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Untargeted metabolomics approaches
challenge the nutri-score FOPNL system
in soluble cocoa products

Check for updates

Marta Palma-Morales1,2, Oscar Daniel Rangel-Huerta3 , Rafael Urrialde4,5,6 & Celia Rodríguez-Pérez1,2,7

Front-of-pack nutrition labels (FOPNL) like the Nutri-Score aim to guide healthier food choices, but
their focus on limited nutritional parameters may overlook key health-promoting compounds. This
study analyzed 54 commercial soluble cocoa powders from the Spanishmarket—covering 19 brands
and Nutri-Score categories A to D—using untargeted metabolomics (HPLC-ESI-TOF-MS) and
univariate andmultivariate statistical analysis. PCA and PLS2 analyses showed no clear clustering by
Nutri-Score categories, while ANOVA and post-hoc tests revealed limited metabolic differences,
highlighting a mismatch between Nutri-Score classification and the actual chemical diversity of
soluble cocoa products. Nutri-Score ratings primarily reflectmacronutrient balance but fail to account
for health-promoting metabolites. In several cases, products richer in bioactive compounds were
penalized with lower Nutri-Scores, underscoring a limitation of this system when applied to complex
food matrices. These findings highlight the need for more comprehensive labeling approaches that
integrate metabolomic insights.

Cocoa, derived from the fruit of the cacao tree (Theobroma cacao), is
processed into products such as cocoa paste, cocoa powder, and chocolate,
which are widely consumed and highly valued. In Europe, per capita con-
sumption of cocoa and its products reached 5 kg in 2022, with an expected
annual growth rate of ~4.5% between 2023 and 2030 (https://bit.ly/
3FM6TTx, accessed on August 2, 2025). In Spain, per capita consumption
was 3.21 kilograms in 2023, with chocolate being the most consumed
product (1.2 kg per person per year), followed by soluble cocoa (800 g per
person per year) (https://bit.ly/4e0nwrh, accessed on August 2, 2025),
representing 34% of total cocoa product consumption (https://bit.ly/
3FM6TTx, accessed on August 2, 2025). Soluble cocoa or soluble cocoa
powder, is a productmade from cocoa powder treatedwith alkaline salts via
alkalinization or “dutching” to improve solubility, darkens color, and
reduces bitterness. Powdered cocoa should not exceed 25% by weight of
cocoa powder in the dry mixture and must contain more than 20% by
weight of cocoa butter. If it contains less than 20%, it must be labeled as
“reduced-fat”. On the other hand, chocolate powder is a mixture of cocoa
powder with sugars and/or sweeteners, containing at least 29% by weight of
cocoa powder based on dry matter. This mixture may also include spices,
flavorings and additives: salt (NaCl) like flavor enhancer, acidity regulators,

anti-caking agents, bulking agent, emulsifiers, stabilizers, sweeteners, and
thickeners1. Beyond taste, cocoa is recognized for health benefits including
cardiovascular support, improved insulin sensitivity, anti-inflammatory
effects, gut microbiotamodulation, and cognitive enhancement, largely due
to its polyphenols, particularly flavanols2. The European Commission,
supportedby theEuropeanFoodSafetyAuthority (EFSA), has approved the
health claim: “Cocoa flavanols help maintain the elasticity of blood vessels,
which contributes to normal blood flow”3. Cocoa is especially rich inflavan-
3-ols (catechin, epicatechin, and procyanidins), with concentrations rela-
tively high4, though phenolic content varies with origin, processing and
product type5. Many cocoa derived foodstuffs contain added ingredients,
such as sugars,flours, sweeteners, and salt, resulting in substantial variability
in their nutritional profiles. For this reason, it is essential to implement
labeling systems that help consumers identify and choose healthier cocoa-
based foodstuffs.

To promote healthier eating habits and improve public health,
governments worldwide have implemented various strategies, includ-
ing front-of-pack nutrition labeling (FOPNLs). These labels are
endorsed by both national and international public health organiza-
tions as effective tools for providing consumers with accessible and
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simplified nutritional information. FOPNLs serve as an incentive for
food manufacturers to reformulate foodstuffs by reducing unhealthy
ingredients, such as added sugars and salt. Among the most widely
implemented FOPNL systems is the Nutri-Score, a color-coded label
that assesses the overall nutritional quality of foodstuffs using a five-tier
scale (from dark green to dark orange nearly red) accompanied by
letters from A to E. Developed to help consumers make more informed
and healthier food choices, the Nutri-Score also encourages manu-
facturers to improve the nutritional composition of their products to
achieve a better rating6. The system assigns positive points (0 to 55) for
nutrients of concern (energy, sugars, saturated fats, and salt) and
negative points (−17 to 0) for beneficial components (fruits, vegetables,
legumes, nuts, rapeseed, walnut and olive oil, fiber and proteins). The
final score, ranging from -17 (healthiest) to 55 (least healthy), deter-
mines the product’s Nutri-Score classification (Fig. S1), which is also
adjusted by food category (Table S1).

