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Accumulation of damaged mitochondria in the brain is a hall-
mark of brain aging and related neurodegenerative diseases, 
including Alzheimer’s disease (AD)1–5. As the most com-

mon form of dementia, AD affects around 50 million individuals 
worldwide without an available cure6. Accumulation of amyloid 
β (Aβ) and neurofibrillary tangles (majorly p-Tau aggregates) are 
the disease-defining pathological features of AD. However, clinical 
drug developments targeting Aβ and Tau have struggled to pro-
duce positive results7, highlighting the urgent need for discovery 
and development of novel therapeutic interventions. Mitochondria 
are fundamental subcellular organelles that generate adenosine tri-
phosphate (ATP), which is essential for the excitability and survival 
of neurons. In addition, they are at the centre of signalling path-
ways regulating Ca2+, oxidative stress, developmental and synaptic  

plasticity, as well as neuronal fate determination8. Mitochondria 
constantly experience endogenous (for example, DNA damage and 
oxidative toxicants) and exogenous (for example, environmental 
exposure) stresses, which cause structural and/or functional dam-
age to these essential organelles9. In a normal physiological environ-
ment, damaged mitochondria are efficiently cleared by mitophagy, 
a subtype of selective macroautophagy (hereafter referred to as 
autophagy)10. However, in elderly individuals or people with com-
mon neurodegenerative diseases such as AD, Parkinson’s disease, 
Amyotrophic lateral sclerosis and Huntington’s disease in which 
accumulation of defective mitochondria is a common feature, 
and possibly a driving force of memory impairment and demen-
tia, autophagic processes may be disrupted1,5,10. Emerging evidence 
highlights that mitophagy impairment mediates the accrual of  
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A reduced removal of dysfunctional mitochondria is common to aging and age-related neurodegenerative pathologies such as 
Alzheimer’s disease (AD). Strategies for treating such impaired mitophagy would benefit from the identification of mitophagy 
modulators. Here we report the combined use of unsupervised machine learning (involving vector representations of molecular 
structures, pharmacophore fingerprinting and conformer fingerprinting) and a cross-species approach for the screening and 
experimental validation of new mitophagy-inducing compounds. From a library of naturally occurring compounds, the workflow 
allowed us to identify 18 small molecules, and among them two potent mitophagy inducers (Kaempferol and Rhapontigenin). 
In nematode and rodent models of AD, we show that both mitophagy inducers increased the survival and functionality of gluta-
matergic and cholinergic neurons, abrogated amyloid-β and tau pathologies, and improved the animals’ memory. Our findings 
suggest the existence of a conserved mechanism of memory loss across the AD models, this mechanism being mediated by 
defective mitophagy. The computational–experimental screening and validation workflow might help uncover potent mitoph-
agy modulators that stimulate neuronal health and brain homeostasis.
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dysfunctional mitochondria in the AD brain11. Indeed, the basal levels 
of mitophagy are less than 50% in AD patient brain tissue compared 
with healthy controls11. Moreover, several regulators of autophagy 
and mitophagy pathways, such as phosphatidylinositol-binding 
clathrin assembly protein (PICALM)12, presenilin 1 (PS1)13, phos-
phatase and tensin homologue (PTEN)-induced kinase1 (PINK1), 
TANK-binding kinase 1 (TBK1), Unc-51-like kinase-1 (ULK1)11 
and Bcl-2 associated athanogene 3 (BAG-3)14 are lowly expressed or 
impaired in AD patients. Genetic and/or pharmacologic restoration 
of mitophagy inhibits disease progression in preclinical AD mod-
els11,15. Given the continued failures in anti-AD drug development, 
approaches targeting the broader aspects of AD pathologies, such as 
defective mitophagy, may hold a therapeutic potential.

