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Abstract: The utilization of Artificial Intelligence (AI) in biotechnology is widespread, addressing 
challenges such as elucidating disease pathophysiology and novel therapeutic approaches. AI plays 
a critical role in tasks such as drug manufacturing, chemical analysis, RNA and DNA sequencing, 
and enzyme studies by automating processes and expediting data collection and analysis. AI has 
particularly transformed the analysis of omics data for researchers, providing tools to handle 
complex and multifaceted datasets effectively. Through AI, integrative analysis of multi-omics data 
can be conducted in efficient ways. This article discusses the application of multi-omics and AI 
technologies in studying various diseases related to infection (COVID-19), mutation (cancer), and 
senescence (alopecia) to understand their pathophysiology. The applications of AI were performed 
as the aspect of the diagnosis, prognosis, and treatment for each disease. We introduce AI-driven 
analysis of pathophysiology can overcome traditional limitations in pathology, with diverse 
features showing potential in defining the causes of diseases, and potentially enhancing primary 
omics data in the distinguish the subtype of diseases. In this context, integrated approaches using 
multi-omics data and AI technology could provide fresh biological insights by comprehending the 
molecular mechanism of diseases and is instrumental in advancing precision medicine. We 
anticipate that the rapidly advancing AI-based multi-omics data analysis will significantly 
contribute to promoting healthy longevity. 
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1. Introduction 

The introduction should briefly place the study in a broad context and highlight why it is 
important. It should define the purpose of the work and its significance. The current state of the 
research field should be carefully reviewed and key publications cited. Please highlight controversial 
and diverging hypotheses when necessary. Finally, briefly mention the main aim of the work and 
highlight the principal conclusions. As far as possible, please keep the introduction comprehensible 
to scientists outside your particular field of research. References should be numbered in order of 
appearance and indicated by a numeral or numerals in square brackets—e.g., [1] or [2,3], or [4–6]. See 
the end of the document for further details on references. Artificial intelligence (AI) was defined at 
the Dartmouth conference in 1956 [1], leading to the rapid development of techniques such as 
machine learning (ML) and deep learning (DL). ML focuses on creating algorithms and statistical 
models that allow computers to perform tasks without explicit programming, with algorithms 
categorized into supervised, semi-supervised, and unsupervised[2]. DL, a subset of ML, uses neural 
networks to uncover complex data representations, significantly enhancing classifier performance, 
particularly with large, high-dimensional datasets[3]. 

Approaches of AI technology method is extensively used in biotechnology to tackle challenges 
like drug discovery [4], genomics [5], proteomics [6] , metabolomics [7], and pharmacology [8]. The 
future of this field depends on biotechnology researchers effectively leveraging advanced AI 
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solutions. The industry relies heavily on data storage, filtering, analysis, and sharing, with vast 
databases maintained by companies and healthcare organizations. 

AI significantly aids in processes such as drug manufacturing, chemical analysis, RNA and DNA 
sequencing, and enzyme studies by speeding up workflows and reducing manual errors. The success 
of AI applications relies on digital technology, making digitalization a crucial first step. AI systems 
often integrate with other digital technologies, like sensors and cyber-physical systems (CPS), to 
automate tasks and facilitate data collection and analysis [9]. 

AI has revolutionized how researchers analyze omics data, offering tools to manage high-
dimensional and heterogeneous multi-omics datasets [10]. Integrative analysis with multi-omics data 
can be performed in efficient approaches via AI. Issues encompass data heterogeneity, different 
dataset sizes in comparison to sample numbers, and the inherent noise present in biological data 
[11,12]. AI and ML have emerged as promising solutions to address these challenges, providing 
techniques to manage large, intricate datasets and enhance integration accuracy [10,13]. 
Advancements in ML/AI also have the potential to address missing data for the reliability and 
reproducibility of multi-omics research analyses [14,15]. Pathophysiology analysis driven by AI can 
surpass traditional pathology limitations, with multi-oriented features demonstrating potential in 
defining disease causes [16], and potentially complementing primary omics data in disease 
classification [17]. Interpreting single omics data often fails to fully explain complex biological 
phenomena, but integrating multiple omics datasets provides a more comprehensive understanding 
of biological systems [18]. 

In this study, we argue about application of multi-omics and AI technologies in various diseases 
within the infection, mutation and senescence for elucidating pathophysiology. AI, particularly deep 
learning and machine learning, has been shown to significantly aid in the analysis of multi-omics 
data. It also assists in the diagnosis, prognosis, and treatment of disease such as COVID-19, cancer, 
and hair loss. Furthermore, this study addresses the critical role and potential of AI in accuracy and 
efficiency via molecular pathophysiological approaches using omics data. Precision medicine for 
diseases, especially aging-associated diseases, is challengeable issues, which focuses on providing 
insights into issues aging and multifaceted disease. Finally, integrative approaches with Multi-omics 
and AI technology contributes to precision medicine, and it would be expected to become central to 
future healthcare industry aimed at promoting healthy longevity. 

