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Here we present the results of an in silico bioactivity study of 13 structurally diverse lutein diesters that were
previously synthesized in the laboratory to improve the inherently poor chemical stability of lutein, an important
food nutrient. Using predictive models, we aimed to identify potential receptor-related activity patterns relevant
to endocrine signalling. Because orally administered lutein diesters may undergo partial or complete gastroin-
testinal hydrolysis before absorption, the corresponding carboxylic acids were also evaluated as potentially
relevant exposure forms. Most lutein esters showed predicted receptor-activity classifications similar to lutein,
whereas esters containing long-chain fatty acid moieties showed more distinct prediction patterns. Lutein di
(pentafluoropropanoate) is of particular concern because it readily hydrolyses, releasing pentafluoropropionic
acid, a corrosive hydrolysis product. The remaining carboxylic acids were not classified as notably concerning
within the scope of the applied prediction models. Overall, the results identify lutein esters that merit further
investigation as candidate stabilized lutein derivatives, while highlighting specific structures that should be

prioritized for targeted experimental follow-up.

1. Introduction

Lutein, a naturally abundant xanthophyll carotenoid, plays an
important role in human health due to its many positive bioactive
properties. Humans cannot produce lutein themselves, but must ingest
this nutrient through food. Its chemical structure, characterized by a
central conjugated double bond system, gives it potent antioxidant ac-
tivity, making it an important component of the body's defence against
oxidative stress. The multiple benefits of lutein include not only its
antioxidant abilities, but also its anti-cancer, anti-inflammatory and,
most importantly, vision-supporting effects (Xu et al., 2023). The anti-
oxidant effect of lutein is particularly noteworthy as it plays a crucial
role in neutralizing reactive oxygen species (ROS) and reactive nitrogen
species (RNS), thereby protecting cellular components from oxidative
damage (Rao & Rao, 2007). Lutein can also alleviate chronic diseases
such as cardiovascular disease, age-related macular degeneration (AMD)
and certain types of cancer (Seddon et al., 1994; Zhang, Liang, et al.,
2024). The ability of lutein to modulate inflammatory processes further
increases its therapeutic relevance (Pap et al., 2021).

Lutein is present in many green leafy plants such as vegetables, but
its bioavailability from these common food sources is generally poor due
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to low water solubility of lutein and its interaction with dietary fiber
(Metlicar et al., 2019; Yong et al., 2023). This highlights the need to also
consider alternative sources such as lutein supplements or fortified foods
to ensure adequate intake (Ma & Lin, 2010). However, the commercial
use of lutein is hampered by its inherent chemical instability, especially
when exposed to different environmental factors and processing con-
ditions. The susceptibility of lutein to degradation limits its uptake from
dietary supplements and functional foods, thereby compromising its
efficacy and bioavailability (Manupa et al., 2023). The compound is
susceptible to light, air (oxygen), elevated temperatures, metals, and
acids, which accelerate the degradation of lutein into less bioactive
compounds, reducing its health benefits (Becerra et al., 2020).

In order to solve this issue, various stabilization strategies have been
proposed in recent decades. In this context, it is reported that encap-
sulation of lutein in emulsion-based delivery systems using milk proteins
(the caseins) and phospholipids (soy lecithin) as emulsifiers significantly
enhanced the chemical stability of lutein during storage (Mora-Gutierrez
et al., 2018). However, each stabilization strategy, including encapsu-
lation technology, has its own advantages and limitations, thus further
research is needed to fine-tune these approaches for specific applications
(Zhang, Li, et al., 2024).