Although Nutri-Score has been adopted in several European Union
countries, including France, Belgium, Germany, and the Netherlands, it
faces opposition in countries like Italy and Poland7,8, and the European
Commission may abandon mandatory implementation due to lack of
consensus (https://bit.ly/45Gjli7, accessed on August 2, 2025). Critics
highlight its scientific limitations, including insufficient differentiation of fat
types9, disregard for health-promoting compounds, such as phenolic and
neglect of food processing levels, which may favor reformulated, highly
processed products over minimally processed, nutrient-dense foods. As a
result, relying solely on Nutri-Score may not provide consumers with
adequate for informed dietary choices10.

To address these concerns, metabolomics has emerged as a pro-
mising tool for analyzing food composition and identifying biomarkers
of nutritional quality and authenticity. Using both targeted and
untargeted approaches, and advanced techniques, such as mass spec-
trometry, it provides detailed profiles of macronutrients and small-
molecule compounds, capturing the effects of composition, processing,
and storage on foodstuffs characteristics and potential health
benefits5,11,12. Thus, this research aims to evaluate the Nutri-Score sys-
tem’s ability to classify soluble cocoa foodstuffs accurately, considering
their nutritional and compositional complexities, and integrating
metabolomic data with nutritional information to determine whether
the system reflects compounds linked to health benefits.

Results
Soluble cocoa chemical profile
Before performing statistical analysis, the chemical profile of the soluble
cocoa samples was explored using an automated MS/MS-based approach
with MS2query. The predominant chemical super classes identified by the
Natural Product Classifier (NPC) in both positive and negative ionization
modes are shown in Fig. S2 (Supplementary information). Several chemical
super classeswere present in bothmodes with similar proportions, while, as
expected, some were specific to one ionization mode. These super classes
included small peptides, oligopeptides, flavonoids, isoflavonoids, glycer-
ophospholipids, triterpenoids, tryptophan alkaloids, fatty acids and their
conjugates, fatty amides, pseudoalkaloids, monoterpenoids, saccharides,
coumarins, phenylpropanoids, phenylethanoids, nicotinic acid alkaloids,
and sesquiterpenoids. A more detailed breakdown of the composition,
highlighting the top NPC classes detected in each ionization mode, is pro-
vided in Fig. S3 (Supplementary information). The chemical space analysis
confirmed that our analyticalmethod effectively captured the complexity of
the soluble cocoa samples.

Multivariate statistical analysis
The Principal Component Analysis (PCA) (Fig. 1) –integrating metabo-
lomic data with nutritional properties: cocoa content, carbohydrates, fiber,
sugars, protein, total fat, saturated fat, total phenolic content (TPC), total
flavonoids an antioxidant capacity–did now show clustering based on
Nutri-Score categories.

The next step was to investigate the data using a supervised method.
When optimizing components and variables to generate the partial least
squares regression (PLS2) model, only one component was needed to
separate samples. However, two components were included to provide two
dimensions and facilitate the interpretation. Nevertheless, we focused on
metabolites and variables of the first component. In this regard, 44 meta-
bolites were selected from dataset X (“metabolites”), while only one variable
was selected from dataset Y (“properties”), with “proteins” being the only
variable in Y needed to differentiate the samples. However, a more complex
modelwas applied, forcing theminimumnumberof variables inX to 15 and
inY to 4, aiming to explore the relationships betweenmetabolites and cocoa
nutritional andhealth properties. Finally, 33 variables fromXand10 fromY
were included in the first component of the PLS2 model. To ensure
robustness, a stability assessment of the selected variables was performed

Fig. 1 | Samples are color-coded according to their Nutri-Score (NutSc) classi-
ficationA toB.Principal Component Analysis of soluble cocoa samples, integrating
metabolomic data (positive and negative ionization modes) together with

nutritional properties (cocoa content, carbohydrates, fiber, sugars, protein, total fat,
saturated fat, TPC, total flavonoids, and antioxidant capacity).
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using 10-fold cross-validation with 100 repetitions. Only variables with
stability values greater than 80% were retained in the model. These criteria
support the reliability of the identified associations, even though predictive
accuracy was not the focus of the analysis.

The scores plot from the final PLS2 is shown in Fig. 2. Samples did not
cluster according to Nutri-Score categories, as some with Nutri-Score C
groupedwith those ratedDorB.However, a clearer separationwasobserved
based on cocoa content. Samples tended to cluster from right to left
according to decreasing cocoa content.

