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Abstract 

Recent advances in single cell research enable analysis of specific immune cell populations within the 

cancer-specific tumor microenvironment (TME). Artificial intelligence (AI) has emerged as a key 

technology, utilizing machine learning and deep learning methodologies, and is capable to analyze 

single-cell RNA-Seq and domain level data to provide unprecedented insights into immune responses 

and tumor-immune interactions. The present work utilizes AI-based methods to explore two paths in 

cancer immunology through single cell transcriptomics and spatial multi-omics to study tumor 

evolution, immune escape, and resistance to immune-based therapy. AI methods can classify tumor 

infiltrating lymphocytes (TILs), establish functional immune cell states and assess patient-specific ICI 

responses. AI methods are also effective at developing novel immune biomarker discovery and 

therapeutic predictive response with high-dimension single cell data datasets. We further explore both 

AI models and single cell analysis integration with scRNA-seq in conjunction with spatial 

transcriptomics to help assess dynamics of immune and TME interactions and where to focus and 

evaluate immunotherapy strategies. This paper offers insight as AI leads to a rebirth in cancer 

immunology through biomarker discovery, patient stratification, and world's precision immunotherapy 

based on subsets of immune recognition. AI-enabled analysis of single-cell data demonstrates a 

considerable development toward agnostic personalized cancer therapy and clinical impacts for defined 

cancer pathways. 

 
Keywords: Cancer immune microenvironment, single-cell analysis, artificial intelligence, tumor 

immunology, machine learning, bioinformatics. 

 

Introduction 

The Tumor Immune Microenvironment (TIME) is important for cancer progression and 

responses to therapies. It consists of a variety of immune components, stroma, and signalling 

molecules that are in a state of reciprocal dynamic interaction with tumor cells that influence 

the disease course. An intact immune microenvironment will lead to tumor destruction, while 

an immunosuppressive TIME will enhance tumor immune evasion and resistance to therapy, 

including immunotherapy. Knowledge of the complexities of cellular heterogeneity within 

TIME is critical for developing novel therapeutic strategies. Single cell analysis has 

transformed our understandings of cancer biology by allowing detailed resolution of various 

cell populations within the tumor microenvironment. Single cell technologies, such as single-

cell RNA sequencing (scRNA-seq), mass cytometry (CyTOF), and spatial transcriptomics 

provide information about specific immune subtypes present in the TIME, their functional 

states, and physical interactions with tumors. Such detailed analyses provide a critical level 

of understanding of the biological concepts underlying immune evasion, therapy resistance, 

and tumor progression. 

Artificial intelligence (AI) has become a powerful mechanism for analyzing and interpreting 

the complex and large amounts of data generated by single-cell methodologies. Artificial 

intelligence methods, including deep learning and machine learning algorithms, enable 

automated cell-type annotation, clustering, and predictive modelling of immune interactions. 

These methods allow enhanced capability for analysis of large datasets at single-cell 

resolution, thus yielding valuable biological and functional data, and notably, enabling 

identification of potential biomarkers for personalized anticancer treatment.  
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The review integrates the application of AI-enhanced single-

cell strategies in the exploration of the cancer immune 

microenvironment. It will present a broad overview of 

important single-cell technologies, the AI approach used to 

convert data to biological relevance in the arena of 

immunology, and will describe their application to cancer 

immunology. Finally, we will present some challenges with 

AI strategies and examine the potential future developments 

of AI in single-cell research and its impact on cancer 

immunotherapy. 

 

 
 

Fig 1: AI - Driven Cancer Immunology Insights 

 

Research Methodology 

This review utilizes a systematic and literature review to 

examine AI-enhanced single-cell approaches for analysis of 

the cancer immune microenvironment. Peer-reviewed 

journals, clinical trials, and recent advances were retrieved 

from databases like PubMed, Scopus, and Google Scholar. 

Criteria for selection favoured studies published within the 

past decade that emphasize AI-powered single-cell 

transcriptomics, imaging technology, and computational 

tools for immune profiling. Emerging findings were 

integrated to assess prevailing trends, issues, and promising 

directions in the union of AI and single-cell analysis in 

cancer immunology. 