Received 1 October 2025; Received in revised form 9 April 2026; Accepted 15 April 2026

Available online 16 April 2026

0963-9969/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:alen.albreht@ki.si
www.sciencedirect.com/science/journal/09639969
https://www.elsevier.com/locate/foodres
https://doi.org/10.1016/j.foodres.2026.119262
https://doi.org/10.1016/j.foodres.2026.119262
http://creativecommons.org/licenses/by/4.0/

M. Vracko and A. Albreht

Another stabilization possibility, which mimics a process occurring
naturally in plants, is esterification of lutein, providing lutein mono- or
diesters (Metlicar et al., 2021; Metlicar & Albreht, 2022). Bio-derived
lutein esters (LE), especially those present in marigold (Tagetes erecta
L.) and other plant materials, have been intensively studied, but in most
cases their stability was assessed within complex plant or food matrices.
Under such conditions, the influence of the ester moiety itself is difficult
to separate from matrix effects, which complicates direct comparison
across studies (Olmedilla-Alonso et al., 2024; Song et al., 2024). By
contrast, the use of synthetic lutein esters as intentionally designed and
potentially more stable lutein derivatives has only recently begun to be
explored in a systematic way, for example with respect to their bio-
accessibility (Krstic et al., 2026). Because this research area is still at an
early stage, and because such compounds are not yet established as
commercial nutritional ingredients to our knowledge, their application
potential, industrial feasibility, and cost-effectiveness remain difficult to
predict.

To address some of the safety-related endpoints and obtain a more
realistic view of their practical potential, we present here the results of
an in silico bioactivity assessment of 13 lutein diesters that were previ-
ously synthesized. These compounds were selected as a structurally
diverse test set spanning short-chain, branched, unsaturated, aromatic,
long-chain, and fluorinated acyl substituents. They are not intended to
represent all possible lutein derivatives, but rather a chemically diverse
panel suitable for first-step comparative screening. The human endo-
crine system plays a central role in regulating physiological processes
and behaviour of an organism by controlling hormone production and
release. Hence, we assessed the predicted receptor-related activity of
these new derivatives using selected endocrine-relevant targets. Since
oral administration is the principal intended route for lutein-based food
and feed ingredients, the studied lutein esters are expected to pass
through the gastrointestinal tract, where partial or complete hydrolysis
may occur. Thus, exposure after ingestion may comprise both intact
ester molecules and their hydrolytic products. For this reason, we
evaluated the parent lutein esters and the corresponding carboxylic
acids as interrelated chemical forms that may jointly determine the
biological profile of these compounds after oral intake. The in silico
prediction modelling presented here was intentionally designed as a
logical, rapid, informative, non-invasive, and comparatively inexpen-
sive first-step screening approach for identifying possible receptor-level
bioactivity signals and prioritizing novel lutein compounds for further
experimental evaluation. An additional advantage of this approach is
that it enables parallel assessment of both intact lutein esters and their
likely hydrolysis products within the same study design before pro-
gressing to more resource-intensive experimental studies. This is
particularly relevant because experimental discrimination between
parent esters and hydrolysis-derived species may require multiple
complementary digestion and bioactivity assays, as hydrolysis can be
partial and matrix-dependent.

2. Data and models

The following models have been applied to endocrine nuclear re-
ceptors to predict activity: androgen (AR)-agonist, AR-antagonist, oes-
trogen-o (ERa)-agonist, ERa-antagonist, oestrogen-f§ (ERp)-agonist, ER-
antagonist, glucocorticoid (GR)-agonist, and GR-antagonist. The models
for androgen and oestrogen receptors are described in detail in refer-
ences (Stanojevic, Sollner Dolenc, & Vracko, 2023; Stanojevic¢, Vracko,
& Sollner Dolenc, 2023). The data were taken from the CompTox
Chemicals Dashboard (US Environmental Protection Agency, 2016), a
publicly available web-based application developed by the US Envi-
ronmental Protection Agency to provide access to systematically
compiled and consolidated chemical data (molecular structures and
some basic chemical data), toxicity and exposure data for approximately
1 million chemicals. The number of all chemicals in the database and the
number of chemicals used in the modelling is shown in Supplementary
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Table S1. The compounds are categorised as active or inactive consid-
ering the thresholds for activity from in vitro measurements according to
the Tox21 protocols (US Environmental Protection Agency, Center for
Computational Toxicology and Exposure, 2022). To include lutein and
the thirteen LEs in the modelling, their structures were generated in the
PubChem platform and represented with SMILES codes. The DRAGON
package was used to compute over 3000 structural descriptors that
quantitatively described molecular properties without needing experi-
mental data (Talete Srl, 2014).