In the loading plot (Fig. 3), variables, such as fats, saturated fats, pro-
teins, fiber, TPC total flavonoids, and antioxidant capacity were positioned
on the right side of the plot. This distribution indicated that samples located
on the right had a higher content of these compounds and a higher anti-
oxidant capacity. In contrast, carbohydrates and sugars were located on the
left side, indicating that samples in this region had higher contents of these
nutrients. A detailed distribution of the samples according to their protein,
fat, and sugar content is shown in Fig. S4 (Supplementary information),
while comprehensive data on nutritional composition, antioxidant

Fig. 2 | Partial least squares regression (PLS2) scores plot of soluble cocoa samples
based on metabolite composition and nutritional properties (cocoa content,
carbohydrates, fiber, sugars, protein, total fat, saturated fat, TPC, total

flavonoids, and antioxidant capacity).Category 1 (♦) includes soluble cocoas with
≥70% cocoa, category 2 (▲) includes soluble cocoas with 39–69% cocoa, and
category 3 (■) includes soluble cocoas with <39% cocoa.
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Fig. 3 | Loading plot fromPLS2 integratingmetabolomic data with nutritional properties (cocoa content, carbohydrates, fiber, sugars, protein, total fat, saturated fat,
TPC, total flavonoids, and antioxidant capacity). F feature. Features are detailed in Table 1.
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properties, and Nutri-Score classification are presented in Table S2 (Sup-
plementary information).

Additionally, the metabolites of the first component were also located
on the right side of the plot, reflecting a positive correlation with fats,
saturated fats, proteins, fiber, TPC, total flavonoids, and antioxidant capa-
city. Accordingly, the samples situated in this area also exhibited a higher
abundance of these metabolites. Additionally, the heatmap (Fig. 4) showed
that the discriminantmetabolites exhibited strong positive correlationswith
cocoa content, protein, TPC, fiber, total fat, and saturated fat. These
metabolites were also positively associated with total flavonoids and anti-
oxidant capacity. In contrast, they displayed negative correlations with
carbohydrate and sugar content.

Tentative annotation or NPClassifier chemical classes of the dis-
criminant metabolites are detailed in Table 1. The tentatively identified
compounds included pyroglutamic acid, pyrocatechuic acid, N-acet-
ylleucine, sorbitol, N-acetylphenylalanine, docosahexanoic acid (DHA),
vanillic acid glucoside, FA 18:1+ 3O, camptothecin, hexenyl primevero-
side, andnicotinic acid.Additionally, other tentatively identifiedmetabolites
included representatives of hydroxy fatty acids, quinazoline alkaloids,
branched-chain fatty acids, cinnamic acid derivatives, pregnane steroids,
dipeptides, and flavonols.

An ANOVA test was conducted to evaluate whether the discriminant
metabolites selected by the PLS2 model differed significantly among Nutri-
Score categories. The results are presented in Table 2. Six metabolites
showed significant differences, including F12 identified as sorbitol, and F33
classified within the chemical group of cinnamic acid and derivatives. Post-
hoc Tukey analyses indicated that these differences occurred mainly
between Nutri-Score B and categories C and D (Fig. S5).

Discussion
This is the first study to apply untargeted metabolomics to integrate
metabolomic data into the evaluation of nutritional labeling systems. The
findings suggest that theNutri-Score systemmaynot adequately capture the
variability in metabolite composition and nutritional profiles across these
foodstuffs. Notably, in the PCA combining metabolomic and nutritional
data, as later corroborated in the PLS2 analysis, no clear clustering was
observed according to Nutri-Score categories, indicating a potential mis-
match between Nutri-Score classification and the actual chemical diversity
of soluble cocoa products. Moreover, ANOVA and post-hoc tests revealed
significant metabolic differences among Nutri-Score categories, further
corroborating this mismatch.

While Nutri-Score has been praised for its superior performance
compared toother FOPNLand its positive impact onhealthier food choices,
its limitations should not be underestimated. Notably, the system does not
consider the presence of several nutrients and bioactive compounds, such as
specific types of fiber, oxylipins, fatty acids, vitamins, minerals, anthocya-
nins, polyphenols, and other nutritionally relevant constituents, which are
particularly relevant for assessing the nutritional quality of cocoa-derived
products. Flavonoids, for instance, are abundant in cocoa and have been
extensively linked to health benefits, such as antioxidant activity and pro-
tective effects on cardiovascular and cognitive health2,13. However, Nutri-
Score does not account for these compounds in its algorithm. In contrast,
other nutrient profiling systems, like the Food Compass Score (FCS),
integrate a broader range of attributes—including phytochemicals (total
flavonoids among them), sweeteners, processing level, and fat quality—
providing amore comprehensive assessment of overall food healthfulness14.
As a result, soluble cocoa foodstuffs with a high cocoa content, despite being

Fig. 4 | Heatmap showing correlations between 33
features selected by the PLS2 model (F: Feature) and
nutritional properties (cocoa content, carbohy-
drates, fiber, sugars, protein, total fat, saturated fat,
TPC, total flavonoids, and antioxidant capacity).
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rich in these beneficial components, may receive less favorable Nutri-Score
ratings, often due to their fat content, overlooking their potential health-
promoting benefits.

