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Abstract 

Comprehending the dynamic response of the immune system in inflammatory diseases is a major task due to the 
dynamic complexity, the cellular heterogeneity, and responses depend on the spatial context. The classic analytical 
methods are insufficient to handle the complex dynamics of the immune system, and especially of those diseases that 
advance, relapse, or remit temporally and spatially. To fill this void, the development of multi-modal analytics combined 
with high-dimensional, longitudinal data establishes a transformative framework for deciphering spatiotemporal 
immune signatures and regulatory networks. The aim of this study was to develop a global model system that uses 
integrative multi-omics data, imaging, clinical information, and spatial transcriptomics to model the immune dynamics 
in chronic inflammation including, e.g., rheumatoid arthritis (RA), IBD and SLE. By leveraging a number of sophisticated 
statistical learning algorithms, such as manifold alignment, tensor decomposition, and dynamic Bayesian networks, the 
model captures the sequential progression of disease progression, rewiring of immune cells, and microenvironmental 
cues over time. A key innovation is the method’s ability to mix data streams with different temporal and spatial 
resolutions — for example, bringing together single-cell RNA sequencing with time-stamped measurements of serum 
proteomics, or histopathological imaging. This enables the discovery early predictable markers, and context-dependent 
therapeutic targets in a mechanistically-informed manner. At its conclusion, this modeling approach will facilitate 
development of the next generation of precision immunology interventions for real-time monitoring of disease and 
personalized tide-turning intervention in the treatment of inflammatory diseases. 

Keywords: Spatiotemporal Modeling; Inflammatory Diseases; Multi-Modal Analytics; Longitudinal Datasets; Immune 
Dynamics; Precision Immunology 

1. Introduction

1.1. Background and Clinical Significance of Inflammatory Diseases 

Inflammation diseases include a wide-range of diseases with tissue destruction mediated by the immune system, 
chronic inflammation and deregulated immune responses. These include autoimmune diseases, such as autoimmune 
diseases as rheumatoid arthritis (RA), IBD, psoriasis, and systemic lupus erythematosus (SLE), which have highly 
variable clinical courses and organ-specific presentations. On a worldwide scale, hundreds of millions of people suffer 
from inflammatory conditions that exert enormous social, economic, and health care burdens because of their chronic 
nature, disability burden, and necessity for long-evoked coping strategies (1).  

The immune system role in immune-mediated diseases is complex and dynamic. It is a well-organised series of cellular 
contacts, cytokine signaling and tissue response that depends on temporal parameters and on anatomical locations. In 
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normal conditions, inflammation is a defensive response, but in chronic conditions, it becomes pathological leading to 
tissue damage and systemic manifestations (2). The development of biologics and targeted therapies has opened up 
new landscapes for treatment, but relies upon timely intervention, accurate patient stratification and immune 
monitoring at the time of intervention (3).  

New high throughput techniques (eg, single cell sequencing, spatial transcriptomics and mass cytometry) have 
broadened our knowledge of the immune landscape. Such powerful instruments discover the remarkable diversity of 
immune cell, and delineate the spatial and temporal transformations that drive disease pathogenesis (4). However, 
integration of such knowledge to yield clinical insights has been elusive, in part because data are fragmentary and 
integrative models that represent immune activity across tissue compartments and over time are lacking. Systems-
level effort is required to connect immune profiling to actionable decision-making in inflammatory disease care (5). 

1.2. Challenges in Modeling Immune System Dynamics  

The modeling of immune-system dynamics is challenging for several reasons, including system complexity, variation, 
and dimensionality. By contrast to static measures, immune responses are dynamic with rapidly changing cell 
populations, oscillating levels of cytokines and transient encounters that occur over both temporal and spatial 
dimensions. Understanding this complex relationship necessitates longitudinal data, spatial resolution, and 
computational approaches that can detect global signals as well as local disturbances (6). The heterogeneity of immune 
cell states and the plasticity of their functions represent one of the main barriers as shown in figure 1.  

A single type of cell can have multiple phenotypes depending on conditions, anatomical location, and exposure to 
stimuli, and deterministic models are therefore likely to be unsuitable to predict their dynamics (7). Moreover, clinical 
datasets are usually sparse, asynchronously sampled, and inter-patient heterogeneous, which makes temporal 
alignment difficult and damages the reliability of models (8). Moreover, multi-omic, imaging, and clinical records 
integration is technically and analytically challenging. Every data type possess a specific resolution, frequency and bias 
phenomena that have to be normalized, harmonized and dimensionality reduced while maintaining the biological 
meaning. Finally, there remains a disconnect between mechanistic models that describe the immune and machine 
learning models that predict outcomes without interpretability (9). It is important to overcome these challenges to 
fabricate immunologically relevant, clinically translatable platforms. 