In the first step, the descriptors were analysed using principal
component analysis (PCA) to reduce the number of variables while
preserving the information content of the data (the variance). The new
variables were ordered according to the variance they carried. As a rule,
a small number of new variables carry a substantial part of the total
variance (Johnson et al., 1988). After the transformation, the objects
were displayed graphically in score plots for the eight studied nuclear
receptor models. To predict the activities, we used counter-propagation
artificial neural network (CPANN) models as described in references
(Stanojevi¢, Sollner Dolenc, & Vracko, 2023; Stanojevi¢, Vracko, &
Sollner Dolenc, 2023). CPANN models are often used to analyse the
structure of multidimensional datasets. Since information on their ar-
chitecture and learning strategy is readily available (Novic, 2023;
Vracko, 2005), we give here only a brief description. A CPANN was
composed of two layers of neurons arranged in two-dimensional rect-
angular matrices. The input or Kohonen layer received the input vari-
ables, ie. the first twenty principal components representing the
compounds. During the learning process, the target values (the mem-
bership of an active/inactive class) were passed to the output layer,
which had the same topological arrangement of neurons as the Kohonen
layer. Learning in a Kohonen layer of the CPANN took place in the same
way as in Kohonen networks. This means that all neurons were pre-
sented with a vector of input variables. The algorithm selected the
neuron (i.e. winning neuron) whose weights were closest to the input
values. After correcting the weights in the Kohonen layer, the position of
the winning neuron was transferred from the Kohonen layer to the
output layer and the weights in the output layer were corrected ac-
cording to the specified target value. Iteratively, the weights in the
Kohonen and output layers were corrected to become more and more
similar to the input variables. Once the weights were stabilized, the
CPANN was considered trained. The compounds located on the same
neuron are considered as a cluster. With regard to the class of com-
pounds in the cluster, two basic situations can occur. First, all com-
pounds that form the cluster belong to the same class. In such a case, one
can define a group of compounds that are unanimously classified. Sec-
ondly, the compounds that form the cluster are classified inconsistently.
In such a case, it is known that the model cannot classify the particular
group of compounds. In the prediction phase, when a new structure with
unknown effect is presented to the system, it is first placed in the
Kohonen layer, the position of the winning neuron found is projected
into the output layer, and the activity class is drawn from this position in
the output layer. The CPANN models were optimized using the leave-
one-out (LOO) test strategy. In fact, we followed the previously
described models (Stanojevic, Sollner Dolenc, & Vracko, 2023), which
exclusively applied the LOO method to validate the models. The models
described in the reference (Stanojevi¢, Vracko, & Sollner Dolenc, 2023)
were also tested using the leave-20%-out method where 20% of the
objects are used as an external set. The procedure is repeated so that
each object appears once in the external set.

The models were evaluated considering sensitivity (Se), specificity
(Sp), accuracy (Acc) and Matthew's correlation coefficient (Mcc). The
expressions for these parameters are given in egs. 1-4. The calculations
are based on predictions in the LOO test procedure, which can be true
positive (TP), false positive (FP), true negative (TN) or false negative
(FN).
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The models applied for the clustering of LEs are described in detail in
references (Stanojevi¢, Sollner Dolenc, & Vracko, 2023; Stanojevic,
Vracko, & Sollner Dolenc, 2023), which also contain supplementary
information about the compound training sets. It should be emphasized
that the models were constructed with different training sets and
therefore the predictions for each model must be evaluated individually.
The results of the LOO test are summarized in Table S2.