2. Omics Data Interpretation: AI Technologies for Advanced Analysis  

The advancement and application of AI are rooted in digital technology, particularly digital 
computers. In biotechnology, this transformation can enhance research and development efficiency, 
accuracy, and speed, and enable the creation of innovative products and services. By providing access 
to big data and automating tasks, digital transformation accelerates AI development and application 
in biotechnology, improving research and development outcomes. 

This involves generating various omics data types (like transcriptomics and proteomics) from 
the same biological samples. The goal is to gain a holistic understanding of biological systems across 
disciplines such as biomedicine, microbiology, and plant science [19]. Each omics type provides 
unique insights into different biological processes, such as gene expression and protein abundance 
[20]. 

However, integrating these diverse datasets poses significant challenges. Issues include data 
heterogeneity, varying dataset sizes relative to sample numbers, and inherent noise in biological data 
[10,12] These complexities hinder efforts to achieve a unified view of biological systems [21]. ML and 
AI have emerged as promising tools to tackle these challenges, offering methods to handle large, 
complex datasets and improve integration accuracy [10,13]. 
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Figure 1. Multi-omics data flow for data Integration and pathophysiological interpretation. 

Research has highlighted specific application areas where multi-omics integration is crucial, 
such as cancer research and precision medicine [22]. Despite technological advancements, handling 
missing data remains a critical issue. One of the examples was the human proteome project. The 
estimated ~20% of genes yield protein products were not detected by mass spectrometry, an analytic 
platform for protein quantification [23,24]. Many current methods either discard data with missing 
values or impute missing values, impacting the reliability and reproducibility of analyses [25]. 
Addressing these limitations requires developing robust methodologies capable of handling missing 
data effectively [26]. 

While multi-omics approaches hold immense potential for advancing biological understanding, 
particularly in complex diseases and ecological systems, overcoming current integration challenges 
is crucial [10]. Future research should focus on enhancing data integration techniques, leveraging 
ML/AI advancements, and developing strategies to mitigate the impact of missing data to unlock the 
full potential of multi-omics research [14,15,27]. 

3. Interpretation of Multi-Omics Data with Approaches Using AI Methodology 

Various techniques have been developed to leverage the relationships between 
different types of omics data [28]. These methods serve diverse purposes such as 
pathway analysis and drug response prediction, tackling challenges like heterogeneous 
data characteristics and high dimensionality [29]. Despite their diversity, there is 
enough common ground to categorize them broadly 

3.1. Integrating Jointly Profiled Multi-Omics Data 

Single-cell measurements face challenges in recovering molecular fractions efficiently, especially 
when targeting multiple compartments like DNA and RNA simultaneously. Integrating multimodal 
data is facilitated by matched data, where measurements from different modalities are obtained from 
the same cells. Techniques like joint snRNA-seq and snATAC-seq in sci-CAR [30], SNARE-seq [31], 
paired-seq [32], SHARE-seq [33], and the 10X Genomics Multi-omics solution generate such matched 
data. Methods such as CITE-seq [34] and REAP-seq [35] combine transcriptomic and surface protein 
data. Technologies now allow simultaneous measurement of single-cell phenotypes alongside 
transcriptomic data, enriching single-cell profiling [36]. Comprehensive reviews on matched multi-
omics technologies are available elsewhere [37,38]. 

3.2. Statistical Modeling 

Several methods have been developed to integrate matched multimodal data. A straightforward 
approach is to standardize features to have uniform statistical characteristics. In organismal 
systematic biology, a common method scales each feature by its variation across cellular samples [39]. 
However, this oversimplification treats all features equally in determining cell variation, 
disregarding their biological relevance. Another approach assigns probabilistic scores to feature 
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values, using different models for feature sets to ensure consistent interpretation. For instance, 
BREM-SC employs a multinomial distribution of genes in cell types based on RNA and protein count 
matrices from CITE-seq data, facilitating probabilistic cell type clustering [40]. Importantly, this 
method differs from merely translating measurements across modalities, as it preserves the biological 
context rather than solely harmonizing statistical characteristics, thereby enhancing utility. 

3.3. Latent Space Approaches  

All figures and tables should be cited in; A more model-based theoretical approach is to consider 
each measurement, regardless of its modality, as an ‘aspect’ (or a ‘view’) of an underlying relationship 
between the cells. The method can be classified into early, middle, and late integration approaches 
[41]. Early integration involves straightforward concatenation of features from all omics followed by 
analysis.  

Omics integration methods can be classified based on specific characteristics like feature 
selection, extraction, kernel learning, matrix factorization, graph/network approaches, and deep 
learning [27,42]. For instance, deep learning for survival analysis, initially concatenating raw features 
and extracting implicit representations via neural networks [43]. In contrast, separate networks for 
each data view, which merge representations later, require complete data, often necessitating 
imputation that may introduce biases [44]. 