Bioavailable neuronal mitophagy inducers are scarce. Thus, 
we set out to develop a screening workflow combining advanced 
artificial intelligence (AI) and classical wet laboratory approaches 
to identify novel mitophagy modulators as potential drug candi-
dates for AD treatment. The application of traditional chemistry or 
high-throughput approaches for drug discovery is time-consuming 
and also carry a high failure rate16. Machine learning is emerging 
as a powerful, fast, reliable and cost-effective approach to drug 
development, which can accelerate discovery and decision making 
for predefined questions with precise data17–20. Machine learning 
has been used in pharmaceutical development, bioactivity predic-
tion, de novo molecular design, synthesis prediction and biologi-
cal image analysis, among other applications19,21,22. It is a popular 
tool in drug discovery when using a large arsenal of compounds; 
however, the limitation of broad application is the necessity for a 
sizeable number of labelled data points to ensure model generaliz-
ability and avoid overfitting19,22. In view of the scarcity of known 
mitophagy inducers, an alternative machine learning approach 
is the use of ‘biological fingerprints’, which are representations of 
chemical structures originally designed to assist in chemical data-
base substructure searching23. Here we outline the development of 
an AI-aided high-throughput screen workflow that combines AI, 
mammalian cells, nematodes and mice to create an approach for 
identifying potent mitophagy modulators.

Results
An AI-aided model for screening of mitophagy inducers. A com-
binational molecular representation approach, including Mol2vec, 
pharmacophore fingerprint and 3D conformers fingerprint, was 
used for modelling (Fig. 1a,b). We first compiled a dataset that was 
large-scale, structurally diverse and task related. The ChEMBL24 and 
ZINC natural product databases25 were filtered using procedures 
outlined elsewhere26, producing a dataset with 19.9 million com-
pounds (that is, the pre-training dataset). This pre-training dataset 
was used to train the multi-representations model, which translated 
a molecule into an information-enriched structure vector in an 
unsupervised manner, without the need for numerous annotated 
data. The model followed a natural language processing strategy26, 
wherein molecules were considered as sentences and substructures 
as words. By iteratively learning the relative position of each sub-
structure in a molecule, the model could finally capture the global 
structural information of each substructure in the chemical space. 

New molecules could be described by summing the substructure 
vectors retrieved from a pre-trained Mol2vec model. The obtained 
compound feature vectors could then be used to calculate the struc-
tural distance of any two compounds in the projected chemical 
space. Further, to fill in the blanks of 2D pharmacophore and 3D 
conformer information, the pharmacophore and shape fingerprint-
ing techniques were introduced to augment the representation of 
molecules (Fig. 1a). A total of 14 known mitophagy inducers were 
used as reference (Supplementary Table 1).

After model development and augmentation, we subsequently 
applied it to identify potential mitophagy inducers from a natural 
product library (named Macau Library), which contained 3,274 nat-
ural compounds isolated mainly from a series of traditional Chinese 
medicinal plants that have been used to treat neurodegenerative dis-
eases and other diseases27,28. Similarity scores for each compound 
against each of the 14 known mitophagy inducers were determined, 
compounds were ranked on the basis of their structural (Mol2vec 
score), pharmacophore fingerprint and shape distance (3D con-
formers fingerprint) against the known inducers (Supplementary 
Table 1). We identified a total of 18 molecules in the Macau Library 
that were most similar to the existing (known) mitophagy induc-
ers, with a threshold of 0.75. We set the threshold to 0.75 on the 
basis of published works29,30 and our in-house justification of the 
workload for wet-lab validation. Detailed information of the 18 in 
silico-selected molecules is documented (Supplementary Fig. 1 and 
Table 2). We further performed chemical similarity analysis of the 
top 18 molecules: while 1D similarities are lower than 40% between 
any two compounds, there are some compounds with high scores 
in 2D (for example, 91% for T2174 and T0579) and 3D (for exam-
ple, 71% for T3S1068 and T2177) similarity analyses (Additional 
Supplementary Table). More details on the AI procedures can be 
found in Methods.