1.3. Scope, Objectives, and Article Structure  

This article provides a general framework for spatiotemporal immune dynamics modeling in inflammatory diseases 
using integrative multi-modal analytics and high-dimensional time series datasets. It aims to transcend the conceptual 
and technical divides of existing immune monitoring methods to integrate biological understanding, computational 
modeling, and clinical observational data within a single analytical framework. Key Challenges I: We strive to show how 
multiscale modeling approaches may be used to predict, interpret, and modulate immune responses in the context of 
complicated diseases (10).  

The paper is organized as follows: Section 2 reviews key elements of the theoretical background on immune dynamics 
and spatial heterogeneity. Section 3 provides an overview of data acquisition and integration and presents 
preprocessing methodologies. 4 presents computational modeling methods and verification structures. Applications to 
real-life under selected inflammatory diseases are described in Section 5. Translational and clinical relevance are 
discussed in Section 6. Methodological limitations and future research directions are presented in Section 7. The final 
Section 8 wraps up with a discussion of overall findings and a vision for future application in precision immunology. 
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Figure 1 Overview diagram showing the complexity of spatiotemporal immune responses across organs [18] 

2. Theoretical framework and biological rationale 

2.1. Immune System Architecture in Spatiotemporal Context  

The immune system is a distributed and multiscale network spaced and meantime that is set up to preserve host 
defense as well as tissue homeostasis. Its structure encompasses central immune organs (i.e., bone marrow and 
thymus) and peripheral sites (e.g., lymph nodes, mucosal surfaces, barrier tissues). Immune cells are in constant transit 
between these different locales, traveling through the blood and lymphatics and reacting to an ever-changing series of 
internal and external cues, instantly updated (6).  

This constant motion is the foundation for immune surveillance, tissue healing, and resolution of inflammation. One 
important feature of immune activity is its context-dependence: the same immune cells can have different behaviour 
depending on tissue-specific cues, local cytokine concentrations and interactions with resident stromal or epithelial 
cells. For example, at home alone macrophages have different transcriptional program in lung, liver or skin, which is 
referred to tissue imprinting (7). Such spatially tagged activity is additionally modulated as a function of time, in 
emerging and resolving states of immune challenge. Furthermore, lymphoid organs including spleen and lymph nodes 
provide central hubs for antigen presentation, connecting innate and adaptive immunity that shapes adaptive immune 
responses. On infection or injury, immune cells are recruited in a temporally coordinated order initial neutrophils, 
followed by monocytes, dendritic cells and finally adaptive effectors as T and B cells (8).  

These spatiotemporal cascades are tightly controlled to prevent tissue damage, over inflammation. Under the condition 
of inflammatory diseases, this spatial cross talk is lost, the immune cells are accumulated at ectopic locations, the 
barrier function is disrupted and the tissue damage becomes chronic. As such, a detailed portrayal of immune system 
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architecture over the space and time is pivotal for the construction of accurate, mechanistic models for disease 
evolution and therapeutic response (9). 

2.2. Temporal Evolution of Immune Cell States  

The immune response is dynamically evolving in time and time-restrained transitions occur in the state, phenotype and 
functionality of the cells. The fate of immune cells is dynamically influenced by exposure to antigens, cytokines, co-
stimulatory molecules, and metabolic perturbations. These effects induces transient and persistent changes in gene 
expression, protein modification, and cell response, which enable immune cells to conform to their environment and 
the stage of the immune response (10). For instance, naive T cells, when triggered, swiftly proliferate and differentiate 
into multiple effector subsets, including Th1, Th17, and regulatory T cells, each having unique roles in inflammation 
and tissue repair.  

This is partially reversible, as memory cells can re-activate upon re-exposure to antigen. B cells also experience class-
switching and affinity maturation in germinal centers before transitioning into long-lived plasma cells or memory B 
cells (11). The innate immune cells are also plastic, as it adapts over time. Macrophages are able to polarize from a pro-
inflammatory (M1-like) to an anti-inflammatory (M2-like) phenotype in response to stimuli from their 
microenvironment. This fluidity is not binary but rather a continuum of functional states set by temporal cues (12). To 
capture these transitions, a longitudinal profiling (preferably at single-cell resolution) is essential to prevent missing 
the transient states and misclassification of the intermediate phenotypes. This is particularly important in inflammatory 
diseases in which immune profiles may dramatically differ from a flare to a remission. Ensemble dynamics like these 
need to be addressed for predictive modeling and intervention timing (13). 

2.3. Tissue Microenvironments and Spatial Heterogeneity in Inflammatory Conditions  

The tissue microenvironment is critical to control immune responses through spatially segregated molecular and 
cellular milieus. Every tissue contains stromal cells, extracellular matrix elements, and inflammatory architectures that 
communicate to direct the outcome of an immune response. These factors yield spatial heterogeneity which is a 
hallmark of both normal and pathologic tissue.  

This heterogeneity becomes further accentuated in inflammation, wherein immune cell infiltration, vasculature 
remodeling and fibrosis reprogram the tissue landscape (14). This compartmentalisation of the immune response may 
occur in diseases such as inflammatory bowel disease (IBD) and rheumatoid arthritis (RA). In IBD, immune cells 
aggregate within the lamina propria and crypt base to form regional centres of cytokine production, epithelial erosion, 
and the accumulation of neutrophils (15). In RA, synovial tissue becomes hyperplastic and tertiary lymphoid structures 
develop in the tissue around blood vessels, which are spatial gradients of B and T cells populations (16).  