 

The Cancer Immune Microenvironment (TIME) 

Tumor immune microenvironment (TIME) is a dynamic and 

intricate ecosystem, comprising a heterogeneous subset of 

immune cells, stromal components, signal molecules, and 

extracellular matrix components, in total controlling the 

development of tumors and treatment outcomes [1]. Immune 

cells like T cells, B cells, macrophages, dendritic cells, and 

natural killer (NK) cells play pivotal roles either promoting 

or suppressing cancer growth [2]. Among these, T cells, more 

precisely cytotoxic CD8 T cells, form a key member in the 

field of anti-cancer immunity, while regulatory T cells 

(Tregs) and tumor-associated macrophages (TAMs) form 

part of creating an immunosuppressive tumor 

microenvironment [3]. B cells can depict both pro- and anti-

cancer functions, while dendritic cells are antigen-

presenting cells and therefore induce T cell activation. NK 

cells, as part of innate immunity, have the ability for killing 

cancer cells without the need for sensitization in advance [4]. 

Moreover, stromal cells, fibroblasts, cytokines, chemokines, 

and extracellular matrix components, along with immune 

cells in combination, form a pro-oncogenic tumor 

microenvironment conducive to the recruitment of immune 

cells and cancer growth. 

 
Table 1: Key Immune Components in the Tumor Immune Microenvironment (TIME) 

 

Component Function 

Cytotoxic CD8+ T Cells Kill tumor cells via cytotoxic granules 

Regulatory T Cells (Tregs) Suppress immune responses to maintain self-tolerance 

Tumor-Associated Macrophages (TAMs) Promote tumor progression through immune suppression 

Natural Killer (NK) Cells Kill tumor cells without prior sensitization 

Dendritic Cells (DCs) Present antigens to activate T cells 

B Cells Play both pro- and anti-tumorigenic roles 

 

The interaction of neoplastic cells and immune cells in the 

tumor microenvironment (TIME) dictates the fate of 

progression towards immune activation or immune evasion 

in neoplasms [5]. Tumor cells can subvert the host immune 

system via the upregulation of immune checkpoint 

molecules (e.g., PD-L1, CTLA-4), which can inhibit T cell 

activation and confer immune escape properties [6]. In 

addition, tumor cells secrete immune suppressive cytokines 

(e.g., TGF-b, IL-10) to attract regulatory immune cells while 

also inhibiting the cytotoxic immune response. These 

immune-tumor cell interactions help create an immune 

privileged environment that allows tumor cells to persist and 

progress. The paradigm of TIME as a key concept in cancer 

treatment remains constant, especially in immuno-oncology 

strategies. Immune checkpoint inhibitors (ICIs), such as 

anti-PD-1 and anti-CTLA-4 monoclonal antibodies, have 

fundamentally changed the way we treat patients with 

malignancies, restoring long lasting anti-tumor immunity [7]. 

However, we recognize that the TIME in some patients does 

not respond to immunotherapy, thus evidence for precision 

medicine is needed. Analyzing the cellular and molecular 

components of the TIME may provide insights on potential 

mechanisms of resistance and novel drug targets. In 

particular, as we utilize emerging tools in the field to 

identify and analyze the TIME (i.e., single-cell, or AI) we 

not only further our understanding, but also the therapeutic 

potential of targeting the TIME property in patients with 

tumors. 

 

Single-cell Technologies for Analyzing TIME 

Single-cell RNA sequencing (scRNA-seq) is a significant 

technique for examining tumor immune microenvironment 

(TIME) cellular heterogeneity with a higher resolution than 

bulk RNA-seq, which averages gene expression in a 

heterogeneous cell population [8]. By analyzing gene 

expression at the single-cell level, scRNA-seq allows for 

thorough investigations of the various immune cell subsets, 

their functional states, and their dynamic interactions with 

tumor cells. The scRNA-seq procedure is defined by several 

important steps which include single-cell isolation, mRNA 

capture, reverse transcription, cDNA amplification, library 

preparation, and next-generation sequencing (NGS) [9]. A 

variety of platforms exist to perform single-cell 

transcriptomic analysis utilizing either droplet technology 
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(10x Genomics Chromium) or plate-based methods (Smart-

seq2) [10]. A bioinformatics analysis pipeline which includes 

quality control, dimensionality reduction, clustering, and 

differential gene expression analysis is subsequently 

developed for scRNA-seq data analysis and interpretation to 

handle the large data generated from this technique [11]. 