In vitro and in vivo validation of mitophagy candidates. The 18 
AI-selected molecules were then subjected to experimental verifica-
tion in both human cells (HeLa cells) and the soil-dwelling nematode 
Caenorhabditis elegans. HeLa cells co-expressing the E3 ubiquitin 
ligase Parkin and the mitochondria-targeted form of monomeric 
Keima fluorescent reporter (mt-Keima)31 were used. Keima is a 
coral-derived, lysosomal degradation-resistant, dual-excitation 
ratio-metric fluorescent protein that is pH-sensitive; it shows 
shorter-wavelength excitation (green) in healthy mitochondria nor-
mally with neutral pH, while it turns to longer-wavelength excitation 
(red) in damaged mitochondria undergoing acidic lysosomal deg-
radation (Fig. 2a)31. These features of the mt-Keima reporter allow 
qualitative assessment of mitophagic flux in both cells and mouse 
models31–33. To ensure high translational potential, we started with a 
series of doses covering 0.1, 1.0 and 10 μM, with 10 μM as the cut-off 
threshold. In a first-pass study of the 18 AI-selected compounds, 
8 molecules (Quercetin (Macau Library ID: T-2174), Quercetin 
dihydrate (T-6630), Tacrolimus (T-2144), Ascomycin (T-2481), 
Isorhamnetin (T-2836), Pinostilbene (T-3755), Kaempferol (Kaem, 
T-2177) and Rhapontigenin (Rhap, T-3776)) induced mitophagy 
at 10 μM; the remaining 10 molecules did not induce detectable 
mitophagy up to 10 μM and were excluded from the study at this 

Fig. 1 | The use of combined machine learning strategies to identify novel mitophagy inducers. a, The workflow for model pre-training: (i) Molecules 
within the pre-training dataset were transferred into SMILES sequences, molecular interaction features and 3D conformers fingerprint in the data 
preparation stage; (ii) Three encoders (for 1D, 2D and 3D representations) were then designed to embed the input data, and these representational 
embeddings were aggregated into the encoder model of the multi-representation; (iii) The multi-representational embeddings were then passed to the 
representation decoder to pre-train the multi-representation molecule model. ‘F’ and ‘G’ stand for ‘Functional encoder’ and ‘Generator’ respectively.  
b, The workflow for the virtual screening process: (i) The virtual screening library contained 3,274 molecules from a traditional Chinese medicine dataset, 
named Macau Library; (ii) The 1D, 2D and 3D molecular representations for each compound were generated on the basis of the pre-trained molecule 
representation models; (iii) The representations were then aggregated and clustered, and a hyper-space filter was applied to the representations to filter 
out outliers; (iv) The similarity scores for each compound were calculated to generate the top N candidate compounds.
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point (Fig. 2b,c and Supplementary Fig. 2a,c,d). It was noted that 
Quercetin dihydrate and Quercetin exhibited very similar results, 
likely due to their structural and functional similarities, thus 
Quercetin dihydrate was eliminated from the study at this point. 
To confirm whether the 7 remaining molecules trigger mitophagy 
in a dose-dependent manner, we administered higher doses of each 
compound (20, 50 and 100 μM) to the same HeLa mt-Keima cells. 

We were unable to observe any dose-dependent mitophagic upregu-
lation in response to Quercetin, Tacrolimus and Ascomycin supple-
mentation past 10 μM. However, Isorhamnetin, Pinostilbene, Kaem 
and Rhap administration triggered mitophagy in a dose-dependent 
manner (Fig. 2b,c). Therefore collectively, among the 18 AI-selected 
molecules, 8 showed an ability to stimulate mitophagy in vitro, with 
4 of them inducing mitophagy in a dose-dependent manner.
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To investigate whether the aforementioned mitophagy induc-
ers could mediate neuronal mitophagy in vivo, we used transgenic 
nematodes with pan-neuronal expression of mitochondria-targeted 
Rosella (mt-Rosella, a dual colour-emission biosensor). The 
mt-Rosella biosensor comprises a green fluorescent protein (GFP) 
variant sensitive to the acidic environment of the lysosomal lumen, 
which is fused to the fast-maturing pH-insensitive DsRed. Mitophagy 
index is assessed by monitoring the GFP/DsRed ratio, with reduced 
values signifying mitophagy induction11 (Supplementary Fig. 4a). 
We supplemented 0.2 mM and 1.0 mM of each mitophagy-inducing 
compound to mt-Rosella-expressing animals from eggs onwards 
and analysed mitophagy levels in 1-day-old adults. Rotenone, a 
mitochondrial complex I inhibitor, was used as positive control to 
trigger mitophagy. Quercetin (at 1 mM), Kaem (at 0.2 mM) and 
Rhap (at both 0.2 mM and 1 mM) were able to induce neuronal 
mitophagy in worms, while Tacrolimus, Ascomycin, Isorhamnetin 
and Pinostilbene were negative for neuronal mitophagy induction 
(Fig. 2d and Supplementary Fig. 4b). In summary, among the 18 
AI-selected candidates, 3 – Quercetin, Kaem and Rhap – stimulated 
mitophagy in both human cells and C. elegans neurons.

