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Mitochondrial segmentation and function
prediction in live-cell images with deep
learning

Yang Ding 1,6, Jintao Li1,6, Jiaxin Zhang1, Panpan Li1, Hua Bai 1, Bin Fang2,3,
Haixiao Fang2,3, Kai Huang3, Guangyu Wang 4, Cameron J. Nowell 5,
Nicolas H. Voelcker 5, Bo Peng 1 , Lin Li 1,2,3 & Wei Huang 1,2,3

Mitochondrial morphology and function are intrinsically linked, indicating the
opportunity to predict functions by analyzing morphological features in live-
cell imaging. Herein, we introduce MoDL, a deep learning algorithm for
mitochondrial image segmentation and function prediction. Trained on a
dataset of 20,000 manually labeled mitochondria from super-resolution
(SR) images, MoDL achieves superior segmentation accuracy, enabling com-
prehensive morphological analysis. Furthermore, MoDL predicts mitochon-
drial functions by employing an ensemble learning strategy, powered by an
extended training dataset of over 100,000 SR images, each annotated with
functional data from biochemical assays. By leveraging this large dataset
alongside data fine-tuning and retraining, MoDL demonstrates the ability to
precisely predict functions of heterogeneous mitochondria from unseen cell
types through small sample size training. Our results highlight the MoDL’s
potential to significantly impact mitochondrial research and drug discovery,
illustrating its utility in exploring the complex relationship between mito-
chondrial form and function within a wide range of biological contexts.

Mitochondria, as essential organelles within cells, play crucial roles in
energy production, substance metabolism, and cell apoptosis1,2. The
interplay between mitochondrial morphology and functionality is a
pivotal aspect of cellular bioenergetics3. The shape and structure of
mitochondria are not static but change in response to the cell’s
metabolic demands and stress signals4. These morphological changes
arenotmerely consequences of cellular state but actively contribute to
mitochondrial functions (i.e., morphofunction)5. For example, elon-
gated mitochondrial networks are efficient at adenosine triphosphate
(ATP) production and are associated with a high-energy state6,7,
whereas fragmented mitochondria are often found in cells that are
undergoingmitophagy8,9. Understanding this relationship is crucial for

unraveling the complexities of cellular function and dysfunction.
However, the identification of the intricate network structure of
mitochondria and the quantification of morphological features have
always presented challenges10.

Fluorescence imaging technology has proven effective for
studying mitochondrial morphology, enabling real-time visualization
of information such as shape, position, and quantity without the need
of cell fixation11. Nevertheless, manual analysis of mitochondrial mor-
phology remains labor-intensive and requires significant expertize12.
Therefore, it is of great importance to provide an efficient and con-
venient method to assist researchers in quantifying and automating
the analysis of mitochondrial morphology. Methods for efficient

Received: 11 April 2024

Accepted: 20 December 2024

Published online: 16 January 2025

Check for updates

1Frontiers Science Center for Flexible Electronics, Xi’an Institute of Flexible Electronics (IFE) and Xi’an Institute of Biomedical Materials & Engineering,
Northwestern Polytechnical University, Xi’an, China. 2Institute of Flexible Electronics (IFE, Future Technologies), Xiamen University, Xiamen, China. 3Future
Display Institute in Xiamen, Xiamen, China. 4State Key Laboratory of Networking and Switching Technology, Beijing University of Posts and Tele-
communications, Beijing, China. 5Drug Delivery, Disposition and Dynamics, Monash Institute of Pharmaceutical Sciences, Monash University, Parkville,
Victoria, Australia. 6These authors contributed equally: Yang Ding, Jintao Li. e-mail: iambpeng@nwpu.edu.cn; iamlli@nwpu.edu.cn; vc@nwpu.edu.cn

Nature Communications | (2025)16:743 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-6778-399X
http://orcid.org/0000-0002-6778-399X
http://orcid.org/0000-0002-6778-399X
http://orcid.org/0000-0002-6778-399X
http://orcid.org/0000-0002-6778-399X
http://orcid.org/0000-0002-7974-4816
http://orcid.org/0000-0002-7974-4816
http://orcid.org/0000-0002-7974-4816
http://orcid.org/0000-0002-7974-4816
http://orcid.org/0000-0002-7974-4816
http://orcid.org/0000-0003-1312-884X
http://orcid.org/0000-0003-1312-884X
http://orcid.org/0000-0003-1312-884X
http://orcid.org/0000-0003-1312-884X
http://orcid.org/0000-0003-1312-884X
http://orcid.org/0000-0002-8662-9840
http://orcid.org/0000-0002-8662-9840
http://orcid.org/0000-0002-8662-9840
http://orcid.org/0000-0002-8662-9840
http://orcid.org/0000-0002-8662-9840
http://orcid.org/0000-0002-1536-7804
http://orcid.org/0000-0002-1536-7804
http://orcid.org/0000-0002-1536-7804
http://orcid.org/0000-0002-1536-7804
http://orcid.org/0000-0002-1536-7804
http://orcid.org/0000-0002-7626-8455
http://orcid.org/0000-0002-7626-8455
http://orcid.org/0000-0002-7626-8455
http://orcid.org/0000-0002-7626-8455
http://orcid.org/0000-0002-7626-8455
http://orcid.org/0000-0003-0426-6546
http://orcid.org/0000-0003-0426-6546
http://orcid.org/0000-0003-0426-6546
http://orcid.org/0000-0003-0426-6546
http://orcid.org/0000-0003-0426-6546
http://orcid.org/0000-0001-7004-6408
http://orcid.org/0000-0001-7004-6408
http://orcid.org/0000-0001-7004-6408
http://orcid.org/0000-0001-7004-6408
http://orcid.org/0000-0001-7004-6408
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-55825-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-55825-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-55825-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-55825-x&domain=pdf
mailto:iambpeng@nwpu.edu.cn
mailto:iamlli@nwpu.edu.cn
mailto:vc@nwpu.edu.cn
www.nature.com/naturecommunications


measurement of mitochondrial morphology have been established
based on image segmentation10. Threshold-based methods have
emerged as excellent and user-friendly options for the automated
quantification of various morphological features13–15. However, these
methods often struggle to achieve smooth and continuous segmen-
tation of intricate mitochondrial contours13–15. The utilization of deep
learning approaches for segmenting target images and defining mor-
phological boundaries prior to analysis has shown promise16–20.
Nevertheless, the challenge in collecting representative ground truth
training data, compounded by themitochondrial diameter nearing the
optical diffraction resolution limit (~200 nm)21, often results in deep
learning-based models struggling with effective feature extraction for
segmentation.

In addition tomitochondrial image segmentation, several existing
algorithms have realized mitochondrial image analysis. MitoMo
leverages machine learning for categorizing mitochondria in healthy
and damaged A549 cells22. MitoHacker predicts the DRP1 genotype
based on morphology with an accuracy of 87%23. Additionally, Mit-
ometer has employed random forest algorithm to classify mitochon-
dria in triple-negative breast cancer cells and their receptor-positive
counterparts15. Despite these technological strides, all these approa-
ches are limited to cellular levels outcomes such as cell fates or clas-
sification. Therefore, a notable deficiency in comprehensive and
precise prediction of mitochondrial functionality grounded in mor-
phological attributes remains. This lacuna underscores a significant
opportunity in the field, where the development of methodologies
that intricately links mitochondrial morphology with functions could
provide profound insights into cell biology and pathophysiology.

To achieve precise mitochondrial segmentation and function
prediction in live-cell images, we have developed MoDL, a deep
learning-based software package. MoDL possesses three key pipelines:
(1) Trained on over 20,000 manually labeled mitochondria from SR
images, MoDL achieves high-precision segmentation ofmitochondrial
contours from live-cell fluorescence images. This framework outper-
forms existing methods in delineating mitochondrial morphological
features and is adaptable to diverse imaging platforms and cell types
(Fig. 1a); (2) Based on high-quality segmentation and morphological
features, MoDL can accurate prediction on various mitochondria
functions by employing an ensemble learning algorithm. This pipeline
is powered by an extended dataset contains over 100,000 SR images,
each annotated with corresponding functional data obtained through
biochemical assays (Fig. 1b); (3) MoDL demonstrates the ability to
precisely predict functions of mitochondria from unseen cell types
through small sample size training. The robustness and generalization
of MoDL have been further verified by a drug-resistant cancer cell line
that has an abnormal pattern of mitochondrial morphological fea-
tures. (Fig. 1c).

