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A B S T R A C T   

Autophagy is a critical conserved cellular process in maintaining cellular homeostasis by clearing and recycling 
damaged organelles and intracellular components in lysosomes and vacuoles. Autophagy plays a vital role in cell 
survival, bioenergetic homeostasis, organism development, and cell death regulation. Malfunctions in autophagy 
are associated with various human diseases and health disorders, such as cancers and neurodegenerative dis
eases. Significant effort has been devoted to autophagy-related research in the context of genes, proteins, 
diagnosis, etc. In recent years, there has been a surge of studies utilizing state of the art machine learning (ML) 
tools to analyze and understand the roles of autophagy in various biological processes. We taxonomize ML 
techniques that are applicable in an autophagy context, comprehensively review existing efforts being taken in 
this direction, and outline principles to consider in a biomedical context. In recognition of recent groundbreaking 
advances in the deep-learning community, we discuss new opportunities in interdisciplinary collaborations and 
seek to engage autophagy and computer science researchers to promote autophagy research with joint efforts.   

1. Introduction 

We have published three articles as part of an “unanswered question” 
series of reviews, entitled “The molecular machinery of autophagy: 
unanswered questions” [1], “The regulation of autophagy: unanswered 
questions” [2], and “Autophagy and diseases: unanswered questions” 
[3], discussing fundamental concepts of the autophagy mechanism and 
unanswered aspects of its involvement in various human diseases. With 
the increasingly emerging large-scale sets of data, there is a significant 
need to integrate and utilize these data to provide novel insights to 
understand the complicated process of autophagy with ML tools. In this 
review, we provide a comprehensive view of the progress made in 
applying ML algorithms to autophagy research. In our discussion, we 
explore four key research categories: gene/protein identification, 
biomarker identification, drug discovery, and morphological analysis. 
Each category represents a distinct topic of autophagy research where 
ML approaches have shown significant promise. By exploring these 
diverse topics, we aim to highlight the versatility and potential of ML 
applications in advancing our understanding of autophagy across 
various research domains. We also provide questions and potential 

directions that may bring new breakthroughs in our understanding and 
offer promising opportunities for interdisciplinary collaborations. 

2. Research questions 

In this review, we address and provide insights into the following 
research questions, catering to a diverse audience with an autophagy or 
ML background to promote future interdisciplinary research: 

(1) What machine learning models are currently utilized in auto
phagy research? 

(2) What kind of autophagy research has been explored with ma
chine learning? 

(3) What will be the promising directions for interdisciplinary 
research of autophagy and machine learning? 

To respond to the first question, an in-depth analysis is conducted in 
the subsection titled “Autophagy Machinery and Machine Learning 
Concepts.” The second research question is answered in the “Recent 
Advances” section with four distinct research topics. Last, the third 
question is discussed in the “Open Questions” section, providing po
tential directions for future research. We show an overview of our paper 
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in Fig. 1. 

3. Autophagy machinery and machine learning concepts 

As an interdisciplinary review targeting an audience with potentially 
diverse backgrounds, we start with basic concepts of autophagy and ML. 
In this section, we first briefly review the fundamental concepts of 
autophagy and highlight its crucial role in diverse aspects of cellular 
physiology. We aim to bridge the gap between autophagy research and 
ML by introducing key models and evaluation metrics that have been 
frequently utilized in current autophagy research. 

3.1. Autophagy concepts 

Autophagy serves as a critical cellular process that balances sources 
of energy during key development stages and in response to nutrient 
stress. With its role in degrading and recycling misfolded or aggregated 
proteins, damaged organelles, and intracellular pathogens, autophagy
—or autophagy dysfunction—is widely connected with the development 
of diseases, including cancer, metabolic disorders and neurodegenera
tive diseases [4]. 

Depending on the mechanism of how cargos are delivered to lyso
somes for degradation, there are three primary types of autophagy, 
including macroautophagy, microautophagy, and chaperone-mediated 
autophagy (CMA) [5]. 

Macroautophagy, the most widely investigated form, holds a key 
position in the development of numerous diseases linked to autophagic 
irregularities/dysfunction. Its evolutionarily conserved process encom
passes five stages: initiation, nucleation, expansion, fusion, and degra
dation and recycling (Fig. 2) [6]. Morphologically, macroautophagy is 
distinguished by the creation of autophagosomes, which are double- 
membrane structures facilitating the transport of damaged organelles 
and protein aggregates to lysosomes. The process of macroautophagy is 
characterized by the hierarchical involvement of ATG (autophagy 
related) proteins. 

Macroautophagy can be categorized into two main types: selective 
autophagy and nonselective (also referred to as bulk) autophagy. Se
lective autophagy is distinguished by its high specificity in selecting and 
delivering specific cargo for degradation [7]. Conversely, nonselective 
autophagy is thought to randomly engulf cytoplasm and lacks specificity 
in the cargo it targets for degradation. Mitophagy, the selective auto
phagic degradation of mitochondria, is the most comprehensively 
studied form of selective autophagy; it holds a significant role in 

safeguarding against numerous diseases, especially various neurode
generative conditions. This process aids in the removal of damaged 
mitochondria and contributes to the regulation of mitochondrial quality 
control. 

Microautophagy, which entails the direct translocation of cytosolic 
material into lysosomes via membrane invagination or protrusion, 
contributes significantly to cellular homeostasis [8]. While its involve
ment in disease is not as thoroughly understood, any dysregulation has 
the potential to affect cellular health. 

CMA, a distinctive mechanism that selectively transports individual, 
unfolded substrate proteins into lysosomes without substantial mem
brane alterations, plays a pivotal role in maintaining cellular quality 
control [9]. CMA is particularly known as a mechanism for safeguarding 
neurons against damage in neurodegenerative diseases, including brain 
injury and the aggregation of toxic proteins. 

Important research topics in autophagy encompass revealing new 
genes or molecules associated with autophagy, understanding the mo
lecular machinery governing the process, identifying regulatory path
ways, and elucidating autophagy's role in diverse biological contexts. 
Additionally, autophagy's involvement in human health and disease is a 
major focus. In this review, we refrain from specifying particular auto
phagic types; instead focusing on comprehensive research for autophagy 
integrated with ML tools. We identify several research topics that have 
applied ML tools and call for broader application of these tools to 
advance research on these topics. 