Graph-based methods discover biomarker interactions, performing feature selection through 
sub-graph extraction for phenotype prediction [45]. Similarly, netDx constructs patient graphs per 
biomarker to classify patients effectively [46]. Kernel-based approaches create kernel representations, 
integrating data relationships with biased imputation preprocessing [47,48]. If a complete set of data 
from one or more samples is missing and needs to be imputed, specific similarities related to that 
data may not be preserved. 

The study assumes a shared latent space and applies the scAI method to analyze joint 
transcriptome and epigenome data [49]. Applying scAI to kidney data revealed two subpopulations 
with different chromatin profiles but similar transcriptomes, emphasizing the necessity of integrating 
both data types for precise cell identity characterization. Latent space methods integrate features 
across data modalities early (early integration). Multi-omics factor analysis (MOFA) and its enhanced 
version, MOFA+, employ group factor analysis to uncover shared variation across multiple types of 
data [50,51]. These models treat observed data in each modality as linear combinations of a common 
latent space. MOFA+ extends this by incorporating multiple latent spaces to address group effects 
like experimental batches. TotalVI, akin to scAI and MOFA, utilizes a common latent space to relate 
transcriptome and protein measurements via a deep neural network encoder-decoder scheme [52]. 
Its neural network architecture allows for complex, non-linear relationships between the latent space 
and measured features, distinguishing it from scAI and MOFA. 
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Figure 2. Artificial intelligence driven integration strategies for multi-omics data. 

3.4. Late Integration Methods  

Late integration methods focus on combining models inferred from multi-omics data after initial 
processing (late integration). For instance, Seurat V4 employs weighted nearest neighbor analysis to 
synthesize cell-to-cell affinities across RNA and protein data, evaluating neighborhood 
informativeness in predicting cell values [53]. Similarly, similarity network fusion, as exemplified in 
CiteFuse for CITE-seq integration, uses ‘message passing’ to iteratively fuse affinity relationships 
across different omics data [54,55]. MOLI process each omics type separately with deep neural 
networks, combining predictions through score fusion or latent representation concatenation [56,57]. 
These methods assume complete data or require imputation methods for missing multi-omics data, 
which are rarely missing completely at random (MCAR) [58]. Future methodologies should address 
missing data explicitly for efficiency and accuracy. 

4. Multi-Omics Approaches in AI application from COVID-19, to Cancer, and Alopecia: 
Diagnosis, Prog-nosis, and Therapeutics  

4.1. COVID-19 Endemic  

COVID-19, caused by SARS-CoV-2, emerged in December 2019, spreading globally via 
respiratory droplets [59]. Symptoms vary from mild to severe, notably affecting elderly individuals 
with underlying conditions [60,61]. By March 2021, it had impacted over 200 countries, with more 
than 120 million cases and 2.6 million deaths, straining healthcare systems [62]. AI shows promise in 
diagnostics, treatment, and surveillance due to its scalability and processing power [63]. 

AI employs algorithms to simulate decision-making, improving with data input [64,65]. It offers 
high sensitivity, specificity, rapid reporting, and consistent results, advancing medical applications 
through predictive machine learning and deep learning with utilizing complex Artificial Neural 
Networks (ANN) architectures [66]. In the fight against COVID-19, AI aids accurate diagnosis, 
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reduces doctor workload, identifies high-risk patients, models disease transmission, and supports 
drug and vaccine development [67–70]. AI chatbots and thermal imaging assist in early detection and 
safety measures [71,72]. Overall, AI plays a crucial role in managing COVID-19, including diagnosis, 
public health, clinical decision-making, and vaccine development, helping to address the strain on 
medical resources and contributing to the transition to endemic COVID-19 [71,73]. 

4.1.1. AI in COVID-19 Diagnosis  

The COVID-19 pandemic spreads rapidly [74]. Diagnosis relies on RT–PCR testing, which can 
take up to 2 days. Chest CT scans are valuable but may not detect early infections [75]. AI, especially 
deep learning models, aids in early COVID-19 screening, improving accuracy and efficiency [76,77]. 
Chest CT is more effective than X-ray for diagnosing COVID-19, sometimes detecting symptoms 
before they appear [78]. AI-aided diagnosis using chest images achieved accuracies from 70.00% to 
99.92% and sensitivities from 73.00% to 100.00% [68,79]. 

CNNs have shown remarkable performance in image recognition [80]. Studies with CNN-based 
AI models demonstrated high accuracy in distinguishing COVID-19 from non-COVID pneumonia in 
chest CT scans [68,81–83]. A CNN model combining chest CT findings with clinical data was 
developed for rapid COVID-19 diagnosis [82]. A decision-fusion approach using multiple CNN 
models achieved over 86% accuracy across all metrics [83]. While CT scans are highly sensitive, they 
are costly and involve high radiation doses. Chest X-rays, in contrast, are inexpensive and provide 
rapid detection, suitable for initial screening [84,85]. 

4.1.2. AI in Predicting COVID-19 Prognosis and Epidemic Trends  

Identifying patient deterioration is crucial for effective COVID-19 management. AI models using 
chest CT scans accurately predict disease severity and patient outcomes [86,87]. Models integrating 
clinical data forecast critical illness risk with high accuracy and sensitivity [88,89]. Predictive models 
also consider geographical and demographic data, achieving significant accuracy [90]. Early 
prognosis and treatment initiation enhance patient outcomes and reduce mortality rates. 

