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Abstract

Blue foods, such as fish and aquatic sources, are rich in bioactive compounds with potential health benefits, including anti-
obesity effects. AMPK, a key regulator of energy homeostasis and adipogenesis, plays a vital role in combating obesity
by inhibiting adipocyte differentiation. This study aimed to identify natural AMPK activators from underexplored blue
foods using a deep learning-based compound-protein interaction (CPI) prediction model that incorporates both local and
global features of proteins and compounds. Local and global molecular characteristics were systematically represented
using sequence-based encodings, molecular fingerprints, and protein descriptors to enhance the model’s ability to capture
diverse biochemical relationships. The deep learning framework integrated these multimodal features through neural net-
work modules to predict potential compound—protein interactions. In silico molecular docking was performed to refine
the predicted interactions, leading to the identification of 94 top-scoring compounds with strong binding affinity toward
AMPK. In vitro validation of five commercially available compounds confirmed anti-obesity activity. Notably, cyclo(Pro-
Val) from Ulva pertusa, activated AMPK and modulated key adipogenic markers, suggesting its potential as a natural

AMPK activator for obesity prevention and the feasibility of Al-driven screening for marine bioactives.
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Introduction

Blue foods, defined by Gephart et al. [1] as fish and other
aquatic foods, have captured significant attention recently.
They offer a range of benefits: they are rich in essential
nutrients, have a lower environmental impact compared
to terrestrial agriculture, and support sustainable food sys-
tems [1, 2]. Natural compounds derived from these marine
sources have shown promising biological effects, such as
anti-diabetic, anti-inflammatory, antioxidant, and antican-
cer properties [3]. Despite their potential, research on these
compounds is less comprehensive compared to terrestrial
plants. This quest for bioactive compounds from blue foods
opens up exciting possibilities for the future of health and
nutrition.

Obesity is a chronic disease characterized by excessive
adiposity that can impair health [4]. Obesity poses a signifi-
cant threat to global health, with projection estimating over
one billion obese adults by 2030 [5]. The increasing preva-
lence of obesity amplifies the risk of noncommunicable
diseases (NCDs), including diabetes, heart disease, cancer,
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and chronic respiratory issues [4]. Current anti-obesity
medications approved by Food and Drug Administration
(FDA) of the United States are Orlistat, Phentermine/Topi-
ramate, Naltrexone/bupropion, Liraglutide, and Semaglu-
tide [6]. However, these medications come with the risk of
various side effects, including headaches, abdominal pain,
vomiting, nausea, dizziness, diarrhea, cardiovascular abnor-
malities, insomnia, depression, and more [7]. Additionally,
glucagon-like peptide 1 agonists, typically prescribed for
diabetes management, are being used off-label for obesity
treatment. However, patients with diabetes may experience
gastrointestinal adverse events, including biliary disease,
pancreatitis, bowel obstruction, and gastroparesis [8]. Due
to the side effects of anti-obesity medications, research is
needed to discover safer alternatives derived from natural
products.

As reviewed by Steinberg et al. [9], AMP-activated pro-
tein kinase (AMPK) stands out as a crucial target protein
linked to obesity, and its relevance is underscored by its
association with metformin, a widely prescribed antidia-
betic medication [10]. The metabolic process of living cells
utilizes ATP and ADP as energy sources, generating AMP in
the process. AMPK, a serine/threonine kinase, plays a piv-
otal role as a fuel-sensing enzyme. AMPK is activated by an
increase in AMP during cellular energy expenditure, inhibit-
ing ATP usage and inducing catabolic processes to maintain
energy homeostasis [9].

Serving as a fuel sensor, AMPK plays a role in control-
ling energy homeostasis. Activation of AMPK has been
shown to exert inhibitory effects on adipogenesis, influ-
encing the differentiation and maturation of adipocytes.
AMPK activates SIRT1 and modulates the Wnt/B-catenin
pathway by increasing the expression and nuclear accu-
mulation of B-catenin. Consequently, this activation leads
to the inhibition of gene expressions associated with adi-
pogenesis, including CCAAT/enhancer-binding protein
alpha (C/EBP), Peroxisome proliferator-activated recep-
tor (PPARy), CCAAT/enhancer-binding protein alpha (C/
EBPa), Fas Cell Surface Death Receptor (FAS), adipocyte
Protein 2 (aP2), and Sterol regulatory element binding pro-
tein 1c (SREBP-1c) [11, 12]. The suppression of expression
of these key genes results in the inhibition of adipogenesis.
Furthermore, AMPK induces G1 cell-cycle arrest by down-
regulating Cyclin D1 and retinoblastoma protein (pRb),
consequently inhibiting early adipogenesis in the mitotic
clonal expansion (MCE) phase [11, 13].

AMPK is heterotrimeric and comprises three subunits: a
catalytic subunit a, and regulatory subunits B and y in vari-
ous isoforms (al, 02, B1, B2, y1, y2, y3). As reported by
Wang et al. [12], the knockout of both AMPK ol and o2
subunits in adipose tissue (AMPK al 02-AKO) leads to a
reduction in basal lipolysis and an increase in lipolysis when
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adipose tissue is exposed to isoproterenol. This underscores
the essential role of AMPKa in adipose tissue thermogen-
esis and energy expenditure. Additionally, Villena et al. [14]
observed elevated body weight and fat mass in mice lack-
ing the AMPK a2 subunit. In the study conducted by Wang
et al. [15], it was highlighted that adipogenesis was more
significantly suppressed in 3T3-L1 cells overexpressing 02
compared to al. Hence, our research aims to identify a Blue
foods-derived AMPK activator specifically tailored to target
the a2 subunit.

The traditional search for natural products that specifi-
cally target proteins has predominantly relied on experimen-
tal methods [16]. However, these conventional approaches
are often associated with significant challenges, including
high costs, lengthy timelines, and relatively low success
rates. For instance, the discovery and development of a
single drug typically require an estimated US$2.8 billion
and approximately 15 years of research and development
[17]. Recent advancements in computational methods, how-
ever, have revolutionized the field of natural product dis-
covery. These innovations have dramatically reduced both
the financial and temporal burdens of drug discovery [18].
Cutting-edge techniques, such as machine learning-based
drug discovery, in silico molecular docking, and molecu-
lar descriptor analyses, have significantly streamlined the
identification and characterization of bioactive natural com-
pounds [19, 20].

Recently, CNN models, a type of deep learning frame-
work, have been actively utilized in the discovery of active
compounds. These CNN models extract representative fea-
tures from training data, known as convolutional features,
and have been shown to outperform traditional machine
learning models. However, they primarily focus on local
patterns, lacking global information [21, 22]. This limitation
is particularly significant in drug-target interactions, where
both global and local features contribute to interaction
scores. For both compounds and proteins, structural ele-
ments that are distant in atom or amino acid sequence could
be spatially close in binding space and play critical roles
in compound-protein interactions (CPI). To address these
limitations, we developed a model that incorporates molec-
ular descriptors and protein descriptors, which are global
features derived from the overall structures of compounds
and proteins. By integrating global information with local
patterns, our approach is expected to enhance the predictive
performance of CNN-based models in identifying CPIs.

In this study, we developed an integrated approach com-
bining deep learning and in silico methods to efficiently
identify novel bioactive compounds with potential anti-
obesity effects from the natural product repository of blue
foods. This approach was focused on discovering activators
of the AMPK, a key protein implicated in the regulation
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of obesity and diabetes. To achieve this goal, we trained a
deep learning model to predict CPI using local and global
features of compounds and proteins, thereby maximizing
the integration of available structural and functional infor-
mation. The trained model was then employed to predict
CPI values for blue food compounds targeting the AMPK
a2 subunit. Based on these predictions, in silico molecular
docking was performed for the top 10% of compounds with
the highest predicted CPI values, resulting in the identifica-
tion of 94 promising candidates. Among these, five com-
mercially available compounds were selected for in vitro
validation, all of which demonstrated significant inhibition
of adipogenesis.

Materials and methods
Deep learning model construction
Overview of the model

In this study, we aimed to build a machine learning model
to predict CPI using local and global features of both com-
pounds and proteins. The overall schematic of proposed
model is depicted in Fig. 1. To extract local features for
compounds and proteins, a CNN architecture was employed.
This choice stems from the suitability of CNNs in captur-
ing local patterns within data, making them particularly
well-suited for extracting local features. In this context,
CNNs excel at recognizing spatial hierarchies and patterns
within the compound and protein structures, contribut-
ing to effective local feature extraction [23]. For obtaining
global features, molecular descriptors suitable for represent-
ing compound and protein global features were computed
individually. These descriptor values were then utilized as
inputs for fully-connected layers, allowing the generation
of a comprehensive representation for global features. Sub-
sequently, the local and global features of compounds and
proteins were concatenated into a combined representation.
This combined representation was leveraged through addi-
tional fully-connected layers to predict the CPI value.