In addition, we evaluated the binding affinity of 13 carboxylic acids,
which make the 13 studied LEs, to nuclear receptors using six models
trained in the VEGA-HUB platform (Benfenati et al., 2013). Briefly,
VEGA-HUB was developed to support the European chemicals legisla-
tion REACH. It is a battery of in-silico models for predicting the various
physicochemical, biological, toxicological and ecotoxicological proper-
ties of molecules based on their molecular structures. The models were
developed in different laboratories as part of various European research
projects. The models were built using different methods, from tradi-
tional multiple linear regression to advanced machine learning methods,
including artificial neural networks, decision trees, random forest,
support vector machine, etc. Various databases were used to create the
models in order to cover as much of the chemical space as possible. In
addition to the predicted value, all models provide comprehensive in-
formation that supports the prediction, e.g. similar compounds from the
training set, structural fragments and information about the application
area of the model.

The models assessing activity at androgen, oestrogen, glucocorticoid,
RBA and thyroid receptors were: Androgen receptor-mediated action
(IRFMN/COMPARA)1.0.0 (ANDROGEN_COMPARA) (Mansouri et al.,
2020), Oestrogen receptor-mediated action (IRFMN/CERAPP) 1.0.0
(OESTROGEN_CERAPP) (Mansouri et al., 2016), P-glycoprotein activity
model (NIC) 1.0.0 (PGP_NIC) (Mora Lagares et al., 2019), and oestrogen
receptor relative binding affinity model (IRFMN) 1.0.1 (RBA_IRFMN),
thyroid receptor alpha effect (NRMEA) 1.0.0 (TRALPHA_NRMEA), and
thyroid receptor beta effect (NRMEA) 1.0.0 (TRBETA_NRMEA)
(Benfenati et al., 2013).

The in-house CPANN models were applied to the intact lutein esters,
whereas VEGA-HUB was applied to the corresponding hydrolysis
products (carboxylic acids). Because these approaches are based on
different modelling frameworks, training sets, and applicability do-
mains, their outputs (activity of compounds) were interpreted as com-
plementary rather than directly comparable. In this context, the terms
active and inactive refer only to model-predicted receptor-related activity
classifications within the scope of the applied models and should not be
interpreted as direct evidence of toxicity or endocrine disruption in vivo.

3. Results and discussion

As there are no toxicity data available for most of the LE derivatives
studied here, we used computational models which classify compounds
as active or inactive with respect to eight endocrine-receptor-related
endpoints in order to compare the predicted receptor-activity profiles
of these compounds with that of free lutein. In this context, agonists are
compounds predicted to activate a receptor, whereas antagonists are
compounds predicted to inhibit receptor activation. In biological sys-
tems, such activities may have different physiological implications

Food Research International 236 (2026) 119262

depending on exposure, potency, metabolism, and context; however, the
present results should be interpreted only as model-predicted receptor-
related activity classifications. The models used in this study are based
on selected training sets whose active compounds have a documented
affinity for a given endocrine receptor.

The PCA score plots (Fig. 1) for eight nuclear receptor models (AR-
agonist, AR-antagonist, ERa-agonist, ERa-antagonist, ERf-agonist, ERp-
antagonist, GR-agonist, and GR-antagonist) illustrate the embedding of
lutein and LEs into the domains of the models. The original number of
3716 variables (molecular descriptors) was reduced to twenty PC vari-
ables, which were used for further modelling. In general, PCA showed
some similarities for all models where the first PC axis carried 43% to
56% of the total variance, while the second and third PC axes carried
about 8% and 6% of the total variance, respectively. The first twenty PC
variables used in further modelling carried over 80% of the total vari-
ance. The score plots reveal similar patterns with the models where LEs
occupy the regions that do not strongly overlap with regions of com-
pounds from the models' training sets. It should be emphasized that
although the models were created on different training sets, which
consisted of chemicals of different molecular size, polarity, structure,
and functionalities, LEs clearly represent a unique group of highly hy-
drophobic compounds. They have specific chemical structures that
possess the same core chemical moiety, i.e. the conjugated double-bond
chain of lutein, but they differ in the side-chains that form esters with the
lutein's hydroxyl functional groups. Nonetheless, in all score plots shown
in Fig. 1 LEs are located in regions, which are populated with predom-
inantly active compounds. This indicates that these compounds are
predicted to show receptor-related activity, either as agonists or an-
tagonists, similarly to the free lutein.