The COVID-19 pandemic spurred the development of prediction models [91]. LSTM models and 
other methods predict cases, deaths, recoveries, and transmission dynamics [79,92]. Examples 
include SEIR models with machine learning [93], MLP neural networks for USA incidence [94], and 
combined SVR, ARIMA, LSTM, and Bi-LSTM models for global metrics [95]. These models aid 
policymakers in resource allocation and outbreak prevention. 

4.1.3. AI in Drug Discovery and Vaccine Development for COVID-19 

Efforts to develop antiviral drugs and vaccines are crucial. Traditional methods are time-
consuming, prompting AI techniques to expedite identification of treatments and vaccines. AI can 
identify drugs for novel diseases like COVID-19 through drug repurposing, addressing the challenge 
of identifying drug-disease relationships [96]. AI applications include virus identification, screening, 
diagnostics, drug repurposing, and prediction [72,97]. 

Drug repurposing is cost-effective [98]. AI algorithms identify potential COVID-19 treatments 
from existing drugs. For instance, 13 drugs effective against related coronaviruses were confirmed 
for SARS-CoV-2 [99]. Gradient-boosted decision trees screened 8,565 drugs, identifying 40 potential 
candidates [100]. Baricitinib, a JAK inhibitor approved by the FDA for alopecia areata treatment in 
2023, was also identified as a COVID-19 treatment using AI [101,102].  

A deep learning model using the 3CLpro model identified 175 potential therapeutic agents 
[103,104]. Deep Docking screened 1.3 billion compounds, identifying top candidates against SARS-
CoV-2 Mpro protein [105]. Developing a safe and effective vaccine against SARS-CoV-2 was crucial. 
Machine learning predicted key viral proteins for vaccine targets, highlighting the S protein and nsp3 
[72]. The S protein, highly antigenic, is a favorable vaccine candidate, while nsp3 requires further 
clinical study. 
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Omics-based data offer new insights into COVID-19, a pandemic that has highlighted the utility 
of multi-omics studies [106]. Integrating multi-omics data can aid in combating the epidemic and 
advancing our understanding of its mechanisms.  

Biomarkers found in COVID-19 patients offer important insights into the molecular responses 
of the host and provide guidance for clinical decisions [107]. In a study by Bernardes et al., an increase 
in proliferating plasmablasts was identified as a characteristic of severe COVID-19 through the 
analysis of longitudinal multi-omics data [108]. The key biomarkers such as genes, proteins, and 
exRNAs were identified by utilization of transcriptomics, proteomics, and metabolomics [109]. 
Several studies have highlighted biomarkers strongly linked to the severity and progression of 
COVID-19, indicating potential targets for therapy [110,111]. 

The analysis of multi-omics data is essential for understanding the development of COVID-19 
and for creating treatments [112]. An effective approach using integrative analysis for addressing the 
dangerous inflammatory response (Cytokine Release Syndrome, CRS) found in severe COVID-19 
cases [113,114]. They observed increased levels of IL-6, IL-8, and MCP-1, which were positively linked 
to plasminogen activator inhibitor-1 (PAI-1, or SERPINE1), and were associated with severe 
pneumonia and COVID-19 mortality [113]. Furthermore, Tocilizumab, an IL-6 inhibitor, appears to 
hold potential for treating severe respiratory complications in CRS and COVID-19 [114]. 

Multi-omics analysis could enhance previous findings by investigating additional cytokines and 
serpin family genes [115]. Through the use of single-cell RNA sequencing, we scrutinized immune 
cells from both COVID-19 patients and healthy controls. This analysis revealed varying expressions 
of essential cytokines (IL32, IL7R, IL2RB, IL6ST, IL17RA, IL4R, IL-8, IL6R, ILF3, IL13RA1, IL10RA) 
and serpin genes (SERPINA1, SERPINB1, SERPINF1, SERPINB10, SERPING1) [115]. Notably, the 
levels of IL-8 were notably higher in the plasma of COVID-19 patients [78], whereas IL-17RA 
exhibited significant increases in milder cases [116]. It has been identified that IL-6R presents a crucial 
target for therapeutic intervention [117], and the levels of SERPINA1 and SERPING1 were 
particularly elevated in COVID-19 patients [118,119]. Furthermore, genetic instrumental variables 
were employed to assess cytokine levels’ COVID-19 risk through two-sample MR analysis [120], a 
method used to identify COVID-19 risk factors [121]. This analysis revealed differential expression 
of cytokines and serpin family genes in COVID-19 patients compared to healthy controls across 
various immune cell types. 