Utilizing transfer learning techniques often leads to
improved performance in various machine learning tasks.
This approach involves initially training the model on a more
extensive dataset before fine-tuning it on the specific target
dataset [24]. In this study, we adopted a two-step training
strategy: the model was first pre-trained on the KIBA data-
set [25], a benchmark CPI dataset, and subsequently fine-
tuned via transfer learning on the AMPK dataset, which is
comparatively smaller in size.

Data preparation

To pre-train a model predicting CPI using both local and
global features of compounds and proteins, the Kiba dataset
was employed as a benchmark CPI dataset. The Kiba data-
set consolidates kinase inhibitor activity data gathered from
various sources, providing Kiba scores defined using Ki,
Kd, and ICj values. In this study, the Kiba dataset curated
by He et al. [26] was utilized, which encompasses 118,254
CPI entries between 229 proteins and 2,111 drugs.

For transfer learning, an associated CPI dataset specific
to predicting interactions with the AMPK a2 subunit was
collected from ChEMBL [27]. A total of 245 EC,, data
points for AMPK a2 subunit were gathered, and the ECj
values were transformed into log space, ultimately using
pEC;, values in the model.

Blue foods-derived natural products data was obtained
from the Comprehensive Marine Natural Products Database
(CMNPD) [28]. CMNPD is a significant resource for the
research and discovery of bioactive compounds from blue
foods. The database currently contains detailed information
on over 32,000 marine source derived-compounds, includ-
ing their trivial and systematic names, chemical structure,
and physicochemical and pharmacokinetic properties. After
removal of duplicates, we obtained 31,080 chemical entities
along with their respective compound information.

Compound representation

To extract local features for compounds, the SMILES
string of each compound was utilized. SMILES is a nota-
tion that represents the structure of a chemical compound in
a concise and human-readable string format. In this study,
the SMILES of compounds were subjected to label encod-
ing, transforming them into integer representations. These
encoded SMILES were adjusted to a fixed length of 100
characters. SMILES strings exceeding 100 characters were
truncated, while those shorter than 100 characters were
zero-padded to achieve uniform length.

For the extraction of global features for compounds,
molecular fingerprinting and molecular descriptors were
employed. The molecular fingerprint was computed using
the Extended-Connectivity Fingerprints (ECFP4) with
1,024 dimensions from RCDK [29]. Additionally, molecu-
lar descriptors were computed using Mordred [30], resulting
in a set of 1540 descriptors, after excluding descriptors with
null values.

Protein representation

To extract local features of the protein, its amino acid
sequence of the protein was utilized. The amino acid
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Fig. 1 a The workflow of the combined deep learning approach and model utilizes local and global information of both compounds and
in silico approach to discover anti-obesity blue food compounds and proteins to predict CPI values
b the architecture of the deep learning approach. The deep learning
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sequence was converted into integer format through label
encoding, following the methodology outlined in prior
research [21]. The sequence length was standardized to
1,000 by truncating sequences longer than 1000 and apply-
ing zero-padding to sequences shorter than 1,000.

For the extraction of global features, protein descriptors
were calculated using the Protr package [31]. Protr gener-
ates 9,920 protein descriptors, capturing diverse proper-
ties such as amino acid composition, autocorrelation, CTD
(Composition, Transition, Distribution), quasi-sequence-
order, and pseudo-amino acid composition.

Model construction and evaluation

This study was inspired by deepDTA [21] and developed a
modified deepDTA model to predict interactions between
chemicals and proteins. The model features four special-
ized heads, each designed to process specific information:
local and global features of compounds and proteins. Each
head employs appropriate neural network architectures to
extract these features effectively. The outputs from the four
heads are concatenated (total 1,216 dimension) and passed
through a final fully connected layer. The model is trained
to minimize the difference between predicted and actual CPI
values, Kiba score or pECs,. The implementation was car-
ried out using the PyTorch framework.

The model was trained and evaluated on a comprehen-
sive dataset of known chemical-protein interactions with
corresponding CPI values. The dataset was divided into six
subsets: one-sixth served as the test set, while the remain-
ing data were used for 5-fold cross-validation. The mean
squared error (MSE) loss function was employed to quantify
the difference between predicted and true CPI values. Model
parameters were optimized using the Adam optimizer.

Model performance was assessed on the test set using
metrics such as Mean Squared Error (MSE), Concordance
Index (CI), R-squared (R?), and Pearson Correlation Coef-
ficient (PCC). The metrics are based on the difference
between the observed CPI y (Kiba score or pECs;) and the
predicted CPI y, where m is the member of protiens. MSE
(1) is a measure of the average squared difference between
the predicted and actual values, and lower MSE indicates
better accuracy.

~\2
MSE (y,5) = 722'(1/;: G) (1)

CI (2) is a measure of the pairwise ranking consistency
between predicted and observed values, and can be inter-
preted as the probability that, in a randomly selected pair
of samples, the one with the higher predicted value has the
higher actual value. The metric is described in the following

form, where g; is the predicted CPI value for the larger CPI
value y;, y;is the predicted CPI for the smaller CPI value y;,
Z is a normalization constant, and h () is the step function:

. h(T— T 1ifx >0
o1 = 2wz y]),h(x): 0.5,ifz =0 )
Z .
0,ifr <0

R-squared (3), or the coefficient of determination, indicates
the proportion of variance in the dependent variable that is
predictable from the independent variables, with higher val-
ues indicating that more variance is explained by the model.

Zz(y7 - 371')2

R*=1- 5
Zi(yi* 171)

(€)

PCC measures the linear correlation between the two vari-
ables. PCC can be described as (4), while y (z)is the mean
of a random variable. Both provide measures of correlation
that measures the strength and direction of the relationship
between actual and predicted value of the model.

5, 6= 1 (3) i — 1 ()
VI @S~ 1)

PCC (y,y) = 4)

In silico approach

The chemical structures of the selected compounds were
prepared using Schrodinger’s LigPrep software [32]. The
OPLS4 force field was applied to generate tautomers and
possible states at a pH range of 7.0 + 2.0. The three-dimen-
sional structure of the AMPK protein was obtained from the
Protein Data Bank (PDB:4ZHX) [33]. Protein preprocess-
ing steps included the removal of water molecules, addi-
tion of hydrogen atoms, and refinement through hydrogen
bond assignment and restrained energy minimization. To
generate the protein grid, a box was centered around the
selected binding site residues: Lys29, Lys31, Arg83, Asp88,
and Ser108 [34, 35]. The grid box was set to accommodate
ligands within a 20 A radius. Ligand docking was performed
utilizing the Glide module from Schrédinger, employing
high-throughput virtual screening (HTVS) precision [36].
Additionally, the molecular properties such as absorption,
distribution, metabolism, and excretion (ADME) of the
ligands were assessed using QikProp software [37] and
SwissADME [38].
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Validation of predicted blue food compounds
Chemicals and materials

The following chemicals and materials were sourced from
the indicated suppliers: methyl 4-bromopyrrole-2-carbox-
ylate, cyclo(Pro-Leu), and isatin (BLDpharm, Shanghai,
China); cyclo(Pro-Val) (Cayman Chemical, Ann Arbor, MI,
USA). All blue food compounds were dissolved in dimethyl
sulfoxide (DMSO; Sigma Aldrich).

Validation of anti-adipogenic effects: Adipocyte
differentiation of 3T3-L1 preadipocytes

3T3-L1 preadipocytes, purchased from ATCC (Manassas,
VA, USA), were cultured at 37 °C in a controlled environ-
ment with 5% CO,, using Dulbecco’s Modified Eagle’s
Medium (DMEM; Welgene Inc., Daegu, South Korea)
supplemented with 10% bovine calf serum (Sigma Aldrich),
100 units/mL of penicillin, and 100 pg/mL of streptomy-
cin (Gibco, Grand Island, NY, USA). Upon reaching full
confluence (Day 0), the preadipocytes were induced to dif-
ferentiate using differentiation medium (DM) consisting of
DMEM supplemented with 10% fetal bovine serum (FBS;
Gibco), 10 pg/mL human insulin (Sigma-Aldrich), 0.5 mM
isobutylmethylxanthine (Sigma-Aldrich), and 1 pM dexa-
methasone (Sigma-Aldrich) for two days. Following this
initial induction, cells were cultured in post-differentiation
medium (post-DM), which contained DMEM, 10% FBS,
and 10 pg/mL insulin for additional two days. The medium
was then replaced with maintenance medium containing
DMEM and 10% FBS for three more days to complete
the differentiation process. To evaluate the anti-adipogenic
effects of selected blue food compounds, these compounds
were added to the culture medium simultaneously with the
differentiation medium on Day 0 and maintained throughout

Table 1 Primer sequences used for quantitative real-time PCR gene
expression analysis

Gene Forward primer sequences Reverse primer
(5°->37) sequences (5°->3")
ADIPOQ  GGCAGGAAAGGAGAACC AGCCTTGTCCT
TGG TCTTGAAGAG
p-actin TTCTTTGCAGCTCCTTCGTT ATGGAGGGGAA
TACAGCCC
CD36 CAGTCGGAGACATGCTTAT TTTGCCACGTC
TGAG ATCTGGGTTT
CEBPA CAAGAACAGCAACGAGTA  GTCACTGGTCA
CCG ACTCCAGCAC
FABP4 AAGAAGTGGGAGTGGGC GCTCTTCACCT
TTT TCCTGTCGT
GLUT4 TCATTGTCGGCATGGGTTT CGGCAAATAGA
AGGAAGACGTA
PPARG2 GCATGGTGCCTTCGCTGA TGGCATCTCTG
TGTCAACCATG
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the entire differentiation process until Oil Red O staining
was performed on Day 7. Lipid accumulation, assessed via
Oil Red O staining, was quantified as a measure of adipo-
cyte differentiation inhibition.