Specifically, among the discriminant metabolites identified between
the different types of soluble cocoa foodstuffs, several small peptides stand

out for their potential health effects. Pyroglutamic acid (Table 1, F4) has
demonstrated neurological activity, including improvements in memory
recall, learning and anxiety regulation. In rodent studies, it has also shown
antidepressant and analgesic properties15. Another peptide, N-acetylleucine
(Table 1, F11), has shown significant benefits in alleviating symptoms of

Table 1 | Tentative annotation and chemical classification (NPClassifier) of discriminant metabolites

Feature Ionization
Mode

m/z RT MS/MS Tentative annotation NPC class NPC super class Level Source

2 Negative 105.03062 0.636 - - - - - -

3 Negative 115.01473 0.688 - - - - - -

4 Negative 128.03958 0.833 82.03231; 85.03123; 128.03998 Pyroglutamic acid Aminoacids Small peptides 2 a

8 Negative 153.02864 1.91 59.01562; 81.03799; 91.021; 108.02457;
109.0325

Pyrocatechuic acid Simple
phenolic acids

Phenolic acids
(C6-C1)

2 a

10 Negative 160.06572 0.849 - - - - -

11 Negative 172.10553 7.533 128.11041:100 130.09224:1026 N-Acetylleucine Dipeptides Small peptides 2 a

12 Negative 181.07983 0.561 59.01617; 71.01682; 73.03113; 89.02831;
101.02828

Sorbitol Monosaccharides Saccharides 2 a

13 Negative 184.14259 17.345 - - - - -

16 Negative 206.05513 12.532 - - - - -

17 Negative 206.08673 8.545 58.0324; 70.0344; 91.0582; 147.04768;
164.07834

N-Acetylphenylalanine Dipeptides Small peptides 2 a

18 Negative 236.10303 10.371 - - - - -

19 Negative 242.15135 17.706 59.01809; 170.16272; 198.16049 - Hydroxy
fatty acids

Fatty Acids and
Conjugates

3 c

21 Negative 281.14551 7.726 281.27408 - - - -

24 Negative 326.11646 12.533 119.05989; 134.07111; 162.07013;
174.06589; 206.06335; 282.13229

- Quinazoline
alkaloids

Anthranilic acid
alkaloids

3 c

25 Negative 327.22275 17.635 59.01982; 171.11066; 229.1608; 327.23492 Docosahexanoic
acid (DHA)

Unsaturated
fatty acids

Glycerophospholipids 2 a

27 Negative 329.10403 5.215 289.0702; 217.0009 Vanillic acid glucoside Simple
phenolic acids

Phenolic acids
(C6-C1)

2 b

28 Negative 329.24054 17.948 171.11349; 201.12944; 311.24292;
327.2092; 327.24509; 329.26242

- Branched
fatty acids

Fatty Acids and
Conjugates

3 c

29 Negative 329.24948 17.783 139.11784; 171.10773; 211.13857;
212.13799; 229.14923; 329.23917

FA 18:1+ 3 O Other
octadecanoids

Fatty Acids and
Conjugates

2 a

31 Negative 342.10999 10.369 178.06564:190 - - - - -

32 Negative 347.09302 8.862 303.10477 Camptothecin Pyrroloquinoline
alkaloids

Tryptophan alkaloids 2 a

33 Negative 353.04755 7.651 135.05455; 137.03737; 216.99713;
273.08981; 351.04889; 353.05646

- Cinnamic acids
and derivatives

Phenylpropanoids
(C6-C3)

3 c

39 Negative 381.18558 8.82 - - - - - -

40 Negative 389.14261 9.256 - - - - - -

41 Negative 393.18698 10.913 289.0705; 249.1332 Hexenyl
primeveroside

Pregnane
steroids

Steroids 2 b

47 Negative 415.17206 9.701 - - - - - -

53 Negative 447.11255 12.358 285.04602; 447.10129 Luteolin-7-O-
glucoside

Flavones Flavonoids 2 a

54 Negative 448.17255 6.385 158.09352; 158.13956; 159.09639;
289.09192

- Dipeptides Small peptides 3 c

57 Negative 459.14066 16.355 297.09314; 459.15735 - - - - -

79 Positive 124.0405 0.724 53.03613:872; 78.03318; 79.04059;
80.04911; 81.03123; 81.05134; 96.04283;
124.0403

Nicotinic acid (niacin) Pyridine alkaloids Nicotinic acid
alkaloids

2 a

81 Positive 182.10719 17.171 - - - - - -

90 Positive 266.10657 9.082 120.08096; 163.02405; 166.09131;
174.9711; 180.04413; 181.03864;
192.98123; 202.09377; 207.00471;
209.98903

- Flavonols Flavonoids 3 c

93 Positive 299.09897 16.449 - - - - - -

95 Positive 308.22913 17.112 290.19455; 291.20078; 306.15887;
308.16238; 308.20502; 308.33511;
308.38879; 308.47079

- - - - -

a: Annotated using the MS-DIAL spectral library, b: Annotated based on MS/MS fragmentation patterns, c: Chemical class assigned using NPClassifier via MS2Query.
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ataxia in rare neurodegenerative disorders. Clinical trials report improve-
ments inmotor function, cognitive symptoms, andquality of life, alongwith
statistically significant reductions in disease progression over both short-
and long-term treatment periods16,17. Similarly, N-acetylphenylalanine
(Table 1, F17) and some of its derivatives have shown promise in preclinical
osteoarthritis research, both in vitro18 and in animal models19.