By using MoDL, we have successfully predicted the different
trends of mitochondrial damages induced by mitochondrial targeting
or non-targeting cytotoxic reagents, including mitochondrial mem-
brane potential (MMP) polarization, respiration rate, reactive oxygen
species (ROS) production, ATP generation, and mitophagy level.
Notably, by employing data fine-tuning and retraining, with a small
training set, MoDL has revealed an abnormal pattern of mitochondrial
morphology in drug-resistant cancer cells, and accurately predicted
mitochondrial functions upon cisplatin intervention. Together, MoDL
offers a powerful tool for mitochondrial morphology analysis,
enabling precise investigation of the relationship between mitochon-
drial morphology and function.

Results
MoDL’s first pipeline: high-quality mitochondrial segmentation
Mitochondria structures are highly dynamic and have irregular shapes,
with the diameter approaching the optical resolution limit
(~200 nm)24,25. Accurate localization of mitochondria at this scale

requires defining morphological boundaries with single-pixel preci-
sion. This process, known as segmentation, constitutes a critical first
step in image analysis pipelines26,27. However, conventional optical
imaging tools often fail to capture the precise shape of mitochondria,
including intricate branching networks and ridges. This limitation
makes acquiring high-qualitymitochondrial segmentation a significant
challenge. Therefore, structured illumination microscopy (SIM, reso-
lution of 115 nm)28 was utilized to gather an extensive SR dataset for
training. This approach enabling effectively augments model robust-
ness and generalizability29. Next, we manually annotated approxi-
mately 20,000 individual mitochondria to obtain a high-quality
training set with desirable characteristics (Supplementary Note 1 and
Supplementary Fig. 1). The annotated cell lines include 143B (human
osteosarcoma cells), HeLa (human cervix cancer cells), U87 (human
astrocytoma cells), HepG2 and Hep3B (human carcinoma cells), L02
(human normal liver cells), A2780 (human ovarian cancer cells), and
MCF7 (human breast cancer cells, Supplementary Table 1). As the gold
standard in the field, this manual annotation of SR mitochondrial
images ensures the accuracy of feature recognition and generates
high-quality segmentation of mitochondrial fluorescence images in
living cells (Fig. 1a).

The foundational framework of the MoDL image segmentation is
based on U-Net30. To effectively extract deeper image features and
alleviate issues of gradient vanishing and exploding, we have intro-
duced residual networks (ResNets) after each convolutional layer in
U-Net31. Specifically, the introduced residual units consist of an
improved convolutional residual block and two identical residual
blocks. In the convolutional residual block, both the main and the side
paths are replaced with a combination of convolutional and max
pooling layers with a stride of two (Supplementary Fig. 2a, b). Simul-
taneously, to prevent an increase in skip connections span caused by
the growing depth of the architecture, we have introduced convolu-
tional block attention modules (CBAM) after the outermost skip con-
nection of the framework (Supplementary Fig. 2c). This enhancement
enables the model to focus on crucial information from a widely array
of feature maps in both spatial and channel dimensions. For spatial
attention, feature maps from global average and max pooling are
merged and processed through a convolutional layer to produce a
spatial attention map. For channel attention, global average, and max
pooling are applied to each channel, with the resulting descriptors
transformed through fully connected layers to obtain attention
weights. These mechanisms help enhance important features and
suppress less important ones, thereby avoiding potential errors when
concatenating features with themaximum spatial size in the outermost
skip connection. The final model consists of a total of 104 convolu-
tional layers and 16 max-pooling layers (Supplementary Note 2). In
summary, the incorporation of improved ResNets and CBAM has sig-
nificantly enhanced themodel architecture (Supplementary Fig. 2d and
Supplementary Table 2). To reduce the computational load, during the
model training, we initially decomposed 1 original stack (2048 × 2048
pixel2 resolution) into 16 patches (512 × 512 pixel2 resolution) for
training, later reassembling these segmentation patches to reconstruct
a complete image. Due to the potential loss of edge information in the
patches after being segmented by the model, we utilized stacking and
overlapping method to reconstruct this missing edge information,
generating a seamless and precise high-quality mitochondria segmen-
tation image (Supplementary Note 3 and Supplementary Fig. 3).

To assess MoDL’s performance, we compare several of these
open-source algorithms in the same stack. For the quantitative eva-
luation, we employed a comprehensive metrics including the Dice
coefficient, mean Intersection over Union (mIoU), and Pixel Accuracy
(PA), along with the extracted morphological features (mean area,
form factor, and branch length, Supplementary Note 4). The results
showed that retraining with our SR dataset has improved performance
of other deep learning-based algorithms: U-Net30 (Dice, mIoU, PA =
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0.85, 0.80, 0.92, respectively), MitoSegNet20 (0.83, 0.71, 0.90),
StarDist17 (0.80, 0.73, 0.91). However, MoDL (Dice, mIoU, PA =0.92,
0.84, and 0.95, respectively) still significantly outperformed them
(Fig. 2b and Supplementary Table 3). The threshold methods, includ-
ing Mitometer15 (0.76, 0.63, 0.84), and other competitors also under-
performed compared to MoDL (Fig. 2b and Supplementary Table 3).
Meanwhile, the extracted morphological features fromMoDL showed

no statistical difference compared to the ground truth (P >0.05).
Similar performancewas observed onlywithU-Net30 andMitoSegNet20

after retraining with SR dataset (Supplementary Table 3). Subse-
quently, for visualizing MoDL segmentation, we generated a pseudo-
color image reflecting the fluorescence intensity of each mitochon-
drion by multiplying the original stack with the mask (Fig. 2c and
Supplementary Note 5).

Fig. 1 | MoDL’s precise mitochondrial morphological analysis strategy. a The
first key pipeline of MoDL employs deep learning algorithms for precise and high-
quality segmentationofmitochondrialfluorescence images.MoDLwas trainedon a
set of over 20,000 independently manual annotations, derived from original
fluorescence images obtained by SR microscopy. b The second key pipeline of
MoDL centers on the regression analysis to accurately predict mitochondrial
functions, including the mitochondrial membrane potential (MMP) polarization,
respiration rate, reactive oxygen species (ROS) production, adenosine

triphosphate (ATP) generation, andmitophagy level. This processwas enhanced by
a dataset for a training ensemble learning algorithm that comprising over 100,000
images and annotated functionalities. c The third key pipeline of MoDL, employing
data fine-tuning and retraining alongside a substantial dataset, enables the precise
prediction of mitochondrial functions in drug-resistant cancer cells, which exhibit
abnormal morphology patterns, with small sample size training (created with
BioRender.com).
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Next, we compared the segmentation outputs from MoDL and
reported algorithms with the ground truth. MoDL provides smoother
and more continuous segmentation of individual mitochondrion,
effectively removing noise while preserving authentic details (Fig. 2d).
Moreover,MoDL successfully disentangled two tightly juxtaposed, yet
distinct, mitochondrial entities (Supplementary Fig. 2e). In contrast,
Mitochondria Analyzer13 andMitoGraph14 failed to identify most of the

mitochondria. This may be the thresholding method’s inability to
adapt to the complex and diverse structural of mitochondria mor-
phology (Supplementary Fig. 4). On the other hand, deep learning
algorithms, such as U-Net30, MitoSegNet20, and StarDist17, that are
retrained and fine-tuned using our SR dataset, could identify most of
the mitochondria. However, the retention of true mitochondria con-
tours and segmentation continuity of their outputs were weaker than
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that achieved byMoDL (Fig. 2d). We also evaluated the contribution of
SR dataset on the performance of MoDL by using confocal images as
the training dataset. The results demonstrated that SR dataset-trained
MoDL performed superior performance than confocal dataset-trained
MoDL in terms of Dice, mIoU, and PA (Supplementary Table 4). These
results further support the rationale and necessity of the construction
of the SR dataset for algorithm training. In general, MoDL represents
the current state-of-the-art algorithm in terms of both performance
and mitochondrial segmentation quality.