Oil red O staining

Following adipocyte differentiation, Oil Red O staining was
performed to visualize and quantify intracellular lipid accu-
mulation, a key marker of adipocyte maturation. On Day
7, cells were fixed with 10% formalin for 1 h and subse-
quently washed with 60% isopropanol. The fixed cells were
then stained with Oil Red O solution for 15 min at room
temperature to selectively label intracellular lipid droplets.
Excess stain was removed by washing with distilled water,
and the stained cells were observed under an optical micro-
scope. The presence and intensity of red staining served as
both qualitative and quantitative indicators of adipocyte dif-
ferentiation and lipid accumulation.

For quantitative analysis, retained Oil Red O was
extracted using 100% isopropanol, and the absorbance of
the eluted solution was measured at 515 nm using a spectro-
photometer. This absorbance value provided a quantitative
assessment of lipid accumulation, which was analyzed to
evaluate the efficacy of blue food compounds in inhibiting
adipogenesis in 3T3-L1 cells. Additionally, to confirm that
the observed effects were specific for inhibition of adipo-
genesis rather than cytotoxicity, post-staining cell viability
analysis was performed using the MTT assay.

Quantitative real-time (qRT) polymerase chain reaction
(PCR)

Total RNA was isolated from cells on Day 7 using TRIzol
reagent (Invitrogen) following the manufacturer’s protocol.
Complementary DNA (cDNA) was synthesized using a
reverse transcriptase kit (K1622, Thermo Scientific) accord-
ing to the manufacturer’s instructions. Gene-specific prim-
ers were synthesized by Cosmogenetech (Seoul, Korea) and
are listed in Table 1. Quantitative real-time PCR (qRT-PCR)
was performed using a CFX96 real-time PCR detection
system (Bio-Rad Laboratories, USA). The relative mRNA
expression levels were calculated using the 2 — AACt
method [39], with B-actin as the internal control.

Western blot assay

Western blot analysis was performed according to our pre-
viously established protocol [40]. Briefly, 3T3-L1 preadi-
pocytes were cultured in DMEM supplemented with 10%
BCS for two days. Upon reaching confluence, the medium
was replaced with DM, with or without cyclo(Pro-Val). On
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Day 7, cell lysates were collected, and protein concentra-
tions were determined using a dye-binding protein assay kit
(Bio-Rad Laboratories, Hercules, CA, USA) following the
manufacturer’s instructions. The lysates were then subjected
to sodium dodecyl sulfate-polyacrylamide gel electrophore-
sis (SDS-PAGE) on 10% gels and subsequently transferred
onto polyvinylidene difluoride (PVDF) membranes (GE
Healthcare, Chicago, IL, USA). Following blocking with
5% skim milk, the membranes were incubated with specific
primary antibodies(phospho-AMPKo2(Thr172), AMPKoa2,
PPARy and C/EBPa; Cell Signaling Technology, MA,
USA)), followed by horseradish peroxidase-conjugated sec-
ondary antibodies(GenDEPOT, TX, USA). Protein bands
were visualized using a chemiluminescence detection kit
(Amersham Pharmacia Biotech, Little Chalfont, UK).

AMPK activity assay

AMPK activity was measured using the AMPK (02p1y1)
kinase enzyme system in combination with the ADP-Glo™
assay kit (Promega) in 96-well plates with a final reaction
volume of 40 pL, following the manufacturer’s protocol.
Each reaction mixture contained 25 ng of AMPK enzyme,
5 ng of SAMS peptide, and 2.5 uM AMP, prepared in the
presence or absence of the test ligand. The reaction was ini-
tiated by adding 250 uM ATP and allowed to proceed for
15 min at 30 °C. Enzymatic activity was terminated by the
addition of ADP-Glo™ reagent, followed by a 40-min incu-
bation at room temperature. Subsequently, kinase detec-
tion reagent was introduced and incubated for an additional
30 min. Luminescence signals were then measured using
a Victor Nivo multimode microplate reader (PerkinElmer,
Waltham, MA, USA).

Statistical analysis

Results are presented as mean+standard error of the mean
(SEM). Statistical significance was assessed using an
unpaired two-tailed Student’s t-test or one- or two-way
ANOVA, followed by Tukey’s post hoc test where applica-
ble. A P values of less than 0.05 was considered statistically
significant. All statistical analyses were performed using
GraphPad Prism version 10 (GraphPad Software, USA).

Table 2 Performance of the DL model on Kiba and AMPK dataset
under 5-fold cross validation

Datasets' MSE (std)  CI (std) R? (std) PCC (std)

Kiba 0.209 0.844 0.693 0.837
(0.004) (0.001) (0.006) (0.001)

AMPK 0.111 0.702 0.833 0.930
(0.017) (0.064) (0.025) (0.010)

ITo show the general performance of the model, all performance met-
rics are presented as averages of 5-fold cross validation with standard
deviations in parentheses.

Results

Performance metrics demonstrating the predictive
power of the proposed deep learning model

The pre-trained model, trained on the Kiba dataset to pre-
dict CPI values, achieved an MSE of 0.209, a CI of 0.844,
an R? value of 0.693, and a PCC of 0.837. These metrics
collectively indicate that the model performed well in cap-
turing the relationships between compounds and proteins
within the Kiba dataset. The primary objective of this study
is to identify potential candidate compounds for subsequent
validation. Therefore, the CI, which measures the relative
predictive performance, is considered the most critical per-
formance metric. When the model was transfer-learned to
the AMPK dataset, the MSE decreased to 0.111, while the
CI, which indicates the model’s ability to rank predictions,
was 0.702. Although the CI value is lower than that of the
model trained on the Kiba dataset, the performance remains
commendable given the significantly smaller dataset size.
Furthermore, the R? value increased to 0.833 and the PCC
reached an impressive 0.930, highlighting a strong positive
linear relationship between predicted and observed inter-
action values in the AMPK dataset (Table 2). The model
outperformed commonly used machine learning models
across all evaluation metrics (Supplementary Table S1). The
strong performance across both datasets suggests that our
deep learning architecture was effective. Additionally, the
satisfactory performance on the AMPK dataset, despite its
smaller size, indicates the effectiveness of transfer learning
in improving model generalization.

In Fig. 2, the predicted CPI values were compared
against the actual CPI values for the test data within both the
Kiba dataset and the AMPK dataset. The proximity of the
test data to the x=y line represents the similarity between
the predicted and actual CPI values. For the Kiba dataset,
the test data points exhibited a close distribution around the
x=y line, signifying that our pretrained model effectively
predicted CPI values. For the AMPK dataset, the limited
number of test data points made it challenging to observe
a clear trend. However, the clustering of predictions around
the x=y line indicates that the model demonstrated a rea-
sonable accuracy in predicting CPI values despite the data-
set’s smaller sample size.

Prediction of AMPK activating blue food compounds
using deep learning and in silico approaches

To identify blue food compounds with potential AMPK-
activating properties, we employed a combination of a
transfer learning-based deep learning model and an in
silico molecular docking approach. Initially, molecular
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fingerprints and descriptors were calculated for a total of
31,080 compounds, excluding those for which calculations
were infeasible. Using the transfer learning model, designed
to predict AMPK activators, CPI values between AMPK
and blue food compounds were predicted. The compounds
were then ranked based on their predicted pECs, values, and
the top 10% (3,108 compounds) were selected for further
investigation.

