil presents a wider
acidity range, thus a higher variability in the smoke point was expected. As stated in the
Supplementary Materials (Table S1), the samples came from different Spanish regions and
from different cultivars.

Each oil was homogenized, and sample aliquots were placed in vials of differ-
ent volumes according to each determination. The vials were flushed with a nitrogen
stream, sealed, and stored at −20 ◦C. Prior to analysis, the samples were thawed at
room temperature.

2.2. Analytical Methods

All determinations described in this section were carried out in duplicate, except for
the extinction coefficients, which were determined in triplicate.

2.2.1. Trade Quality Indices

Determinations of acidity (FFA, expressed as % of oleic acid), peroxide value (PV,
mEq O2/kg) and extinction coefficients (K232 and K268) were carried out according to the
analytical methods described in the Commission Implementing Regulation (EU) 2022/2105
and its subsequent amendments [26].

2.2.2. Moisture and Volatile Matter

The moisture and volatile matter content (MVM, in %) was determined following the
vacuum oven method described in the AOCS Official Method Ca 2d-25 [30].

2.2.3. Oxidative Stability

Oxidative stability was measured as the Oxidative Stability Index (OSI, in hours)
according to the AOCS Official Method Cd 12b-92 [31], under the following conditions:
temperature of 120 ◦C, an air flow rate of 20 L/h, using an 892 Professional Rancimat
(Metrohm, Herisau, Switzerland).

2.2.4. Fatty Acid Composition

A double methylation was used to prepare the FA methyl esters, which were then
determined by gas chromatography-flame ionization detection (GC-FID), as described by
Varona et al. [32]. The FA methyl esters were quantified by peak area normalization (peak
area percentage).

2.2.5. Lipophilic and Polar Phenolic Compounds

Tocopherols were determined according to the AOCS Official Method Ce 8-89 [33]
with some modifications. The sample (1.5 g) was diluted with hexane in a 10 mL volumetric
flask. Then, 20 mL of the solution were injected into an Agilent 1100 series HPLC (Agilent
Technologies, Santa Clara, CA, USA) coupled to a Hewlett-Packard 1046A fluorescent
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detector. Separation was performed using a 4 × 3.0 mm precolumn (Phenomenex Security
Guard Cartridge Silica) and a Luna silica column (150 × 4.6 mm i.d., 3 µm particle size
and 100 Å pore size) from Phenomenex (Torrance, CA, USA). Elution was carried out
isocratically using a mobile phase of hexane/1,4-dioxane (95/5, v/v). Detection was
performed using an excitation wavelength of 290 nm and an emission wavelength of
320 nm. The results were expressed in mg/kg. Only α-tocopherol (α-T) was quantified,
since the other tocopherol forms were either not detectable or present only in trace amounts.

Polar phenolic compounds were extracted as described by Vichi et al. [34] and an-
alyzed by Ultra-High-Performance Liquid Chromatography coupled to a Diode Array
Detector (UHPLC-DAD), adapting the chromatographic conditions of the IOC method
COI/T.29/Doc No 29 [35] to a UHPLC system, as described by Nenadis et al. [36]. Briefly,
15 mL of the phenolic extract were injected into an Acquity-UPLC (Waters, Milford, MA,
USA) coupled to a 2996 DAD (Waters, Milford, MA, USA). Separation was carried out using
a Halo C18 Fused-Core column (100 × 2.1 mm and particle size of 2.7 µm) from Advanced
Materials Technology (Wilmington, DE, USA). Elution was performed at a 0.4 mL/min
flow rate and 30 ◦C, using as mobile phase ultrapure water (Milli-Q Millipore Corporation,
Billerica, MA, USA)/formic acid (98:2, v/v) (solvent A), and methanol/acetonitrile (50:50,
v/v) (solvent B). The solvent gradient changed as follows: from 96% (A)–4% (B), to 20% (B)
at 5 min, to 45% (B) at 28 min, to 100% (B) at 30 min, 5 min maintenance until 35 min, then
to 96% (A)–4% (B) at 36 min, followed by 5 min of equilibration. Detection was performed
simultaneously at 335 nm and 280 nm. Identification was carried out according to the
IOC method COI/T.29/Doc No 29 [35] and to Mateos et al. [37], and confirmed by high
resolution mass spectrometry, using a Q-Exactive hybrid Orbitrap (Thermo Fisher Scientific,
Bremen, Germany), under the described chromatographic conditions. Ion source and
spectrometer conditions were as described by Vichi et al. [34]. The dialdehyde form of p-
(hydroxyphenyl)ethanol elenolic acid aglycone (p-HPEA-EA) and one of the oxidized alde-
hydic and hydroxylic forms of oleuropein aglycone (3,4-(dihydroxyphenyl)ethanol elenolic
acid or 3,4-DHPEA-EA) were not quantified by UHPLC-DAD analysis due to coelution.