3.2. Machine learning concepts 

This subsection provides an overview of commonly used ML tech
niques in autophagy research. ML can be generally divided into super
vised and unsupervised learning. Unsupervised learning deals with 
unlabeled data, where the model seeks to find patterns and relationships 
within the model without explicit guidance. Supervised learning in
volves training a model using labeled data, where the input data are 
paired with corresponding output labels [10]. The goal is to learn the 
mapping between inputs and outputs so that accurate predictions can be 
made when presented with unseen data. Classification and regression 
are two fundamental tasks in supervised learning. Classification involves 
categorizing data into predefined classes based on input features, and 
regression predicts continuous numeric values based on input features. 
Additionally, supervised learning can be divided into traditional models 
and deep-learning models. Traditional ML models such as decision trees 
and linear regression offer transparent decision-making progress and 

Fig. 1. An Overview of the Review. We explore the recent advance of autophagy research involving ML tools, categorized into four different tasks, including drug 
discovery, gene/protein identification, morphological analysis, and biomarker identification. We then address open questions, including the application of advanced 
ML tools as well as the interpretability and explainability of ML outcomes. 
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perform well with scarce data in a computationally efficient way 
compared with deep-learning models. Deep-learning models can learn 
complex patterns and relationships in data and outperform traditional 
ones on large-scale datasets. 

Most of the learning tasks in autophagy research can be formulated 
as classification problems, where researchers aim to determine the 
functional types of specific genes or identifying biomarkers of particular 
diseases, both of which are essentially inferring ‘labels’ based on bio
logical features. Therefore, we start with introducing models that are 
most frequently used in classification, including logistic regression (LR), 
LASSO Cox regression [11], k-nearest neighbors (KNN) [12,13], random 
forest (RF) [14,15], eXtreme Gradient Boosting (XGBoost) [16], support 
vector machine (SVM) [17] and SVM with recursive feature elimination 
(SVM-RFE) [18]. These models could be categorized into traditional ML 
models. While these models can be used beyond classification use cases, 
this review mainly focuses on how they can help solve classification 
problems arising in autophagy research. There is no one-size-fits-all 
approach to select the most appropriate model, which is entirely task- 
dependent, and it is highly recommended to conduct exploratory data 
analysis and experiment with a variety of models. Scientific discovery is 
usually extremely rigorous, thus requiring that the models' results are 
robust, i.e., consistently reproducible by a variety of independently run 
models, and explainable, i.e., the decision logic of trained models makes 
scientific sense. 

In addition, we briefly talk about clustering, an unsupervised 
learning approach that is able to recognize patterns in a label-scarce 
regimen and is widely used in the task of disease subtype identifica
tion. We further introduce several deep-learning models that have 
shown promise in current research, such as convolutional neural net
works (CNNs) [19], recurrent neural networks (RNNs) [20], graph 
neural networks (GNNs) [21], biological text mining models such as 
Mol2vec [22] and BioBERT [23]. We also discuss the evaluation metrics 
of the model performance in the subsequent section. To our best 
knowledge, many of the groundbreaking innovations evolving in recent 
years, including diffusion models [24–27] and large language models 
(LLMs) [28–32] have yet to be applied in autophagy research. This gap 
presents exciting opportunities for researchers to explore how these 
powerful tools can be harnessed in an autophagy context. We include a 
short discussion of these models in the “Open Questions” section of this 
paper. 

3.2.1. Logistic regression 
LR is a straightforward model arising from binary classification tasks. 

LR applies a logistic transformation of the input features to estimate the 
likelihood of the given sample belonging to one of the two classes. This 
model assumes a straightforward linearity between features and labels, 
which makes the model highly interpretable, while restricting the 
model's representation capacity. 

LR is a great example of this fundamental model complexity – 
interpretability tradeoff. Whereas more complex models are capable of 
inferring a more intricate relationship (beyond linearity) between fea
tures and labels, they lack transparency and obscure the logic behind 
predictions. 

3.2.2. LASSO Cox Regression 
LASSO Cox Regression integrates a Cox model, which originates from 

survival analysis where time to event is predicted based on features, and 
LASSO regression which essentially penalizes a model for including 
irrelevant features. LASSO Cox regression identifies and prioritizes the 
most relevant features associated with the event of interest, incorpo
rating LASSO regularization to prevent overfitting and select important 
features. Careful tuning of regularization parameters is crucial for 
optimal performance. 

3.2.3. K-nearest neighbors 
KNN is a simple yet effective method in ML for classification tasks. 

Based on a given metric of distance, KNN predicts the label of a new data 
point by taking a majority vote among its K (which is a hyperparameter 
to pre-specify) nearest neighbors in the training dataset. Despite its 
simplicity for implementation, it may be computationally expensive 
with large datasets or features of high dimensions. 

3.2.4. Random forest 
RF, an ensemble learning method, builds upon a number of decision 

trees. Decision trees classify data by segmenting the dataset into smaller 
subsets through a sequence of rules. RF ensembles multiple base deci
sion trees and aggregates the majority voting as the classification results. 
Compared to decision trees, RF reduces the risk of overfitting but sac
rifices the interpretability. 

3.2.5. XGBoost 
XGBoost is a powerful ensemble learning method renowned for its 

high efficiency and effectiveness. In XGBoost, decision trees are built in 
parallel, and the errors made by previous trees are corrected iteratively 
by the successive trees to enhance the performance. Although XGBoost 
has been applied in a variety of tasks, it requires careful tuning of 

Fig. 2. Schematic representation of nonselective macroautophagy. The initiation of macroautophagy occurs in response to cellular stresses. A structure known as the 
phagophore emerges and expands to encapsulate unwanted organelles and macromolecules, forming a double-membrane structure referred to as the autophagosome. 
Subsequently, the outer membrane of the autophagosome merges with a lysosome, facilitating the transport of the cargo to the newly created autolysosome for 
degradation. The resultant breakdown products, such as amino acids, fatty acids, and nucleotides, are further released via permeases and then recycled and used for 
the synthesis of new cellular structures or as an energy source. 
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parameters to achieve optimal performance. 

3.2.6. Support vector machine 
Data samples can be conceptualized as points in a high-dimensional 

space, and SVM aims to find an optimal hyperplane that best separates 
data into different classes. SVM can handle complex decision bound
aries, is better in generalization, and can model a non-linear decision 
boundary, but its performance depends on proper hyperparameter 
tuning. SVM with Recursive Feature Elimination (SVM-RFE), built upon 
SVM, iteratively ranks features and eliminates least important features. 
SVM-RFE is widely used in the analysis of biological data; however, this 
feature selection process can be computationally expensive. 