To validate the segmentation performance of MoDL, we con-
ducted tests assessing its robustness and generalizability, along with
evaluating its efficacy in mitochondrial morphology tracking in living
cells. In the robustness test, we subjected the original images to var-
ious blur and noise models, quantifying the resulting morphological
features and comparing them with ground truth (Supplementary
Fig. 5a). Our results demonstrated that significant differences
(P < 0.05) were observed only under conditions of exceptionally
strong interference (Supplementary Fig. 5b).

Subsequently, to evaluateMoDL’s generalization capability across
different cell lines, we tested cell lines that are included (HeLa, 143B,
L02) and excluded (PC9, human lung cancer cells; A549, adenocarci-
noma human alveolar basal epithelial cells; and PC12, rat adrenal
pheochromocytoma cells) in the training data. The results demon-
strated thatMoDLmaintained excellent segmentationperformance on
all the tested cell lines, exhibiting high-quality segmentation with
smooth contours and clear shapes, as well as high Dice coefficients,
mIoU, and PA (Fig. 2e and Supplementary Table 5). Furthermore, we
evaluated the fluorescence intensity of each segmentation image
through pseudo-color restoration, enabling assessment of the loading
capacity of mitochondria trackers across diverse cell lines (Supple-
mentary Fig. 6). Next, we compared MoDL’s generalization to process
fluorescence data fromdifferent imaging platforms, including SIM and
confocal microscopy (Fig. 2f and Supplementary Fig. 7). The results
indicated thatMoDLdisplayed very high robustness and compatibility,
with no significance between the morphological features extracted
from the two-microscope data (P > 0.05), along with high Dice, mIoU
and PA (SIM vs. Confocal = 0.92 vs. 0.88, 0.84 vs. 0.80, 0.95 vs. 0.93,
Fig. 2g, Supplementary Table 6). In contrast, an adaptive thresholding
method showed performance discrepancies between the two groups
(Fig. 2g, Supplementary Note 6, and Supplementary Table 6). Addi-
tionally, we conducted mean absolute percentage error (MAPE) com-
parisons of morphological features for individual mitochondrion
instances obtained from SIM and confocal against the ground truth
(Supplementary Table 6). The results provided strong evidence that
MoDL can be effectively applied to precisely segment mitochondrial
images taken from conventional resolution imaging systems. More-
over, to further evaluated MoDL’s generalization, we segmented ima-
ges that were captured with various the microscopic resolutions
(2048 × 2048 vs. 1024 × 1024 pixel2 resolution) and object lens

magnifications (100× vs. 60×). The results showed that MoDL’s
remained stable across different configuration parameters, with
minimalfluctuations inDice coefficient,mIoU, PA, and lowMAPE in the
morphological metrics of individual mitochondrion instances (Sup-
plementary Table 6). Together, these results underscored the high
robustness and generalization capabilities of MoDL in mitochondria
segmentation, highlighting its potential for broad utility in mito-
chondria morphology analysis.

Mitochondria morphology analysis based on MoDL
segmentation
To validate the ability of MoDL in monitoring mitochondrial
morphologies under different conditions, we first introduced mito-
phagy by carbonyl cyanide 3-chlorophenylhydrazone (CCCP, an oxi-
dative phosphorylation uncoupler)32, followed by inhibiting
mitochondrial fission via Mdivi-1 (a DRP1 inhibitor) treatment (Sup-
plementary Fig. 8a)33.MoDL segmentation showed thatwith increasing
incubation time of CCCP, the overall mitochondrial morphology gra-
dually transformed from highly elongated structures to sparsely fused
tubules and spheres (Supplementary Fig. 8b). After that, with the
addition of Mdivi-1, mitochondria exhibited a lengthening trend,
accompanied by an increase in branching and network complexity
(Supplementary Fig. 8c). Simultaneously, we calculated the overlap of
original and segmented images, indicating their high correlation
(Pearson’s r =0.84, Supplementary Fig 8d). This analysis affirms
MoDL’s capability for detail assessment of mitochondria, including
challenging features such as ridges.

Next, to further visually depict and quantitatively assess changes
in mitochondrial morphology under different statuses32,34, varying
concentrations of CCCP-treated cells were imaged and segmented by
MoDL (Fig. 3a, b). However, due to the intricate and diverse nature of
mitochondrial morphology, connecting mitochondrial functionalities
solely on visual observation or manual analysis of each single mito-
chondrion is challenging. Based on theMoDL segmentation results, we
extracted 31morphological features for individual mitochondrion and
over 100 quantitative metrics (comprising average, median, and
standard deviation for each image, Supplementary Table 8), offering a
broader set than current algorithms (Supplementary Table 9).

Based on the comprehensive analysis, we observed a high corre-
lation between the concentration of CCCP and various features, such
as area (1), perimeter (9), and equivalent diameter (3, Fig. 3c), indi-
cating a noticeable decrease in the size of individual mitochondrion.
Positive correlation between CCCP concentration and other features
like extent (5), solidity (10), and roundness (18) has alsobeenobserved,
suggesting a shape shift from elongated to circular forms and toneless
morphology. Furthermore, eccentricity (2), and branch count (19)
length (20–23) showed a strong inverse correlation, implying a decline
in mitochondrial network complexity and a trend towards uniformity.
Additionally, fluorescence intensity (31) shows a negative correlation

Fig. 2 | MoDL’s first key pipeline: high-quality and accurate segmentation of
mitochondrial fluorescence images. a Schematic diagram showing super
resolution-structured illumination microscopy (SR-SIM) imaging and the key steps
of MoDL in mitochondrial segmentation (created with BioRender.com).
b Segmentation performance (Dice coefficient, mIoU, and PA) comparison of
MoDL (red dot), open-source deep learning algorithms that are retrained with SR
dataset, i.e., U-Net30, MitoSegNet20, Stardist17, and Otsu’s threshold-based Mit-
ometer (green, cyan, blue, and orange dots, respectively)15. n = 200 images
(512 × 512 pixel2 resolution). c The segmentation results by MoDL. The original
images were first predicted into binary masks of segmentation images and then
multiplied by the fluorescence intensity in the original to obtain a pseudo-color
image that reflects individual mitochondrion fluorescence intensity. n = 30 images
(2048 × 2048pixel2 resolution), scale bar = 5μm. Zoomed-in the original and
pseudo-color images of mitochondria in two separate cells (i and ii), scale bar = 1
μm.dA comparison between the ground truth and the results of five segmentation

algorithms (512 × 512 pixel2 resolution). e Pseudo-color images (1024 × 1024 pixel2

resolution) generated by MoDL for mitochondrial segmentation in cell lines that
are included (HeLa, 143B, L02) and excluded (PC9, A549, PC12) in the dataset, scale
bar = 2μm. The Dice coefficient and relative fluorescence intensity of original
image were assigned in the pseudo-color. n = 28 (HeLa), 20 (143B), 27 (L02), 13
(PC9), 22 (A549), 16 (PC12) images (512 × 512 pixel2 resolution). f Fluorescence
imaging data obtained from SIM and confocal under the same viewing field, scale
bar = 2μm. g Quantitative assessment of mitochondrial morphological features
(mean area, form factor, branch length) between SIM and confocal images
employingMoDL (blue dot) and an adaptive thresholdmethod (orangedot).n = 60
images (512 × 512 pixel2 resolution). Data are given as the mean ± SD (b, g). Statis-
tical differences were calculated using a one-way ANOVA followed by Dunnett’s
multiple comparison test, P <0.0001 vs. MoDL (b), or a two-tailed Student’s t-test
(g). No significant (ns, P >0.05). Source data are provided as a Source Data file.
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with CCCP. This may be due to mitochondrial dysfunction leading to
the MMP depolarization, which reduces dye accumulation, and con-
sequently lowers intensity35. However, several features such as orien-
tation (8), centroid (11–13), andweighted distance (14–16) exhibited no
significant connection to mitochondrial damage. This could be
attributed to the mitochondrial layout and orientation changing with
dysfunction, but still predominantly oriented around the nucleus.
These analytical results uncovered distinct patterns of mitochondrial
morphology upon the treatment of CCCP at different concentrations,
indicating that changes in mitochondrial shapes represent key indi-
cators for assessing the degree of dysfunction (Fig. 3c).