Quantification was made using o-coumaric as the internal standard (IS) for flavones
and p-hydroxyphenylacetic acid as the IS for the rest of the phenolic polar compounds,
applying the response factors reported by Mateos et al. [37]. The results were expressed
in mg/kg.

2.2.6. Smoke Point

The determination of the smoke point was carried out according to the AOCS Official
Method Cc 9a-48 [1]. A cabinet was constructed following the dimensions specified in
the AOCS method (Figure 1). A Cleveland apparatus (Humboldt Mfg. Co., Elgin, IL,
USA), consisting of a Cleveland open flash cup, a heating plate, a cup support and an
electric heater with rheostat control, was used. The Cleveland cup was filled with the oil
test sample up to the filling line. The oil was heated rapidly for approximately 6 min to
within 42 ◦C of its expected smoke point. The heating rate was then adjusted to achieve a
temperature increase of 5–6 ◦C per minute, and the temperature was recorded when the
test portion began to emit a thin continuous smoke.

After several repeatability tests with different samples conducted by two observers,
it was concluded that the smoke point could be observed more clearly and precisely
when using the light source position relative to the sample employed in the ST123 Oil
Smoke Tester [38], in accordance with the Chinese National Standard GB/T 20795-2006
method [39], rather than the position recommended by the AOCS method.
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(a)  (b)  

Figure 1. Apparatus used for smoke point determination: (a) lighting from the position relative to
the sample specified by the AOCS Official Method Cc 9a-48 [1], and (b) lighting from the position
specified by the Chinese National Standard GB/T 20795-2006 method [37].

In order to determine the most appropriate color temperature of the lighting source,
three LED bulbs equivalent to a 100 W incandescent bulb, each emitting a luminous flux
of 1521 lumens and at three different color temperatures (2700, 4000, and 6500 K), were
used to measure the smoke point on the same oil (n = 4), and the coefficient of variation
(CV) for each color temperature was calculated. The 2700 K bulb, which would be the
equivalent to the color temperature recommended by the AOCS method, showed a CV
three times higher (1.5%) than the 4000 K (0.4%) and 6500 K (0.4%) bulbs (see Table S2 in
Supplementary Materials). Subsequently, the 4000 and 6500 K bulbs were tested again with
a different oil (n = 6). The 6500 K LED bulb showed the lowest CV (0.4 vs. 0.8%) (Table S3,
Supplementary Materials). Therefore, the measurement of the smoke point on the 48 olive
oil samples was carried out with the 6500 K LED bulb.

2.3. Statistical Analysis

Partial least squares (PLS) regression was applied to the obtained data to explore the
relationship between the smoke point and the other measured variables (FFA, PV, K232,
K268, MVM, OSI, FA composition, α-T and polar phenolic compounds), using SIMCA v.13
(Sartorius AG, Göttingen, Germany). All the variables were standardized before the PLS
analysis (mean centered and normalized to unit variance). The number of latent variables
of each PLS model was selected according to the lowest root mean square error of cross-
validation (RMSEcv, seven random cross-validation groups), and the maximum predictive
power (Q2). According to Hotelling’s T2 and Q2 residual tests, no outliers were detected.
Undesirable features, such as model overfitting, random behavior and low prediction
power were assessed through permutation tests (with 20 permutations) and ANOVA (on
the cross-validated residuals).