3.2.7. Clustering 
Clustering is a fundamental technique in unsupervised learning. In 

contrast to supervised learning, unsupervised learning does not require 
labels for data; instead, it utilizes the data itself to reveal its patterns. 
With a prespecified number of clusters, data are clustered into groups in 
such a way that within-cluster data are much more similar than cross- 
cluster data. In practice, the selection of distance metrics, and number 
of clusters are key hyperparameters to obtain optimal performance. 

3.2.8. Convolutional neural networks 
CNNs are deep neural networks that are commonly used in struc

tured data such as images. CNNs use a series of neural network layers to 
process images for different tasks, and the convolutional layers are a key 
design to leverage spatially correlated pixels to engineer task-specific 
features from images. Among various variants, U-Net [33] and ResNet 
[34] stand out as two of the most outstanding models. U-Net excels in 
image segmentation tasks, while ResNet is renowned for its deep ar
chitecture enabling advanced image classification. 

Notably, deep neural networks including CNNs, include a significant 
amount of learnable parameters (from millions to billions), thus 
requiring much more data for training for optimal performance and to 
avoid overfitting. 

3.2.9. Recurrent neural networks 
RNNs are neural networks specially designed to process sequence 

data. The key feature of RNNs is their inherent ability to retain and 
utilize information from past inputs. As the model processes each 
element in a sequence, it incorporates relevant details from all preceding 
elements, allowing it to build and maintain a contextual understanding 
over time. However, RNNs often struggle to capture the dependency 
between two distant positions of a sequence, due to problems such as 
vanishing or exploding gradients. This has led to the development of 
more advanced variants like Long Short-Term Memory/LSTM [35] and 
Gated Recurrent Unit/GRU [36] networks, which are designed to better 
capture long-term dependencies. 

3.2.10. Graph neural networks 
GNNs are powerful tools for analyzing graph data, a data structure 

representing the relations (edges) between a set of entities (nodes). The 
basic logic to obtain node representation in GNNs is to aggregate and 
transform feature information from the immediate neighbors of that 
node, effectively allowing the graph structure to be learned. Graph 
Convolutional Networks/GCNs [37] and Graph Attention Networks/ 
GATs [38] represent significant improvements in GNNs. Graph Con
volutional Networks are suitable in analyzing uniform graph structures, 
while Graph Attention Networks are optimal for graphs with non- 
uniform influence among neighbor nodes. However, challenges arise 
with GNNs in handling large-scale dense graphs, when the number of 
neighbors (adjacent or k-hop) grow exponentially, and in ensuring 
robustness against irregular graph structures. 

3.2.11. Natural language processing 
NLP models are deep-learning methods designed to process text 

sequences. Biological sequences e.g. molecule representations and RNA- 
seq resemble text sequences in many ways, and NLP approaches have 
demonstrated its applicability in the biological domain. Word2vec [39] 
is among the earliest successes to obtain dense vector representations 
(also known as embeddings) of words. The representations of words 
with similar semantic meanings are closer in the vector space. Inspired 
by Word2vec, Mol2vec [22] was proposed to learn the embeddings of 
compounds by aggregating the vectors of substructures of molecules. 
Large NLP models (also known as Large Language Models) can also be 
used as an external knowledge base because they are usually trained 
with an enormous text corpus and can comprehend much domain 
knowledge. For example, Bidirectional Encoder Representations from 
Transformers (BERT) [29] is a powerful language model for various 
downstream tasks in NLP, trained on a massive amount of text data to 
learn the contextual relationships of words in natural language. As an 
application of BERT, BioBERT [23] is a domain-specific language model 
trained on large-scale biomedical corpora, to help researchers under
stand complex biomedical texts. 

3.2.12. Usage of ML techniques 
In this section, we provide a brief discussion on the usage of the 

above ML techniques, including the commonly used preprocessing 
techniques, the summary of their applications, evaluation metrics, and 
possible biases. 

Preprocessing data is a crucial step in machine learning pipelines to 
prepare the data for effective modeling and ensure optimal performance. 
Common preprocessing includes data filtering, normalization, feature 
encoding, and feature selection. Data filtering involves removing 
broken, noisy, or irrelevant data to improve data quality. Normalization 
scales the data to a standard range, ensuring that features with different 
scales have equal influence in the analysis. Feature encoding transforms 
data with various formats into numerical representations, making them 
suitable for use in machine learning algorithms. Feature selection in
volves selecting features from the original dataset to capture relevant 
information and improve model performance. However, it is important 
to note that data preprocessing techniques may vary depending on the 
characteristics of the data and the objectives of the task; the specific 
techniques employed should be carefully evaluated and tailored ac
cording to the data and task in practice. 

In autophagy research, the utilization of ML techniques has been 
expanding, with a predominant focus on binary classification tasks using 
traditional ML models. These tasks involve categorizing instances into 
two classes, such as whether a gene is autophagy related or not. Models 
including LR, KNN, RF, XGBoost, SVM, and SVM-RFE are commonly 
applied for binary classification and can be extended to handle multi- 
class classification scenarios. As the field progresses, there is a 
growing interest in leveraging more advanced techniques in autophagy 
research. Models such as CNNs, RNNs, and GNNs offer the capability to 
capture complex patterns of image, sequence, or graph in autophagy- 
related data, making them suitable for feature encoding and classifica
tion tasks. Additionally, biological text mining models such as Mol2vec 
and BioBERT are increasingly utilized for analyzing or encoding un
structured biomedical text data. Moreover, feature selection plays a 
crucial role in identifying relevant features for model performance 
improvement. Models including RF, LASSO Cox regression, XGBoost, 
SVM with linear kernels, and SVM-RFE are commonly employed for 
feature selection, enabling researchers to identify key features associ
ated with the ML predictions. As the field continues to evolve, it is 
essential to explore the full potential of these diverse ML models and 
techniques in addressing complex questions in autophagy research while 
being mindful of the specific characteristics and challenges in different 
scenarios. 