In the trained CPANN models, the LEs were mostly grouped and they
occupied three to six neurons, which is not particularly surprising
considering their similar core structures (details in Table S3). In some
cases, LEs were located on neurons that were occupied by connections
from the training set of the model, resulting in direct determination of
the prediction. In other cases, LEs were located on empty neurons and
the prediction of their activity was influenced by the connections from
the neighbouring neurons in the neural network. When a certain share of
these connections was active and the other inactive, no decision could be
reached for the LE, as in the case of the predicted agonist activity of
lutein dipalmitate and lutein dioleate toward ERp, which were located
on the same neuron. Some additional specific situations are discussed
below.

In all models, a large cluster with seven to eleven LEs was found,
which reasonably indicates that the studied compounds could be
considered quite similar structurally. Although lutein was localised on a
separate neuron in AR-agonist, AR-antagonist, and ERp-agonist models,
it otherwise fell within this larger cluster of LEs in other models. In the
ERa-antagonist model, the majority of LEs were clustered and predicted
to be inactive, with the exception of lutein dipalmitate, lutein dioleate,
and lutein di(pentafluoropropanoate) which were located on two neu-
rons. Their activity was determined by five compounds, which are listed
in Table S3. The GR-agonist model predicts all LEs as active. The largest
cluster comprises seven compounds whose activity was determined
based on retinal. The other seven compounds were distributed across
four different neurons. In the GR-antagonist model, eleven compounds
formed a single cluster that was predicted to be inactive. The predictions
were influenced by two compounds: vitamin K and tocopherol. Excep-
tions were lutein dioleate and lutein di(pentafluoropropanoate) which
were active in both GR models.

The predicted activity classifications for LEs are summarized in
Table 1. For six of the studied models, the majority of LEs are predicted
to be active. The exceptions are the models for ERa-antagonist and GR-
antagonist, where most of the LEs are predicted to be inactive. Lutein
diacetate, lutein dipropanoate, lutein di(2,2-dimethylpropanoate),
lutein di(2-methylpropanoate), lutein di(3-methylbutanoate), lutein
divalerate, lutein di(pent-4-enoate), lutein dibenzoate, and lutein
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diphthalate showed predicted receptor-activity classifications similar to
lutein across the evaluated models. Lutein itself has a well-established
oral safety profile in nutritional use; however, the present results
should not be interpreted as direct evidence of toxicological safety for
the corresponding esters. On the other hand, the predicted activities of
lutein didecanoate, lutein dipalmitate, lutein dioleate, and lutein di
(pentafluoropropanoate) were found to be different from that of lutein.
The former two were predicted to be inactive as AR-antagonists (lutein
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was active), while the latter two showed activity as GR-antagonists
(lutein was inactive). Furthermore, lutein dipalmitate, lutein dioleate,
and lutein di(pentafluoropropanoate) were found to be active ERa-an-
tagonists, while all other LEs and lutein were found to be inactive. These
four LEs therefore displayed a receptor-activity pattern different from
lutein in one or more of the evaluated models.

The interpretation of lutein dipalmitate and lutein dioleate requires
particular caution, as these long-chain lutein esters occur naturally in
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Fig. 1. Score plots for eight nuclear receptor models showing the first and the second principal components (PC1, PC2) that carry the largest portion of the dataset's
overall variability: inactive compounds (blue), active compounds (red), and lutein and LEs (green). The bordering cases of the xanthophyll region, represented by
lutein dipalmitate (LU DP), lutein dioleate (LU DO), and lutein (LU), are highlighted. The percentages of the total variance are given in the axes brackets. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1