We next confirmed the mitochondrial dysfunction introduced by
CCCP through a comprehensive range of biochemical assays, includ-
ing MMP polarization, ATP generation, ROS production, mitophagy
level, and respiration rate3 (Fig. 3d, Supplementary Note 7, and Sup-
plementary Figs. 9, 10). Subsequently, we conducted analysis of gene
expression changes associated with mitochondrial dynamics and bio-
genesis. Our qRT-PCR results showed that upon the treatment of
CCCP, fusion and biogenesis-related genes were downregulated, while
fission and mitophagy-related genes were upregulated (Fig. 3e and
Supplementary Fig. 11). These results strongly suggested mitochon-
drial morphology as a hallmark of mitochondrial functions. More
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importantly, MoDL reveals intricate morphological features that
strongly interconnect mitochondrial functions, empowering our next
stage of mitochondrial function prediction via MoDL segmentation
and analysis.

MoDL’s second pipeline: accurate prediction of mitochondrial
functions
Our utilization of MoDL has facilitated the identification of a strong
association between mitochondrial morphology and function. Next,
we aimed to predict mitochondrial function based on various mor-
phological features extracted by MoDL. Morphological feature-based
mitochondrial function prediction, being a significant challenge, is a
regression prediction issue for continuous target variables. For dataset
preparation, we assembled a comprehensive collection of over 115,405
mitochondrial images (512 × 512 pixel2 resolution) from various cell
lines, including HeLa (32,451), 143B (21,338), HepG2 (30,947), U87
(10,777) and L02 (19,892) cells. Each image in the dataset comes
annotated with five indicators representative of mitochondrial func-
tions (i.e., MMP polarization, ATP generation, ROS production, mito-
phagy level, and respiration rate, Supplementary Fig. 12). To ensure the
precision and robustness of our algorithm, we proposed an ensemble
learning approach that integrates image and numerical input (mor-
phology data) in the analysis of mitochondrial morphology. By lever-
aging various data types instead of relying solely on single-modality
information, we have gained a deeper understanding of the intricate
relationship between diverse mitochondrial morphology and func-
tions (Fig. 4a).

We adopt the boosting algorithms, including XGBoost (eXtreme
Gradient Boosting) and LightGBM (Light Gradient Boosting Machine)
fusion, and CNN (Convolution neural network) to train the numerical
and image data, respectively (Supplementary Fig. 13 and Supplemen-
tary Tables 10, 11). Inspired by the stacking approach36, our archi-
tecture involves a sequential learning process. The model comprises
multiple layers, each contributes uniquely to the overall model per-
formance. Since selecting initial learners is crucial, we chose XGBoost
as the first-layer base learner for its superior handling of numerical
features. Regularization prevents overfitting, enhancing base predic-
tions and providing more reliable input for subsequent layers37–39.
Firstly, we trained a feature set (Feature1-Featuren) using XGBoost-1
(XGB1) to produce predictions, which were then used as new features
(Featuren + 1). This new feature, Featuren + 1, was combined with the
original feature set and served as input features for LightGBM-1 (LGB1)
and LightGBM-2 (LGB2) in the second layer. The predictions fromLGB1
were further incorporated asnew features (Featuren+ 2), acting as input
features for XGBoost-2 (XGB2). The XGB1 and LGB1 layers provide
foundational feature processing and optimization, enabling themodel
to extractmore representative inputs from the initial raw features. The
XGB2 and LGB2 layers further enhance the model’s predictive cap-
ability and stability by integrating features generated from the

previous layers. Concurrently, the third layer incorporated a CNN+
model, trained on all segment image data, improving the model’s
performance in interpreting multi-dimensional data. The predictions
from LGB2 in the second layer were weighted together with the pre-
dictions from XGB2 and the CNN+model in the third layer to yield the
final fused output (Supplementary Fig. 13). This stacking framework
enhanced the performance of MoDL, enabling effective integration
and fusion of diverse data types. Ablation experiments revealed that
removing any components increased the model’s prediction mean
squared error (MSE). Moreover, altering the module sequence and
increasing the stacking depth beyond the optimal point led to dimin-
ished predictive performance (Supplementary Table 12).

Accounting for the mitochondria heterogeneity inherent to var-
ious cell types, we conducted separate trainings for HeLa, 143B,
HepG2, U87, and L02 cells in MoDL. Subsequently, we performed a
linear analysis between the prediction and ground truth obtained from
biochemical assays. Our results showed that the data points are largely
distributed around the fit line (y = x), with a Pearson correlation coef-
ficient (r >0.90) indicating a significant linear correlation between the
predictions and ground truth (Fig. 4b). Additionally, the residual plot
demonstrates minimal prediction bias, with residuals evenly dis-
tributed without any systematic pattern (Fig. 4b). This suggests
robustness and reliability ofMoDL in predicting variousmitochondrial
functions.

Through the comparison of various indicators, including error
analysis and the coefficient of determination, MoDL showed notable
advantages (Fig. 4c and Supplementary Fig. 14). Firstly, MoDL exhib-
ited significantly lower MSE, root mean square error (RMSE), and
relative root mean square error (R-RMSE) compared to the single-
modality algorithms (P <0.05), indicating smaller prediction errors in
regression tasks. Subsequently, MoDL yielded lower MAE and MAPE,
demonstrating accurate prediction of target variables and enhanced
stability in prediction results. Additionally, the MoDL algorithm out-
performed the key indicator of the coefficient of determination
(P < 0.05), reflecting a higher degree of fitting between prediction and
ground truth. This superior performancemay stem from the ensemble
learning’s adeptness in fully leveraging complementary information
between image and numerical data, thereby enhancing model pre-
diction accuracy (Fig. 4c and Supplementary Fig. 14).

To further validate the robustness ofMoDL, ablation experiments
were conducted. The obtained results demonstrated that even with a
reduced training data size of 5000 images (512 × 512 pixel2 resolution),
MoDL achieved accurate predictions of mitochondrial function, dis-
playing no significant deviations from the ground truth values (Fig. 4d,
P >0.05).However, when the training sample sizewas further reduced,
pronounced discrepancies emerged between the prediction and the
ground truth (Fig. 4d, P <0.05). Moreover, ablation experiments were
performed to investigate the impact of individual modules within the
fusion framework. Results showed that solely employing the

Fig. 3 | The close relationship between mitochondrial dysfunction and mor-
phological changes. a A schematic diagram illustrating the establishment of cel-
lular models with mitochondrial dysfunctional through carbonyl cyanide
3-chlorophenylhydrazone (CCCP) intervention. The study explored the relation-
ship between mitochondrial functions (MMP polarization, ATP generation, ROS
production, mitophagy level, and respiration rate) and morphological features
(created with BioRender.com). b Pseudo-color images obtained through MoDL
under CCCP treatment with different concentrations (0, 1, 5, 10, 20 µM, Time = 4 h)
in HepG2 cells, showing intuitive changes in mitochondrial morphology. n = 16
images (2048 × 2048 pixel2 resolution), scale bars = 5μm. c Comparisons of mito-
chondrial morphological features analyzed by MoDL. Statistical differences were
calculatedusing aone-wayANOVAfollowedbyDunnett’smultiple comparison test,
CCCP treatment (0, 1, 5, 10, and 20 µM) groups, respectively, vs. control. Pearson’s
correlation coefficient (r) between feature changes andCCCPconcentration (0, 1, 5,
10, and 20 µM). n = 2763 mitochondria. (1–10) area, eccentricity, equivalent