In addition to using HeLa mt-Keima cells and 
mt-Rosella-expressing animals to quantify mitophagy by Kaem 
and Rhap, we further validated the robust mitophagy induction 
capacities of Kaem and Rhap. Firstly, immunoblot data indicate 
that both Kaem and Rhap dose-independently (20, 40 and 80 μM 
for 24 h) reduced the expression of the mitochondrial outer mem-
brane protein MFN2 and mitochondrial inner membrane protein 
Tim23 in both YFP-Parkin-expressing HeLa cells and Mito-GFP- 
and mCherry-Parkin-expressing HeLa cells (Fig. 3a–h). Secondly, 
Kaem and Rhap (20 μM, 24 h) enhanced co-localization of mito-
chondria (Mito-GFP) with the LAMP1-antibody-labelled lyso-
some, indicating increased lysosomal degradation of mitochondria 
via mitophagy (Fig. 3i,j). Thirdly, Kaem and Rhap at 0.2 mM stimu-
lated neuronal mitophagy in C. elegans as evidenced by increased 
LGG-1/Atg-8 to DCT-1/NIX co-localization, and increased mito-
chondria in the lysosomes as shown by reduced GFP/DsRed (Fig. 
3k,l). Fourthly, data from electron microscopy (EM) showed that 
Kaem and Rhap induced mitophagosome-like events in HeLa cells 
(Fig. 3m and Extended Data Fig. 1a), as well as in hippocampal 
brain tissues from wild-type (WT) and AD-like 3xTg mice (Fig. 
3n and Extended Data Fig. 1b; details on the mouse studies are 
shown below). To note, lower doses of either Kaem or Rhap were 
unable to induce mitophagy in HeLa mt-Keima cells (2.5 and 5 µM, 
24 h; Supplementary Fig. 2b) or the nematode neurons (0.01, 0.05, 
0.1 mM; Fig. 3k,l). Collectively, these data unequivocally point to 
robust mitophagy stimulation capacity of both Kaem and Rhap in 
cell culture system, nematodes and mice.

Additionally, we compared our combinational AI model (Fig. 1a)  
with other machine learning approaches (1D, 2D or 3D) to deter-
mine their accuracy in identifying mitophagy inducers. We 
selected the top 5 scored compounds from each of the independent 
approaches for validation in HeLa mt-Keima cells. Compounds 
in the 1D- and 3D-selected lists, at 10 µM, were unable to induce 
detectable mitophagy in HeLa mt-Keima cells (Supplementary 

Fig. 3). All top 5 compounds recommended by the 2D approach 
were in the top 18 list selected by our combinational AI model: 3 
compounds (T0879, T2812, T2144 at 10 µM) were unable to induce 
mitophagy, the remaining 2 (Ascomycin (T2481) and Pinostilbene 
(T3755)) were able to induce mitophagy in cells, but were unable to 
induce neuronal mitophagy in nematodes (Fig. 2). Additionally, we 
reviewed and listed the hit rate for experimental high-throughput 
screening and other AI drug discovery projects for a comprehensive 
comparison study. Overall, the hit rate of our model (in vitro vali-
dation) is higher than the experimental high-throughput screen-
ing (44% vs 0.14%) and substantially outperforms other machine 
learning, quantitative structure–activity relationship (QSAR) and 
computer-aided approaches (Supplementary Table 3). Collectively, 
these in silico, in vitro and in vivo data indicate that our combina-
tional AI approach is more accurate in predicting molecules with 
mitophagy induction and neuroprotection activities both in vitro 
and in vivo, than the individual 1D, 2D or 3D approaches.