Furthermore, spatial transcriptomics and imaging mass cytometry studies have demonstrated that even in a 
homogeneous tissue section, expression of immune effector molecules varies greatly. For example, pro-inflammatory 
cytokines that compromise the local T cells, such as IL-6 and TNF-α, could be confined to isolated niches, and the rest 
would be relatively immune quiescent. This mosaic signaling does not reflect a homogeneous immune state as perceived 
in tissue biopsies (17).  

Drug delivery and therapeutic efficacy are also influenced due to spatial heterogeneity. Fibrosis-dense areas or vascular 
occlusion could impede drug penetrance, and facilitate resistance to therapy. Consequently, including the spatial 
context in immune modeling allows better informing disease mechanisms and enhancing the predictive capability of 
computational simulations in inflammation-related diseases (18). 

2.4. Limitations of Conventional Immune Monitoring Techniques  

Despite the growing accessibility of high-throughput technologies, standard immune monitoring tools are constrained 
in their capacity to capture the complete complexity of spatiotemporal immune dynamics. Staples of clinical 
immunology, such as flow cytometry, ELISA and bulk transcriptomics, provide sider to those like snapshots from afar 
of immune activity, without either spatial resolution or temporal continuity. These techniques are commonly based on 
sampling of peripheral blood and this does not necessarily reflect immune processes in the target tissue, such as the 
synovium or gut mucosa (19).  

In addition, cross-sectional sampling strategies typically employed in clinical trials do not reflect the dynamic changes 
of immune cell states, and may obscure potential transition or context specific responses. Bulk measurements further 
mask cell-to-cell heterogeneity that is important for heterogeneity in immune trajectories. Thus, a multitude of cellular 
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interactions and microenvironmental stimulations are unobserved, which constrains the granularity in mechanistic 
models (20).  

To address these issues, we need new methodologies that combine time-series, spatially resolved data into coherent 
models that can make sense of complexity, variability and clinical relevance in management of inflammatory disease. 
This is shown in table 1 below. 

Table 1 Comparison of Classical vs. High-Dimensional Immune Profiling Technologies Across Spatial and Temporal 
Scales 

Dimension Classical Immune Profiling High-Dimensional Immune Profiling Reference  

Temporal 
Resolution 

Low (periodic, point-in-time 
testing) 

High (longitudinal, real-time sampling) (85) 

Spatial Resolution Poor (bulk samples, systemic-
level) 

High (cellular, tissue-microenvironment 
scale) 

(86) 

Data 
Dimensionality 

Limited (few markers, ~10–20) Extensive (100s–1000s of genes, proteins, 
or spatial pixels) 

(87) 

Throughput Medium High (massive parallel profiling of cells or 
transcripts) 

(88) 

Analytical 
Complexity 

Low (manual gating, univariate 
stats) 

High (machine learning, nonlinear 
modeling, network inference) 

(89) 

Interpretability High (clinician-friendly readouts, 
standardized assays) 

Moderate to low (requires computational 
expertise, visual tools) 

(90) 

Clinical Integration Routine (ELISA, flow cytometry) Emerging (scRNA-seq, CyTOF, ST) (81) 

Cost and  
Accessibility 

Low to moderate High (equipment, computational pipelines, 
licensing) 

(72) 

3. Data sources and multi-modal integration strategy  

3.1. Types of Longitudinal and Spatially Resolved Datasets  

Fine-grained immunological modeling of inflammatory diseases thus requires data sets that are multi-scale, including 
molecular, cellular, spatial, and temporal information. One of the most revolutionary ones would be single-cell RNA 
sequencing (scRNA-seq), cytometry by time-of-flight (CyTOF), spatial transcriptomics (ST) and high-throughput 
imaging. Each of these views has unique strengths in capturing elements of the complexity of immunity, and when 
combined they provide a strong base from which to model disease progression. 11)  

The technique of scRNA-seq further makes it possible to perform transcriptomic characterisation of individual immune 
cells providing information about their expression heterogeneity to assign cell types and state classification. It can be 
used to identify rare populations, lineage trajectories, or cell fate transitions occurring during inflammation, or in 
response to therapeutic intervention. Although confined to single cell suspensions, its temporal immune profiling 
resolution is without equal. CyTOF not only provides single-cell resolution, but also can meaure more than 40 proteins 
simultaneously with antibodies labeled with heavy metals. It is particularly well suited to measure surface and 
intracellular markers in a high-throughput multiplexed manner, e.g., for immune phenotyping in longitudinal samples 
like peripheral blood (12). In the setting of immunotherapy or flare-remission cycles, CyTOF has been crucial in 
monitoring dynamic immune signatures.  