diameter, Euler’s number, extent, major axis, minor axis, orientation, perimeter,
solidity, (11–20) centroid x, centroid y, distance, weighted cent x, weighted cent y,
weighted distance, form factor, roundness, branch count, total branch length,
(21–31)meanbranch length,medianbranch length, stdbranch length,meanbranch
angle, median branch angle, std branch angle, total density, average density,
median density, aspect ratio, fluorescence intensity. d. Mitochondrial functions of
HeLa, 143B, HepG2, L02, and U87 (green, blue, red, purple, and orange lines,
respectively) cells under CCCP treatment (0, 1, 5, 10, 20 µM, Time = 4 h), n = 3
independent experiments, data are given as the mean ± SD. The original experi-
mental biochemical results are provided in Supplementary Data 1. e Gene expres-
sion levels, including fission-related (DRP1, FIS1 and MIEF1), fusion-related (MFN1
and OPA1), mitophagy-related (PINK1 and BNIP3), and biosynthesis-related (SIRT1),
in HeLa, 143B, L02, HepG2, and U87 cells under CCCP treatment (0, 1, 5, 10, 20 µM,
Time= 4 h). n = 3. Source data are provided as a Source Data file.
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XGBoost + LightGBM fusion, XGBoost, LightGBM, and CNN resulted in
substantial disparity between the predicted and ground truth (Fig. 4d,
P <0.05). These findings highlighted the importance of ensemble
learning algorithm in enhancing the prediction accuracy (Fig. 4d).

Lastly, we evaluated the computational costs of the MoDL vs. single
modules (Supplementary Table 13). Although ensemble learning
increases computational costs, they remain manageable. Notably, the
substantial improvement in prediction accuracy justifies this trade-off.

Fig. 4 | MoDL’s second key pipeline: ensemble learning algorithm enables
accurate prediction of mitochondrial functions. a A flowchart depicting the
ensemble learningpipeline: the boosting algorithmprocesses themorphology data
fromnumerical input, while the convolutionneural network (CNN)+ analyzedmask
features from the image input. Their integrated output facilitates precise mito-
chondrial function prediction (createdwith BioRender.com).bCorrelation (orange
dot) and residual (gray dot) analysis of MoDL’s prediction vs. ground truth for
relative MMP polarization, ATP generation, ROS production, mitophagy level, and
respiration rate. A comparison of Pearson’s correlation coefficient (r) is presented.
The shapedband in the plot represents the 95%prediction (orange) and confidence
(gray) interval. n = 100. c Comparative performance metrics, including mean
squared error (MSE), mean absolute error (MAE), and R2 of CNN+, boosting, and

MoDL (green, blue, and orange columns, respectively) in mitochondrial function
prediction, across 5 cell lines: HeLa (9735), 143B (6401), HepG2 (9284), U87 (3233),
and L02 (5967). n = 5 cell lines. d Statistical discrepancies between prediction and
ground truth values using MoDL, XGBoost + LightGBM, XGBoost, LightGBM, and
CNN inHepG2 cells, across varied training sizes of 30, 20, 10, 5, and 1 k, respectively.
P values are displayed in blue for non-significant and in orange for significant
differences. Data are given as the 95% prediction and confidence interval (b) or
mean ± SD (c). Statistical differences were calculated using a Kruskal-Wallis test
followed by Dunn’s multiple comparison test (c) and one-way ANOVA followed by
Dunnett’s multiple comparison test (d). No significant (ns, P >0.05). Source data
are provided as a Source Data file.
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MoDL evaluates drug efficacy on mitochondria
Encouraged by the capabilities of MoDL in mitochondrial function
prediction, we extended our investigation to observe variations in
mitochondrial function following treatment with different drugs in
human liver cancer and normal cells. The mitochondrial functions of
each batch of cells were imaged by SIM predicted by MoDL, and
evaluated by wet bench biochemistry assays, respectively (Fig. 5a and
Supplementary Fig. 12). To begin with, we evaluated the accuracy of
MoDL’s predictions ofmitochondrial function using different numbers
of mitochondrial images (512 × 512 pixel2 resolution, Fig. 5b). As
expected, the MAE between MoDL’s predictions and the ground truth
descendedwith increasednumber of images contributing to theMoDL
prediction process. The prediction stabilized near the ground truth
with an ensemble of 80 images (i.e., 5 images in 2048 × 2048 pixel2

resolution), underscoring the method’s enhanced confidence and
robustness. Therefore, in our following mitochondrial function pre-
diction, we acquired 5 SIM images (2048 × 2048 pixel2 resolution) for
each data point. MoDL also assessed the feature importance in mito-
chondrial function prediction (Supplementary Fig. 15), identifying the
top 3 pivotal attributes for diverse mitochondrial function predic-
tions (Fig. 5c).

We next utilized MoDL to predict mitochondrial functions under
the treatment of CCCP or Doxorubicin40 (DOX, a DNA synth-
esis inhibitor) at two concentrations (1 and 5μM). Although CCCP and
DOX are both cytotoxic agents, their mechanisms of action are mito-
chondria and nucleus-targeted, respectively (Fig. 5a).MoDL processed
the corresponding images, generating predictions of mitochondrial
functions in MMP polarization, ATP generation, ROS production,
mitophagy level, and respiration rate (Fig. 5d, dash line). According to
MoDL predictions, both CCCP and DOX significantly reduced ATP
generation in HepG2 cells (Fig. 5d, P >0.05), attributable to the cyto-
toxicity from both drugs lowering cell viability and ATP generation.
However, MoDL analysis revealed that, compared to DOX, CCCP was
more effective in inducing MMP depolarization, mitophagy, and
respiration rate at both concentrations (Fig. 5d, P <0.05).While only at
higher concentration did CCCP introduce significantly higher ROS
production compared to DOX. This disparity may arise from targeting
action of CCCP on mitochondria, promoting an earlier and prominent
effect on mitochondrial function. Notably, all these prediction results
from MoDL have been further verified by biochemistry assays in par-
allel (Fig. 5d, solid line) which are consistently aligned with the pre-
dicted outcomes (P >0.05).

In another experiment, L02 cells were first treated with Mitoqui-
none (MitoQ, a synthetically engineered antioxidant)41 and Polydatin
(Pol, a natural small molecule antioxidant derivatized of resveratrol)42

followed by the introduction of CCCP (Fig. 5a). Compared to the more
established mechanisms of MitoQ, Pol remains largely unexplored
regarding its biological benefits and underlying mechanisms.
Employing MoDL to investigate the potential pharmacological activity
of Pol in protecting mitochondrial functionality would provide valu-
able insights. According to the analysis fromMoDL, Pol exhibitedmore
effective inhibition in MMP depolarization, preserved ATP synthesis,
and respiration rate compared to MitoQ (Fig. 5e, P <0.05). Further-
more, both drugs demonstrated efficacy in suppressing ROS produc-
tion. However, MitoQ effectively restored mitophagy level to normal,
Pol exhibited no influence in this regard. These findings highlighted
the significance of delving deeper into the protective mechanisms of
natural products like Pol on mitochondria. Similarly, the correspond-
ing biochemistry assays (Fig. 5e, blue columns, P >0.05) further sub-
stantiated MoDL’s precision in accurately predicting the dynamic
changes in mitochondrial functions (Fig. 5e, orange columns).

The observations indicated thatMoDL has the potential to predict
the effects of drugs on various mitochondrial function indicators,
thereby distinguishing their respective action pathways and offering
an initial assessment of drug efficacy. Consequently, MoDL emerges as

a powerful tool for facilitating high-throughput drug screening and
providing insights into drug efficacy and mechanisms.