Regarding phenolic acids, pyrocatechuic acid (Table 1, F8), also known
as 2,3-dihydroxybenzoic acid, has been shown to enhance antioxidant
enzyme activity, reduce oxidative stress and endothelial dysfunction, and
ameliorate hypertension and atherosclerosis by lowering inflammation
in vitromodels20.Although thehealth effects of vanillic acid glucoside (Table
1, F27) have not been directly studied, its related aglycone, vanillic acid, has
demonstratedmultiple beneficial effects in preclinical studies, particularly in
metabolic and inflammatory conditions, as well as neuroprotection21,22.
Luteolin-7-O-glucoside (Table 1, F53), a flavone, is also supported by pre-
clinical evidence for its antioxidant, anti-inflammatory, neuroprotective,
and tissue-repair activities23,24, although its efficacy may vary depending on
biological context and disease target.

Camptothecin (Table 1, F32), by contrast, has been widely studied for
its anticancerproperties25.Nicotinic acid or niacin (Table 1, F79) offerswell-
documented health benefits, including improved lipid profiles, cardiovas-
cular protection, and reduced risk of heart attack and stroke. It is also
essential for cellular metabolism as a precursor to the coenzymes NAD and
NADP, prevents pellagra, and shows potential neuroprotective and anti-
inflammatory effects26.

Moreover, Nutri-Score does not consider the presence of sweeteners in
solid foods (though it does in beverages), despite their long-term health
effects remain poorly understood27. For instance, a sugar-free cocoa product
that contains only 48% defatted cocoa (4.5% fat) along with maltodextrin,
rice flour, resistant dextrin 10%, gluten-free barley malt extract, flavorings,
sweeteners, emulsifier, anti-caking agent (E341), and salt (Table S3, M7)
might receive a Nutri-Score A. In contrast, a 100% cocoa powder product
made solely with cocoa and a natural acidity regulator (potassium carbo-
nate) but a normal fat content (21% fat) (Table S3, M51), may receive a
Nutri-Score C, despite containing no additional ingredients and offering
greater nutritional density.

Table 2 | Intensity of discriminant metabolites by category and ANOVA results

Feature Tentative annotation Nut-Sc A Nut-Sc B Nut-Sc C Nut-Sc D F value P-value Adj P-value