Spatial transcriptomics (ST) and Imaging Mass Cytometry (IMC) are also essential for in situ immune responses. ST 
enables retention of spatial context and transcriptomic data on a genome-wide scale, thus researchers can directly map 
gene expression onto to tissue histology (13). In contrast, IMC can resolve spatial proteomic distributions at subcellular 
resolution to analyze cell neighborhoods and niche-specific functions in tissue microenvironments. High-Resolution 
Multimodal Imaging to Augment Spatial Understanding by Superimposing Architectural and Immunologic Features In 
addition, high-resolution multimodal imaging, specifically in-room multiplexed immunoflu and confocal microscopy, 
provides overlay of structural and immunologic features (14).  
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However, with their scale and heterogeneity, such data are imperative for linking static, localized pathology and real-
time immune kinetics. When integrated across time points, these methods also allow for a mapping of the complete 
inflammatory immune landscape. 

3.2. Temporal Data Streams: Time-Series Proteomics, Cytokine Panels, Clinical Trajectories  

Time-course data streams play a fundamental role in modeling immune system activity in inflammatory diseases, 
owing particularly to their nonlinear evolution and episodic dynamics. Time-series proteomics is a class of time-series 
data source which represents dynamic protein expression measurements at multiple time steps. Techniques such as 
data-independent acquisition mass spectrometry facilitate the quantification of hundreds of proteins, providing insight 
into developing immune pathways, metabolic changes, and acute-phase responses (15). Cytokine and chemokine 
panels, frequently assayed using ELISA, Luminex, or SIMOA, yield high frequency, low volume analyses of intercellular 
signaling molecules that drive inflammation.  

These panels are especially useful to investigate paracrine communication and global immune states upon disease 
exacerbation and resolution (16). Chronologically aligned profiles of cytokines found to occur before clinical flares point 
to them being "early-warning" signals. From the literature, clinical pathways (e.g., longitudinal patient records, imaging 
reports, symptom scores and medication histories) providing context for molecular and cell level data have been 
developed.  

When appropriately timestamped and synced with medical-record (biological) sampling, such datasets can provide 
useful information on association between immune activity and clinical subjects such as relapse, remission or adverse 
events (17). In addition, wearable and digital monitoring devices (e.g., smartwatches and biosensors) are novel tools 
that produce real-time, continuous physiological measures like heart rate variability (HRV) and parameters of sleep 
that are frequently associated with systemic inflammation.  

These signals can be integrated with omic data to inform digital phenotyping approaches and improve temporal 
resolution in immune models (18). Second, as a whole, the temporal stream of data form the support for studying 
trajectory inference, dynamic network analysis, and predictive modeling. Their integration with spatial datasets and 
molecular characteristics contributes to the integral perception of inflammatory immune dynamics in time. 

3.3. Spatial Data Streams: Imaging Mass Cytometry, Spatial Transcriptomics  

Spatial trajectories of immune cells through tissue landscapes are valuable data streams that provide insights into their 
context-specific behaviors. (11, 12) Together, imaging mass cytometry (IMC) and spatial transcriptomics (ST) are 
front-line technologies in deciphering the microanatomic landscape of immune responses in inflammatory diseases. 
IMC combines metal-labeled antibodies and laser ablation with detection, quantification, and identification using TOF 
mass spectrometry to create high-dimensional proteomic maps of tissue sections at a near-cellular scale. It allows for 
multiplexed (30–40 proteins simultaneously) quantification preserving single-cell localization.  

This is especially important in pinpointing cellular neighborhoods, immune niches and structural perturbations in 
diseased tissues, like synovial pannus or inflamed colonic mucosa (19). By defining immune cell-stromal or immune 
cell-vascular interactions, IMC provides a functional map of inflammation. Spatial transcriptomics (ST) adds to this by 
offering whole-transcriptome data localized in space within a section of tissue. Technologies, including 10× Genomics 
Visium and NanoString GeoMx, allow quantification of mRNA molecules across hundreds to thousands of spatially 
barcoded spots (20). ST permits mapping gene-expression gradients, discovering spatially-restricted cell states, and 
reconstructing inflammatory cascades while they occur across anatomical compartments. Both IMC and ST may be 
added to classical histopathology and immunohistochemistry to form multimodal, interpretable surveys of the tissue 
immune profile.  

Additionally, modern registration techniques permit co-mapping of proteomic and transcriptomic layers, thus 
providing genuine multimodal spatial integration. These techniques will be critical to mapping context-dependent 
immune phenotypes that are not reflected in the PB or homogenized bulk tissue. Their spatiotemporal resolution is 
critical for a biologically realistic modeling of immune heterogeneity, cellular communication and therapeutic 
microenvironments. 

3.4. Integration Architecture: Harmonizing Resolution and Timepoints  

Fusing multi-modal data streams at various spatial and temporal resolutions is a challenging yet indispensable aspect 
of spatiotemporal immune modeling. It is in this context that a flexible but structured integration architecture is 
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needed to map and homogenize heterogeneous data sources into a unified analytical universe. Its architecture is usually 
composed of three layers: data ingestion, intermediate alignment, and joint embedding.  