4.2. Cancer  

In the past 30 years, advances in cancer identification and treatment have reduced overall cancer-
related deaths by 33% [122]. Despite this, many types of cancer are increasing, posing a significant 
global health challenge. Healthcare providers often have limited time to analyze extensive data, 
which can lead to errors. AI offers a promising solution to improve precision across medical fields 
[123,124]. Cancer involves complex biological abnormalities affecting genes, RNAs, proteins, and 
metabolites [109]. Technologies like omics provide detailed insights into cancer’s genetic and 
metabolic profiles, guiding personalized treatments and predicting responses [125,126]. Pathway-
oriented analysis plays a crucial role in understanding cancer’s molecular diversity [127], with AI 
poised to enhance diagnosis, prognosis, and treatment [128,129]. 

4.2.1. AI-Assisted Diagnosis for Cancer  

Deep learning in digital pathology automates tasks like cell type identification in histopathology 
slides. For instance, CNNs accurately classify cell nuclei in colon cancer tissues [130]. Tools such as 
Qupath automate nucleus detection and dataset creation [131], while ResNet achieves high accuracy 
in detecting colorectal polyps [132]. In prostate cancer, a CNN-based system for Gleason scoring 
outperformed pathologists [133]. Algorithms for biomarker quantification improve diagnostic 
precision [134], and convolutional networks aid in radiology for abnormality detection [135,136]. AI 
models using digital mammograms detect early-stage breast cancer more effectively than radiologists 
[137], potentially reducing mortality rates [138].  
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4.2.2. Predicting the Prognosis of Cancer  

Early detection and prognosis are critical. AI identifies biomarkers and patient subgroups for 
cancer recurrence [139]. Methods like SVM and RF-ACE integrate multiple omics data to discover 
relapse biomarkers in colorectal cancer [140]. Deep learning neural networks predict survival in 
breast cancer by integrating traditional biomarkers with multi-omics data [141]. Kernel-based 
machine learning evaluates prognostic values across diverse omics datasets [142], highlighting 
mRNA’s predictive power in lower-grade glioma [143]. 

4.2.3. Elucidating Pathophysiology and Drug Discovery for Cancer  

Bulleted lists look like this: Cancer treatment strategies traditionally focused on genetic and 
epigenetic approaches have been limited due to the complex interplay of aging and lifestyle factors 
[144,145]. Integrative omics studies have thus emerged as crucial in cancer research. Proteomic 
analyses provide insights into cellular responses to genomic and environmental changes, influencing 
protein functions like transport and signaling in cancers. Modifications such as phosphorylation and 
glycosylation enhance clinical sensitivity, aiding in the diagnosis of cancers like colorectal, breast, 
and liver cancers [146–150]. Mass spectrometry (MS) monitors therapy responses and toxicity, 
identifies biomarkers, and requires improved instrumentation and data processing for expanded 
impact [151].  

To address global proteomics data variations, the Proteomics Standards Initiative (PSI) from the 
Human Proteome Organization (HUPO) has established guidelines for sample collection, disease 
control selection, disease status categorization, storage to eliminate pre-analytical variables, MS 
instrument calibration, and data reporting for untargeted [152] and targeted [153] analysis. 
Integrating proteomics with genomics, transcriptomics, metabolomics, and cancer histopathological 
images using AI enhances confidence in data and metabolic pathway identification. A breast cancer 
study identified over 12,000 proteins and 33,000 phospho-sites, linking DNA mutations (from TCGA 
data) to protein signaling, revealing new pathways for breast cancer subtypes with specific mutations 
(PIK3CA and TP53), and identifying candidate markers (SKP1 and CETN3) in basal-like breast cancer 
[154]. RNA-seq and DIA proteome data was integrated to link RNA splicing with proteome diversity, 
aiding cancer perturbation studies [155]. By using Non-Negative Factorization, iClusterBayes 
demonstrated its ability to discover biomarkers, revealing the role of MTAP/CDKN2A/2B expression 
for PD-L1 blockade sensitivity with a proportional relation of Kaplan–Meier survival to the gene 
expression level [156]. iProFun, is a method analyzing the “cascade effects” of the genes. This study 
revealed potential therapeutic candidates (AKT1, KRT8, and MAP2) in ovarian cancers [157]. 
AMARETTO was able to highlight different driver genes such as GPX2 for smoking induced cancer 
(lung squamous cell carcinoma), but also identified OAS2 and TRIM22 as modulator of the immune 
response [158]. 

Recent advances in MS imaging (MSI) combined with MRI provide insights into brain 
pathophysiology and vascularization[159]. Challenges remain in data preprocessing and image 
analysis for clinical applications [160]. Combining imaging techniques with LC/GC-MS enhances 
deep proteomic analysis for cancer biomarker discovery [161]. Single-cell proteomics reveals cancer 
heterogeneity and aids in identifying rare cells  [162]. 