MoDL’s third pipeline: prediction in unseen cell types with small
sample size training
Drug resistance is the primary factor contributing to the failure of
tumor chemotherapy, often stemming from the mutations that occur
in tumor cells under prolonged drug pressure43. A variety of anticancer
drug-resistancemechanisms have been reported, including significant
disparities in mitochondrial function and morphology, representing a
novel avenue for exploring the intricacies of tumor drug-resistance44,45.
Leveraging MoDL, we uncovered aberrations in mitochondrial mor-
phological changes in cisplatin-treated drug-resistant A2780 cells
(Fig. 6a). Basal A2780 S cells (cisplatin-sensitive) exhibited a highly
fused mitochondrial morphology characterized by MoDL. In contrast,
A2780 CP cells (cisplatin-resistant) displayed a propensity towards
spherical and short rod-shaped mitochondria with enhanced fission
and mitophagy events46 (Fig. 6a). Subsequently, we conducted cis-
platin intervention experiments and MoDL indicated that as the
dosage of cisplatin increased, themitochondrialmorphology of A2780
S cells transitioned gradually from the initial highly fused state to a
fragmented state (Fig. 6b, c and Supplementary Fig. 17a), showing the
similar trend with other cancer cell lines (Fig. 3b).

Intriguingly, our segmentation of cisplatin-resistant A2780 CP
cells by MoDL revealed a phenomenon contrary to that in cisplatin-
sensitive A2780 S. As cisplatin dosage increased, mitochondrial mor-
phology underwent a gradual transition from an initially highly frag-
mented state towards a more fused configuration (Fig. 6b and
Supplementary Fig. 17a). Moreover, our detailed quantitative analysis
of mitochondrial morphology of A2780 CP cells via MoDL highlighted
a notable trend in response to increasing cisplatin concentrations,
which is characterized by a consistent increase in mitochondrial area,
form factor, and branch length, accompanied by a decrease in solidity
(Fig. 6c). This anomalous phenomenon underscores the complex and
divergent adaptations in drug-resistant cell lines. These findings not
only contribute to a better understanding of the biological mechan-
isms underlying tumor drug resistance but also inspire novel ther-
apeutic strategies targeting drug-resistant tumor cells. It should be
noted that the observation of these “abnormal” changes in mito-
chondrial morphology was realized under consistent live-cell imaging
with the aid of precise segmentation and analysis from MoDL.

In our subsequent work, we endeavored to use MoDL to predict
mitochondrial functions in A2780 cells. Given the unique char-
acteristics of this cell line, retraining of the model was necessary.
Fortunately, this did not require a vast new collection of mitochon-
drial images. By strategically selecting highly relevant features from
our extensive pre-existing dataset, we employed Z-score calculations
to extract data from the large dataset that was highly compatible
with the A2780 dataset (Supplementary Note 8). We found that a
subset of 20,000 samples significantly minimized the MSE between
predicted mitochondrial functions and ground truth for the A2780
task (Fig. 6d). However, beyond this point, increasing subset size
introduced high Z-score samples, leading to more irrelevant or noisy
data (Supplementary Table 14). This degraded the training process
and decreased prediction accuracy, resulting in a higher MSE
(Fig. 6d). Notably, the newly assembled dataset of just 1440 images
(equivalent to 90 images at 2048 × 2048 pixel2 resolution, which
could be completed within 2 h using NIS-Elements) was adequate to
re-train MoDL to predict mitochondrial functions in A2780 cells with
high accuracy (Fig. 6e). Predicted outcomes from MoDL (Fig. 6e,
dash line) are consistently aligned with the biochemistry assays
(Fig. 6e, solid line, P > 0.05). These findings imply a distinct mito-
chondrial adaptation to cisplatin in drug-resistant cells. More
importantly, our results have demonstrated the practical potential of
MoDL in predicting mitochondrial functions in unseen cell types,
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despite the limitations of sample size and distinct morphology
patterns.

Discussion
MoDL is a deep learning algorithm that performs high-accurate seg-
mentation of mitochondria and predicts its function in live-cell ima-
ging. The first key pipeline of MoDL is mitochondrial segmentation. In
training set preparation, we annotated over 20,000 mitochondria to
optimize learning features and achieve accurate segmentation. Fur-
thermore, we incorporated ResNets, CBAM, and U-Net to deepen the
model architecture. Compared to published methods, MoDL not only
exhibited higher performance but also demonstrated very high
robustness through blur/noise models. Next, we verified the ability of

MoDL to be deployed across SIM and confocal imaging platforms.
Meanwhile, MoDL could also precisely track the mitochondrial mor-
phological changes under different conditions. Based on the high-
quality segmentation outputs from MoDL, we comprehensively and
quantitatively analyzed mitochondrial morphologies, generating 31
morphological features for individual mitochondrions and over 100
quantitative metrics. We then conducted a wide range of mitochon-
drial function analyses both by MoDL and biochemistry assays,
demonstrating a high correlation betweenmitochondrial morphology
and functions.

We further established an ensemble learning algorithm, the sec-
ond key pipeline of MoDL, which realizes regression and prediction of
mitochondrial functions. Ensemble learning integrates numerical

Fig. 5 | MoDL enables assessment of drug impact channel on mitochondrial
functions. a A scheme illustrating the MoDL predicts the impact of various drugs
on mitochondrial functions in human liver cancer and normal cells (created with
BioRender.com). b The MAE between the MoDL’s predictions and ground truth
were calculated from different numbers of tested images (16, 32, 48, 64, 80, and
160), respectively. c Identification of the top 3 important features in MoDL’s pre-
dictions of various mitochondrial functions, along with Pearson’s correlation
coefficient (r) for each feature relative to the ground truth. d MoDL prediction of
changes in MMP polarization, ATP generation, ROS production, mitophagy level,
and respiration rate in HepG2 cells treated with CCCP (orange and red lines) and
Doxorubicin (DOX, 1 and 5μM, green and blue lines) for 0 (control), 2, 4, 6, 12, and

24h. The dash and solid lines represent prediction and ground truth (biochemical
assays), respectively. n = 3 independent experiments. e MoDL’s prediction of
mitochondrial protection in L02 cells treated with Polydatin (Pol, 50μM) and
Mitoquinone (MitoQ, 1μM) for 24 h, followed by CCCP (5μM) for 4 h. The orange
and blue columns represent prediction and ground truth (biochemical assays),
respectively,n = 3 independent experiments. Data are given as themean ± SD (d, e).
The original experimental biochemical results are provided in Supplementary
Data 2 and 3 (d, e). Statistical differences were calculated using a two-sided Mann-
Whitney test (d, e). No significant (ns, P >0.05). Source data are provided as a
Source Data file.
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input of morphological data and image of mitochondrial features. Its
robustness was enhanced by training on a dataset contains over
100,000 SR images, each annotated with corresponding functional
data obtained through biochemical assays. Our findings indicated that
the predictive outcomes of the ensemble learning algorithm are not
significantly different from the ground truth values obtained through
biochemical methods. Furthermore, we utilized MoDL to assess drug
impact patterns on mitochondrial function in liver cancer and normal
cells. We verified that a natural product, Pol, can effectively protect
mitochondrial functions.

Our current study implementing five key metrics, however,
mitochondrial function is inherently diverse, and other indicators
such as changes in fatty acid oxidation (FAO) are also closely
linked to mitochondrial morphology47–49. Using MoDL, we have suc-
cessfully predicted FAO level in the CCCP-treated HepG2 model

(Supplementary Note 9, Supplementary Fig. 18, and Supplementary
Table 15). Looking forward, we anticipate that incorporating a wider
array of indicators in the future will enhance the generalization cap-
ability and application scope ofMoDL. This expanded framework aims
to provide a more comprehensive depiction of mitochondrial phy-
siological states, potentially deepening our understanding of mito-
chondrial morphology and its implications in health and dysfunction.
This will pave the way for more accurate diagnostics, improved ther-
apeutic strategies, and novel insights into cellular metabolisms.