Data from datasets like scRNA-seq, CyTOF, ST, and clinical records are extracted and linked using shared concepts, such 
as patient ID, tissue type, and time point, during ingestion. But source data come in different depths, frequencies, and 
resolutions, requiring preprocessing and metadata enhancement. Temporal snapshots are aligned to spatial 
coordinates by anchor points, such as patterns of biomarker expression, imaging landmarks, or clinical events. 
Techniques such as canonical correlation analysis, manifold alignment, variational autoencoders are employed to co-
register data from different modalities (21).  

Finally, the united representation layer projects high-dimensional data into coherent embeddings that captures crucial 
biological variability without sacrificing the capability for cross-modality comparisons. This step is crucial to further 
modeling tasks – such as clustering, classification, or trajectory inference Downstream analysis and extension After the 
above two steps, the filtering is completed. Interoperability and Reproducibility in Integrative Studies Our modular 
design allows scalability, reproducibility, and interoperability, all required for deploying integrative pipelines in the 
research and clinical arenas. It provides a platform for comprehensive modeling of the immune system. 

3.5. Preprocessing and Data Harmonization Strategies  

Prior to integration and modelling, multi-modal datasets require extensive pre-processing and harmonisation to 
remove noise and inconsistencies, and to homogenise the structure. These procedures are essential to maintain 
biological relevancy and control for bias from experimental variance or technical noise. Preprocessing of scRNA-seq and 
ST data involves quality control (e.g., mitochondrial genes), normalization (e.g., by SCTransform or by log 
normalization), and feature selection (e.g., high variable genes). Batch-effects are corrected for using batch-correction 
tools like Harmony, MNN or Seurat's integration (22). 

 For CyTOF and IMC data-sets, preprocessing includes compensation, signal normalization, and bead-based calibration. 
Data distribution transformation using arcsinh or logicle is frequently employed to compensate for intensity 
distribution heavy-tailedness. To accurately demarcate cell boundaries, trained tools or deep learning algorithms (e.g., 
Ilastik or Cellpose) are employed to segment cells from imaging data.  

The clinical records and the proteomic datasets must be synchronized in time, the missing values should be estimated, 
and the units should be standardized. Methods for temporal smoothing, such as Kalman filtering, can be used to 
compensate for missing data or variability in cytokine panels or wearable sensor streams. Finally, feature scaling and 
dimensionality reduction like PCA/UMAP are also performed across modalities to ensure the features are compatible 
for downstream analysis. Harmonization controls the next models to learn biologically meaningful patterns, as opposed 
to technical variation as show in figure 2. 

 

Figure 2 Multi-modal data integration pipeline with temporal and spatial harmonization layers 
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Table 2 Summary of Public and Proprietary Multi-Modal Datasets with Immune Relevance 

Dataset Name Modality 
Types 

Disease 
Focus 

Resolution Access Type Key Features Reference 
(Vancouver
) 

HCA Immune 
Census 

scRNA-seq, 
CyTOF, CITE-
seq 

Healthy & 
Inflammatory 
tissues 

Single-cell, 
multi-
tissue 

Public Standardized 
immune 
profiling 
across tissues 

(87) 

ImmPort Flow 
cytometry, 
microarray, 
cytokine panels 

Autoimmune 
diseases, 
vaccine 
response 

Cohort-
level, 
longitudina
l 

Public Curated 
immunologica
l clinical trials 

(88) 

Lupus Nephritis 
Atlas 

scRNA-seq, 
spatial 
transcriptomic
s 

Systemic 
Lupus 
Erythematosu
s 

Cell-type & 
spatial 

Public Multi-organ 
SLE atlas from 
AMP initiative 

(72) 

RA Synovium 
Atlas 

scRNA-seq, 
ATAC-seq, 
Imaging Mass 
Cytometry 

Rheumatoid 
Arthritis 

Tissue-
specific 

Public Integrated RA 
joint and 
blood immune 
datasets 

(73) 

10x Genomics 
Datasets 

Spatial 
transcriptomic
s, scRNA-seq 

RA, IBD, SLE, 
oncology 

Subcellular 
to tissue-
level 

Public/Privat
e 

Visium 
samples, 
tissue-
resolved 
immune 
profiling 

(89) 

Singlera 
ImmunoBank 

Single-cell DNA 
methylation + 
transcriptomic
s 

Lupus, Crohn’s 
Disease 

Single-cell, 
longitudina
l 

Proprietary Epigenetic 
lineage 
tracing with 
immuno-state 
mapping 

(90) 

FoundationOne 
Heme 

Targeted NGS, 
immune 
profiling 

Hematologic 
malignancies 

Bulk, 
targeted 
panels 

Proprietary Mutational + 
immune 
biomarker 
landscape for 
blood cancers 

(87) 

Tempus xT + 
ImmunoINSIGH
T 

RNA-seq, 
whole-exome 
sequencing, 
proteomics 

Oncology, 
Inflammatory 
Disease 

Mixed 
(bulk and 
single-cell) 