These 3108 blue food compounds were subsequently
subjected to in silico docking studies with the AMPK a2
subunit to evaluate their binding interactions. By applying
stringent selection criteria—Qikprop #stars property below
5 and a docking score under — 7—a refined subset of 94 blue
food compounds was identified. The #star property indi-
cates the number of molecular properties falling outside the
95% range of known drugs [41]. The combined approach of
deep learning-based of transfer learning and in silico dock-
ing not only prioritized of potential AMPK activators from
blue food compounds but also streamlined the identification
process for compounds with desirable in vitro properties. To
assess their biological viability, in vitro validation experi-
ments were conducted on five commercially available com-
pounds selected from this subset (Sect. "Anti-adipogenic
effect of the predicted blue food compounds")
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Absorption, distribution, metabolism, and excretion
(ADME) property analysis and AMPK activity assay
of the predicted blue food compounds

A high docking score alone is insufficient to determine
the potential of predicted compounds as bioactive natural
compounds. It is also essential to predict how these mol-
ecules interact within human metabolism. Therefore, we
assessed the distribution of chemical and ADME properties
of the predicted compounds (Fig. 3). The first set of param-
eters examined the chemical properties of the compounds,
including molecular weight (MW), solvent-accessible sur-
face area (SASA), and total solvent-accessible volume
in cubic angstroms (volume). All compounds fall within
acceptable ranges for SASA (300 to 1000) and MW (less
than 500 Da). Next, predicted aqueous solubility (QPlogS)
and human oral absorption (%) were evaluated as ADME
properties. All predicted compounds exhibited QPlogS val-
ues within the acceptable ranges of -6.5 to -0.5 and human
oral absorption between 25% to 80% [42] except for Methyl
4-bromopyrrole-2-carboxylate. Additionally, none of the
predicted compounds violated Lipinski’s Rule of Five [43],
further supporting their potential for oral bioavailability
(Fig. 3). According to the ADMET properties calculated
using SwissADME (Supplementary Table S2), all com-
pounds showed a TPSA of approximately 90, indicating
favorable oral absorption. Four of the compounds exhib-
ited ideal drug-like lipophilicity with iLogP values between
1 and 3, whereas isatin had an iLogP below 1, suggesting
higher hydrophilicity. All compounds were predicted to
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Fig.3 The calculated in silico molecular property of blue food compounds. The molecular property includes docking scores to AMPK and ADME
properties (SASA, volume, QPlogS, %HumanOralAbsorption, Lipinski’s Rule of five)

have high gastrointestinal absorption and were non-per-
meant to the blood—brain barrier. None of the compounds
were predicted to inhibit CYP2C19, CYP2C9, CYP2D6, or
CYP3A4. However, methyl 4-bromopyrrole-2-carboxylate
and 2-bromoaldisin were predicted to be CYP1A2 inhibi-
tors, indicating a potential risk of CYP1A2-mediated drug—
drug interactions.

To gain further insights into binding interactions, 3D
molecular representation and 2D ligand-protein interac-
tion diagrams were analyzed. All five blue food com-
pounds formed at least one hydrogen bond with the amino
acids within the binding pocket of AMPK o2. Specifically,
cyclo(Pro-Leu), cyclo(Pro-Val), and 2-bromoaldisin exhib-
ited similar interactions, forming hydrogen bonds with
Asp88 via their amino groups and engaging in broad hydro-
phobic interactions with residues such as Phe90, Ile115, and
Vall13. 2-Bromoaldisin also formed additional hydrogen
bonds with Arg83, Lys31, and Lys29, along with a pi-cation
interaction with Arg83. Isatin displayed a similar binding
pattern, forming a hydrogen bond with Asp88 and engaging
in hydrophobic interactions with several residues. Methyl
4-bromopyrrole-2-carboxylate established a hydrogen bond
with Asnl11 and a pi-cation interaction with Lys31 (Fig. 4).

Although all five blue food compounds exhibited com-
parable docking scores, AMPK activity assay revealed that
three out of five compounds (cyclo(Pro-Leu), cyclo(Pro-Val),

and isatin) have concentration-dependent AMPK activation
(Supplementary Fig. S1). This discrepancy may stem from
a limitation of docking-based predictions, which primarily
evaluate static binding potential and do not fully account
for the dynamic conformational and allosteric processes
required for AMPK activation.

Anti-adipogenic effect of the predicted blue food
compounds

To evaluate the anti-adipogenic effects of the predicted blue
food compounds—cyclo(Pro-Leu), methyl 4-bromopyr-
role-2-carboxylate, cyclo(Pro-Val), isatin, and 2-bromoald-
isin—3T3-L1 preadipocytes were simultaneously treated
with MDI and each compound at concentrations ranging
from 5 to 40 uM. A769662, a well-characterized direct
AMPK agonist, was included as a positive control at con-
centrations of 75, 100, 150, and 200 uM. MDI treatment
significantly increased lipid accumulation compared to the
undifferentiated control. A769662 significantly reduced
lipid accumulation in a concentration-dependent manner,
confirming the validity of the assay system. Among the five
blue food compounds tested, cyclo(Pro-Val) significantly
inhibited adipogenesis at concentrations of 20 puM and
above, whereas cyclo(Pro-Leu) exhibited significant inhi-
bition at 40 uM. The remaining three compounds—methyl

@ Springer



2898

Molecular Diversity (2026) 30:2889-2904

Methyl 4-bromopyrrole-
2-carboxylate

Cyclo(Pro-Leu)

P :;/ 2 \
/“f S ¥ 1 %

\O<® [ =

-~ ——

Cyclo(Pro-Val)

Isatin

2-Bromoaldisin

2 Charged (negative) Polar Distance —e Pi-cation

» Charged (positive) & Unspecified residue » H-bond — Salt bridge
Glycine Water Halogen bond Solvent exposure
Hydrophobic Hydration site - Metal coordination
Metal X Hydration site (displaced) e Pi-Pi stacking

Fig. 4 Docking diagrams (top) and 2D interaction diagrams (bottom) of the predicted blue food compounds with the AMPK 02 subunit

150 =

*%

-

o

=3
1

AkEk -

EEAK
FdeRk

Relative Lipid Contents
(% of control)
o
o
1

D-
MDI - * + o+ o+ 4+ o+ o+ o+ +
AMPK agonist (A769662) - - 75 100 150 200 - - - = -

Cyclo(Pro-Leu) = - - - - - 5

Methyl 4-bromopyrrole
-2-carboxylate

- - = e - - - - - 5
Cyclo(Pro-Val) - - - - - - - - - - -
Isatin - - - - - - - - - - -

2-Bromoaldisin - - - - - - - - - - -

Fig. 5 Evaluation of anti-obesity activity of blue food compounds.
Effects of blue food compounds at different concentrations on the intra-
cellular lipid accumulation in 3T3-L1 mature adipocytes. A769662,
a known AMPK agonist, was included as a positive control at con-
centrations of 75, 100, 150, and 200 pM. The data are represented as

4-bromopyrrole-2-carboxylate, isatin, and 2-bromoald-
isin—did not significantly inhibit adipogenesis at any of the
tested concentrations. Among the five candidates, cyclo(Pro-
Val) demonstrated the most potent anti-adipogenic effect,
followed by cyclo(Pro-Leu) (Fig. 5).
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Anti-adipogenic effect of cyclo(Pro-Val) through
AMPK activation

To determine whether the identified anti-obesity com-
pounds indeed inhibit adipogenesis via AMPK activation,
we selected cyclo(Pro-Val) and examined its effects on
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adipogenic mRNA and protein expression levels. Cyclo(Pro-
Val) was chosen due to its natural occurrence in the green
algae Ulva pertusa, which is widely distributed along the
coastal regions of Asia, making it readily accessible for
further studies [44].To elucidate the mechanism by which
cyclo(Pro-Val) inhibits lipid accumulation within adipo-
cytes, we conducted quantitative PCR analyses focusing on
genes involved in adipocyte differentiation, lipid metabo-
lism, and glucose transportation (Fig. 6a). Cyclo(Pro-Val)
treatment significantly reduced the expression of PPARG?2
and CEBPA, key transcription factors involved in adipogen-
esis, at concentrations of 25 pM and above. Correspond-
ingly, the protein levels of PPARy2 and C/EBPa consistently
declined with increasing concentrations of cyclo(Pro-Val)
(Fig. 6b). Additionally, cyclo(Pro-Val) suppressed the
expression of adipogenesis-related genes, including FABP4,
CD36, GLUT4, and ADIPOQ (Fig. 6a). Notably, cyclo(Pro-
Val) increased the phosphorylation of AMPK 02, a crucial
regulator of energy metabolism (Fig. 6b). These findings
suggest that the anti-adipogenic effects of cyclo(Pro-Val)
are mediated through the AMPK activation.