In considering features for model training, fluorescence intensity
also should be taken into account. However, the intensity of mito-
chondria is influenced by various factors during imaging50. For
instance, different dyes exhibit varying photobleaching resistance,
leading to discrepancies in signal intensity. Additionally, imaging
conditions, such as focus plane adjustments, laser power, and

Fig. 6 | MoDL’s third key pipeline: data fine-tuning and retraining enables
prediction in unseen cell types with small sample size training. a An illustrative
schemepresents the distinctmitochondrialmorphological trendsof drug-sensitive
and -resistant human ovarian cancer cells upon cisplatin treatment (created with
BioRender.com). b MoDL-generated pseudo-color images (1024 × 1024 pixel2

resolution) display the mitochondrial morphology under cisplatin treatment (0, 1,
5, 10μM) for 24h, and the corresponding morphological quantitative features (c),
including mean area, form factor, branch length, and solidity. The blue and orange
dot represent A2780 S and A2780 CP cells, respectively. n = 85 images (512 × 512
pixel2 resolution), scale bars = 2μm.dThe impact of collecting diverse sample sizes
from a pre-existing dataset on the MSE in MoDL’s predictions (initial training

set = 1120, test set = 320, i.e., 70 and 20 images in 2048 × 2048 pixel2 resolution,
respectively). e MoDL’s predictions of changes in MMP polarization, ATP genera-
tion, ROS production, mitophagy level, and respiration rate in A2780 S (blue line)
and A2780 CP (orange line) cells treated with cisplatin (0, 1, 5, 10μM) for 24h. The
dash and solid lines represent prediction and ground truth (biochemical assays),
respectively. n = 3 independent experiments. Data are given as themean± SD (c, e).
The original experimental biochemical results are provided in Supplementary
Data 4 (e) Statistical differences were calculated using a two-way ANOVA, A2780 S
vs. A2780 CP cells and cisplatin treatment 10μM groups vs. control (c) or a two-
sided Mann–Whitney test, prediction vs. ground truth (e). No significant (ns,
P >0.05). Source data are provided as a Source Data file.
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exposure time, significantly impact observed intensity. Therefore,
standardized imaging protocols are crucial. In our study, due to the
prolonged data collection period and inherent variability, we have not
yet incorporated fluorescence intensity as a feature for further func-
tional insights. Moving forward, we aim to standardize imaging pro-
tocols to include fluorescence intensity in our model training. We
anticipate that this will enhance the robustness of MoDL, offering
more comprehensive and reliable insights into mitochondrial health
and disease.

Lastly, through the application of MoDL, we have identified dis-
tinct morphological changes in mitochondria within drug-resistant
A2780 CP cells. Upon cisplatin treatment, these cells demonstrated
morphological trends that were contrary to those observed in normal
cells. Furthermore, MoDL’s third key pipeline, bolstered by the sub-
stantial dataset alongside data fine-tuning and retraining, has achieved
precise predictions of mitochondrial functions in A2780 CP cells,
despite the limitations of small sample size training and abnormal
mitochondrial morphology patterns. In practice, MoDL requires just a
modest collection of approximately 90 images in 2048× 2048 pixel2

resolution from users, which are corroborated with experimentally
tested functions.Bycapitalizingondatafine-tuning and retrainingwith
our comprehensive dataset, MoDL demonstrated robustness and
generalization capabilities in accurately predicting mitochondrial
functions across a spectrum of cell types. Looking forward, our aim is
todevelopMoDL into anonline, freely accessible service, available on a
public platform for the benefit of the wider scientific community.

We believe that MoDL serves as a robust tool for accurate and
effective analysis of mitochondria in live-cell images. Furthermore, we
envisionMoDL fostering the widespread dissemination of feature data
related tomitochondrialmorphology and function. This, in turn, could
enable the utilization of deep learning to enhance generalization and
conduct morphological analysis under various circumstances. Addi-
tionally, we anticipate MoDL’s contribution to diverse mitochondria-
related scientific research, such as drug discovery51, mitochondrial
transplantation52, sensing53, disease diagnosis54, and targeted drug
delivery55, thereby opening avenues for the study of mitochondria.

Methods
Cell lines and cell culture
The cell lines 143B (human osteosarcoma cells, CRL-8303), HeLa
(human cervix cancer cell, CCL-2), U87 (human astrocytoma cell, HTB-
14), HepG2 (HB-8065) and Hep3B (human carcinoma cells, HB-8064),
and MCF7 (human breast cancer cell, HTB-22) were obtained from
American Type Culture Collection (ATCC). The cell lines L02 (human
normal liver cell, CL-0111) and A2780 (human ovarian cancer cells, CL-
0013) were purchased fromProcell Life Science&Technology Co., Ltd.
Cells were cultured under standard conditions (95% humidity, 5% CO2,
37 °C) and harvested by 0.5% (w/v) trypsin-EDTA solution. Before
undergoing further experiments, cells were seeded in 96- or 6-well
plates in DMEM (Dulbecco’s modified eagle medium, Gibco) supple-
mented with 10% fetal bovine serum (Gibco), 100U/ml penicillin, and
100μg/mL streptomycin (HyClone).

Live-cell imaging
The Nikon C2plus&N-SIM E is an integrated microscope capable of
compatibility with both SIM and confocal. The training dataset for the
MoDL segmentation pipeline was collected using SIM, while the test
and validation datasets were obtained using SIM and confocal micro-
scopy. Prior to imaging, the wild-type HeLa, 143B, U87, HepG2, Hep3B,
L02, A2780, andMCF7 cells were seeded in glass-bottomed dishes and
grown to 60–70% confluence in DMEM. After staining the cells with
MitoTracker-Green, MitoTracker-Red, and MitoTracker-DeepRed
(100nM) for 30min, the cells were washed with PBS buffer three
times and supplemented with phenol red-free DMEM. The glass-
bottomed dishes were then transferred to the imaging platform of the

microscope for imaging. HepG2 cellswere transfectedwithGFP (green
fluorescent protein) or RFP (red fluorescent protein)-expressing len-
tiviral vectors (Xi’anOrbitalgeneCo,China) to express high amounts of
endogenous GFP or RFP targeted to the mitochondria. Fluorescence
imaging was performed with Nikon N-SIM E with the CFI Apochromat
TIRF 100XC Oil (N.A. ≥1.49, WD. ≥0.12mm).

Live-cell mitochondrial morphological tracking
Wild-type HepG2 cells were seeded in glass-bottomed dishes and
allowed to reach 60–70% confluency. After incubation with
MitoTracker-Green for 30min, the medium was replaced with fresh
DMEM containing CCCP (10μM). The dishes were then placed in a live-
cell imaging workstation maintained at 37 °C with 5% CO2. Imaging
coordinates of fixed viewing region were recorded using Nikon N-SIM
E to capture images at 0, 1, and 2 h points. Subsequently, the medium
was removed again and replaced with fresh DMEM containing Mdivi-1
(10μM). Additional images were acquired at 2, 3, and 4 h time points
using the same imaging coordinates established earlier. This experi-
mental setup enabled the observation of mitochondrial dynamics in
HepG2 cells, allowing for the investigation of the effects of CCCP and
Mdivi-1 on mitochondrial morphology.

Detection of mitochondrial ROS production
MitoSOXTM, a commercial fluorogenic dye specifically targeted to
mitochondria in living cells. Oxidation of MitoSOX™ by ROS produces
fluorescence. The cells were seeded in glass-bottomed dishes and
grown to 50–60% confluence in DMEM. The above cells were incu-
bated with drugs for different time points, followed by replacing with
fresh DMEM containing MitoSOXTM (5μM) for 20min. The cells were
then washed with PBS buffer three times and imaged with the EVOS
fluorescent inverted microscope immediately with a band path of
550–600nm upon excitation at 488 nm in same exposure and exci-
tation settings.

Seahorse XFe-24 metabolic flux analysis
A total of 3 × 105 cells/well were seeded into XFe 24-well cell culture
plates and incubated overnight to allow attachment. The cells were
then treated with CCCP (0, 1, 5, 10, 20 µM) for 4 h. The vehicle-alone
(DMSO) control cells were processed in parallel. After treatment, the
cells were washed in pre-warmed XF assay media (XF assay media
supplemented with 10mM of glucose, 1mM of Pyruvate, and 2mM of
L-glutamine, and the pH adjusted to 7.4). The cells were then main-
tained in 500 µL/well of XF assaymedia at 37 °C in a non-CO2 incubator
for 1 h. For OCRmeasurement, 1 µM of oligomycin, 0.5 µM of carbonyl
cyanide-4-(trifluoromethoxy) phenylhydrazone (FCCP), 0.5 µM of
rotenone/antimycin A were subsequently added in XF assay media,
and loaded in the XFe-24 sensor cartridge. The measurements were
normalized by protein content (SRB assay). All experiments were
performed in triplicate. The Cell Mito Stress Test was generated by
following the manufacturer’s guidelines and instructions (Seahorse,
Agilent Technologies).