Immunomics integrates multi-omics data with immunology to understand immune responses 
in cancer [163]. AI and machine learning facilitate TCR sequencing and antigen identification, crucial 
for immunotherapy [164,165]. Tools like EpiToolKit predict peptide-MHC binding, aiding in immune 
response prediction[166]. Single-cell expression profiling identifies tumor-specific immune genes and 
predicts disease prognosis [167,168]. The tumor microenvironment (TME) profile highlights intra-
tumor heterogeneity and guides precision immune-oncology [169]. Studies suggest that higher T cell 
infiltration in ovarian cancer correlates with improved survival rates [170]. Analyzing TME 
complexity predicts immune therapy responsiveness and identifies mechanisms to restore T cell 
functions at tumor sites. 
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4.3. Alopecia  

Current treatments for AGA include FDA-approved oral and topical medications such as 
finasteride and minoxidil. The process of traditional drug discovery takes a lot of time and could lead 
to unknowns and adverse reactions. As a result, numerous alternative therapies are being thoroughly 
researched to address these challenges. Furthermore, personalized treatment for AGA can be 
accomplished by using multi-omics techniques. Omics approaches have now become crucial 
instruments in biomedical studies, enabling a more profound understanding of genetic, protein, and 
metabolite variations in diseases at the tissue or cellular level. The study of AGA has involved the 
exploration and application of different combinatorial techniques. A summary of the methods used 
in each omics approaches, such as genomics, transcriptomics, proteomics, and metabolomics, is 
provided. 

4.3.1. Diagnostic Approaches Combined with Omics Tools  

Genomic data can be used to identify genetic variants linked to AGA so as to evaluate an 
individual’s susceptibility to the condition, while transcriptomics can be employed to analyze gene-
expression variations, pinpoint crucial genes and pathways, and characterize AGA biomarkers 
[171].Protein markers can be identified to track the effectiveness of treatments and prognoses, and 
the impact of medications on protein expression can elucidate their underlying mechanisms of action 
[172]. For instance, early-stage AGA can be identified through blood tests for these markers, allowing 
for prompt therapeutic intervention [173]. Additionally, metabolomics-based intervention 
approaches may be utilized as complementary therapies for AGA. Deficiencies in certain vitamins 
and minerals have been observed in individuals with AGA, and supplementing these nutrients has 
been proven to enhance hair health[174,175]. 

It’s essential to emphasize that routine analysis of omics data can also be utilized to continually 
track disease progression and assess the effectiveness of treatments, thereby guiding adjustments to 
treatment plans. Consequently, the integration of multi-omics data can offer a comprehensive 
evaluation of the overall disease condition and the body’s reaction to treatment. 

4.3.2. Therapeutic Approaches with Independent Omics Tools in Androgenetic Alopecia  

Recent advancements in DNA sequence variation studies have provided valuable insights into 
androgenetic alopecia (AGA). Utilizing DNA microarray technology, Midorikawa et al. investigated 
the gene expression in dermal papilla cells (DPCs) of AGA patients and found 107 differentially 
expressed genes (DEGs) [176]. They observed upregulation of 38 genes, including p16 which is 
involved in cell-cycle control, and downregulation of 69 genes such as cyclin B and cyclin D1, along 
with various signaling and growth factor genes [177–179]. Previous research has associated the 
downregulation of BMP2 and ephrinA3 with hair cycle regulation [176]. The biomarker from scalp 
tissue were identified strengthened enhancer-gene connections, emphasizing genetic variations 
associated with AGA and eczema through genome-wide association studies (GWAS). They identified 
regulatory regions in DPCs crucial to AGA pathogenesis and predicted functional single-nucleotide 
polymorphisms [180]. 

Regarding AR gene polymorphisms, Ghassemi et al. investigated their impact on the 
effectiveness of finasteride treatment in AGA, suggesting that fewer GGC sequences correlate with 
better treatment outcomes [181]. There is no significant differences in AR haplotype frequencies 
between individuals with and without AGA, indicating the multifactorial nature of AGA [182].  

In transcriptomic studies of AGA, the effects of DHT treatment on DPCs using transcriptomic 
analysis, advocate for the use of 3D models for improved accuracy [183]. The upregulation of 
inflammation regulators and the downregulation of ion channel markers LRRC26, KCNK5, and 
B3GNT3 were reported in AGA using RNA microarray of hair follicles [184,185]. Disruption of the 
Notch pathway and the involvement of the JAG1 gene also discussed in AGA susceptibility [185].  
WNT10A and Wnt signaling also strongly associated with HIF-1 pathway in AGA [186]. Furthermore, 
WNT3 and HSD17B6 downregulation in AGA was associated with microarray and DNA methylation 
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studies [187]. The apoptosis, proliferation, and Wnt signaling identified as crucial factors in alopecia 
through gene ontology analysis, with Wnt/β-catenin pathway genes showing downregulation [188].  

In RNA sequencing studies, ReactomeFIViz, in-silico analysis following by estimating 32 
differentially expressed genes, identified downregulation in Wnt and TGF signaling and 
upregulation in oxidative stress pathways [189]. The induction of hair growth in DPCs is reportedly 
associated with the involvement of Wnt signaling through the sustained β-catenin pathway during 
the growth phase [190].  Wnt3a regulation were investigated for identifying upregulated inhibitors 
(AXIN2, DKK-1) and activators (LEF1, FZD7) [191], while EP2 expression in DPCs was linked to hair 
growth regulation [192]. RNA-Seq findings through RT-qPCR revealed upregulation in lipid 
synthesis and electron carrier activity, alongside downregulation of genes related to blood vessels 
and cell motility in alopecic scalps, potentially influencing AGA development [193]. 