 
Table 2: Single-cell Technologies for Analyzing TIME 

 

Technology Description 

scRNA-seq Analyses gene expression at the single-cell level 

Mass Cytometry (CyTOF) Measures protein expression at a high resolution 

Spatial Transcriptomics Maintains spatial organization of cells while analyzing gene expression 

Multiplex Imaging Uses fluorescent markers to visualize immune cells within the tumor 

 

Single-cell RNA sequencing (scRNA-seq) analysis of the 

tumor immune microenvironment (TIME) has dramatically 

augmented our understanding of immune cell states, their 

plasticity, and their functions within the tumor 

microenvironment [12]. scRNA-seq facilitates the capture of 

rare populations of immune cells, including exhausted T 

cells, suppressive T cells, and tumor-associated 

macrophages, all of which have essential regulatory 

functions within the context of anti-tumor immunity. 

scRNA-seq allows the reconstruction of transcriptional 

landscapes of immune cell fates responding to 

heterogeneous stimuli, including treatment with 

immunotherapy or upon the progression of a tumor [13]. 

Reconstruction of immune cell differentiation and lineage 

tracking using scRNA-seq will be able to reveal critical 

signalling pathways that lead to activation or suppression of 

the immune system within TIME. In addition, scRNA-seq 

can also be used in conjunction with other single-cell-based 

technologies such as spatial transcriptomics and proteomics 

to provide deeper insights into the localization of immune 

cells and their interactions with tumor cells [14]. Collectively, 

these insights are essential for uncovering new 

immunotherapy targets and developing individualized 

cancer therapies which exploit the unique immune 

contexture of each tumor. 

 

Single-cell Proteomics and Mass Cytometry (CyTOF) 

Single-cell proteomics enables high-dimensional analysis of

protein expression at single-cell resolution using mass 

cytometry (CyTOF), which is widely known as a cutting-

edge technology [15]. Mass cytometry is preferable to other 

approaches to gene expression, such as scRNA-seq, because 

CyTOF examines proteins (which are functional molecules 

driving immune responses) instead of relying on measuring 

gene expression. CyTOF works similarly to flow cytometry 

but combines it with mass spectrometry [16]. In other words, 

CyTOF utilizes antibodies with heavy metal labeling to 

detect protein expression on the single-cell level. While 

flow cytometry is limited in measuring two to four 

fluorescent labels (not accounting for reactivity), mass 

cytometry overcomes this by detecting protein expression 

using over 50 different immune markers or protein labels, 

without overlapping signals. With this technology, we can 

obtain a very detailed picture of immune cell phenotyping 

and functional states in the tumor immune 

microenvironment (TIME). In short, CyTOF is a powerful 

technique that can be used to analyze immune cell 

populations that engage with the tumor microenvironment, 

including cytokine production capacity, foreign antigen 

expression, or signaled miRNA from kinases [17]. The 

workflow of CyTOF involved preparing single-cell 

suspension, staining using specific metal tagged antibody 

probes, analyzing on time-of-flight mass cytometer, and 

then analyzing data using computational clustering methods 

to explain and organize the identity of various immune cell 

populations.  

 

 
 

Fig 2: CyTOF Workflow in Analyzing Tumor Microenvironment 

 

CyTOF has provided a tremendous opportunity to 

characterize immune cell subsets in the TIME by enabling 

multifaceted phenotypic and functional characterization. 

CyTOF permits the characterization of rare immune cell 

subpopulations, including exhausted T cells, myeloid-

derived suppressor cells (MDSCs), and tumor-associated 

macrophages (TAMs) that are often implicated in tumor 

progression and tumor-mediated immune evasion [18]. 
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CyTOF can also interrogate the functional states of immune 

cells, including measuring secretion of cytokines, expression 

of activation markers, and assessing downstream 

intracellular signalling pathways, facilitating our 

understanding of the immunological responses to therapies, 

including immune checkpoint inhibitor therapy. The 

integration of CyTOF with other single-cell approaches 

(e.g., spatial proteomics and transcriptomics) greatly 

increases the ability to interrogate immune cell interactions 

and the spatiotemporal organization of immune cells into the 

tumor microenvironment [19]. Overall, the diverse functional 

information that is generated provides a rich proteomic 

landscape of the TIME that can be used to develop precision 

immunotherapy approaches tailored to the immune profile 

of an individual patient. 