A Gaussian process is a stochastic process that defines a distribution over functions,
fully determined by a mean and a covariance kernel [40]. Gaussian process regression (GPR)
was applied to assess the relationship between the smoke point and the variables with the
highest predictive value identified by the PLS models, while also considering the most
commonly and readily measured parameters in virgin olive oils. The variables selected
were FFAs, PV, K232, K268, OSI, and saturated FA. Several kernels of varying smoothness—
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including smooth (squared exponential), moderately rough (Matérn 3/2 and 5/2), very
rough (exponential, equivalent to Matérn 1/2), and scale-mixture (rational quadratic)—
were evaluated, both in their isotropic and Automatic Relevance Determination (ARD)
variants. These kernels are widely used in regression problems involving limited datasets
and heterogeneous correlations, such as those considered in this study. To ensure compa-
rability and reproducibility, all kernels were fitted within the same framework (MATLAB
R2024a GPR implementation, MathWorks Inc., Natick, MA, USA), using log-marginal
likelihood maximization with automatic estimation of hyperparameters (length-scale and
variance) and noise level. No manual tuning or subjective adjustment was introduced.
After preliminary evaluation, the kernels selected for comparison of predictive performance
were the ARD squared exponential and the Matérn 3/2. Given the limited dataset (n = 48),
leave-one-out cross-validation was employed to ensure statistical independence of test
points and to obtain a realistic estimate of the generalization error.

3. Results and Discussion
3.1. Models Using Partial Least Squares Regression
3.1.1. Model Building and Variable Selection

The data obtained from the characterization of the 48 virgin olive oils were analyzed
using the PLS regression in order to build a full model (M1) capable of exploring the
relationships between all the measured variables (FFA, PV, K232, K268, MVM, OSI, FA
composition, α-T and polar phenolic compounds) and the smoke point. The selection of
the variables included in the study was based on the fact that smoke formation during
oil heating depends on the amount of FFAs [2], primarily derived from the hydrolysis of
triacylglycerols, and on other volatile compounds present in the oil. These low-molecular-
weight volatiles originate from a variety of reactions that may occur in the olive fruit,
during oil extraction, or throughout storage [41,42]. The two processes that most strongly
contribute to changes in the smoke point of an oil are the hydrolysis of triacylglycerols and
the formation of volatile compounds resulting from lipid oxidation [14,15,25]. Accordingly,
the variables analyzed in this study were: FFA content, which indicates the extent of hy-
drolysis [43]; the FA composition, which determines the susceptibility of the substrate to
oxidation [44]; the amount of the main antioxidants (α-T and polar phenolic compounds);
the concentrations of primary oxidation products (PV and K232), which possess pro-oxidant
activity [45]; secondary oxidation products (K268); the oxidative stability (OSI); and, finally,
the MVM. Regarding the FA profile, to build the full model (M1), the individual FA were
grouped in 3 variables: saturated (SFAs), monounsaturated (MUFAs) and polyunsaturated
(PUFAs) fatty acids. Similarly, the individual polar phenolic compounds were grouped
in different variables according to the antioxidant activity and the simplicity of the mea-
surement: total polar phenolic compounds, o-diphenols, secoiridoids (SEC), and simple
phenols (hydroxytyrosol (HTy) and tyrosol (Ty)). To avoid redundancy, separate models
were created, each incorporating different variables related to polar phenolic compounds.
Based on the explained variance of the smoke point (R2Y) in the different models, the
variables HTy, Ty and SEC were selected to be included in the full model (M1, see Table S4
in Supplementary Materials). Moreover, in Supplementary Materials, Table S5 shows the
data used in the PLS regression models for smoke point prediction, and Tables S6 and S7
present the complete FA and polar phenol profiles.

With the aim of obtaining a simple equation to predict the smoke point with the mini-
mum of measurements, the number of variables of the M1 model was reduced, obtaining
the predictive models M2 and M3 (as defined below in Section 3.1.3). The criterion used for
variable selection was based on the significance of the regression coefficient (centered and
scaled, CoeffCS) of the prediction vector with respect to the smoke point, which is defined
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by the uncertainty measures (confidence intervals and standard error of cross validation or
SEcv) obtained from the jack-knife method, which is used to estimate variance and bias.

3.1.2. Relationship Between the Smoke Point and Other Quality and Compositional
Parameters of Virgin Olive Oils

Figure 2 shows the regression coefficients (CoeffCS) of the variables introduced in the
full PLS model (M1). These coefficients are useful to interpret the influence of the variables
on the smoke point. In this model, FFAs, K268, OSI, SFAs and SEC were significantly related
to the smoke point, as shown by the dark blue color.

 

Figure 2. Regression coefficients (centered and scaled, CoeffCS) of the full PLS model (M1). The
coefficients are significant (p < 0.05) when the confidence interval calculated from the jack-knife
does not include the 0 (in dark blue). Abbreviations: FFAs, free fatty acids; PV, peroxide value;
K232, extinction coefficient at 232 nm; K268, extinction coefficient at 268 nm; OSI, oxidative stability
index; α-T, α-tocopherol; SFAs, saturated fatty acids; MUFA, monounsaturated fatty acids; PUFAs,
polyunsaturated fatty acids; MVM, moisture and volatile matter; HTy, hydroxytyrosol; Ty, tyrosol;
SEC, secoiridoids.