Proprietary AI-augmented 
clinical 
decision 
datasets 

(77) 

4. Computational modeling of spatiotemporal immune dynamics  

4.1. Tensor-Based Decomposition of High-Dimensional Longitudinal Data  

High-dimensional longitudinal data generated by immunological studies (for example, time-resolved single-cell RNA 
sequencing (scRNA-seq), multiplex cytokine panels, and imaging mass cytometry) are challenging to analyze because 
they have complex data structures due to innate temporal, spatial, and cellular heterogeneity. Decomposition methods 
for such multi-dimensional arrays are known as a tensor-based decomposition which gives a natural and 
mathematically rigorous way to deal with them.  
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In contrast to classical matrix approaches, tensors enable the joint modelling of time, modality and, sample or cell 
identity (15). The most popular tensor analysis approach in this context is Canonical Polyadic (CP) decomposition, 
which breaks the tensor down to a sum of rank-one components and uncovers patterns sharing by the dimensions (16).  

For example, a three-mode tensor representing “genes × timepoints × conditions” is decomposed into interpretable 
vectors that capture temporal gene expression modules associated to disease progression or treatment response. The 
CP decomposition works well to identify patterns in immune activation and relates them to bouts of disease such as 
lupus or Crohn’s disease. Besides CP, Tucker decomposition is frequently used for denoising, core feature extraction, 
and retaining the hierarchies.  

This is very helpful in multi-batch clinical valuable datasets where biological signal should along patients be preserved 
(17). More recent developments also include sparsity penalties and non-negative constraints, which, by enforcing 
interpretation-friendly factor loading matrices, add interpretability to solutions. Tensor-based methods have been 
integrated with neural networks in hybrid models that have increased the prediction accuracy of inflammatory 
episodes using features of previous structure in the immune response. In addition, their versatility in diminishing the 
effect of missing data is preferable for clinical health and NGS data, which have partial observations (18).  

These may be valuable tools for dimensionality reduction, biomarker discovery, and for revealing temporal signatures 
in high-throughput longitudinal studies. 

4.2. Dynamic Bayesian Networks for Cell-State Transitions  

Dynamic Bayesian Networks (DBNs) offer a probabilistic graphical approach to describing and learning the temporal 
relationships and progression of the states of the immune cells across time. Well, in contrast to static Bayesian networks, 
which codify the conditional dependency of events at one time, DBNs take time series measurements and infer the 
casual structures over multiple steps in cellular differentiation or activation (19).  

Immune cell states in inflammation achieve nonlinear dynamics driven by cytokines, antigen exposure, or drugs. A DBN 
represents these transitions as a sequence of connected states with each node representing a molecular marker or a 
phenotypic trait and edges showing the probabilistic influence between time slices. This facilitates discovery at the 
level of causal regulatory circuits – for instance, understanding on how TNF-α stimulation activates NF-κB that in turn 
leads to monocyte polarization (20).  

One advantage of DBNs is that they can handle both continuous (e.g., gene expression) and discrete (e.g., cell type) data. 
Their ability to model latent prior variables would be particularly important (since something like CD4+ T-cell 
exhaustion (a simulated outcome variable) may not be directly measurable, but rather extrapolated from surrogate data 
(in our case, CD4+ T-cell exhaustion as a function of checkpoint molecule expression trajectories) in systems 
immunology) (21).  

There are a number of learning algorithms for DBN structure learning, such as Expectation-Maximisation and score-
based algorithms. These approaches are frequently combined with bootstrapping to improve robustness and to combat 
overfitting, particularly when dealing with limited timepoints or the sparse coverage of the cell population. Recent 
deep-learning-assisted DBNs use RNNs as a prior to speed up convergence for noisy data, a type of data from 
experimental platforms such as CyTOF or ST (22). DBNs have been successfully used to map immune reconstitution 
following transplantation, to monitor vaccine-induced immunity, and to discover relapse predictors in autoimmunity.  

Their interpretability and capacity to represent uncertainty make them appealing for clinical translation, for example 
to simulate the manner in which therapeutic blockade of IL-6 may change the preferredness of dendritic cell 
trajectories to go in the direction of tolerogenic phenotypes (23). Together, our DBNs represent a crucial link between 
empirical data and mechanistic understanding, opening opportunities for hypothesis testing around dynamic immune 
system changes over time both in experimental and clinical (low-resource emerging) settings. 

4.3. Manifold Learning for Temporal Embedding  

Manifold learning methods are a class of non-linear dimensionality reduction methods which aim to shift high-
dimensional immune data to smaller low-dimensional manifolds, maintaining the structure of the original data in the 
process. This is particularly useful in modeling time series data such as when the immune system is transitioning slowly 
and possibly non-linearly through various states, as in early inflammation to chronic immune dysregulation (24).  
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Methods such as Diffusion Maps, Isomap, and t-SNE are frequently applied to reveal the geometry of cellular states over 
time-points. Of these, those based on diffusion are preferred in time-resolved datasets because they foreground 
connectivity over distance, thus enabling diffusion to soundly model slow biological phenomena. For instance, immune 
cells over a week of interferon stimulation can be embedded in a continuous trajectory indicating transitioning 
phenotypes and bifurcations (25). Manifold learning has been playing an increasingly central role in the analysis of 
single-cell data, particularly in trajectory inference methods such as Monocle, Slingshot, and PHATE.  