Advancements in single-cell sequencing have unveiled links between oxidative stress and 
abnormal hairiness in AGA [194]. ATF3, NAPA, CRABP2, and UBE2D3 were implicated in oxidative 
stress and hair follicle cell cycle regulation [195]. The single-cell RNA sequencing analyzed hair 
follicle development stages from hair follicle development: induction, organogenesis, and 
cytodifferentiation detailing differentiation within dermal and epidermal cell lineages [196]. 

4.3.3. Multi-Omics Integration and Systems Biology in Therapeutic Insights for Androgenic 
Alopecia 

The combined use of transcriptomics and proteomics provides a robust method to explore the 
link between gene and protein expressions, enhancing our understanding of the molecular 
mechanisms underlying androgenetic alopecia (AGA). Forming a comprehensive molecular network 
by integrating these data uncovers complex interactions among gene expression, protein expression, 
and metabolism during AGA development. The integrated approach allows for the discovery of 
novel biomarkers and potential therapeutic targets, leading to the development of better treatment 
strategies. 

Omics technologies currently offer limited biological insights. In order to gain a better grasp of 
how diseases work and to pinpoint potential targets for diagnosis or treatment, it is essential to 
combine clinical data with bioinformatics. This comprehensive method enables the investigation of 
molecular interactions both upstream and downstream. Systems biology plays a critical role by 
examining cellular and organ-level interactions through integrated data analysis. 

Multi-omics research holds significant promise for advancing understanding of androgenetic 
alopecia (AGA), yet several challenges persist. The vast amounts of data from genomic, 
transcriptomic, proteomic, and metabolomic studies present hurdles in efficient processing, analysis, 
and integration to extract meaningful biological insights [197]. Additionally, achieving statistically 
significant results requires large sample sizes, complicating sample collection in conditions like AGA 
[198]. Interpreting the extensive biological data and linking it to disease mechanisms remains 
problematic [11]. Standardizing technical platforms and experimental methods is crucial but 
currently inconsistent [198]. Addressing data privacy and ethical concerns also poses substantial 
barriers [199]. 

Omics studies have explored differential expression in AGA patients across genes, transcription, 
proteins, and metabolism. These approaches have evaluated the effects of existing treatments and 
potential therapeutic reversals [197]. By combining omics methodologies, these studies offer valuable 
perspectives. However, understanding the connections between different omics layers and the 
molecular pathways underlying androgen-related effects requires further investigation. 

5. The Precision Medicine for Healthy Longevity - Future Perspectives 

Precision medicine shifts healthcare from generalized treatments to personalized approaches by 
leveraging omics and AI advancements to optimize outcomes for diseases like alopecia. The precision 
medicine initiative, launched in the U.S. in 2015, generally aims to move from “one-size-fits-all” 
treatments to tailored cancer therapies by leveraging individualized molecular data and 
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pharmacogenomics [200]. It requires gathering and analyzing an individual’s molecular signatures, 
which can be represented by various types of omics data. For instance, Technological innovations, 
like nanotechnology, enhance drug delivery systems, enabling targeted therapies tailored to 
individual genetic and molecular profiles [201]. Tools such as G-DOC Plus provide infrastructure for 
analyzing clinical and multi-omics data at both individual and population levels [202]. For precision 
medicine drug development, clinical trials need to focus on selecting the right trial for the patient, 
not just selecting patients for trials [203,204].  

Technological advances are making omics data collection more cost-effective and accessible, 
which benefits analysts by providing more data for exploration. AI and deep learning algorithms 
play pivotal roles in deciphering complex multi-omics data. Currently, AI-driven analytics, such as 
machine learning models, is mainly used to identify disease subtypes, biomarkers, and their 
correlations. Multi-omics-based disease subtype classification has proven superior to the 
conventional TNM staging method. For instance, multi-omics data analysis is a burgeoning field with 
great potential, especially when combined with clinical data. AI-driven pathophysiology analysis can 
overcome classical pathology limitations, with multi-oriented features showing promise in defining 
disease causes [16,205], and potentially complementing primary omics data in disease classification 
for precision medicine [17]. 

Utilizing omics technologies, particularly genomics and transcriptomics, researchers can 
delineate genetic susceptibility factors and molecular pathways contributing to alopecia pathogenesis. 
Alopecia is one of the well-known visible manifestations of senescence [180]. Aging is an unavoidable 
biological process that results in diverse defects. Preventing longevity and aging-related diseases is 
a challenging target for human health, requiring integrated analysis of multi-omics data and lifestyle 
factors. Alopecia presents multifaceted etiologies involving genetic predisposition, immune 
dysregulation, hormone imbalance, and environmental factors [206]. However, the efficacy of current 
therapeutic strategies and treatment drugs is limited, leading to long-term treatment, lower effective 
prognosis, and side effects[174,182].  Integrative approaches that combine multi-omics data and AI 
technology could provide novel biological insights by enhancing our understanding of the molecular 
pathophysiology of disease.  