Detection of MMP polarization
The JC-10 commercial assay kit (Abcam) was used to detect MMP
polarization. In the healthy mitochondria, JC-10 aggregates within the
mitochondrial matrix, forming polymers that emit red fluorescence.
Conversely, under conditions ofmitochondrial damage and decreased
MMP, JC-10 cannot accumulate within the matrix and exists as mono-
mers, generating green fluorescence. The transition from red to green
fluorescence provides a quantifiable measure of mitochondrial depo-
larization. Cells were seeded in 6-well plates and allowed to grow to
60–70% confluence before treatment with drugs. Subsequently, the
culturemediumwas replacedwith fresh DMEM supplementedwith JC-
10 (10μM) and incubated for 30min. After the desired treatment
duration, cells were washed with PBS buffer and detached using

Article https://doi.org/10.1038/s41467-025-55825-x

Nature Communications | (2025)16:743 12

www.nature.com/naturecommunications


trypsin-EDTA. Then, the cells were collected and centrifuged to obtain
a cell pellet, which was then resuspended in 200μL of PBS buffer in
1.5mL tubes. Flow cytometry (CytoFLEX S) was then employed to
analyzeMMPpolarization. Forward scatter (FSC) and side scatter (SSC)
gates were applied to exclude low-FSC/low-SSC debris. In the healthy
mitochondria, JC-10 aggregates within the mitochondrial matrix,
forming polymers that emit red fluorescence (λex = 561 nm,
λem = 585 nm, detected in the PE channel). Under conditions of mito-
chondrial damage and decreased MMP, JC-10 cannot accumulate
within the matrix and exists as monomers, generating green fluores-
cence (λex = 488 nm, λem= 525 nm, detected in the FITC channel). The
PE/FITC ratio provides a quantifiable measure of mitochondrial
depolarization.

Detection of ATP generation
The commercial CellTiter-Glo® assay kit (Promega) was utilized to
quantify ATP generation, a key indicator of mitochondrial function.
The assay relies on a homogeneous quantification of ATP through a
luminescence-based readout. CellTiter-Glo® Reagent was prepared by
mixingCellTiter-Glo®Buffer andCellTiter-Glo® solution. The cells were
seeded in a 96-well opaque plate at a density of 70–80% confluency
and treatedwith 100μLofDMEM followedby the addition of 100μLof
CellTiter-Glo® Reagent per well. The plate was then placed on an
orbital shaker for 2min to induce cell lysis. Following shaking, theplate
was incubated at room temperature for 10min to stabilize the lumi-
nescent signal before recording the phosphorescence signal using a
microplate reader (TECAN).

Detection of mitophagy level
Recently, we reported a development of a pyrimidine-based small-
moleculefluorescent probe, Z2, formonitoringmitophagy throughpH
changes within the mitochondria56. The core structure of Z2 was
designed with a push-pull electronic configuration, and the terminal
hydroxy groups of the pyrimidine moiety were capped to effectively
suppress the intramolecular charge transfer (ICT) effect, thereby
minimizing the fluorescence quantum yield. Under acidic conditions,
the dimethylaniline moiety undergoes protonation, leading to
restoration of the ICT effect and subsequent fluorescence signal gen-
eration. To achieve mitochondrial targeting, Z2 was modified with a
triphenylphosphonium cation (TPP+) moiety, resulting in a Pearson’s
correlation coefficient (r =0.90) comparable to commercially available
mitochondrial dyes. This innovative design of Z2 offers a promising
tool for investigatingmitophagy by facilitating real-timemonitoring of
pH changes within the organelle. The cells were seeded in glass-
bottomed dishes and grown to 50–60% confluence in DMEM. The
above cells were incubated with drugs, the medium was removed,
freshDMEMcontainingZ2 (5μM)wasadded and incubated for20min.
After the desired time, the cells were washed with PBS buffer three
times. Then the cells were imaged with the Nikon C2plus confocal
microscope immediately with a band path of 550–600nm upon
excitation at 488 nm.

Quantitative real-time PCR (qRT-PCR)
Total RNAwas extracted by using TRIzol reagent (Invitrogen) after the
indicated treatments. In total, 500 ng of isolated RNA was reverse
transcribed into complementary DNA using a Prime Script RT Reagent
Kit (Takara). qRT-PCR was performed with a CFX Connected real-time
system (Bio-Rad) usingUltra SYBRGreenMixture (Takara) and specific
primers. The amplification conditions were initial denaturation at
95 °C for 30 s, followed by 40 cycles of 95 °C for 5 s and 60 °C for 30 s.
Each sample was run in triplicate. The specificity of PCR products was
confirmed by melting curve analysis. Relative expression was quanti-
fied by the 2-DDCt method. GAPDH was used as the housekeeping gene
tonormalize gene expression levels. The primer sequences are listed in
Supplementary Data 5.

Western blot analysis
Total cell protein lysates were separated by 10% SDS-PAGE electro-
phoresis and then transferred to polyvinylidene difluoridemembranes
(0.2mm pore size) (Millipore, USA). After blockade with 5% skim milk
powder TBST for 1 h at room temperature (RT), the membranes were
then incubated with antibodies against DRP1 (EPR19274, #ab184247,
abcam, 1:1000), OPA1 (D6U6N, #80471, Cell Signaling Technology,
1:1000), BNIP3 (EPR4034, #ab109362, abcam, 1:1000), SIRT1 (D1D7,
#9475, Cell Signaling Technology, 1:1000), GAPDH (1E6D9, #60004-1-
Ig, proteintech, 1:5000) overnight at 4 °C. The secondary antibodies
were HRP-coupled goat anti-rabbit IgG (H+ L) antibody, peroxidase-
labeled (#074-1506, Kirkegaard & perry laboratories, 1:5000), anti-
mouse IgA + IgG + IgM (H + L) antibody, human serum adsorbed and
peroxidase-labeled (#074-1807, Kirkegaard & perry laboratories,
1:5000). The membranes were visualized with chemiluminescent per-
oxidase reagents (BioCytoSci, USA) and the expression of target pro-
teins was analyzed with Quantity One software.

Statistics and reproducibility
The experiment was independently repeated and depicted in figure
legends, and the results were similar. All representative images pre-
sented were reproduced with similar results. All the experimental
data were analyzed with GraphPad Prism 9 (GraphPad Software, San
Diego, CA). The results in all the experiments were presented as
mean ± standard deviation (s.d.). The experiments were indepen-
dently repeated at least 3 times. Normality and homogeneity of
variances were assessed using the Shapiro-Wilk test and Brown-
Forsythe test, respectively. For non-normally distributed data, sta-
tistical comparisons were conducted using the Kruskal-Wallis test
followed by Dunn’s multiple comparison test (more than two groups)
or Mann–Whitney test (two groups). For normally distributed data,
statistical comparisons were conducted using one-way or two-way
ANOVA followed by Dunnett’s multiple comparison test (more than
two groups) or two-tailed Student’s t-test (two groups). A P value
(<0.05) was considered statistically significant: *P < 0.05, **P < 0.01,
***P < 0.001, ****P < 0.0001.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data needed to evaluate the conclusions in the paper are present in
the Source Data file, Supplementary Data files, and in the Supple-
mentary Information. The datasets generated and/or analyzed during
the study are available on GitHub (https://github.com/OBPNPW2024/
MoDL). Source data are provided with this paper.

Code availability
The MoDL algorithm is written in Python 3.8.0. The corresponding
source codes and scripts are available through GitHub at (https://
github.com/OBPNPW2024/MoDL). The executable files and codes are
also deposited on (https://doi.org/10.5281/zenodo.10889133)57.
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