Predictions for 8 activities for 13 LEs using the CPANN models. The differences relative to lutein are marked by an asterisk (*).
Compound AR-ag AR-an ERa-ag ERa-an ERp-ag ERB-an GR-ag GR-an
Lutein + + + - + + + —
Lutein diacetate + + + - + + + _
Lutein dipropanoate + + + — + + + _
Lutein di(2,2-dimethylpropanoate) + + + - + + + _
Lutein di(2-methylpropanoate) + + + — + + + _
Lutein di(3-methylbutanoate) + + + — + + n _
Lutein divalerate + + + + + n _
Lutein di(pent-4-enoate) + + + - + + +
Lutein dibenzoate + + + — + + + _
Lutein didecanoate + Ny + - + + + _
Lutein dipalmitate + - + 4" ND + + _
Lutein dioleate + + + iy ND n + iy
Lutein di(pentafluoropropanoate) + + + +" + + + +
Lutein diphthalate + + + — + + + _

Legend: + - active; — - inactive; ND - no decision.

plants (Metlicar et al., 2019), especially in marigold, which is a major
industrial source of lutein for food and feed applications. In addition to
the experimental toxicology study of Harikumar et al. (2008), more
recent regulatory evaluations provide broader safety context for
marigold-derived lutein materials. EFSA concluded that lutein esters
were not of concern with respect to genotoxicity in the assessed prepa-
rations (EFSA Panel on Food Additives and Nutrient Sources added to
Food (ANS) et al.,, 2011; EFSA Panel on Additives and Products or
Substances used in Animal Feed (FEEDAP) et al., 2019; EFSA Panel on
Additives and Products or Substances used in Animal Feed (FEEDAP)
et al., 2024), and a recent FDA animal GRAS notice response stated that
the agency had no questions regarding the notifier's conclusion that
marigold extract is generally recognized as safe under the intended
conditions of use (US Food and Drug Administration, Center for Veter-
inary Medicine, 2025). These assessments support the general safety
profile of marigold-derived lutein preparations under their evaluated
conditions of use, but they do not directly address the receptor-level
prediction endpoints considered in the present work. Therefore, the
differing model outputs observed for lutein dipalmitate and lutein dio-
leate identify these ester forms as priorities for targeted experimental
investigation. Their distinct prediction patterns may plausibly reflect the
presence of long-chain fatty acid moieties, which substantially increase
steric bulk and lipophilicity relative to free lutein and the shorter-chain
esters. This interpretation is indirectly supported by the VEGA-HUB
results (vide infra), in which palmitic acid and oleic acid were the only
hydrolysis products classified as active, and by emerging evidence that
long-chain fatty acids can modulate oestrogen-receptor-related biology
(Frago et al., 2017; Ogata et al., 2025). However, the present outputs are
qualitative and do not account for receptor potency, internal exposure,
gastrointestinal hydrolysis kinetics, absorbed dose, or tissue concen-
trations after oral intake. The physiological relevance of these predicted
activity patterns therefore remains to be established experimentally.

In contrast, lutein di(pentafluoropropanoate) does not occur natu-
rally and is expected to rapidly hydrolyse (Metlicar & Albreht, 2022) to
the relatively strong pentafluoropropionic acid (pKa ~ 0.38), a com-
pound predicted here to be active in several models; its activity profile is
therefore of greater concern. This halogenated acid is also hazardous to
human health according to the European Chemicals Agency (ECHA).

Looking at the influential chemicals from all models (Table S3), we
find that retinal occurred in four models: AR-antagonists, ERa-agonists,
ERp-antagonists and GR-agonists. Retinal is produced by living organ-
isms through oxidative cleavage of carotenoids by a dioxygenase. Other
influential chemicals were not so closely related to carotenoids as
retinal, but were sourced from high-quality public chemistry resources
for supporting improved predictive toxicology such as US EPA Distrib-
uted Structure-Searchable Toxicity (DSSTox) Database.