The other well-known aging-associated diseases on brain, heart, immunity and metabolism are 
also caused by diverse factors, which included from genome to personal life history and style [207]. 
The causes of neurodegenerative disease are reported not only genetic mutation but also metabolic 
deficiency, viral pathogen and neuroinflammation [207–209]. Disease in cutaneous tissue, such as 
wound healing, and allergy, are also associated with aging [206,210]. Furthermore, aging and 
patterns of ordinary life contribute to incidence of metabolic syndrome [211]. Diabetes and 
hyperlipidemia, caused metabolic syndrome, suffered quality of life. Recently, GLP-1 agonist is 
widely used for anti-obesity treatment and emerged novel therapeutics represents a benchmark for 
future pharmacological metabolic syndrome treatment  [212]. However, molecular physiological 
features of systemic disease would not explain single directional reasoning. In metabolic syndrome 
risk patients, on the contrary, innate GLP-1 level were increased and it affect to disease incidence 
[213]. Further progression with integrative studies about diverse factors is needed for understanding 
human health and developing therapeutics for aging disease. 
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Figure 3. Biological insights from AI-driven multi-omics approaches. 

Despite technological strides, challenges persist in integrating and interpreting vast omics 
datasets. However, integrating factors like lifestyle and environmental effects could add new 
dimensions to the analysis. Collaboration among clinicians, biologists, and computational analysts is 
essential for achieving successful outcomes in multi-omics analysis, as causal inference problems 
cannot be solved by machine learning alone [214]. In this workflow, interdisciplinary knowledge 
must be fluently shared to achieve fruitful outcomes. 

AI’s role in integrating diverse datasets and predicting treatment responses will continue to 
expand. Future research should focus on refining AI algorithms to enhance predictive modeling and 
optimize therapeutic outcomes for alopecia and other complex diseases [14,197]. In conclusion, the 
convergence of omics and AI in precision medicine represents a promising frontier for improving 
treatment efficacy and patient outcomes in alopecia and other age-related conditions. Continued 
research and technological advancements will pave the way for personalized therapies that enhance 
healthy longevity [215]. 

The integrating approaches with multi-omics and environmental factors could elucidate 
pathophysiology of senescence associated diseases, such as metabolic syndrome, neurodegenerative 
disorder, and inflammatory disease. AI is needed for the integrative approach to provide a holistic 
view to the understanding of complex disease and physiological features, like senescence. Several 
discoveries and inventions could have enriched our understanding for disease and health. These 
clinically relevant achievements are needed to be more robust for being translated toward the right 
treatment for the right patient. We believed that the rapidly evolving AI-based medical data analysis 
is going to aid significantly the heathy longevity. 
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6. Conclusions 

In this perspective, we have summarized how advances in AI have become crucial in the data 
generation of omics and biological & clinical insight. DL and AI methods still need improvement for 
incorporating this information transparently and accuracy. The importance of transfer learning in 
adapting DL models to disease pathophysiology and questions were increased, significantly 
reducing the data required for DL methods [28]. Future steps should involve more transparent, open-
source architectures that seamlessly combine data analysis and various AI algorithms [216]. 

Omics datasets are increasingly part of larger projects including omics (genomics, 
transcriptomics, proteomics and metabolomics) data and diverse “meta data” like microscopy images. 
These results need to be related to existing biomedical literature and knowledge in growing databases, 
a process currently done manually, which is time-consuming and suboptimal. We believe graph 
databases and AI on graph data structures can improve this. In the future, AI methods will drive the 
integration of various results and existing knowledge in multi-omics projects. 

A longstanding goal of systems biology is modeling cellular behavior using stoichiometric or 
kinetic models [217]. Despite successes in specific areas, the large number of datapoints from modern 
omics makes them mathematically intractable due to the interconnected nature of biological systems. 
However, these attributes might make predicting cellular decision-making suitable for machine or 
deep learning. Current efforts do not yet optimally utilize the extensive and accurate data from each 
omics approaches. Models trained on transcriptomics datasets have already achieved remarkable 
performance in predicting cellular outcomes [218]. Given multi-omics’ high specificity and 
quantitative accuracy, ML or DL modeling based on this technology has a bright future. We advocate 
for generating high-accuracy, temporally resolved datasets from systematic and homogeneous 
perturbation and further research into suitable ML or DL architectures. Explainability is crucial, as 
black box models, despite predicting cellular behavior well, do not advance biological knowledge. 

In conclusion, AI has become integral to multi-omics data, rapidly establishing itself in data 
generation and integration. The greatest opportunities lie ahead, offering unprecedented insights into 
biological systems and new ways to diagnose and influence disease progression. Advances in 
biomedical data generation, including MS-based omics, along with breakthroughs in ML and DL for 
data analytics and integration, will move us toward data-driven precision medicine [219,220]. 
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