 

Spatial Transcriptomics and Multiplex Imaging 

Gaining insight into the distribution of immune cells within 

the tumor-immune microenvironment (TIME) is important 

for understanding tumor-immune interactions, the response 

to immunotherapy, and the mechanisms of immune evasion 
[20]. While single-cell RNA sequencing (scRNA-seq) 

provides high-dimensional transcriptomic information, it 

does not provide information about spatial context, so it is 

often used to assess the distribution of immune cells, among 

other activities, within the relevant tumor tissue. Spatial 

transcriptomics and multiplex imaging methods address this 

limitation by maintaining the spatial organization of the 

cells while quickly acquiring their molecular profile. Thus, 

researchers can assess the localization of immune cells, cell-

to-cell interactions, and organization relative to TIME, and 

help us understand tumor-immune interactions. 

Complex spatially resolved single-cell technologies have 

emerged to facilitate single-cell analysis. An example is 

CODEX (CO-Detection by Indexing), a multiplexed 

imaging platform which utilizes antibody-based fluorescent 

barcoding designed to visualize multiple protein markers 

within intact tissue sections as an avenue for high-

dimensional immune cell phenotyping [21]. An additional 

emerging technology in spatial transcriptomics, known as 

(MERFISH), multiphase error-responsive fluorescence in 

situ hybridization enables single molecule RNA detection 

while preserving tissue architecture to generate spatial maps 

of TIME gene expression. Spatial transcriptomics methods, 

including 10x Genomics Visium and NanoString, adapt the 

barcoded mRNA capture grid to overlay transcriptomic data 

with histological images, allowing preservation of spatial 

information [22]. Regardless of the specific methodology, this 

technology provides the opportunity to elucidate in addition, 

the incorporation of spatial transcriptomics with artificial 

intelligence (AI) based image analysis enhances the overall 

interpretation of the spatial immune landscape, and in the 

lead up to developing more precise and efficacious cancer 

immunotherapies. Immune cell niches, tumor-immune 

borders, and spatially regulated immune responses that are 

pertinent to understanding immunotherapy resistance, and 

ultimately implementing interventions based on spatial 

information to enhance therapeutic response.  

 

AI and Machine Learning in Single-cell Analysis of 

TIME 

The field of artificial intelligence (AI) and machine learning 

(ML) has transformed the analysis of single cell data 

because it allows for the rapid, efficient processing, 

clustering, and interpretation of the enormous and complex 

datasets generated by single-cell RNA sequencing (scRNA-

seq), proteomics, and spatial transcriptomics in the context 

of high-throughput omnics methods [23]. A primary 

challenge associated with single-cell data is high Both t-

SNE and UMAP allow the projection of high-dimensional 

data into lower-dimensional space in such a way that local 

structure reflective of cellular relationships is maintained, 

while facilitating visualization of tumor immune 

microenvironments (TIME) cell populations. 

Dimensionality, where thousands of genes or proteins are 

measured in thousands to millions of individual cells. AI-

powered pre-processing functions and dimensionality 

reduction tools such as principal component analysis (PCA), 

t-distributed stochastic neighbouring embedding (t-SNE), 

and uniform manifold approximation and projection 

(UMAP), simplify high dimensionality data while 

preserving essential biological information [24]. PCA 

facilitates high dimensionality reduction by identifying the 

principal components with the greatest amount of variance 

in the dataset.  

 
Table 3: AI Methods in Single-cell Analysis 

 

AI Method Application in TIME Analysis 

Machine Learning Clustering, feature selection, and predictive modelling 

Deep Learning Automated classification of immune and tumor cell types 

Transfer Learning Adapts models across different datasets 

Graph Neural Networks Models immune-tumor cell interactions 

Explainable AI Enhances interpretability of AI-based predictions 

 

Following dimensionality reduction, clustering algorithms 

are essential in identifying unique populations of immune 

cells with distinct functional states. There are traditional 

approaches utilizing methodologies such as k-means 

clustering where cells are assigned to previous arrangements 

based on a similarity of gene expression; and more 

sophisticated approaches employing graph-based clustering 

methodologies like Louvain and Leiden algorithms where 

models create networks of cells to identify communities of 

similar cells [25]. Clustering can reveal overall diversity in a 

sample, identify rare subtypes of immune cells, aid in 

understanding immune activation states, and expose the 

relationship between the tumor and immune cells in the 

tumor-immune microenvironment (TIME) that may be 

immunologically relevant. Machine learning-based 

clustering can better identify these relevant immune 

signatures for cancer progression, response to 

immunotherapies, or resistance mechanisms. With 

continuing adaptations of AI-based models, along with 

advances in single-cell technologies, AI implementation in 

single-cell approaches will furthermore deepen our 

knowledge of TIME leading to precision in cancer 

immunotherapy design and personalization [26]. 
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Deep Learning for Single-cell Classification 

Deep learning techniques have played a notable role in 

advancing single-cell analysis through automated and 

accurate classification of immune and tumor cell types 

within the tumor immune microenvironment (TIME) [27]. 