Since LEs present in foods as well as in dietary and feed supplements
are administered orally, they pass through the gastrointestinal tract

before they are finally absorbed into the lymphatic system. During this
process, they undergo enzymatic or acidic/alkaline hydrolysis to vari-
able extents. The hydrolysis yields lutein and the carboxylic acid that
constitutes the initial LE. According to EFSA and FDA, lutein has a well-
established general oral safety profile in nutritional and regulatory
contexts and evidence is steadily accumulating that it exerts numerous
health-beneficial effects; however, a biological response to the cleaved
carboxylic acids should be carefully considered. The degree of hydro-
lysis and uptake of a particular LE is governed by multiple variables,
such as the molecular structure of the compound, food/supplement
matrix, specific physiology and metabolism, the delivery method,
microbiome composition, age, health conditions, and stress, therefore, it
can vary considerably between individuals.

Although some of them are readily found in nature, the thirteen
carboxylic acid fragments were evaluated using VEGA-HUB models to
assess their predicted activity toward endocrine-relevant nuclear re-
ceptor pathways (Table 2). For 46% of these evaluations, VEGA-HUB
provided existing experimental annotations from its underlying data
sources, which offer additional support for interpretation of the model
outputs. For the remaining cases, activity toward androgen, oestrogen,
glucocorticoid, RBA, as well as thyroid receptor was predicted and in
most cases the compounds were found to be inactive. There were,
however, a few exceptions. Predictions for saturated short-chain car-
boxylic acids (C2-C5) and pentafluoropropionic acid did not exclude the
possibility of these compounds to be active toward oestrogen receptors.
Yet, nuclear hormone receptors typically bind larger ligands which have
aromatic or steroid-like structures. Short-chain carboxylic acids are
therefore not expected to interact directly with nuclear receptors in the
same way as larger ligands, but increased concentrations of these acids
may influence hormone regulation indirectly through metabolic and
signalling pathways. It should be stressed that with the exception of
pivalic acid (trimethylacetic acid) these small carboxylic acids represent
endogenous metabolites which are produced mainly in the gut by
fermentation of dietary fiber (Gasaly et al., 2021). Therefore, in healthy
individuals these endogenous metabolites would not generally be ex-
pected to raise major concern at typical physiological concentrations.
Acetic acid and propionic acid are two major gut acids with typical
physiological gut concentrations between 10 and 80 mM, while iso-
butyric, isovaleric, and valeric acids are found at lower levels (< 5 mM)
(den Besten et al., 2013; Niccolai et al., 2019). Pivalic acid is an exog-
enous compound and is mainly released in the liver as a metabolic
byproduct of pivaloyl-containing prodrugs (Brass, 2002). The main
reason for using pivaloyl structural moiety in the pharmaceutical in-
dustry is to improve the drug properties such as absorption, stability,
and overall oral bioavailability (Brass, 2002; Bundgaard et al., 1988;
Yoshimura et al., 1985). However, there is a possibility that long-term
treatment with pivaloyl prodrugs might cause side effects in pop-
ulations with pre-existing metabolic disorders or malnutrition; pivalic
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Table 2

Predictions or experimental values of endocrine activities as provided by six models from VEGA-HUB.
LE LE fragment Androgen_ COMPARA Oestrogen_CERAPP RBA_IRFMN PGP_NIC TRo_NRMEA TRB_NRMEA

Pred. Exp. Pred. Exp. Pred. Exp. Pred. Exp. Pred. Exp. Pred. Exp.

2 Acetic acid 0 / 1 / 0 / 0 / / 0 / 0
3 Propionic acid 0 / 1 / 0 / 0 / / 0 / 0
4 Pivalic acid 0 / 1 / 0 / 0 / / 0 / 0
5 Isobutyric acid 0 / 1 / 0 / 0 / / 0 / 0
6 Isovaleric acid 0 / 1 / 0 / 0 / / 0 / 0
7 Valeric acid 0 / 1 / 0 / 0 / / 0 / 0
8 4-Pentenoic acid 0 / 0 / 0 / 0 / / 0 / 0
9 Benzoic acid / 0 / 0 0 / 0 / / 0 / 0
10 Decanoic acid / 0 / 0 0 / 0 / / 0 / 0
11 Palmitic acid / 0 0 / 2 / 0 / / 0 0 /
12 Oleic acid / 0 / 0 2 / 0 / / 0 / 0
13 Pentafluoropropionic acid 0 / 1 / 0 / 0 / 0 / 0 /
14 Phthalic acid / 0 / 0 / 0 0 / / 0 / 0