Kaem and Rhap inhibit memory loss in Aβ1–42 C. elegans. Recent 
evidence underlies the likely causative role of compromised mitoph-
agy in AD pathogenesis11,34. Thus, we examined the impact of the 
newly identified mitophagy stimulators on memory improvement 
in both Aβ and Tau nematode models. To investigate whether phar-
macological upregulation of mitophagy restores memory deficits, 
we evaluated learned behaviour in transgenic nematodes, whereby 
they have pan-neuronal expression of human Aβ1–42 (hAβ1–42)35, via 
aversive olfactory learning chemotaxis assay (where a negative value 
correlates with chemotaxis-related memory)11. hAβ1–42 nematodes 
treated with Kaem or Rhap displayed improved learned behavioural 
performance, while Quercetin did not appear to restore associative 
memory deficits (Fig. 4a and Supplementary Fig. 5a). Thus, among 
the 18 AI-selected candidates, Kaem and Rhap demonstrated the 
capacity to stimulate mitophagy in both human cells and C. elegans 
neurons, and improved an established measure of simple associative 
memory in these transgenic hAβ1–42 worms.

We then investigated the underlying molecular mechanisms 
to identify how Kaem and Rhap improve memory, focusing on 
mitophagy/autophagy-related pathways. While none of the com-
pounds had any effect on the mRNA levels of pink-1, pdr-1 (ortho-
logue of human PARK2/Parkin), bec-1 (orthologue of human 
BECN1/Beclin-1), vps-34 and skn-1 (a stress response gene also 
involved in mitophagy36), they both increased transcriptional levels 
of dct-1 and sqst-1 (SQSTM1 gene in humans) in transgenic hAβ1–42 
worms (Fig. 4b). To consider translational and post-translational 
modifications, and due to limitations in available antibodies for 
C. elegans studies, we extended our mechanistic studies to human 
HeLa cells and scrutinized the mitophagy-inducing capacity of the 
molecules by checking them against a list of mitophagy/autophagy 
proteins that are known to be critical in mitochondrial metabolism 
or that are altered in AD11. In most cases, Kaem increased levels of 
PINK1, Parkin, Beclin-1, LC3B-II and AMBRA1, and reduced p62 
in a dose-dependent manner; a very similar pattern was seen in the 
Rhap-treated human cells (Extended Data Fig. 2). Moreover, Rhap 
treatment increased the phosphorylation levels of the autophagy 

Fig. 2 | Evaluation of mitophagy stimulation capacity of the AI top-scored molecules in vitro (mt-Keima) and in animals (mt-Rosella). a, A schematic 
representation showing mechanisms of how the mt-Keima protein can be used as a mitophagy reporter. For confocal microscopy, dual-excitation ratio 
imaging was carried out with two sequential excitation lasers (458 nm and 561 nm). Representative confocal images are of HeLa cells expressing mt-Keima 
treated with vehicle (DMSO) or Carbonyl cyanide m-chlorophenyl hydrazone (CCCP) (15 μM, 3 h). b,c, Effects of Quercetin, Tacrolimus, Ascomycin, 
Isorhamnetin, Pinostilbene, Kaem and Rhap (from 0.1 μM to 100 μM, 24 h) on mitophagy induction. d, Effects of in vitro-positive mitophagy inducers on 
the induction of neuronal mitophagy in worms expressing mt-Rosella reporter. Rotenone (5 μM and 10 μM, 4 h) was used as positive control. Data were 
pooled from 2 biological replicates (total n = 20–35 nematodes per group), with results shown as mean ± s.e.m. Two-way ANOVA followed by Tukey’s 
multiple comparisons test; NS, no significance; *P < 0.05, **P < 0.01, ***P < 0.001. A set of representative images of cellular positive (related to Fig. 2b,c) 
and negative mitophagy inducers (with quantifications) is included in Supplementary Fig. 2. Mechanisms of the mt-Rosella sensor as well as a set of 
representative images (related to Fig. 2d) are shown in Supplementary Fig. 4.
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