Depending on each task, there are various metrics for performance 
evaluation. We first introduce the metrics for classification task, which is 
predominant in autophagy research. The confusion matrix serves as the 
foundation for many subsequent numeric metrics, dividing all model 
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predictions into four categories: true positives (TP), false positives (FP), 
true negatives (TN), and false negatives (FN). We show a visualization of 
a confusion matrix in Fig. 3(a). Based on this matrix, the following 
metrics emerge: 

Accuracy is the proportion of correctly classified instances of both 
positive and negative instances, calculated as (TP + TN) / (TP + FP +
TN + FN). Accuracy serves as the default metric for most of the tasks, but 
it may not be the most appropriate choice in imbalanced data classifi
cation. Precision, formulated as TP / (TP + FP), describes the ability of 
positive predictions, which is extremely useful when the impact of false 
positives is significant. Recall, also known as sensitivity, or true positive 
rate, calculated as TP / (TP + FN), represents the model's capacity in all 
actual positive instances, which is important when failing to detect 
positive instances can lead to serious consequences. Specificity, also true 
negative rate, is defined as TN / (TP + FN), which is also 1 - false positive 
rate, and is helpful when incorrectly identifying negative instances as 
positive leads to critical repercussion. 

The F1 Score, a harmonic mean of precision and recall, calculated as 
2 * precision * recall / (precision + recall), provides a balanced 
assessment of a model's performance, particularly in datasets with 
imbalanced class distributions. In classification tasks, we use a cut-off 
threshold to determine the predicted class membership with the likeli
hood outputted by the models. The receiver operating characteristic 
(ROC) curve assesses the model's classification ability by plotting the 
true positive rate against the false positive rate (calculated as FP / [FP +
TN]) across various decision thresholds. The area under the curve (AUC) 
is the total area under the ROC curve, and a higher AUC value indicates 
better classification performance. In Fig. 3(b), we show examples of ROC 
curves, and provide the AUC value, 0.5, for a random classifier as an 
example. 

The metrics for binary classification can be extended to evaluate the 
performance of multi-class classification on individual classes. More
over, to better evaluate the overall performance for multi-class classi
fication, micro-averaged metrics calculate performance across all classes 
by treating each instance equally, while macro-averaged metrics pro
vide equal weight to each class, regardless of their prevalence. 

Clustering, one of the techniques mentioned in the previous section, 
has been utilized in the current work as well. Instead of aiming to learn 
to cluster existing data and categorize new data correctly, the applica
tion of clustering has been limited to identifying the existence of po
tential clusters (subtypes). Therefore, the clustering can be validated by 
the interpretation of domain experts without explicit quantitative 
evaluation. If necessary, the Silhouette coefficient is a popular metric to 
evaluate the quality of clustering. In contrast, regression, another 
fundamental task in ML, was not utilized widely in current ML 

applications in autophagy research. Compared to classification that 
categorizes instances into discrete labels, regression models the rela
tionship between variables and predicts continuous numerical values for 
a target variable. The popular metrics for regression include mean ab
solute error/MAE, mean squared error/MSE, and R-squared/R2. 

Consideration of randomness is crucial when dealing with stochastic 
processes or incorporating random elements such as initialization pro
cedures in model training. To ensure reproducibility, it is encouraged to 
fix a random seed in model codes, while to ensure robustness, it is rec
ommended to run the model independently with different seeds. K-fold 
cross-validation is commonly used to tune hyperparameter, where data 
are divided into k equal folds, the model is trained on k-1 folds and 
tested on the remaining folds. 

When applying machine learning techniques in autophagy research, 
it is crucial to be aware of potential biases that can arise and take steps to 
mitigate them. One significant bias source lies in the data collection 
process, where inherent biases may exist due to factors such as the se
lection of biased groups, experimental protocols, or data acquisition 
methods. Among these factors, the attributes, such as gender and age, 
can play a vital role in autophagy research. Ensuring the data collection 
covers diverse and comprehensive groups not only helps in mitigating 
bias but also promotes relevant research on the impacts of the attributes. 

Another critical aspect is the potential for algorithmic bias, where 
ML models may inadvertently perpetuate or amplify existing biases 
present in the data, leading to unfair or discriminatory outcomes. 
Moreover, models that are overly complex or fitted too closely to the 
training data may capture noise or spurious correlations, leading to 
overfitting. Overfit models may perform well on the training data but 
fail to generalize to new data, leading to biased predictions. Moreover, 
researchers may have preconceived notions or hypotheses about the 
mechanisms of autophagy, which can influence the interpretation of 
machine learning model outputs or the selection of features and exper
imental designs. To mitigate these biases, it is essential to employ stra
tegies such as ensuring diverse and representative data collection, 
rigorous experiments and validation, collaborating with domain experts, 
and conducting independent validation experiments. 

4. Recent advances 

In this section, we focus on addressing the second research question, 
where we aim to provide an extensive review of recent advances in ML- 
driven autophagy research. Our discussion incorporates diverse research 
topics related to autophagy, including gene/protein identification, 
biomarker identification, drug discovery, and morphological analysis, 
shedding light on how ML models are widely applied to diverse 

Fig. 3. Visualization of Evaluation Metrics: Confusion Matrix and ROC-AUC. (a) A visualization of a confusion matrix. The gray area indicates where the model 
makes correct predictions, and different shapes for predictions. We use different colors to distinguish the correct and incorrect predictions, and different shapes for 
positive and negative actual data. (b) Visualization of ROC and AUC. The perfect classifier has a TPR of 1, and FPR of 0. The closer the ROC curve is to the left top 
corner of the graph, the better the performance. Therefore, classifier 1 (yellow) is better than classifier 2 (blue) in (b). 
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applications. For every subsection, we begin with a brief task descrip
tion, the significance, and, subsequently, the discussion on how ML has 
been integrated into autophagy investigations through short reviews of 
recent research. 

4.1. Gene/protein identification 

Gene/protein identification in autophagy research refers to 
exploring genes/proteins to identify those associated with the auto
phagic process. It serves as the fundamental basis for a comprehensive 
understanding of the molecular intricacies of autophagy, providing in
sights into cellular homeostasis, disease mechanisms, and potential av
enues for therapeutic interventions. By expanding the gene repertoire 
involved in autophagy, researchers can have deeper insights into the 
genetic basis of autophagic regulation. Identification of autophagy- 
related proteins is equally critical, as understanding the functions and 
mechanisms of these proteins provides critical insights into the molec
ular machinery that governs autophagy, shedding light on how cells 
maintain homeostasis, respond to stress, and eliminate damaged com
ponents. These discoveries not only contribute to the broader landscape 
of molecular and cellular research but also hold significant implications 
for human health. Identification of novel autophagy-related genes or 
proteins can unveil potential therapeutic targets, aiding in the devel
opment of targeted interventions for diseases related to autophagic 
dysregulation, while also fostering innovation in the design of novel 
diagnostic tools and therapeutic strategies. 