FFA, which showed the highest regression coefficient, was negatively related to the
smoke point, in agreement with previous literature [21,24]. In contrast, SFA was positively
related to the smoke point. This parameter ranged from 12.5% to 19.8%, consisting mainly
of palmitic acid and, to a lesser extent, stearic acid (see Table S6 in the Supplementary
Materials). This positive relationship could be related to the higher oxidative stability
of SFAs and, consequently, to their lower susceptibility to generate volatile oxidation
compounds. Actually, the energy required to generate an alkyl radical increases in this
order: linoleic (C18:2) < oleic (C18:1) < stearic acid (C18:0), which justifies their different
oxidation rate during thermal oxidation or autoxidation [12]. Therefore, unsaturated FA
oxidize and break down into volatile compounds more easily; consequently, oils with
comparable FA chain lengths but higher unsaturation tend to have lower smoke points.
This explains why virgin olive oils with higher SFA content exhibit higher smoke points.

The regression coefficients of PV, K232 and K268 showed that the smoke point was more
closely related to the secondary oxidation products (K268, significantly correlated) than to
the primary oxidation products (PV and K232, not significantly correlated). This is justified
by the fact that some secondary oxidation compounds are volatile, therefore they contribute
more directly than the primary oxidation compounds to the appearance of smoke.

Lastly, the positive and significant regression coefficients of OSI and SEC indicated
that these two parameters contributed to increasing the smoke point. Assuming that smoke
is partly composed of decomposition products from lipid oxidation, and considering the
antiradical activity of phenolic antioxidants that slows down this process, the positive
and significant relationship between the smoke point and the oxidative stability of the
oil is coherent and consistent with previous studies [23]. The study by Mateos et al. [46]
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showed that α-T contributes to a lesser extent to the oxidative stability of virgin olive
oil than o-diphenolic compounds (included in the SEC content), which could explain the
lack of significance of its regression coefficient in the present model. In this context, it is
worth noting that SEC are present in considerably higher concentrations in virgin olive oils
compared to refined and seed oils [47]. However, their content progressively undergoes
hydrolysis and oxidation during storage [48] and thermal processing [49], leading to a
gradual decrease in their concentration and, consequently, in their effectiveness in delaying
the formation of volatile oxidation products.

3.1.3. Predictive Models Using PLS

With the aim of obtaining a simple predictive model, an intermediate model with the
significant variables of the full model M1 was built (FFA, K268, OSI, SFA and SEC), in which
SEC presented a non-significant regression coefficient. Excluding SEC, the predictive model
M2 was built, which included FFAs, K268, OSI and SFAs. The 4 variables introduced in the
model were significant, with FFAs presenting the highest regression coefficient (Table 1).

Table 1. Regression coefficients centered and scaled (CoeffCS) and jack-knife standard errors of
cross-validation (SEcv) of the reduced models created from the full PLS model M1.

M2 M2 * M2 ** M2 *** M3 * M3

CoeffCS SEcv CoeffCS SEcv CoeffCS SEcv CoeffCS SEcv CoeffCS SEcv CoeffCS SEcv

FFA −0.498 1 0.115 −0.66 0.184 −0.674 0.192 −0.736 0.15 −0.751 0.109 −0.807 0.161
K268 −0.26 0.157 −0.108 0.262 −0.133 0.263
OSI 0.341 0.084 0.231 0.264 0.216 0.13 0.163 0.147
SFA 0.18 0.14 0.309 0.256 0.315 0.251 0.291 0.145

1 Coefficients in bold type are significant (absolute value greater than SEcv). Abbreviations: *, **, ***, intermediate
models; FFAs, free fatty acids; K268, extinction coefficient at 268 nm; OSI, oxidative stability index; SFAs, saturated
fatty acids.

For a predictive model to be easily applicable, it is essential to incorporate the fewest
possible variables. Therefore, new models fixing FFAs and reducing one variable at a time
were built (models M2 *, M2 ** and M2 ***, Table 1). Table 2 shows the main features of
all models. All simplified models showed lower prediction power than M2, as shown by
the higher prediction errors (RMSEcv) and the lower Q2, which represents the fraction of
the smoke point variance that can be predicted by the model as estimated through cross-
validation. Decreases in the prediction power when reducing variables are usual, but when
seeking a simple predictive model based on the fewest possible analytical determinations,
it is advisable to find the best compromise between the model’s predictive power and the
number of variables used.