Discussion

Discovery of anti-obesity blue food compounds
using combined deep learning and in silico
approaches

Following the workflow depicted in Fig. 1, we identified
94 AMPK activators from a total of 31,080 blue food com-
pounds through a systematic screening process. Utilizing a
deep learning model in combination with in silico docking
techniques significantly narrowed down the pool of can-
didates for subsequent in vitro validation. Among the five
candidates subjected to in vitro validation, isatin had previ-
ously been recognized for its AMPK-activating properties
[45]. For blue food compounds with no prior knowledge,
their anti-obesity activity was confirmed for the first time.
In silico docking analyses revealed that all five blue food
compounds bind to the AMPK o2 active sites with vary-
ing binding affinities. These findings underscore the efficacy
of our combined approach, which integrates deep learning
models and in silico docking, in identifying bioactive blue
food compounds. Similar workflow could be adapted to dis-
cover blue food compounds capable of modulating other
target proteins beyond AMPK, potentially leading to novel
treatments for various diseases.

Another key feature of the deep learning method devel-
oped in this study is the incorporation of transfer learning.
The performance of deep learning is heavily influenced
by the size of the training data. In general, larger datasets

within a finite hypothesis class yield more accurate mod-
els. However, drug discovery studies often generate limited
datasets due to the time-consuming and costly nature of
experimental data acquisition. Transfer learning emerged as
a powerful solution for overcoming data scarcity by lever-
aging knowledge from related datasets. Transfer learning
refer to a technique where a model trained on one task is
adapted to enhance performance on a different but related
task by transferring learned knowledge or features from the
initial training process [46]. This approach has been increas-
ingly utilized in drug discovery studies to address low-data
tasks, leading to successful outcomes [47, 48]. In this study,
the dataset used to identify the AMPK a2 subunit activator
consisted of only 245 data points, which is notably small.
However, when a pre-trained model from the Kiba dataset
was fine-tuned using transfer learning on the AMPK dataset,
strong performance was observed across all evaluation met-
rics. Furthermore, this model was successfully applied to
discover AMPK-activating blue food compounds, demon-
strating its effectiveness. Given its success in predicting CPI
values, this model is expected to be adaptable for predicting
CPI in proteins with limited training data beyond AMPK.

Despite its effectiveness, our deep learning model has
room for improvement. While it integrates both local and
global features of compounds and proteins, additional fea-
tures could further enhance compound and protein repre-
sentation. For instance, incorporating biological pathways
associated with proteins and toxicity information of com-
pounds could potentially improve the model’s predictive
performance. Additionally, the deep learning model used in
this study suffers from the black box problem, as its predic-
tion process is not fully interpretable. To address this issue,
recent approaches such as attention mechanisms and SHAP
(SHapley Additive exPlanations) [49] have been proposed,
enabling a more transparent interpretation of deep learning
model predictions.

Another advantage of our approach is the integration of
in silico assessment to refine active compound candidates
pre-selected by deep learning models, thereby further nar-
rowing down the pool of candidates. In silico metrics used
in this study included docking scores and the #stars prop-
erty, which evaluate compounds’ protein interaction capa-
bilities and druggability, respectively. The #stars property
quantifies various ADME parameters that influence drug-
gability, such as total solvent-accessible molecular surface
area, aqueous solubility, and predicted binding constant to
human serum albumin. It determines whether a compound’s
properties fall within the 95% range of known drugs [41].
Through in silico modeling, we can not only assess the CPI
strength but also evaluate the potential of the compound to
act as an active agent upon ingestion. Consequently, by pre-
dicting both ADME properties and CPI strength in advance,

@ Springer



2900 Molecular Diversity (2026) 30:2889-2904
(@)
i i 250
509 ™ 129 [ 1
e * c 200 *kk
g% £ o T 150
© $ (IV
- Tk @ 100
%20 Fekeke % 6 ‘a kol s
E) = 3 ko & 50 -
8 3 i & 10 [
Q : O 31 2
]_-_|_|_I_| l_l U o]--|—|-|—|-|—|-|!—
0 % 0- ot:26
Ct.28 -
MDI - + + + + MDI - + + + + MDI * ® F %
Cyclo(Pro-val) (uM) - -
Cyclo(Pro-Val) (M) - - 10 25 50 Cyclo(Pro-val) (M) - - 10 25 50 yelo(Pro-Val) (uM) 1o 25 50
#ith #i# i
30009 ™ 2504 [ 200
2500 *
c 200 w £ 150 -
£ 2000 £ S
dekdk [T} 150 ) Sk
g_ 1500 - S e 100
S 1000 < 100 bl b
g g Kk % 50
S I g ® ﬂ . 2
10 10 2
2 2 Oli-l—u—Ll—L!—
’ I | 11111 .
ct:x 0 P MDI - + + + +
ML - MDI -+ + + 4 Cyclo(ProVal) (M) - - 10 25 50
Cyclo(Pro-Val) (M) - - 10 25 50 CycloProVal) M) - - 10 25 50
(b) 31 ## 4=
#
«E « £ 34
PAMPKa2 " . 89 |- s20a E5 2 £t
o |- :s 2% 2-
AMPKa2 62kDa .1 " g8
gg " gu ¥
B-actin | WEP—— - 0o = S ﬁ
MDI = + + + + 0= 0
MDI - + + o+ o+ MDI - + + + 4+
Cycb(Prova) @) - - 10 25 50 Cyclo(Pro-Val) (uM) - - 10 25 50 Cyclo(Pro-Val) (M) - - 10 25 50
2.0
S
S 57kDa =X 15+
PPARy |.~. —— l- 53kDa g -
23 10
CEBP/a L 42kDa £ g .
oo
x .
B-actin }. - e e oo ;io.s
MDI - + o+ + + 0.0~
MDI - + + + +
OycoProva) ¢a) - - 10 25 50 Cyclo(Pro-Val) (uM) - - 10 25 50

Fig. 6 The anti-obesity effects of cyclo(Pro-Val) through AMPK acti-
vation. a The relative mRNA expression levels of the genes related
to adipogenesis, lipogenesis, and gluconeogenesis in the 3T3-L1
mature adipocytes measured by qRT-PCR. The data are represented
as mean=standard error of the mean (n=4). b The protein expres-
sion levels of PPARy, C/EBPa, pAMPKa2 and AMPKo2 in 3T3-L1
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mature adipocytes measured by Western blot analysis. The data are
represented as mean=standard error of the mean (n=3 - 5). ### and
##, significantly different from preadipocytes (Pre) by p<0.001 and
p<0.005, accordingly. Significantly different from mature adipocyte
(Ad) by * (p<0.05), ** (p<0.01), and *** (p<0.001)
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this approach significantly streamlines the candidate selec-
tion process, which would otherwise require extensive in
vivo studies.

In silico molecular docking insights into AMPK and
predicted blue food compound interactions

Notably, three compounds which showed concentration-
dependent AMPK activation activity formed hydrogen
bonds with Asp88, suggesting that this binding interaction is
crucial for AMPK activation. Previous studies have shown
that the well-known AMPK direct activator A-769,662
forms hydrogen bonds with Asp88 and Lys29, as well as
pi-cation interactions with Arg83 and Ser108. Additionally,
A-769,662 interacts with residues such as Valll, Glyl19,
Lys31, Ile46, Val81, and Valll3 [50]. In our study, com-
pounds like cyclo(Pro-Val) and cyclo(Pro-Leu), which dem-
onstrated significant in vitro anti-obesity activity, exhibited
similar interaction patterns. Cyclo(Pro-Val) formed a
hydrogen bond with Asp88 and interacted with amino acids
including Arg83, Ser108, Valll, Lys31, Ile46, Val81, and
Vall13. Similarly, cyclo(Pro-Leu) formed a hydrogen bond
with Asp88 and interacted with Valll, Ile46, Vall13 (Fig.
4). Despite its similar docking profile to A-769,662, 2-bro-
moaldisin showed no significant activity in both enzyme
and anti-obesity assays. Its lack of efficacy likely stems
from excessive hydrogen bonding and the steric hindrance
of the bromine group, which may have rigidified the bind-
ing pocket and hindered the conformational changes neces-
sary for AMPK a2 activation. These findings suggest that
the blue food compounds identified in our study may bind
to AMPK in a manner similar to A-769,662, interacting
with the protein in comparable ways. A-769,662, has been
shown to reduce weight gain and lower liver and plasma
triglyceride levels by increasing fatty acid oxidation and
decreasing fatty acid synthesis in vivo [51]. Additionally, it
significantly hinders the differentiation of 3T3-L1 cells by
down-regulating adipogenesis-related transcription factors
and markers, such as PPARy and C/EBP families.