Traditionally, most types of single cell classification utilize 

marker genes for manual annotation, which can be tedious 

and potentially biased. Deployment of deep learning-based 

approaches or artificial neural networks (ANN) and 

convolutional neural networks (CNN), have become a tool 

for cell type annotation by learning complex patterns from 

high-dimensionality single-cell expression data. Deep 

learning models can classify immune cells subtypes such as 

CD8+ cytotoxic T cells, CD4+ regulatory T cells, tumor 

associated macrophages (TAM), and natural killer (NK) 

cells, based on their gene expression (mRNA) or protein 

profiles [28]. When trained on a very large number of single-

cell RNA sequencing (scRNA-seq) or proteomics datasets, 

deep learning models increase the efficiency and accuracy 

of cell classification and identification of novel cell states 

and functional phenotypes in TIME. 

One of the biggest challenges in single-cell research is 

heterogeneity in data across platforms, experimental 

conditions, and cancer types. Transfer learning tackles this 

challenge by enabling deep learning models to be trained on 

one dataset and easily applied to new datasets with minimal 

extra training. This makes large annotated datasets less 

necessary and enhances model generalizability across cancer 

types. Self-supervised learning techniques also enable deep 

learning models to acquire useful representations of single-

cell data without heavy manual annotation [29]. With the help 

of contrastive learning or autoencoders, the models can 

acquire the underlying biological patterns and identify rare 

immune cell populations in TIME. The integration of deep 

learning with single-cell analysis is transforming cancer 

immunology by making more accurate and scalable cell 

classification techniques, which ultimately give rise to new 

immunotherapy targets and personalized therapies [30]. 

 

Predictive Modelling of Immune Interactions 

Artificial intelligence (AI) is increasingly used to predict 

interactions between immune cells and tumors in the tumor 

immune microenvironment (TIME), thus offering vital 

information on cancer initiation and treatment response [31]. 

The complex dynamics of cellular signalling, cytokine 

communication, and immune checkpoint interactions enable 

the complex interactions between immune cells and tumor 

cells. AI-based models utilize high-dimensional single-cell 

data to model the interactions, which reveal key molecular 

factors that determine whether immune cells elicit an 

effective anti-tumor response or enable immune evasion. 

Graph neural networks (GNNs), network-based modelling, 

and agent-based simulations are used to reconstruct 

immune-tumor interaction networks, predicting the 

responses of different immune cell populations, including 

cytotoxic T cells and tumor-associated macrophages, to 

different tumor phenotypes [32]. These AI-based predictions 

enable the identification of potential immune vulnerabilities 

in tumors, thus informing the design of new therapeutic 

approaches. 

AI is also transforming response prediction to 

immunotherapy, solving the issue of heterogeneity of patient 

response to ICIs and other immunotherapies [33]. Machine 

learning algorithms trained from single-cell transcriptomics, 

proteomics, and spatial omics can predict biomarkers for 

response or resistance to treatment. Deep learning models 

integrate features such as T cell exhaustion biomarkers, 

tumor mutational burden, and immune infiltration patterns 

to classify patients as responders and non-responders [34]. 

AI-based predictive models also aid in predicting the effect 

of different immunotherapies on TIME, enabling 

personalized treatment suggestion. Through AI-aided 

immune interaction modelling and prediction of response to 

therapy, researchers are enabled to accelerate discovery of 

precision immuno-oncology approaches, ultimately 

contributing to improved patient outcomes in cancer 

treatment. 

 

AI-powered Spatial Transcriptomics Analysis 

Artificial intelligence (AI) is revolutionizing the area of 

spatial transcriptomics by enabling the integration of spatial 

and single-cell transcriptomic data to improve understanding 

of the tumor immune microenvironment (TIME). 