Among the models obtained by omitting one variable (M2 *, M2 **, and M2 ***, Table 1),
the best performance was achieved by M2 ** (highest Q2 and lowest RMSEcv, Table 2),
which included FFAs, SFAs, and OSI. This suggests that K268 had a lower influence on
the prediction of the smoke point of virgin olive oils. The samples used in this study
belonged to the EVOO and VOO commercial categories, and all of them had K268 values
within the limits established by EU regulation [26] (Table S5, Supplementary Materials).
Consequently, the oils exhibited low levels of secondary oxidation, which may explain
why K268 contributed less to the smoke point prediction compared with other variables.
The models M3 * and M3 were built from model M2 **, omitting OSI in M3 and SFAs in
M3 *. While omitting OSI (model M3) led to almost similar Q2 and RMSEcv value to M2 **,
the exclusion of SFAs from the model (model M3 *) entailed a decrease in the model’s
prediction power (Table 2). In this way, a simple predictive model (M3) was obtained using
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only two analytical determinations, being FFAs and SFAs, as the best predictors of the
smoke point of virgin olive oils.

Table 2. Main features of the PLS models.

Model Variables Latent
Variables R2X (%) R2Y (%) Q2 (%) RMSEcv

(◦C)

M1 13 3 65.1 85.9 78.6 7.09
M2 4 1 42.7 78.3 76.9 7.38
M2 * 3 2 70.6 73.5 70.3 8.34
M2 ** 3 2 74.3 78.5 74.8 7.72
M2 *** 3 2 73.8 77.2 72.8 7.92
M3 * 2 2 100 72.5 71.6 8.18
M3 2 1 52.2 76.7 75 7.68

n = 48. Abbreviations: *, **, ***, intermediate models; R2X, amount of variation in the X-block used by the model;
R2Y, amount of variation in the Y-block (smoke point) explained by the model; Q2, determination coefficient;
RMSEcv, root mean square error of cross-validation. Variables used in each model are stated in Figure 2 (M1) and
Table 1 (rest of models).

The graphs displaying the smoke point predicted values (Y-axis) against the values
observed (X-axis) by the models obtained before (M2) and after variable reduction (M3),
along with their equations, are shown in Figure 3. A low dispersion was observed in
both models around the bisecting lines, as expected from the obtained RMSEcv values.
Overall, even if the predictive power decreased when reducing variables, the increase in
the RMSEcv for the smoke point from M1 (based on 13 variables) to M3 (based on FFAs and
SFAs) was only of 0.59 ◦C. Using this model, a coefficient of determination (R2) of 0.77 was
achieved (from results represented in Figure 3b), a result comparable to that of a previously
reported smoke point prediction model for refined edible oils, which was based on NIR
assessment and required specific instrumentation [29].

Figure 3. Predicted versus observed smoke point values for each sample (n = 48), based on the PLS
predictive models M2 (a) and M3 (b). The smoke prediction equation is shown at the top of each
graph. In each graph, the bisecting line (y = x) is shown. Abbreviations: SP, smoke point; FFA, free
fatty acids; K268, extinction coefficient at 268 nm; OSI, oxidative stability index; SFA, saturated fatty
acids; EVOO, extra virgin olive oil; VOO, virgin extra olive oil.