Activation of AMPK by cyclo(Pro-Val)

In this study, we employed a combined in silico and deep
learning approach to identify 94 potential AMPK activating
blue food compounds with a particular focus on cyclo(Pro-
Val). Our findings indicate that cyclo(Pro-Val) inhibits
adipogenesis by activating AMPK, a central regulator of
cellular energy homeostasis. Activation of AMPK initiates
a cascade of signaling events that modulate adipogenesis
and various metabolic processes, including lipid and glu-
cose metabolism [9]. This was evidenced by an increase
in the ratio of phosphorylated AMPK to total AMPK upon

treatment with 50 uM cyclo(Pro-Val). During the initiation
of adipogenesis, the expressions of transcription factors
such as PPARy and C/EBPa increase, leading to the expres-
sion of genes associated with adipocyte maturation and lipid
metabolism. However, activation of AMPK by compounds
like cyclo(Pro-Val) inhibits the expressions of PPARy and
C/EBPa, thereby suppressing adipogenesis [13]. Addition-
ally, cyclo(Pro-Val) downregulates the expression of adi-
pocyte-specific markers, including FABP4, CD36, GLUT4,
and ADIPOQ in a concentration-dependent manner. These
findings underscore the critical role of AMPK activation as
an upstream regulator of adipogenesis and suggest that tar-
geting AMPK could be a promising strategy for controlling
obesity.

At the tissue level, AMPK plays a crucial role in regulat-
ing metabolism in white adipose tissue (WAT). Activation of
AMPK inhibits lipogenesis by phosphorylating and inhibit-
ing ACC, thereby reducing the rate of fatty acid synthesis
[52]. Moreover, AMPK activation suppresses lipolysis, the
breakdown of triglycerides, which is essential for provid-
ing fatty acids and glycerol during fasting. This inhibition
of lipolysis occurs through various mechanisms, including
the direct inhibition of f-adrenergic-induced lipolysis [53].
Notably, while AMPK activation stimulates glucose trans-
port by promoting GLUT4 translocation in muscle cells [54]
its effects in adipocytes vary depending on the type of acti-
vator and cell line [55]. For instance, activation of AMPK
by AICAR has been shown to decrease insulin-stimulated
glucose uptake in both rat and 3T3-L1 adipocytes. How-
ever, the impact on basal glucose uptake varied, with an
increase observed in 3T3-L1 adipocytes and a decrease in
rat adipocytes [56—58]. While both AICAR and A-769,662
inhibited basal and insulin-stimulated glucose uptake across
all models tested, the more potent and specific activator,
991, did not affect basal glucose uptake despite AMPK
activation [59]. Furthermore, studies by Wu et al. [60] have
demonstrated that deficiency of AMPKa in adipocytes leads
to impaired thermogenesis in response to cold exposure and
obesity under nutrient overload. Conversely, sustained acti-
vation of AMPK with A-769,662 promotes the browning
of WAT in the inguinal region and offers protection against
high-fat diet-induced obesity and associated metabolic dis-
orders [60]. Overall, AMPK activation in adipocytes and
WAT helps maintain energy homeostasis by regulating lipid
and glucose metabolism, highlighting its importance in met-
abolic control.
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Conclusion

In this study, we introduced an innovative approach that
integrates deep learning and in silico methods to efficiently
identify anti-obesity compounds from the blue foods natu-
ral product repository. By leveraging a deep learning model
trained on CPI, combined with in silico molecular docking,
we successfully pinpointed 94 promising candidates target-
ing the AMPK a2 subunit. Subsequent in vitro validation of
five commercially available compounds demonstrated their
efficacy in inhibiting adipogenesis, underscoring the poten-
tial of our approach in accelerating the discovery of novel
preventive therapeutic strategies for obesity and related
metabolic disorders. Notably, the deep learning framework
e developed is adaptable and can be extended to other dis-
eases, broadening its applicability. Moreover, the AMPK
activators identified in this study may have potential appli-
cations beyond obesity, suggesting possibilities for their
utility in preventing and treating various diseases. In sum-
mary, our integrated deep learning and in silico approach not
only streamlines the identification of bioactive compounds
but also opens new avenues for preventive and therapeutic
interventions across a spectrum of diseases.

Supplementary Information The online version contains
supplementary material available at https://doi.org/10.1007/s11030-0
26-11506-5.

Acknowledgements This research was supported by Korea Institute
of Marine Science & Technology Promotion(KIMST) funded by the
Ministry of Oceans and Fisheries(20230022, RS-2022-KS221637,
RS-2025-02373103) and also by the Korea Institute of Planning and
Evaluation for Technology in Food, Agriculture and Forestry (IPET)
through the High Value-Added Food Technology Development Pro-
gram, funded by the Ministry of Agriculture, Food and Rural Affairs
(MAFRA) (grant no. 321029-05). This work was also supported by
Korea Institute of Planning and Evaluation for Technology in Food,
Agriculture and Forestry(IPET) through Agriculture and Food Con-
vergence Technologies Program for Research Manpower develop-
ment Program, funded by Ministry of Agriculture, Food and Rural
Affairs(MAFRA)(RS-2024-00402136). This research was addition-
ally supported by the Brain Korea 21 Plus Program of the Department
of Agricultural Biotechnology, Seoul National University, Republic of
Korea.

Author contributions Seo Hyun Shin: Conceptualization, Writ-
ing — original draft, Methodology, Software, Formal analysis. Eun-
seok Oh: Writing — Methodology, Formal analysis. Chanyoon Park:
Writing — Methodology, Formal analysis, Investigation, Validation.
Seung Man Oh: Software. Hee Jeong Hwang: Data Curation, Writing
— Methodology. Jeong Yun You: Data Curation, Writing — Methodol-
ogy. Hyeri Ryu: Data Curation. Gihyun Hur: Investigation, Validation.
Ji Woo Kim: Investigation, Validation, Writing — Methodology. Jung
Han Yoon Park: Writing — review & editing. Eun Roh: Investigation,
Validation. Heonjoong Kang: Supervision, Project administration, Re-
sources. Ki Won Lee: Supervision, Project administration, Resources.

Funding Open Access funding enabled and organized by Seoul Na-
tional University.

@ Springer

Data availability No datasets were generated or analysed during the
current study.

Declarations
Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

1. Gephart JA, Henriksson PJG, Parker RWR et al (2021) Environ-
mental performance of blue foods. Nature 597:360-365. https://d
0i.org/10.1038/s41586-021-03889-2

2. Crona BI, Wassénius E, Jonell M et al (2023) Four ways blue
foods can help achieve food system ambitions across nations.
Nature 616:104—. https://doi.org/10.1038/s41586-023-05737-x

3. Barbalace MC, Malaguti M, Giusti L et al (2019) Anti-Inflamma-
tory Activities of Marine Algae in Neurodegenerative Diseases.
Int J Mol Sci 20. https://doi.org/10.3390/ijms20123061

4. 'WHO WHO acceleration plan to stop obesity

Federation WO (2022) World Obesity Atlas 2022

6. Chakhtoura M, Haber R, Ghezzawi M et al (2023) Pharmaco-
therapy of obesity: an update on the available medications and
drugs under investigation. EClinicalMedicine 58:101882. https://
doi.org/10.1016/j.eclinm.2023.101882

7. Muller TD, Bluher M, Tschop MH, DiMarchi RD (2022) Anti-
obesity drug discovery: advances and challenges. Nat Rev Drug
Discov 21:201-223. https://doi.org/10.1038/s41573-021-00337
-8

8. Sodhi M, Rezaeianzadeh R, Kezouh A, Etminan M (2023) Risk of
Gastrointestinal Adverse Events Associated With Glucagon-Like
Peptide-1 Receptor Agonists for Weight Loss. JAMA 330:1795-
1797. https://doi.org/10.1001/jama.2023.19574

9. Steinberg GR, Carling D (2019) AMP-activated protein kinase:
the current landscape for drug development. Nat Rev Drug Dis-
cov 18:527-551. https://doi.org/10.1038/s41573-019-0019-2

10. Luo T, Nocon A, Fry J et al (2016) AMPK Activation by Met-
formin Suppresses Abnormal Extracellular Matrix Remodeling in
Adipose Tissue and Ameliorates Insulin Resistance in Obesity.
Diabetes 65:2295-2310. https://doi.org/10.2337/db15-1122

11. Chang E, Kim CY (2019) Natural Products and Obesity: A Focus
on the Regulation of Mitotic Clonal Expansion during Adipogen-
esis. Molecules 24. https://doi.org/10.3390/molecules24061157

12. Wang Q, Sun J, Liu M et al (2021) The New Role of AMP-Acti-
vated Protein Kinase in Regulating Fat Metabolism and Energy
Expenditure in Adipose Tissue. Biomolecules 11. https://doi.org/
10.3390/biom11121757

13. Ahmad B, Serpell CJ, Fong IL, Wong EH (2020) Molecular
Mechanisms of Adipogenesis: The Anti-adipogenic Role of

o


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/s41586-021-03889-2
https://doi.org/10.1038/s41586-021-03889-2
https://doi.org/10.1038/s41586-023-05737-x
https://doi.org/10.3390/ijms20123061
https://doi.org/10.1016/j.eclinm.2023.101882
https://doi.org/10.1016/j.eclinm.2023.101882
https://doi.org/10.1038/s41573-021-00337-8
https://doi.org/10.1038/s41573-021-00337-8
https://doi.org/10.1001/jama.2023.19574
https://doi.org/10.1038/s41573-019-0019-2
https://doi.org/10.2337/db15-1122
https://doi.org/10.3390/molecules24061157
https://doi.org/10.3390/biom11121757
https://doi.org/10.3390/biom11121757
https://doi.org/10.1007/s11030-026-11506-5
https://doi.org/10.1007/s11030-026-11506-5