A general idea to tackle this task is to train ML models on genes/ 
proteins that are known to be relevant or irrelevant to autophagy and 
screen new autophagy-related candidates from unknown elements. 
Although there has been some research conducted in this area, the topic 
remains underappreciated and holds significant potential. One inspiring 
work on gene identification [40] constructed a knowledge graph with 
diverse databases of genes and proteins, converted to feature vectors 
from the knowledge graph using the MetaPath method (i.e., to identify 
various network connections between proteins/genes and specific 
qualities), and trained an XGBoost model to predict potential 
autophagy-related genes. It is striking to see that 9/20 genes that were 
predicted in 2019 to be autophagy related have been subsequently re
ported as ATG genes during the intervening 3.5 years, which shows the 
great promise to accelerate scientific discoveries. 

For protein identification, Shi et al. [41] presented ATGPred-FL to 
classify autophagy-related proteins and contributed a benchmark data
set of proteins. After generating informative probability features and 
filtering out irrelevant features, Shi et al. collected the most discrimi
native 52-dimensional feature to train SVM for gene classification. 
EnsembleDL-ATG [42] is another work that applied ensemble deep 
learning to combine multiple models to collaboratively predict 
autophagy-related proteins. Le et al. evaluated and selected the most 
promising model to create feature descriptors and explored the best 
possible combinations of base models. The final model has proven to be 
effective and is composed with four different deep-learning models. 

4.2. Biomarker identification 

In autophagy, the identification of biomarkers involves recognizing 
crucial genes, proteins, or other molecules associated with certain dis
eases. This task aids in identifying and understanding the progression of 
the disease and is instrumental in advancing both our understanding of 
cellular processes and the development of diagnostic and therapeutic 
strategies for the diseases. Serving as measurable indicators, biomarkers 
provide valuable diagnostic information and offer insights into disease 
progression. Identifying reliable biomarkers allows researchers and cli
nicians to assess the conditions of patients in various physiological and 
pathological conditions. Furthermore, in drug discovery, biomarkers are 
indispensable to assess the impact of pharmaceutical interventions on 
autophagic processes, facilitating the identification and optimization of 

drug candidates. 
Depending on recent advances in biomarker identification, the pro

cedures can vary. To begin with, we present a general workflow of 
identifying autophagy-related genes as disease biomarkers in recent 
studies [43–54], with an overview in Fig. 4. Initially, genes associated 
with a specific disease or cellular process related to the disease are 
gathered from publications, databases, or through weighted gene co- 
expression network analysis/WGCNA, a method to mine gene co- 
expression patterns. Subsequently, differentially expressed genes 
(DEGs) are identified using data from healthy individuals and patients, 
commonly implemented with limma package in R software. The inter
section between DEGs and ATG genes is considered to represent mean
ingful autophagy-related genes (ARGs) for the specific disease or cellular 
process. LASSO regularization or other feature selection approaches can 
be employed to rank and identify the most important features. 
Furthermore, ML tools for classification, such as RF, LR, SVM, or SVM- 
RFE, can be utilized to train a classifier with gene expression matrices 
to identify potential gene biomarkers. Another common subtask in 
biomarker identification is disease subtype discovery. Unsupervised 
clustering is often used to reveal potential group divisions in the data 
[43–45]. Such a workflow is commonly used in finding biomarkers of 
cancers [43,44,46–48,55], cardiovascular [45,49,50], respiratory 
[51,52], and other diseases [53,54,56]. 

Slightly different from the workflow we discussed above, Serrano 
et al. [57] used SVM, RF, and LR to validate if the expression of different 
mRNA from peripheral blood mononuclear cell can be used to classify 
HIV-infected patients, and recognized GAPARAPL1 as the typical mRNA 
for an HIV biomarker. Another line of research [58] applied KNN on 
immunohistochemical images of cells to identify key ATG proteins that 
can be used to classify tissues with different subtypes of renal cell car
cinoma (RCC), including MAP1LC3B/LC3B for clear cell RCC, or ATG5 
and SQSTM1/p62 for chromophobe RCC. Park et al. [59] used the un
supervised multi-omics method, Multi-Omics Factor Analysis+/MOFA+
[60], to identify new subtypes of Alzheimer disease. In another study 
[61], SVM is applied to identify biological elements that maximize 
discrimination of different patient groups of chronic kidney disease by 
using transcriptomic profiles. Compared to other work focusing on ac
curacy, Yones et al. [62] considered interpretability by applying inter
pretable ML methods, such as rule-based ML models and rule networks, 
to offer classification transparency of diagnosis of systemic lupus 
erythematosus. 

4.3. Drug discovery 

Drug discovery refers to the identification and development of new 
therapeutic compounds that have the potential to alleviate, treat, or 
prevent various diseases. Traditional drug discovery is a complex and 
challenging process characterized by inherent intricacies and un
certainties, requiring substantial domain expert supervision, as well as 
financial and time commitment. ML plays an increasingly critical role in 
every step of drug discovery and is too broad of a topic for this review to 
cover. In this subsection, we specifically focus on the role of ML tools in 
the identification of new compounds. 

Autophagy plays a vital role in maintaining cellular homeostasis and 
responding to various stressors. Dysregulation of autophagy is impli
cated in a range of diseases, including neurodegenerative disorders, 
cancer, etc. Therefore, drug discovery based on autophagy modulation 
has attracted attention for therapeutic interventions in various diseases. 
In the context of autophagy, drug discovery refers to exploring new 
compounds that influence the autophagy process, which can be cate
gorized into activators and inhibitors according to their effects on 
enhancing or suppressing autophagy. These activators can be used to 
promote cell survival and clearance of toxic aggregates, whereas in
hibitors block autophagy, selectively inducing cell death in certain 
pathological contexts. Identification of compounds that modulate 
autophagy provides researchers with pharmacological tools to 
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understand the autophagic process and holds promise for the treatment 
of diseases where autophagic dysregulation is a contributing factor. 
Furthermore, the identification of autophagy-modulating compounds 
and their interactions contribute to our understanding of the underlying 
molecular mechanisms of autophagy regulation. This knowledge not 
only aids in the development of targeted therapies but also opens ave
nues for the exploration of novel treatment strategies for a variety of 
medical conditions. 