Legend: 0 — non-active; 1 — probably non-active; 2 — active.

acid readily conjugates with carnitine which is efficiently excreted in
urine leading to a potential depletion of carnitine and impaired energy
metabolism (Brass, 2002). On the other hand, lutein di(penta-
fluoropropionate) is readily hydrolysed, yielding a perfluoroalkyl acid of
greater toxicological concern than the other hydrolysis products
considered here (Liu et al., 2019). Although VEGA-HUB did not indicate
a strong likelihood of oestrogen-receptor-related activity for this com-
pound, its highly acidic nature and chemical stability still make it con-
cerning from a chemical safety perspective, particularly with respect to
potential gastrointestinal injury. There is not much toxicity data avail-
able on the compound and there are no established regulatory con-
sumption limits for it, but a much more studied PFAS analogue,
perfluorooctanoic acid, is associated with numerous health concerns and
is classified as a possible carcinogen to humans by the International
Agency for Research on Cancer (IARC). Its maximum permitted con-
centration in drinking water is set at 4 ng/L by the US EPA CCTE (US
Environmental Protection Agency, Center for Computational Toxicology
and Exposure, 2022).

Palmitic and oleic acids were the only two compounds classified as
active by the VEGA-HUB models, with the IRFMN model predicting
notable relative binding affinity for oestrogen receptors.

Considered together with the CPANN results (Table 1), these findings
identify lutein dipalmitate and lutein dioleate as the lutein esters most
likely to display predicted receptor-activity profiles distinct from lutein.
Rather than being contradictory, the two model sets provide comple-
mentary information on different exposure forms after oral intake:
CPANN describes the intact esters relative to lutein, whereas VEGA-HUB
addresses the corresponding hydrolysis products. In this way, the
selected receptor-centred panel offers an efficient and biologically
meaningful basis for first-step screening and prioritization within the
relatively well studied endocrine-relevant pathway space recognized by
the Organisation for Economic Co-operation and Development (OECD,
2025). Additional predictive models addressing other relevant targets
are currently under development in our laboratory and will support
broader future assessment of lutein esters and their hydrolysis products.

4. Conclusion

This in silico screening showed that most of the studied lutein esters
displayed predicted receptor-activity classifications similar to lutein
across the evaluated CPANN models and therefore did not exhibit a
markedly divergent receptor-activity profile within the scope of this
study. In contrast, lutein didecanoate, lutein dipalmitate, lutein dioleate,
and lutein di(pentafluoropropanoate) showed more distinct prediction
patterns either as intact esters or through their corresponding gastro-
intestinal hydrolysis products. Among these, lutein di(penta-
fluoropropanoate) is of particular concern, because it is rapidly
hydrolysed and releases pentafluoropropionic acid, a corrosive

compound that can cause severe tissue injury, and should therefore be
avoided. Lutein didecanoate, lutein dipalmitate, and lutein dioleate
warrant targeted experimental follow-up. For the latter two, interpre-
tation requires particular caution, because these are naturally occurring
long-chain lutein esters found in marigold-derived lutein preparations
that have an established general safety context. Accordingly, the present
predictions should not be interpreted as evidence that currently used
marigold-derived lutein products are unsafe, but rather as an indication
that these specific ester forms merit closer mechanistic and safety-
related evaluation. The remaining hydrolysis products (carboxylic
acids) were not classified as notably concerning within the scope of the
applied VEGA-HUB models.

Overall, the present work provides a prioritization framework for the
further evaluation of lutein esters as potential stabilized lutein in-
gredients. In particular, it identifies which ester structures should be
prioritized for future validation in receptor-specific in vitro assays,
digestion/bioaccessibility studies, and mammalian cell models, thereby
supporting a more evidence-based assessment of their practical appli-
cation potential.
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