F2 - 0.021 0.030 0.019 0.008 3.053 0.037 0.088

F3 - 0.041 0.055 0.021 0.008 5.314 0.003 0.048

F4 Pyroglutamic acid 0.141 0.230 0.118 0.075 3.790 0.016 0.063

F8 Pyrocatechuic acid 0.172 0.222 0.146 0.105 1.220 0.312 0.312

F10 - 0.003 0.004 0.002 0.001 2.387 0.080 0.115

F11 N-Acetylleucine 0.027 0.043 0.025 0.015 2.347 0.084 0.115

F12 Sorbitol 0.068 0.108 0.049 0.010 4.369 0.008 0.048

F13 - 0.003 0.004 0.003 0.002 1.420 0.248 0.264

F16 - 0.003 0.004 0.002 0.001 4.566 0.007 0.048

F17 N-Acetylphenylalanine 0.021 0.034 0.020 0.012 2.541 0.067 0.105

F18 - 0.006 0.009 0.005 0.003 2.725 0.054 0.089

F19 - 0.005 0.011 0.007 0.004 2.739 0.053 0.089

F21 - 0.007 0.008 0.005 0.004 2.306 0.088 0.116

F24 - 0.053 0.077 0.043 0.028 3.769 0.016 0.063

F25 Docosahexanoic acid (DHA) 0.009 0.014 0.007 0.005 3.229 0.030 0.088

F27 Vanillic acid glucoside 0.094 0.147 0.080 0.038 2.996 0.039 0.088

F28 - 0.011 0.014 0.008 0.005 2.924 0.043 0.088

F29 FA 18:1+ 3 O 0.059 0.084 0.046 0.030 3.712 0.017 0.063

F31 - 0.007 0.012 0.006 0.003 4.534 0.007 0.048

F32 Camptothecin 0.005 0.006 0.004 0.003 2.462 0.073 0.110

F33 - 0.030 0.055 0.023 0.014 4.324 0.009 0.048

F39 - 0.054 0.079 0.046 0.035 2.865 0.046 0.089

F40 - 0.003 0.004 0.002 0.001 3.137 0.033 0.088

F41 Hexenyl primeveroside 0.010 0.014 0.010 0.006 1.378 0.260 0.268

F47 - 0.023 0.031 0.018 0.014 2.958 0.041 0.088

F53 Luteolin-7-O-glucoside 0.007 0.009 0.005 0.004 2.084 0.114 0.145

F54 - 0.011 0.018 0.012 0.006 1.477 0.232 0.255

F57 - 0.003 0.003 0.002 0.002 2.047 0.119 0.146

F79 Nicotinic acid (niacin) 0.218 0.523 0.296 0.200 2.794 0.050 0.089

F81 - 0.023 0.033 0.025 0.011 1.761 0.167 0.190

F90 - 0.090 0.176 0.091 0.053 3.117 0.034 0.088

F93 - 0.107 0.141 0.092 0.063 1.812 0.157 0.185

F95 - 0.121 0.168 0.086 0.038 4.875 0.005 0.048

F feature, Nut-Sc nutri-score.
Bold values correspond to significant values below p-value 0.05.
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Another critical limitation of the Nutri-Score algorithm is its disregard
for the degree of food processing. This is particularly relevant for cocoa-
derived foodstuffs, where factors, such as fat content or added sugars can
disproportionately influence ratingswithout reflecting the health benefits of
bioactive compounds like flavanols. As a result, sugar-free cocoa foodstuffs
containing sweeteners and a long list of ingredients may achieve a favorable
Nutri-Score A, despite being highly processed. This discrepancy highlights
the need for a more holistic evaluation of nutritional quality to ensure the
Nutri-Score accurately guides consumers toward healthier choices.

Furthermore,Nutri-Score doesnot differentiate between vegetable and
animal fats and penalizes products for their saturated fat content, energy,
sugars, and salt. However, studies suggest that cocoa fats may provide
protective effects against lipid accumulation and liver inflammation28.
Despite these potential health benefits, Nutri-Score fails to account for the
presence and role of beneficial fatty acids, even though fats are essential for
physiological functions, including the absorption of fat-soluble vitamins.
Notably, recent research has identified the presence of oxylipins—bioactive
lipid mediators, such as phytoprostanes and phytofurans—in cocoa-based
foodstuffs, particularly in dark chocolate. These plant-derived oxylipins are
gaining attention for their immunomodulatory and anti-inflammatory
properties29. More broadly, oxylipins have been recognized for their
bioactivity and potential nutritional significance when ingested through the
diet30. As a consequence of these oversights, consumers may mistakenly
perceive normal-fat cocoa as less healthy than their low-fat counterparts,
despite the presence of health-promoting fatty acids and lipid mediators.

Specifically, within the lipid category, docosahexaenoic acid (DHA)
(Table 1, F25) stands out as a critical nutrient with well-established benefits
for brain, eye, cardiovascular, andmetabolic health31. Although there are no
specific studies on FA 18:1+ 3O (Table 1, F29), the health-promoting
effects of oleic acid (FA 18:1) are well-documented, particularly for cardi-
ovascular and inflammatory health32. Nonetheless, the biological activity of
FA 18:1+ 3O may differ due to oxidative modifications and therefore
should be evaluated independently.

Ultimately, overlooking these methodological limitations of Nutri-
Score could lead to decreased consumption of foods that, despite receiving
lower ratings, may represent valuable components of a balanced and
nutritious diet, both fromanutritional and sensoryperspective10. In contrast,
more comprehensive profiling systems, such as the FCS incorporate a
broader array of health-relevant factors, includingnutrient ratios, processing
level, specific lipids, phytochemicals like flavonoids and carotenoids, and
even sweeteners, offering amore nuanced evaluation of food healthfulness14.
In this context, metabolomics offers a powerful complementary approach to
traditional nutrition labeling. By enabling the comprehensive identification
and quantification of hundreds of small molecules, metabolomics allows for
amore comprehensive characterization of food composition. This approach
not only helps reveal bioactive components associatedwith health outcomes
but also enhances our understanding of the effects of food processing, sto-
rage, and formulation on nutritional quality33,34.

Our findings demonstrate that current front-of-pack labeling systems,
such as the Nutri-Score do not fully capture the nutritional complexity of
foods with bioactive compounds, such as soluble cocoa powders. While
Nutri-Score ratings primarily reflect macronutrient balance, they fail to
recognize the presence of health-promoting metabolites, leading to incon-
sistencies between label category and actual nutritional potential. Products
richer in bioactive compounds were often penalized with lower Nutri-
Scores, underscoring a critical limitation of this system when applied to
complex food matrices. These results highlight the need for more com-
prehensive labeling approaches that integratemetabolomic insights, thereby
providing consumers and policymakers with a more accurate tool to guide
healthier food choices.

Methods
Soluble cocoa samples
Fifty-four soluble cocoas were selected in 2022 based on the list of the best
and worst soluble cocoas reported by the Organization of Consumers and

Users (OCU) in Spain (http://bit.ly/4g6QAyz, accessed on August 2, 2025).
All samples were purchased from eight different supermarkets in the
Spanish market, representing 19 different brands and four distinct score
Nutri-Score categories (A–D). Specifically, the study included 9 samples
with Nutri-Score A, 7 with B, 22 with C and 16 with D (Table S2, S3). No
sample with Nutri-Score category E was included because the list provided
by OCU did not contain any cocoa products in this category and, further-
more, we have not found any soluble cocoa with that Nutri-Score in the
Spanish market.