Molecular Diversity (2026) 30:2889-2904

2903

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

AMP-Activated Protein Kinase. Front Mol Biosci 7:76. https://do
i.org/10.3389/fmolb.2020.00076

Villena JA, Viollet B, Andreelli F et al (2004) Induced adipos-
ity and adipocyte hypertrophy in mice lacking the AMP-activated
protein kinase-alpha2 subunit. Diabetes 53:2242-2249. https://do
i.org/10.2337/diabetes.53.9.2242

Wang YG, Han XG, Yang Y et al (2016) Functional differences
between AMPK alphal and alpha2 subunits in osteogenesis,
osteoblast-associated induction of osteoclastogenesis, and adipo-
genesis. Sci Rep 6:32771. https://doi.org/10.1038/srep32771
Atanasov AG, Zotchev SB, Dirsch VM et al (2021) Natural prod-
ucts in drug discovery: advances and opportunities. Nat Rev Drug
Discov 20:200-216. https://doi.org/10.1038/s41573-020-00114-z
Chen W, Liu X, Zhang S, Chen S (2023) Artificial intelligence for
drug discovery: Resources, methods, and applications. Mol Ther
Nucleic Acids 31:691-702. https://doi.org/10.1016/j.omtn.2023.
02.019

Sadybekov AV, Katritch V (2023) Computational approaches
streamlining drug discovery. Nature 616:673—685. https://doi.or
2/10.1038/s41586-023-05905-z

Gaudéncio SP, Pereira F (2023) Marine Drug Discovery through
Computer-Aided Approaches. Mar Drugs 21.

Ozturk H, Ozgur A, Ozkirimli E (2018) DeepDTA: deep drug-
target binding affinity prediction. Bioinformatics 34:1821-i829. h
ttps://doi.org/10.1093/bioinformatics/bty593

Nguyen T, Le H, Quinn TP et al (2021) GraphDTA: predicting
drug-target binding affinity with graph neural networks. Bioinfor-
matics 37:1140-1147. https://doi.org/10.1093/bioinformatics/bta
a921

Raschka S, Kaufman B (2020) Machine learning and Al-based
approaches for bioactive ligand discovery and GPCR-ligand rec-
ognition. Methods 180:89-110. https://doi.org/10.1016/j.ymeth.2
020.06.016

Cai C, Wang S, Xu Y et al (2020) Transfer Learning for Drug
Discovery. ] Med Chem 63:8683-8694. https://doi.org/10.1021/a
cs.jmedchem.9b02147

Tang J, Szwajda A, Shakyawar S et al (2014) Making sense of
large-scale kinase inhibitor bioactivity data sets: a comparative
and integrative analysis. J Chem Inf Model 54:735-743. https://d
o0i.org/10.1021/ci400709d

He T, Heidemeyer M, Ban F et al (2017) SimBoost: a read-across
approach for predicting drug-target binding affinities using gradi-
ent boosting machines. J Cheminform 9:24. https://doi.org/10.11
86/s13321-017-0209-z

Gaulton A, Bellis LJ, Bento AP et al (2012) ChEMBL: a large-
scale bioactivity database for drug discovery. Nucleic Acids Res
40:D1100-1107. https://doi.org/10.1093/nar/gkr777

Lyu C, Chen T, Qiang B et al (2021) CMNPD: a comprehensive
marine natural products database towards facilitating drug dis-
covery from the ocean. Nucleic Acids Res 49:D509-D515. https:
//doi.org/10.1093/nar/gkaa763

Steinbeck C, Hoppe C, Kuhn S et al (2006) Recent developments
of the chemistry development kit (CDK) - an open-source java
library for chemo- and bioinformatics. Curr Pharm Des 12:2111—
2120. https://doi.org/10.2174/138161206777585274

Moriwaki H, Tian YS, Kawashita N, Takagi T (2018) Mordred: a
molecular descriptor calculator. J Cheminform 10:4. https://doi.o
rg/10.1186/s13321-018-0258-y

Xiao N, Cao DS, Zhu MF, Xu QS (2015) protr/ProtrWeb: R pack-
age and web server for generating various numerical representa-
tion schemes of protein sequences. Bioinformatics 31:1857-1859.
https://doi.org/10.1093/bioinformatics/btv042

Schrodinger (2024) Schrodinger Release 2024-1: LigPrep.
Schrodinger, LLC

Langendorf CG, Ngoei KRW, Scott JW et al (2016) Struc-
tural basis of allosteric and synergistic activation of AMPK

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

by furan-2-phosphonic derivative C2 binding. Nat Commun
7:10912. https://doi.org/10.1038/ncomms10912

Xiao B, Sanders MJ, Carmena D et al (2013) Structural basis of
AMPK regulation by small molecule activators. Nat Commun
4:3017. https://doi.org/10.1038/ncomms4017

Yan Y, Zhou XE, Novick SJ et al (2019) Structures of AMP-acti-
vated protein kinase bound to novel pharmacological activators in
phosphorylated, non-phosphorylated, and nucleotide-free states.
J Biol Chem 294:953-967. https://doi.org/10.1074/jbc.RA118.00
4883

Schrodinger (2024)  Schrodinger
Schrédinger, LLC

Schrodinger (2024) Schrodinger Release 2024-1: QikProp.
Schrodinger, LLC

Daina A, Michielin O, Zoete V et al (2017) SwissADME: a free
web tool to evaluate pharmacokinetics, drug-likeness and medici-
nal chemistry friendliness of small molecules. Sci Rep 7. https://
doi.org/10.1038/srep42717

Livak KJ, Schmittgen TD (2001) Analysis of relative gene
expression data using real-time quantitative PCR and the 2(-Delta
Delta C(T)) Method. Methods 25:402—408. https://doi.org/10.100
6/meth.2001.1262

Yang H, Seo SG, Shin SH et al (2017) 3,3’-Diindolylmethane
suppresses high-fat diet-induced obesity through inhibiting adi-
pogenesis of pre-adipocytes by targeting USP2 activity. Mol Nutr
Food Res 61. https://doi.org/10.1002/mnfr.201700119
Ntie-Kang F (2013) An in silico evaluation of the ADMET profile
of the StreptomeDB database. Springerplus 2:353. https://doi.org
/10.1186/2193-1801-2-353

Uddin MZ, Paul A, Rakib A et al (2021) Chemical Profiles and
Pharmacological Properties with in Silico Studies on Elatostema
papillosum Wedd. Molecules 26. https://doi.org/10.3390/molecul
526040809

Lipinski CA, Lombardo F, Dominy BW, Feeney PJ (2001) Exper-
imental and computational approaches to estimate solubility and
permeability in drug discovery and development settings. Adv
Drug Deliv Rev 46:3-26. https://doi.org/10.1016/s0169-409x(00
)00129-0

Wang CY, Han L, Kang K et al (2010) Secondary Metabolites
from Green Algae. Chem Nat Compd—46:828-830. https://doi.o
rg/10.1007/510600-010-9760-9

Zhang L, Sun W, Cao Y et al (2019) Isatin inhibits the invasion
of human neuroblastoma SH-SYS5Y cells, based on microarray
analysis. Mol Med Rep 20:1700-1706. https://doi.org/10.3892/m
mr.2019.10378

Cai CJ, Wang SW, Xu YJ et al (2020) Transfer Learning for Drug
Discovery. ] Med Chem 63:8683-8694. https://doi.org/10.1021/a
cs.jmedchem.9b02147

Buterez D, Janet JP, Kiddle SJ et al (2024) Transfer learning with
graph neural networks for improved molecular property predic-
tion in the multi-fidelity setting. Nat Commun 15:1517. https://do
1.0rg/10.1038/541467-024-45566-8

Dalkiran A, Atakan A, Rifaioglu AS et al (2023) Transfer learning
for drug-target interaction prediction. Bioinformatics 39:1103—
i110. https://doi.org/10.1093/bioinformatics/btad234

Lundberg SM, Lee SI (2017) A Unified Approach to Interpreting
Model Predictions. Adv Neur In 30

Anggreini P, Kuncoro H, Sumiwi SA, Levita J (2023) Molecu-
lar Docking Study of Phytosterols in Lygodium microphyllum
Towards SIRT1 and AMPK, the in vitro Brine Shrimp Toxicity
Test, and the Phenols and Sterols Levels in the Extract. J Exp
Pharmacol 15:513-527. https://doi.org/10.2147/JEP.S438435
Zhou Y, Wang D, Zhu Q et al (2009) Inhibitory effects of
A-769662, a novel activator of AMP-activated protein kinase, on
3T3-L1 adipogenesis. Biol Pharm Bull 32:993-998. https://doi.o
rg/10.1248/bpb.32.993

Release 2024-1: Glide.