3.2. Models Using Gaussian Process Regression

Gaussian process regression (GPR) with different kernels was also employed to evalu-
ate the relationship between the smoke point and the variables with the highest predictive
value identified by the PLS models, while also incorporating the most readily measurable
and commonly assessed parameters in virgin olive oil. The selected variables were FFAs,
PV, K232, K268, OSI, and SFAs. Prior to assessing the relationship between smoke point
and the selected variables, an extensive kernel search was conducted. All commonly used
Gaussian process kernels of varying smoothness were evaluated, including smooth kernels
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(squared exponential, ARD squared exponential, and linear + ARD squared exponential
residuals), moderately rough kernels (Matérn 3/2, ARD Matérn 3/2, Matérn 5/2, ARD
Matérn 5/2, and linear + Matérn 3/2 residuals), very rough kernels (exponential and ARD
exponential), and scale-mixture kernels (rational quadratic and ARD rational quadratic),
complemented with a pure linear kernel. These kernels were assessed to determine their
predictive accuracy of the smoke point using only the variables included in model M3
(FFAs and SFAs). As stated in the Supplementary Materials (Table S8), the mean absolute
deviations (MAE) across all nonlinear kernels ranged narrowly between 2.9 ◦C and 4.2 ◦C
and mean relative errors (MRE) between 1.45% and 2.14%. All nonlinear kernels, regardless
of smoothness, outperformed both the pure linear kernel and the classical linear regression
(model M3). This confirms that introducing a nonlinear covariance structure captures the
weakly nonlinear dependence between smoke point and compositional parameters, even
though the differences among specific kernels fall within approximately ±0.5 ◦C, a range
that lies below the experimental uncertainty of smoke point measurements. Thus, the ARD
squared exponential and the Matérn 3/2 kernels were selected as standard, representative,
and complementary forms of functional smoothness. The squared exponential kernel
assumes infinitely differentiable relationships and therefore represents the most restrictive
smooth prior, suitable for highly regular processes. In contrast, the Matérn 3/2 kernel cor-
responds to once-differentiable sample paths, capturing moderately rough yet continuous
behavior. By using both, we effectively span the two limiting cases commonly considered
in Gaussian process regression, thereby enabling a direct examination of how the inferred
dependence between the smoke point and compositional parameters behaves under both
very smooth and moderately rough prior assumptions. Table 3 shows the errors of Gaussian
models based on the ARD squared exponential kernel and on the Matérn 3/2 kernel for the
selected variables. It can be observed that the mean errors (MAE and MRE) are consistently
lower for the Gaussian models based on the Matérn 3/2 kernel, which indicates that they
predicted slightly better.

Table 3 also shows that the Gaussian predictive models (G4SE, G5SE, G4M3/2, and
G5M3/2) yielded much lower prediction errors than the PLS models selected in the previous
section (M2 and M3). In fact, the Gaussian models that use only the FFA variable (G1SE

and G1M3/2) perform better than either of the two PLS models (M2 and M3), which use
four and two variables, respectively.

When comparing the scatter around the bisecting lines in Figure 3 (models M2 and
M3) and Figure 4 (models G1M3/2, G3M3/2, G4M3/2, and G5M3/2), it becomes clear that the
Gaussian models based on the Matérn 3/2 kernel outperformed the PLS models. There
was a closer agreement between the predicted and observed smoke points of the samples
for the Gaussian models.

From Table 3 and Figures 3 and 4, it can be seen that model G1M3/2, which used only
the FFA variable, predicted the smoke point of virgin olive oils very well. The coefficient
of determination (R2) in this case was 0.88 (from results represented in Figure 4a), a value
higher than that of a previously reported model for refined edible oils which required
the use of the NIR technique [29]. This is particularly relevant since FFA is a commonly
and readily determined quality parameter. In addition, model G3M3/2, which used four
commonly and readily determined quality parameters (FFA, PV, K232, K268) in virgin olive
oils, was the best predictive model.
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Table 3. Errors of the selected Gaussian and PLS predictive models.

Model Variables MAE (◦C) MRE (%) Max AE
(◦C) Max RE (%)

G1SE FFA 4.69 2.40 10.82 5.61
G2SE FFA, PV 4.69 2.40 10.82 5.61

G3SE
FFA, PV,

K232, K268
3.40 1.72 9.41 4.80

G4SE
FFA, K268,
OSI, SFA 3.57 1.82 9.71 4.51

G5SE FFA, SFA 3.87 1.99 9.62 4.82

G1M3/2 FFA 4.50 2.29 11.20 5.80
G2M3/2 FFA, PV 3.65 1.84 10.50 4.90

G3M3/2
FFA, PV,

K232, K268
3.09 1.56 9.08 4.34

G4M3/2
FFA, K268,
OSI, SFA 3.42 1.74 9.77 4.68

G5M3/2 FFA, SFA 3.84 1.96 10.96 5.10

M2 FFA, K268,
OSI, SFA 5.74 2.93 14.96 7.69

M3 FFA, SFA 6.17 3.19 20.55 11.55
n = 48; In order to compare the Gaussian models, the lowest errors are in bold type. Abbreviations: MAE, mean
absolute error; MRE, mean relative error; Max AE, maximum absolute error; Max RE, maximum relative error;
GXSE,, Gaussian models based on the ARD squared exponential kernel; GXM3/2, Gaussian models based on the
Matérn 3/2 kernel; M2 and M3, PLS selected models; FFAs, free fatty acids; PV, peroxide value, K232, extinction
coefficient at 232 nm; K268, extinction coefficient at 268 nm; OSI, oxidative stability index; SFAs, saturated
fatty acids.