Traditional spatial transcriptomics methods provide high-

resolution maps of gene expression with tissue structure 

preservation; however, analysis of these complex datasets 

requires advanced computational methods [35]. AI-powered 

frameworks, including deep learning and probabilistic 

graphical models, enable smooth integration of spatial and 

single-cell data to allow researchers to identify spatially 

heterogeneous niches of immune cells and identify 

regulatory interactions between immune and tumor cells. 

Employing AI-driven clustering and dimensionality 

reduction algorithms, researchers can map functional 

immune states in TIME and thus gain additional insights 

into immune infiltration patterns, tumor heterogeneity, and 

therapy resistance mechanisms. 

Besides transcriptomic data integration, image-based deep 

learning methods are revolutionizing TIME characterization 

by extracting biologically relevant features from 

multiplexed histology and imaging data. Convolutional 

neural networks (CNNs) and generative adversarial 

networks (GANs) can decode high-dimensional spatial 

transcriptomics images, detecting immune cell distributions, 

tumor-immune interfaces, and microenvironmental 

alterations with high sensitivity [36]. AI-based 

histopathological analysis facilitates automatic annotation of 

immune cell infiltration patterns, creating predictive 

biomarkers of immunotherapy response. Furthermore, self-

supervised and contrastive learning methods improve AI 

models' capacity to detect subtle spatial variations in 

immune-tumor interactions. By utilizing AI with spatial 

transcriptomics, researchers can create high-resolution 

immune landscapes, which lead to improved precision 

oncology and allow for the creation of targeted 

immunotherapies based on an individual's 

microenvironment [37]. 

 

Challenges and Limitations 

While AI-empowered single-cell methods possess enormous 

transformative potential for the analysis of the tumor 

immune microenvironment (TIME), they are not without 

challenges and limitations that need to be addressed. Data 

quality and batch effects in single-cell measurements are 

major concerns. Single-cell transcriptomics and proteomics 

measurements are especially prone to technical noise, 

dropout events, and heterogeneity across experimental 

platforms, leading to batch effects that mask underlying 
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biological signals [38]. Standardization of data preprocessing 

protocols and design of computationally effective batch 

correction methods are essential to improve the 

reproducibility and reliability of single-cell research. 

The most significant barrier arises because of 

interpretability issues and computational difficulties in AI 

models. Single-cell data are of a high dimension and require 

high computation power and sophisticated machine learning 

methods to interpret significant data. Still, deep models such 

as neural networks are "black boxes" in which the processes 

by which AI arrives at specific outcomes cannot be easily 

realized [39]. Enhancing the interpretability of such models 

through techniques like attention mechanisms, feature 

attribution, and interpretable AI frameworks is essential to 

building trust in AI-based biomedical research. 

Another challenge is multi-omics data integration with AI. 

Integrating transcriptomics, proteomics, epigenomics, and 

spatial data can give a comprehensive view of TIME, but 

the heterogeneity of the data complicates integration [40]. 

Sophisticated AI methods like multimodal deep learning and 

graph models are being created to overcome this challenge, 

but optimization must be further improved to facilitate data 

fusion with ease and biological significance. 

Finally, ethical, and clinical translation challenges need to 

be addressed. Use of artificial intelligence-based single-cell 

technologies in the clinic requires strict validation, 

regulatory approval, and development of ethical standards to 

avoid bias in model development, protect patient 

confidentiality, and provide equitable access to AI-based 

diagnostic and therapeutic modalities. Bridging the gap 

between AI research and clinical practice will require inter-

disciplinary cooperation between computational scientists, 

oncologists, and regulatory bodies to ensure that AI-based 

single-cell technologies can be safely and effectively 

deployed in precision oncology. 

 

Future Perspectives and Emerging Trends 

The future of AI-assisted single-cell analysis of the tumor 

immune microenvironment (TIME) is characterized by 

tremendous progress in the fields of multi-omics integration, 

personalized medicine, and the responsible use of AI 

technologies [41]. The intersection of AI-assisted single-cell 

multi-omics is becoming a potent method for unravelling the 

intricate interactions in TIME by combining various omics 

disciplines such as transcriptomics, proteomics, 

epigenomics, and metabolomics [42]. Sophisticated machine 

learning frameworks such as multimodal deep learning and 

graph neural networks are being developed to fuse these 

heterogeneous data, thereby facilitating a deeper 

understanding of immune-tumor interactions and the 

discovery of novel therapeutic targets. 