Sample preparation
Metabolites were extracted from cocoa powder using ultrasound-assisted
extraction, as described by Razola-Díaz et al.35. In brief, cocoa samples were
initially defatted with hexane (10ml hexane per 1 g of cocoa powder),
vortexed for 1min, sonicated in an ultrasound bath (Bandelin, Sonorex,
RK52, Berlin, Germany) for 5min, centrifuged (OHAUS, FC5718R, Ger-
many) at 9960 rcf for 5min, and evaporated under nitrogen. The procedure
was repeated twice.

The extraction was then performed by adding 5ml of a mixture of
acetone/water/acetic acid (70/29.5/0.5%, v/v/v), vortexing for 2min, soni-
cating in an ultrasound bath at 35 kHz for 5min, and centrifuging at 9960
rcf for 5min. Supernatants were collected, filtered through regenerated
cellulose filters (0.2 μm, Millipore, Bedford, MA, USA), and stored at
−18 °C until further analysis. Equal aliquots (10 µl) of each cocoa extract
were pooled to prepare a quality control (QC) sample, which was used to
monitor the analytical performance.

Analysis of TPC, total flavonoids, and antioxidant capacity
The TPC of cocoa samples was determined using the Folin–Ciocalteu
method36 in 96-well microplates. Briefly, 600 μL of distilled water, 10 μL
of sample, and 50 μL of Folin–Ciocalteu reagent were added to each
well. After 10 min, the mixture was homogenized, followed by the
addition of 150 μL of 20%Na₂CO₃ and the volumewasmade up to 1 mL
with water. Plates were incubated in the dark for two hours, and
absorbance was measured at 760 nm using a Synergy Mx
Monochromator-Based Multi-Mode Microplate reader, by Bio-Tek
Instruments (Winooski, VT, USA). TPC was calculated from a gallic
acid calibration curve. All analyses were performed in triplicate, and
results are expressed as mg gallic acid equivalents (GAE).

Total flavonoid content was measured using the aluminum chloride
colorimetric modifying assay of Rodríguez-Pérez et al. (2016)36. Briefly,
100 μL of sample, 140 μL of methanol, and 60 μL of aluminum chloride
solutionwere added to eachwell. The reactionwas incubated in the dark for
30min, after which absorbance was measured at 425 nm using the micro-
plate reader described above. Total flavonoid content was calculated from a
quercetin calibration curve. All analyses were performed in triplicate, and
results are expressed as mg quercetin equivalents (QE).

The antioxidant capacity was measured using the DPPH radical
scavenging assay, previously applied by the authors36. In brief, 20 μL of each
extract at varying concentrations. were added to 980 μL of a DPPH solution
(50 μmol/L). Themixtures were incubated in the dark at room temperature
for1 h. Subsequently, 200 μLof eachmixturewas transferred to amicroplate
well, and absorbance was recorded at 516 nm. A calibration curve was
constructed todetermine the residualDPPHconcentration in eachwell, and
the percentage of remaining DPPH was plotted against extract concentra-
tion to calculate the EC50 value, defined as the amount of extract required to
reduce the initial DPPH concentration by 50%. All measurements were
performed in triplicate. Since lower EC₅₀ values indicate higher antioxidant
capacity, the results were multiplied by –1 for consistency, so that higher
values correspond to stronger antioxidant activity.

Untargeted-based metabolomics using HPLC-ESI-TOF-MS
Untargeted metabolomic analysis was performed using high-performance
liquid chromatography coupled with time-of-flight mass spectrometry
(HPLC-TOF-MS). Chromatographic separation was achieved on a
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BRUKER AUTOFLEX TOF mass spectrometer operated in reverse-phase
mode (RP). The column used was an ACQUITY UPLC BEH Shield RP18
(1.7 μm, 2,1 × 100mm; Waters Corporation, Milford, MA, USA).

Themobile phases usedweremethanol (solvent A) and acidifiedwater
with 1% acetic acid (solvent B). A linear gradient elution program was
applied over a total run time of 25min. The gradient started at 5% A and
95% B, reaching 35%A and 65% B in 15minutes. At minute 18, themobile
phase reached 100% A, which was maintained until minute 20. The system
was then re-equilibrated to initial conditions (5% A, 95% B) by minute 21
and held until minute 25.

Chromatographic conditions included a flow rate of 0.5ml/min and a
column temperature of 40 °C. Mass spectrometry was performed with
electrospray ionization (ESI) operated in both positive and negative modes.
Calibration of exact mass was performed automatically using sodium for-
mate, whichwas injected the beginning of each injection to ensure themass
accuracy required for compound identification. Detection was carried out
considering amass range of 50–1300m/z and using a capillary voltage of+
4500 V, a dry gas temperature of 220 °C, a dry gas flow of 9.0 L/min, a
nebulizer pressureof 3.0 bar, and spectra rate of 10Hz.Moreover, automatic
MS/MS experiments were performed using nitrogen as the collision gas,
with the collision energy adjusted to 7 eV.