Figure 4. Predicted versus observed smoke point values for each sample (n = 48), based on the
Gaussian predictive models G1M3/2 (a), G3M3/2 (b), G4M3/2 (c), and G5M3/2 (d). The predictor
variables used in each model are indicated at the top of each graph. In each graph, the bisecting line
(y = x) is shown. Abbreviations: FFAs, free fatty acids; PV, peroxide value; K232, extinction coefficient
at 232 nm; K268, extinction coefficient at 268 nm; OSI, oxidative stability index; SFAs, saturated fatty
acids; EVOO, extra virgin olive oil; VOO, virgin olive oil.
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4. Conclusions
The AOCS procedure for smoke point determination was reassessed and optimized. It

was found that the light source position recommended by the Chinese National Standard
method provided clearer and more precise observations than that of the AOCS method.
Furthermore, testing different light color temperatures revealed that the 6500 K LED bulb
significantly reduced variability in the measurements. Therefore, all smoke point determi-
nations were carried out using this setup, ensuring higher accuracy and repeatability.

This study deepened the understanding of the smoke point of virgin olive oil and its
relationship with key quality and compositional parameters, showing that the smoke point
strongly depends on its FFA content, a routinely measured quality parameter in virgin olive
oils, which is negatively correlated with it. SFAs and OSI showed positive correlations,
while secondary oxidation products (K268) also had a negative correlation, confirming that
the smoke point reflects the oil’s oxidative and hydrolytic state.

A simple PLS regression model (M3) using only FFAs and SFAs predicted the smoke
point with good accuracy, but Gaussian models performed better. In particular, Gaussian
models based on the Matérn 3/2 kernel yielded consistently lower mean errors than those
based on the ARD squared exponential kernel. Remarkably, even the simplest Gaussian
models using only FFAs as a predictor variable outperformed the PLS models that relied
on multiple variables. This is especially relevant because Gaussian models based solely
on FFAs allow accurate prediction of the smoke point, potentially eliminating the need
for direct smoke point testing, which is not routinely performed and requires a highly
trained observer for precise and accurate measurement. In addition, among all models,
G3M3/2, which combines four commonly and readily determined quality parameters in
virgin olive oils (FFAs, PV, K232, and K268), achieved the best overall predictive performance.
These predictive models (G1M3/2, G2M3/2, G3M3/2) based on combinations of FFAs, PV,
K232, and K268, could be very useful for the olive oil sector since they are based on easily
determined parameters that are routinely analyzed by oil producers, depending on their
analytical capacity.

These findings not only advance the understanding of the relationship between smoke
point and oil composition but also provide an accurate and precise method for smoke point
determination and several potential predictive models for assessing the oil’s suitability for
deep-frying. While these models represent a significant advancement in identifying the
variables with the greatest predictive power as well as the first application of Gaussian
process regression to smoke point prediction, they have only been internally validated,
and further external and interlaboratory validation will be necessary in future studies to
confirm the generalizability of the model. Nevertheless, these predictive models can be
updated and enhanced in the future by adding new information obtained from samples
of subsequent olive oil harvests, collected from different laboratories, thereby increasing
their robustness.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/foods14234099/s1, Table S1: Commercial category, campaign,
cultivar and origin of the oils used in the study; Table S2: Smoke point (◦C) measurements performed
on the same oil using three lightbulbs with three different color temperatures: 2700, 4000, and 6500 K
(n = 4); Table S3: Smoke point (◦C) measurements performed on the same oil using two lightbulbs
with two different color temperatures: 4000 K and 6500 K (n = 6); Table S4: Main characteristics of the
models developed with samples of virgin oils combining different variables related to the polyphenol
profile for their selection to build the predictive model M1; Table S5: Compositional data matrix
used for developing the smoke point predictive models; Table S6: Fatty acid profile (%) of the olive
oil samples; Table S7: Polar phenolic compounds profile (mg/kg) of the olive oil samples; Table S8:
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Evaluation of the predictive accuracy of the smoke point using the variables free fatty acids (FFA)
and saturated fatty acids (SFA), and different Gaussian process regression kernels.
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