Emerging ML techniques are increasingly being integrated into drug 
discovery to streamline the identification of promising drug candidates. 
Despite applying diverse molecular representations and ML techniques, 
recent work [63–66] generally retrieves a collection of compounds from 
relevant databases, creates molecular representations, and utilizes ML 
tools to screen and filter potential compounds from numerous compo
nents such as are present in drug or chemical libraries for further wet 
bench experiments and efficient drug discovery. 

Barardo et al. [63] presented one typical workflow on autophagy 
drug discovery. The representations were created from chemical de
scriptors of their structure and Gene Ontology (GO) terms annotated for 
proteins interacting with the compounds. An RF model was trained with 
the representations to predict new compounds. Besides, by ranking 
features of the RF model by importance, the critical GO terms and 
chemical structures were revealed. Valentini et al. [64] used the hybrid 
features of fingerprints and descriptors, and trained a quantitative 
structure-activity relationship/QSAR model to classify promising com
pounds. Xie et al. [65] created molecular representation with the 
Simplified Molecular Input Line Entry System/SMILES representation, 
along with Pharmacore (2D) and conformers (3D) fingerprints, which 
represent structural and spatial features in drug discovery. Three en
coders are applied to embed data for 1D, 2D, and 3D representation 
embeddings, and the multi-representation molecule model is trained 
with the three decoders. The representations from the trained encoders 
and decoders were aggregated and clustered, and similarity scores for 
compounds were applied to identify top candidate compounds. Pre
dicting new targets for autophagy modulators is another application of 
ML tools to autophagy drug discovery. Shi et al. [66] identified known 
drug-target interactions and used probabilistic matrix factorization 
models to predict new interactions. 

4.4. Morphological analysis 

Morphological analysis in autophagy research provides a visual and 
structural perspective on the complex dynamics of cellular components 
during the autophagic process. By examining morphological changes at 
the subcellular or cellular level, researchers gain insights into the for
mation and progression of the autophagic process to facilitate other 
studies. Understanding the morphological aspects of autophagy is 
crucial for accurately characterizing autophagic events, distinguishing 
between different stages of the process, and discriminating variations 
under various physiological or pathological conditions. Moreover, 

morphological analysis is instrumental in validating findings from other 
autophagy assays and methodologies, providing a holistic understand
ing of cellular responses. 

Current research [67–69] on morphological analysis is associated 
with image processing due to its dependence on images. Most of these 
studies focus on high-throughput systems to accelerate relevant auto
phagy research. However, despite its critical role in advancing our un
derstanding, this area has not received much attention and, as such, 
holds considerable potential for future breakthroughs in interdisci
plinary research. In 2010, Kriston-Vizi et al. [67] proposed a pipeline of 
image analysis with both local adaptive and global techniques for seg
mentation, followed by feature extraction and reduction, and SVM to 
identify potential inducers of autophagy. This study demonstrated the 
effectiveness of screening a human alveolar cancer cell line and high
lighted its potential in accelerating autophagy research. Kawaoka et al. 
[68] provided a high-throughput system to extract morphological pa
rameters of the autophagy-related structures to replace manual extrac
tion, by extracting morphological parameters from fluorescence 
microscopy images with image processing procedures and applying RF 
to classify the autophagy-related structures into dot-shaped or elongated 
structures. Aside from high-throughput systems, Al Outa et al. [69] 
contributed a dataset for cell autophagy imaging, containing images of 
basal and activated autophagy states in Drosophila, including segmen
tation of cells, to assist future research of segmentation and classification 
of cells in basal or activated autophagy. 

5. Open questions 

We have witnessed the success of the integration of traditional ML 
techniques for autophagy research in recent studies, and we strongly 
think there is still a huge gap in fully harnessing the power of machine 
learning techniques, thus promising ample room for interdisciplinary 
collaboration to tackle the following open questions. 

6. What are current challenges in ML for autophagy research? 

Developing effective representations of complex biological data that 
capture the nuanced relationships between variables remains an 
ongoing challenge in ML-driven autophagy research, due to the diverse 
nature of data, including genetic, proteomic, and morphological data. 
Furthermore, with the increasing complexity and volume of biological 
data, selecting informative features and reducing dimensionality 
without losing critical information is crucial. ML techniques need to 
address the problem of dimensionality while ensuring that relevant 
features are retained for accurate modeling. 

In addition, one important unsolved task in ML for autophagy is to 
deal with their lack of interpretability, which limits their utility in un
derstanding the underlying biological mechanisms. Developing inter
pretable ML models that provide insights into the molecular intricacies 
of autophagy processes is essential for advancing scientific 

Fig. 4. General Workflow for Biomarker Gene Identification. Beginning with gene data collection, the differentially expressed genes (DEGs) are identified (red for 
upregulated genes, blue for downregulated genes). Autophagy-related genes (ARGs) are obtained subsequently in the intersection of DEGs and ATG genes, and their 
expressions are leveraged to train ML models to classify healthy individuals and patients. Top ARGs with high accuracy are collected and identified as key biomarker 
genes for the given diseases. 
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understanding and facilitating translational applications. 
Autophagy-related datasets often suffer from class imbalances, 

where certain classes of data are underrepresented. Addressing data 
imbalance and ensuring the availability of accurately labeled data for 
training ML models are critical challenges. Strategies for robust model 
training in the presence of imbalanced datasets need to be developed to 
ensure the reliability and generalizability of ML-driven autophagy 
research. 

Achieving robust performance across diverse biological contexts and 
experimental conditions remains a challenge. Developing ML models 
that can generalize well to unseen data and effectively transfer knowl
edge between related tasks is essential for advancing autophagy 
research and its applications in disease diagnosis, prognosis, and drug 
discovery. 

Addressing these challenges will require interdisciplinary collabo
rations between researchers in ML, biology, and medicine, as well as 
advancements in algorithm development, data curation, and experi
mental validation methodologies. Efforts to overcome these challenges 
will not only advance our understanding of autophagy processes but also 
pave the way for innovative diagnostic and therapeutic interventions in 
various diseases. In the next questions, we will discuss approaches that 
may advance autophagy research. 