@ Springer


https://doi.org/10.1038/ncomms10912
https://doi.org/10.1038/ncomms4017
https://doi.org/10.1074/jbc.RA118.004883
https://doi.org/10.1074/jbc.RA118.004883
https://doi.org/10.1038/srep42717
https://doi.org/10.1038/srep42717
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1002/mnfr.201700119
https://doi.org/10.1186/2193-1801-2-353
https://doi.org/10.1186/2193-1801-2-353
https://doi.org/10.3390/molecules26040809
https://doi.org/10.3390/molecules26040809
https://doi.org/10.1016/s0169-409x(00)00129-0
https://doi.org/10.1016/s0169-409x(00)00129-0
https://doi.org/10.1007/s10600-010-9760-9
https://doi.org/10.1007/s10600-010-9760-9
https://doi.org/10.3892/mmr.2019.10378
https://doi.org/10.3892/mmr.2019.10378
https://doi.org/10.1021/acs.jmedchem.9b02147
https://doi.org/10.1021/acs.jmedchem.9b02147
https://doi.org/10.1038/s41467-024-45566-8
https://doi.org/10.1038/s41467-024-45566-8
https://doi.org/10.1093/bioinformatics/btad234
https://doi.org/10.2147/JEP.S438435
https://doi.org/10.1248/bpb.32.993
https://doi.org/10.1248/bpb.32.993
https://doi.org/10.3389/fmolb.2020.00076
https://doi.org/10.3389/fmolb.2020.00076
https://doi.org/10.2337/diabetes.53.9.2242
https://doi.org/10.2337/diabetes.53.9.2242
https://doi.org/10.1038/srep32771
https://doi.org/10.1038/s41573-020-00114-z
https://doi.org/10.1016/j.omtn.2023.02.019
https://doi.org/10.1016/j.omtn.2023.02.019
https://doi.org/10.1038/s41586-023-05905-z
https://doi.org/10.1038/s41586-023-05905-z
https://doi.org/10.1093/bioinformatics/bty593
https://doi.org/10.1093/bioinformatics/bty593
https://doi.org/10.1093/bioinformatics/btaa921
https://doi.org/10.1093/bioinformatics/btaa921
https://doi.org/10.1016/j.ymeth.2020.06.016
https://doi.org/10.1016/j.ymeth.2020.06.016
https://doi.org/10.1021/acs.jmedchem.9b02147
https://doi.org/10.1021/acs.jmedchem.9b02147
https://doi.org/10.1021/ci400709d
https://doi.org/10.1021/ci400709d
https://doi.org/10.1186/s13321-017-0209-z
https://doi.org/10.1186/s13321-017-0209-z
https://doi.org/10.1093/nar/gkr777
https://doi.org/10.1093/nar/gkaa763
https://doi.org/10.1093/nar/gkaa763
https://doi.org/10.2174/138161206777585274
https://doi.org/10.1186/s13321-018-0258-y
https://doi.org/10.1186/s13321-018-0258-y
https://doi.org/10.1093/bioinformatics/btv042
https://doi.org/10.1093/bioinformatics/btv042

2904

Molecular Diversity (2026) 30:2889-2904

SI.

52.

53.

54.

55.

56.

Henin N, Vincent MF, Gruber HE, Vandenberghe G (1995) Inhi-
bition of Fatty-Acid and Cholesterol-Synthesis by Stimulation of
Amp-Activated Protein-Kinase. Faseb J 9:541-546. https://doi.or
2/10.1096/faseb;j.9.7.7737463

Daval M, Diot-Dupuy F, Bazin R et al (2005) Anti-lipolytic
action of AMP-activated protein kinase in rodent adipocytes. J
Biol Chem 280:25250-25257. https://doi.org/10.1074/jbc.M414
222200

Habegger KM, Hoffman NJ, Ridenour CM et al (2012) AMPK
enhances insulin-stimulated GLUT4 regulation via lowering
membrane cholesterol. Endocrinology 153:2130-2141. https://d
oi.org/10.1210/en.2011-2099

Salt IP, Connell JM, Gould GW (2000) 5-aminoimidazole-4-car-
boxamide ribonucleoside (AICAR) inhibits insulin-stimulated
glucose transport in 3T3-L1 adipocytes. Diabetes 49:1649—-1656.
https://doi.org/10.2337/diabetes.49.10.1649

Sakoda H, Ogihara T, Anai M et al (2002) Activation of AMPK is
essential for AICAR-induced glucose uptake by skeletal muscle
but not adipocytes. Am J Physiol-Endoc M 282:E1239-E1244. h
ttps://doi.org/10.1152/ajpendo.00455.2001

Gaidhu MP, Fediuc S, Ceddia RB (2006) 5-aminoimidazole-
4-carboxamide-1-B-D-ribofuranoside-induced =~ AMP-activated

@ Springer

57.

58.

59.

60.

protein kinase phosphorylation inhibits basal and insulin-stimu-
lated glucose uptake, lipid synthesis, and fatty acid oxidation in
isolated rat adipocytes. J Biol Chem 281:25956-25964. https://do
1.0rg/10.1074/jbc.M602992200

Kopietz F, Alshuweishi Y, Bijland S et al (2021) A-769662 inhib-
its adipocyte glucose uptake in an AMPK-independent manner.
Biochem J 478:633—646. https://doi.org/10.1042/BCJ20200659
Wu LY, Zhang LN, Li BH et al (2018) AMP-Activated Protein
Kinase (AMPK) Regulates Energy Metabolism through Modulat-
ing Thermogenesis in Adipose Tissue. Front Physiol 9.

Shin SH, Oh SM, Yoon Park JH et al (2022) OptNCMiner: a
deep learning approach for the discovery of natural compounds
modulating disease-specific multi-targets. BMC Bioinformatics
23:218. https://doi.org/10.1186/s12859-022-04752-5

Yamaguchi S, Katahira H, Ozawa S et al (2005) Activators of
AMP-activated protein kinase enhance GLUT4 translocation and
its glucose transport activity in 3T3-L1 adipocytes. Am J Physiol-
Endoc M 289:E643-E649. https://doi.org/10.1152/ajpendo.0045
6.2004

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.1074/jbc.M602992200
https://doi.org/10.1074/jbc.M602992200
https://doi.org/10.1042/BCJ20200659
https://doi.org/10.1186/s12859-022-04752-5
https://doi.org/10.1152/ajpendo.00456.2004
https://doi.org/10.1152/ajpendo.00456.2004
https://doi.org/10.1096/fasebj.9.7.7737463
https://doi.org/10.1096/fasebj.9.7.7737463
https://doi.org/10.1074/jbc.M414222200
https://doi.org/10.1074/jbc.M414222200
https://doi.org/10.1210/en.2011-2099
https://doi.org/10.1210/en.2011-2099
https://doi.org/10.2337/diabetes.49.10.1649
https://doi.org/10.2337/diabetes.49.10.1649
https://doi.org/10.1152/ajpendo.00455.2001
https://doi.org/10.1152/ajpendo.00455.2001

	﻿Discovering anti-obesity blue food compounds via combined deep learning and in silico approaches
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Deep learning model construction
	﻿Overview of the model
	﻿Data preparation
	﻿Compound representation
	﻿Protein representation
	﻿Model construction and evaluation


	﻿In silico approach
	﻿Validation of predicted blue food compounds
	﻿Chemicals and materials
	﻿Validation of anti-adipogenic effects: Adipocyte differentiation of 3T3-L1 preadipocytes
	﻿Oil red O staining
	﻿Quantitative real-time (qRT) polymerase chain reaction (PCR)
	﻿Western blot assay
	﻿AMPK activity assay
	﻿Statistical analysis

	﻿Results
	﻿Performance metrics demonstrating the predictive power of the proposed deep learning model
	﻿Prediction of AMPK activating blue food compounds using deep learning and in silico approaches
	﻿Absorption, distribution, metabolism, and excretion (ADME) property analysis and AMPK activity assay of the predicted blue food compounds
	﻿﻿Anti-adipogenic effect of the predicted blue food compounds
	﻿Anti-adipogenic effect of cyclo(Pro-Val) through AMPK activation

	﻿Discussion
	﻿Discovery of anti-obesity blue food compounds using combined deep learning and in silico approaches
	﻿In silico molecular docking insights into AMPK and predicted blue food compound interactions
	﻿Activation of AMPK by cyclo(Pro-Val)

	﻿Conclusion
	﻿References