These tools organize immune cells on the pseudotime axes to show differentiation hierarchy, such as T helper cell 
polarization, or B cell maturation under inflammatory cues (26). The pseudotime embeddings are not conditioned on 
discrete time labeling a priori, which allows them to be used in unsynchronized populations, a common setting 
encountered in human clinical studies. The incorporation of manifold embeddings over gene sets using gene set 
enrichment or transcription factor activity scoring improves interpretability and enables the connect cell-state 
progression to functional immune changes. Further, in conjunction with clinical assays, such embeddings can be 
utilized as predictive of early-stage responders vs non-responders to biologics (27).  

Hybrid manifold-graph approaches as partition-based graph abstraction (PAGA) contribute to scalability and 
robustness even in large and noisy data. Hence manifold learning is a geometrically honest approach for describing 
immune cell paths through it that provides biologically interpretable dimensionality reduction to achieve a more 
comprehensive insight into the mechanisms, and actionable stratification, of inflammation-related diseases. 

4.4. Graph-Based Spatial Modeling: Immune Niche Interactions  

Immune cells are not randomly distributed, but reside in spatially organized microenvironments within tissue, called 
immune niches, determining local immune activation, tolerance or dysregulation. Graph-based spatial modeling offers 
a computational framework for representing such interactions by creating graphs in which nodes represent cells and 
edges represent physical proximity or functional signaling derived from spatial transcriptomics or imaging mass 
cytometry data (28).  

This model allows us to simulate intercellular communications networks with spatial resolution, and to locate cellular 
communities with common phenotypic and transcriptional characteristics. Techniques for defining neighborhood 
relations through Voronoi tessellation, Delaunay triangulation or k-nearest neighbor graphs have been widely used for 
constructing spatial adjacency matrices and further enriched with biological annotations including cytokine secretion 
profiles and expression of immune checkpoints (29). This strategy has shed light on immune suppressive 
neighborhoods in tumors as well as fibrotic foci in chronic inflammation. Graph convolutional networks (GCNs) also 
generalize these models and fuse spatial graphs with transcriptomic/proteomic features to predict cell function based 
its microenvironmental context (30).  

This makes it possible to map dynamically how immune cell function is influenced by local cues, including macrophage-
fibroblast interactions in granulomas and T cell proximity to antigen-presenting cells during tissue flares in lupus (31). 
Furthermore, spatial autocorrelation statistics such as Moran’s I and Geary’s C measure the spatial cluster strength of 
immune responses at non-random patterns associated with disease statuses. Such modeling has been incorporated 
into spatially-informed machine learning pipelines for biomarker discovery and patient stratification (32). Hence graph 
based spatial modelling is an essential instrument to translate spatial information into exciting biological and clinical 
information on immune niches in inflammation. 

4.5. Cross-Modality Representation Learning and Transfer Learning  

Cross-modality representation learning addresses the issue of integrating heterogeneous types of data—
transcriptomic, proteomic, imaging and clinical data—by learning generic feature representations that map modalities 
onto a common latent space. This permits downstream tasks such as classification, prediction, or clustering to be 
carried out without the requirement of having exacting correspondence between features (33).  

A successful strategy is to resort to variational autoencoders (VAEs) and contrastive learning exacerbating the 
distribution of the least represented scores, or corrupted. For example, the co-embedding of single-cell RNA-seq and 
ATAC-seq data can capture gene regulatory changes associated immune cell activation in inflamed tissues (34).  

The concept of transfer learning further extends this perspective by using pre-trained large datasets models and fine-
tuning them in small disease-specific datasets. This has made it possible to categorize immune states from small patient 
samples, as well as generalize across cohorts or experimental platforms (35). These approaches are particularly 
exciting in relation to facilitating cross-study reproducibility in multi-center longitudinal studies of inflammation. 
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4.6. Validation Techniques for Spatiotemporal Predictive Models  

Spatiotemporal models require rigorous validation for reproducibility, clinical utility and biological interpretability. 
Cross-validation techniques including time-slice cross-validation, holdout cell types, and leave-one-patient-out 
validation are widespread in longitudinal immune modeling to examine generalizability across timepoints and 
individuals (36). For spatial models, spatial bootstrapping and graph perturbation testing estimate the stability of 
neighbourhood-level predictions to spatial noise or sample dropout (37).  

Individual metrics such as AUROC, RMSE, or calibration curves are used, depending on whether the task is 
classification, regression, or survival modeling. In models that incorporate imaging or omics, attention visualization 
tools and saliency maps provide interpretability by identifying spatial features or molecular signatures underlying 
predictions (38). The combination of these validation frameworks establishes strong deployment of spatiotemporal 
models in both translational immunology and clinical research environments. 