7. What advanced ML tools can be used in future research? 

ML is a fast-evolving field and the ML tools that have been applied in 
autophagy research to date, are still relatively traditional and small- 
scale, and cannot reflect the state-of-the-art ML techniques. Therefore, 
it is natural to consider more advanced ML tools in future autophagy 
research. To get started, we introduce several potential use cases of 
various advanced ML tools, including graph neural networks, diffusion 
models, large language models, etc. 

As we discussed in previous sections, GNNs are powerful neural 
networks designed specifically for processing data structured as graphs. 
Graphs can be flexible with nodes and edges representing various data or 
relationships, with the number of nodes/edges, and edges between 
nodes varying in different scenarios. The biological molecules or mole
cule interactions can be naturally represented as a graph structure, 
where GNNs can come into play in molecule identification, molecule 
interaction identification, or drug discovery. For example, graphs can be 
used to model a network of genes, with the genes as nodes, and the gene 
interactions as edges. GNNs are capable of capturing the complex in
terdependencies between nodes in a graph, which can be further used in 
diverse downstream tasks, such as node classification, link prediction, 
and graph classification. In molecule interactions for drug or biomarker 
discovery, the task can be formulated as link prediction, with the mol
ecules as nodes, and the known interactions as edges, to predict new 
interactions between molecules. Other than edge classification, node 
classification can be promising in these tasks as well, learning from 
edges and nodes with labels, to predict new molecules and genes that are 
very likely to be relevant to diseases or biological processes. GNNs have 
shown considerable promise in the analysis of biological data. The 
geneDRAGNN [70] is a framework leveraging GNNs to predict gene- 
disease associations by integrating gene-gene interaction networks, ge
netic information, and additional domain knowledge including gene 
ontology and tissue-specific gene expression. 

Generative models are able to generate new data by learning and 
effectively sampling from a synthetic data distribution that resembles 
the real data distribution and bring in the recent explosion of generative 
artificial intelligence tools, such as diffusion models [24–27] and LLMs 
[28–32]. Diffusion models trained on text and image pairs have ach
ieved incredible performance in generating images with prompts input 
by users [71–73]; LLMs, such as GPT-3 [32], trained on a tremendous 
amount of text from the internet, can understand and answer questions 
on many challenging topics. 

Generative models open exciting new opportunities in autophagy or 

more broadly, the biomedical domain. For example, forming a hypoth
esis is the first step of any scientific discovery and the capability of 
generative models to integrate data sources in a humanly impossible 
scale can be harvested to generate a hypothesis. One unique advantage 
of hypothesis generation is that the hypothesis should undergo rigorous 
validation, regardless of its origin – be it human or AI. Thus, the black- 
box nature of generative models does not bring extra uncertainty. 
Another exciting line of research is to use generative models to predict 
how cells respond to unseen chemical or genetic perturbations, an 
approach whose effectiveness is already attested to by recent studies 
[74–78]. Autophagy malfunction is known to have serious implications 
in global gene expressions, but their interplay is very complicated. The 
impressive biological response predictive power of generative models 
can be potentially deployed in this direction. 

Below we review diffusion models and LLMs as well as how they can 
be applied in a biomedical context. 

Diffusion models excel in text-to-image tasks. The general idea of 
diffusion models is that the training data will be added with successive 
Gaussian noise until becoming uniform Gaussian noise, and the diffusion 
models learn to recover the data by reversing the process of adding 
noise. After the model learns this reversal procedure, we can use the 
diffusion models to generate new data by denoising a randomly sampled 
noise. Diffusion models have been proven to have potential in protein 
design; RFdiffusion [79] is a diffusion model of predicting protein 
backbones, constructed with RoseTTAFold [80], a network of predicting 
protein structures, as the denoising network. This model excels in 
various protein design tasks, including monomer and binder design, 
enzyme scaffolding, and symmetric oligomer design for therapeutic and 
metal-binding proteins. The effectiveness of RFdiffusion was validated 
experimentally, confirming the structures and functions of designed 
proteins. 

LLMs are probably the most exciting innovation in the last few years, 
standing out for their general-purpose capabilities and super-human 
question answering performances. With a transformer-based architec
ture, LLMs are trained on large corpora to ultimately generate coherent, 
contextually relevant text, and perform language-related tasks such as 
multi-lingual translation, text summarization, and question-answering. 
As discussed in previous section, BioBERT [23] is a successful applica
tion of LLM on biomedical corpora. Another approach, BioGPT [81], is 
trained on large-scale biomedical literature for downstream tasks of 
biomedical natural language processing. Besides, the sequential struc
ture of textual data might remind us of sequential biological data, such 
as the sequences of amino acids or nucleic acids. We may imagine that if 
LLMs are used to train on numerous biological sequences, they can be 
the next powerful tools for understanding these sequences or generating 
novel sequences. There have been several studies aimed at predicting 
protein structure with LLMs. Lin et al. [82] applied LLMs to predict 
atomic-level protein structures directly from primary sequences and 
accelerated the process of high-resolution structure prediction. This 
study used this method to create the ESM Metagenomic Atlas, success
fully predicting structures for over 617 million metagenomic protein 
sequences, including more than 225 million with high confidence, 
thereby providing insights into the vast diversity of natural proteins. 
ProGen [83] leverages LLMs to generate protein sequences with pre
dictable functions across extensive protein families, trained on 280 
million sequences from over 19,000 families and enhanced with tags 
specifying protein properties. By predicting the next amino acid in a 
sequence, the optimization is performed iteratively without needing 
explicit structural information. Learning from a vast protein sequence 
database allows ProGen to learn universal representations of proteins, 
encompassing both local and global structure motifs. 

Notably, we strongly think morphological analysis is critical but 
underexplored in current research, especially for the future construction 
of high-throughput systems to examine the cells for autophagy status. 
Existing efforts are still quite restrictive in the ML tool selection and lack 
flexibility in how to integrate ML tools in every step of the workflow. 
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Spatial transcriptomics that allows morphological and molecular mea
surement of the same cells is a very promising application domain for 
ML [84–86]. For example, to handle the challenge of high-throughput 
demand, modern techniques of image processing and computer vision 
can be applied to accelerate the classification and segmentation of 
autophagic cells or status. Another example is that existing literature 
proves ML effectively predicts morphology from gene expression and 
vice versa at scale, which has the potential to be harnessed to link 
morphological changes with molecular changes related to the auto
phagy process. 