Processing of metabolomics data
Raw data files were converted to the open format (*.mzML) using
MSConvert (v.3.0.24214-8766070)37 and subsequently deconvoluted. Data
was processed following a previously published workflow38. MS-DIAL
(v.4.9.221218)39 was used to extract retention times (RT), m/z values, and
peak areas, applying specific parameters (Table S4).

To correct for signal intensity drift, the data was normalized using the
LocallyWeighted Scatterplot Smoothing (LOWESS) function based onQC
sample intensities distributed throughout the analytical run.QCvalueswere
smoothed using a single-degree least squares fit, and resulting coefficients
were interpolated with a cubic spline. The dataset was then aligned to the
corrected results39.

Normalizeddatasetswere further processed using theR-based package
“notame”40. Filters were applied to remove background ion drift, low-
detection features (QC limit = 0.8, group limit = 0.8) and low-quality fea-
tures. Data normalization was performed using probabilistic quotient
normalization (PQN), which first involves integral normalization and then
scaling the test spectrum by dividing all variables by themedian quotient of
each variable relative to the reference spectrum (typically the median of
control samples)41. Additionally, themetabolite peak areas were normalized
using pinobanksin, which was added to all samples as an internal standard.

Statistical analysis: multivariate analysis
Multivariate analysis was conducted using the R-based package “mixO-
mics”. Pareto scaling was applied to the dataset, followed by PCA for
unsupervised analysis. PCA integrated metabolomic data (positive and
negative ionization modes) together with nutritional properties (cocoa
content, carbohydrates, fiber, sugars, protein, total fat, saturated fat, TPC,
total flavonoids, and antioxidant capacity). The properties included in the
analysis were those available on product labeling, along with additional
indicators particularly relevant for cocoa products, namely antioxidant
capacity, TPC, and total flavonoids. Partial least squares regression (PLS2)
was then employed to identify relationships between data matrices X—
corresponding to metabolites (positive and negative ionization modes)—
and Y—corresponding to nutritional properties (cocoa content, carbohy-
drates, fiber, sugars, protein, total fat, saturated fat, TPC, total flavonoids,
and antioxidant capacity). PLS2 is a supervised multivariate method, par-
ticularly useful in metabolomics as it can handle collinear and noisy vari-
ables while providing intuitive graphical representations for model
interpretation42. In this study, PLS2was applied in an exploratorymanner to
examine associations between metabolomic features and nutritional prop-
erties, rather than for predictive purposes.

Annotation
Annotation of discriminant variables from the PLS2 model was performed
by comparing data against the curated MS-DIAL library (updated on
August 8th, 2024) for both positive and negative ionization modes.
MS2query (v.1.4.0)43 was employed to identify analogs and classify com-
pounds using NPClassifier44. Identifications with scores above 0.6 were
considered for level 3 annotation, in line with metabolomics guidelines45.

A molecular network (MN) was constructed using the Feature-Based
Molecular Networking (FBMN) workflow46 on GNPS (https://gnps.ucsd.
edu, accessed onAugust 2, 2025)47.MS-DIAL-processed datawere exported
to GNPS, and MNs were generated. Data was filtered by removing all MS/
MS fragment ions within+/− 17Da of the precursor m/z. MS/MS spectra
were window filtered by choosing only the top 6 fragment ions in the ±
50Da window throughout the spectrum. The precursor ion mass tolerance
was set to 0.05 Da and theMS/MS fragment ion tolerance to 0.05 Da. AMN
was then createdwhere edges were filtered to have a cosine score above 0.70
and more than six matched peaks. Further, edges between two nodes were
kept in the network if and only if each of the nodes appeared in each other’s
respective top ten most similar nodes. Finally, the maximum size of a
molecular family was set to 100, and the lowest scoring edges were removed
from molecular families until the molecular family size was below this
threshold. The spectra in the network were then searched against GNPS
spectral libraries47,48. The library spectra were filtered in the samemanner as
the inputdata.Allmatches kept betweennetwork spectra and library spectra
were required to have a score above 0.7 and at least six matched peaks. The
DEREPLICATORwas used to annotateMS/MS spectra49. Additional edges
generated in MS-DIAL were supplemented into the MN.

Both datasets were cross-referenced to enrich theMNusingCytoscape
(v.3.10.2)50. Related compounds were linked based on the similarities in
their MS/MS spectra, and results were visualized as MNs, supporting the
annotation process.

Data availability
The dataset supporting the findings of this study, ensuring the replicability
of all analyses and visualizations presented in the study, are publicly avail-
able via Zenodo at https://doi.org/10.5281/zenodo.1593021951. Additional
data supporting the findings of this study are available within the article and
its Supplementary Information. All input data are open access. Source data
are provided with this paper.
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