Personalized medicine initiatives are another strong 

contender, with AI-driven single-cell analysis powering 

individualized anticancer treatment regimens. By analyzing 

the patient's own immune landscape, AI forecasts 

immunotherapy success, identifies synergistic combination 

therapy, and monitors real-time treatment resistance. 

Precision oncology based on AI is meant to enhance 

existing immune checkpoint blockade and other cancer 

immunotherapies by being able to match the intervention 

with the patient's own immune signature [43]. 

 

 
 

Fig 3: AI in Single-Cell Analysis and Precision Oncology 

 

One of the cores focuses in artificial intelligence research is 

the development of explainable [44] AI (XAI) in the field of 

single-cell immunology, and it aims to offer solutions to 

model interpretability [45]. Currently existing deep learning 

models, although highly accurate, are "black boxes," and 

this makes it difficult to understand their decision-making 

processes. Other XAI approaches, such as attention 

mechanisms, feature attribution, and interpretable neural 

networks, aim to maximize transparency so that AI-based 

conclusions are biologically interpretable and clinically 

relevant. 

Finally, federated learning will play a vital role in the 

sharing of data across multiple institutions, enabling 

cooperative AI training and maintaining patient 

confidentiality. By helping institutions train AI models on 

decentralized data with the security of the data maintained, 

federated learning can avoid issues of data availability, 

diversity, and bias. This will streamline the development of 

robust AI models in cancer immunology, allowing 

collaborative global effort while offering diversified AI-

based healthcare solutions. Since AI technologies evolve 

continuously, their integration with single-cell analysis will 

bring giant steps in cancer studies, ultimately 

revolutionizing immunotherapy and precision oncology [46]. 

 

Conclusion 

The merging of single-cell technologies with the help of 

artificial intelligence has revolutionized the detection of the 

tumor immune microenvironment (TIME) in a 

groundbreaking manner, providing unprecedented insights 

into immune cell heterogeneity, tumor-immune cell 

interactions, and treatment responses. The combination of 

advanced single-cell techniques, such as single-cell RNA 

sequencing (scRNA-seq), mass cytometry, and spatial 
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transcriptomics, with AI-enabled analytical techniques 

allows scientists to decode complex immune landscapes 

with phenomenal accuracy. Machine learning algorithms aid 

feature selection, clustering, and predictive modelling, 

whereas deep learning algorithms enhance cell classification 

and mapping of immune interactions. Additionally, AI-

enabled spatial transcriptomics helps with the better 

comprehension of immune infiltration patterns, thus 

facilitating the design of therapeutically driven spatial 

approaches. 

The potential of these technologies in cancer immunology is 

vast. Single-cell analysis with the assistance of AI is 

speeding up biomarker discovery, improving predictability 

of response to immunotherapy, and turning personalized 

cancer therapy into a reality. By harnessing multi-omics 

data and interpretable AI, these technologies can facilitate 

enhanced clinical decision-making, translating to improved 

and targeted therapeutic interventions. Federated learning is 

also facilitating multi-institutional consortia, with the 

promise of diverse and representative data for AI training, 

mitigating biases and enhancing generalizability. 

In the future, research will need to overcome computational 

limitations, improve AI interpretability, and uphold 

regulatory and ethical requirements in clinical translation. 

Ongoing development of AI-based approaches, combined 

with single-cell technologies, has the potential to 

revolutionize cancer immunology and precision oncology. 

In line with the increasing use of AI in biomedical research, 

its integration with single-cell technologies will inevitably 

pave the way for the next generation of cancer diagnostics 

and immunotherapeutic breakthroughs. 

 
Table 4: List of Abbreviations 

 

Abbreviation Full Form 

AI Artificial Intelligence 

ANN Artificial Neural Networks 

CNN Convolutional Neural Networks 

CyTOF Cytometry by Time-of-Flight 

DC Dendritic Cells 

GAN Generative Adversarial Networks 

ICI Immune Checkpoint Inhibitor 

MDSC Myeloid-Derived Suppressor Cells 

ML Machine Learning 

NK Cells Natural Killer Cells 

PCA Principal Component Analysis 

scRNA-seq Single-cell RNA Sequencing 

TILs Tumor-Infiltrating Lymphocytes 

TIME Tumor Immune Microenvironment 

TME Tumor Microenvironment 

t-SNE t-distributed Stochastic Neighbour Embedding 

UMAP Uniform Manifold Approximation and Projection 

XAI Explainable Artificial Intelligence 
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