To conclude, one potential future research direction for ML in 
autophagy should focus on incorporating advanced ML tools such as 
Graph Neural Networks, diffusion models, and large language models. 
These tools offer enhanced capabilities for processing complex biolog
ical data, modeling molecular interactions, and generating hypotheses, 
thereby advancing our understanding of autophagic processes. 

8. Are ML results reliable? 

As many machine learning tools are becoming increasingly complex 
in their design and mysterious in their internal mechanism, they are 
often dubbed as black-box models. Interpreting models, especially deep- 
learning models, poses several challenges due to their complex archi
tectures and high-dimensional feature representations. Additionally, 
deep learning models often involve millions of parameters, making it 
challenging to identify which features are most influential for a partic
ular prediction. There is a growing interest in understanding the 
decision-making process and improving the model interpretability and 
transparency. In some low-risk scenarios of ML applications, such as 
predicting if a new gene is related to autophagy, we might have many 
candidate genes to screen and want to start with genes that are most 
likely to be the target genes. In such cases, we might be more interested 
in the likelihood predicted by a model with guaranteed reliable per
formance for savings in resources. In other scenarios where reliability is 
of great importance, such as a situation where a false prediction would 
bring significant repercussions, we also want to learn why and when the 
model tends to make false decisions to help us use it cautiously. In both 
scenarios, models with better explainability and transparency are 
preferable. 

Interpretability and explainability are two terms that are commonly 
used interchangeably when assessing model transparency. However, 
they do have intricate differences. 

Interpretability often refers to intrinsic transparency for models, 
which means we can understand the underlying mechanism of the de
cision process. In practice, there is usually a trade-off between model 
complexity and interpretability as models with high interpretability 
often have limited flexibility. Typically, we consider linear models and 
decision trees as the most interpretable models. Linear models can be 
interpreted by the weights of the model but are unable to model or even 
self-learn nonlinear relationships. Decision trees are comprised of a 
sequence of binary rules to segment data that are easy for humans to 
understand. In contrast, the ensemble of decision trees, i.e. RF, is always 
considered as non-interpretable, because the prediction is voted among 
multiple trees thus making it difficult to interpret the decisions. 

Explainability focuses on explaining the behaviors of complex 
models by probing with other standalone models. Instead of seeking to 
fully understand the inner mechanics of the models, we discover the 
relationship between input data and model outputs with model-agnostic 
methods. For example, identifying feature importance 
[43,45,46,50–52,55,56] is critical to explain the model and has been 
commonly used in current ML-driven autophagy research. RF, LASSO 
Cox regression, and XGBoost are common methods that provide feature 
importance scores. The dependence of the prediction on different fea
tures can serve as an indicator of the feature importance. To this end, 
techniques including Local Interpretable Model-agnostic Explanations 
(LIME) [87] and SHapley Additive exPlanations (SHAP) [88] can be 

applied to estimate the feature influences. LIME elucidates the pre
dictions of a model by constructing a local and interpretable surrogate 
model and is trained on the data surrounding the specific instance of 
interest. Thus, LIME provides insight into decision-making in the vi
cinity of the instance. SHAP, in contrast, explains individual predictions 
based on the contribution of each feature to the prediction. SHAP cal
culates the Shapley value, which is a concept originating from game 
theory, providing a measure of feature importance and considering the 
interaction between features. Both methods are crucial in making 
complex models more transparent and understandable. The major dif
ference between SHAP and LIME lies in their scope of explanations. 
SHAP provides both global explanations, capturing the overall feature 
importance across the entire dataset, and local explanations for indi
vidual predictions, whereas LIME focuses solely on generating local 
explanations by approximating the model's behavior in the vicinity of a 
specific instance. Compared to SHAP, LIME is more computationally 
efficient and thus more flexible. In practice, it is recommended to use 
diverse interpretation methods to gain a more comprehensive under
standing of models and get domain experts involved in the interpreta
tion results. 

Similar to the interpretation of feature importance, saliency maps 
[89] are a technique that can highlight the regions or pixels that are 
most relevant to the predictions of models and provide insights for 
interpreting the models that use imaging data (e.g., microscopy images 
of cells). Moreover, another technique called counterfactual explana
tions [90], can be used to identify how the model's predictions would 
change if certain features or conditions were altered, thus understanding 
the causal relationships between different factors, as well as identifying 
potential intervention points. 

Overall, interpretability has stricter criteria than explainability. 
Among papers we reviewed in previous sections, there are several 
models that are able to infer with transparency. For example, the RF and 
LASSO Cox regression have been applied to rank the importance of 
features in the prediction [43,45,46,50–52,55,56], and the rule-based 
models are applied for diagnosis predictions with transparency [62]. 
However, interpretability and explainability are still largely overlooked 
due to model transparency-utility tradeoff in interdisciplinary research. 
Biomedicine is a domain where errors such as with true positive can 
have significant implications, thus rarely relying on black-box models. 
We call for more emphasis on this aspect in order for more advanced 
models to be recognized and received by the broader biomedical 
community. 

Apart from enhancing interpretable and explainable ML tools, it 
would be more reliable if the predictions could be validated from 
rigorous scientific experiments. Of note, ML outcomes remain predictive 
in nature, and while recent advancements demonstrate promising out
comes, experimental validation remains crucial and should be imple
mented in tandem to reinforce findings. In practice, it is recommended 
to use ML techniques as auxiliary tools instead of main contributors. 

9. Conclusion 

As an essential process in cellular maintenance, autophagy un
derscores its significance with its complicated involvement in numerous 
biological processes and human diseases. The emergence of studies 
applying ML tools to assist in revealing the internal mechanism of 
autophagy showcases the promise of interdisciplinary collaborations. 
This article does not intend to exhaustively review all literature 
involving the use of ML techniques to investigate the autophagy process. 
Instead, its goal is to provide a taxonomy of ML models that are appli
cable to this field of study, with a particular emphasis on highlighting 
recent progress in generative modeling and its greater potential in a 
biomedical context. We advocate for a reciprocal curiosity between ML 
and autophagy, to comprehend challenges each field presents. Our aim 
is to break the interdisciplinary barrier and find solutions to many open 
questions through collaborations. 
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