 

Figure 3 Architecture of the proposed modeling framework and its layers 

Table 3 Modeling Techniques Mapped to Clinical Questions 

Clinical 
Question 

Modeling Technique Applicable Data 
Modalities 

Example Output Reference 
(Vancouver) 

Predicting Flare 
Onset 

Dynamic Bayesian 
Networks 

Longitudinal scRNA-
seq, cytokine panels 

Early-warning 
immune transitions 

(78) 

Patient 
Stratification 

Latent Class Analysis, 
Manifold Alignment 

Multi-omics + Clinical 
metadata 

Immune subtypes 
predicting therapy 
response 

(79) 

Disease 
Progression 
Tracking 

Trajectory Inference (e.g., 
Slingshot, PAGA) 

scRNA-seq, spatial 
transcriptomics 

Pseudotime of 
immune cell 
differentiation 

(80) 

Predicting 
Treatment 
Response 

Random Forests, Support 
Vector Machines (SVM), 
Deep Neural Nets 

Baseline + longitudinal 
omics data 

Classifier for biologic 
vs non-response 

(81) 

Biomarker 
Discovery 

Regularized Regression 
(LASSO), Feature 
Selection Algorithms 

Proteomics, 
transcriptomics 

Minimal predictive 
biomarker panels 

(82) 
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Spatial Immune 
Niches 

Graph Neural Networks, 
Spatial Autoencoders 

Spatial transcriptomics, 
Imaging Mass 
Cytometry 

Region-specific 
ligand-receptor maps 

(83) 

Cross-Modality 
Synthesis 

Multi-view Learning, 
Transfer Learning 

Imaging + sequencing + 
clinical 

Harmonized patient 
trajectory models 

(84) 

5. Case studies in inflammatory disease contexts  

5.1. Rheumatoid Arthritis: Modeling Synovial Infiltration and Cell Fate Trajectories  

Rheumatoid arthritis (RA), a chronic autoimmune disease characterized by progressive inflammation of synovial tissue, 
destruction of joint, and systemic involvement. Recent technical developments in spatial transcriptomics and single-
cell RNA sequencing have made high-resolution T cell, B cell, and macrophage mapping of inflamed synovial 
membranes accessible, exposing emerged complex spatial heterogeneity and functional diversification (39).  

Computational derivations of these infiltrates applying dynamic Bayesian frameworks and pseudotemporal inference 
have provided insights into cell fates, including monocyte-to-macrophage differentiation within pro-inflammatory 
niches, and progression toward exhausted CD8+ T-cell. Pivotal spatiotemporal modelling algorithms such as Slingshot 
and PAGA have uncovered discrete fibroblast lineages that drive disease chronicity and therapeutic escape. These 
models have implicated particular chemokine axes (e.g., CCL19–CCR7) that drive immune-stromal cross-talk 
correlating with disease severity and local tissue destruction (40). Combining these observations with time-series 
cytokine profiles of synovial fluid has led to the development of immune transition maps that can predict the onset or 
remission of flares based on coordinated activity of immune subnetworks. Additionally, a graph-based representation 
of synovial niches has been used to investigate how immune cells interact in space, for example, with ectopic lymphoid 
structures (ELS), structures that have been associated with disease persistence and B cell activation (41). Such spatial 
graphs uncover how immune cell recruitment, survival, and functionality polarization are affected by tissue 
organization.  

Hybrid manifold-graph algorithms have extended the prediction of patient treatment responses to TNF inhibitors by 
projecting patient-specific immune signatures into low-dimensional disease state spaces (42). Finally, the combination 
of high-dimensional immune profiling and computational trajectory modeling in RA enables therapeutic response 
simulation and personalized medicine. These models are now the basis of adaptive clinical trial designs for immune 
trajectory surrogate markers for early efficacy. 

5.2. Inflammatory Bowel Disease: Temporal Prediction of Flare-Ups and Therapy Response  

Inflammatory bowel disease (IBD), including Crohn’s disease (CD) and ulcerative colitis (UC), is a type of relapsing 
inflammatory disease of the intestine, which is caused by the dysregulated interactions between the mucosa of the gut, 
the microbiota in the gut and immune system. The spatiotemporal dimension of mucosal immunity in particular is easy 
to justify as an IBD use case for computational modeling of longitudinal multi-modal data, particularly during periods 
of disease flares and treatment response (43). Longitudinal transcriptomic analysis of intestinal biopsies have also 
allowed to build patient-specific inflammatory trajectories, including those involving modules of IL-23-driven gene 
expression occurring prior to clinical relapse (44).  

Time-series cytokine panels and microbiome dynamics have already been incorporated in tensor decomposition 
frameworks to identify latent components associated with mucosal healing or therapy non-response. For instance, 
interferon signatures forebode therapeutic antiintegrin (vedolizumab) failure in the chronic disease patients (45). 
Spatial transcriptomics has provided a detailed dissection of mucosal architecture that has unveiled that T cell 
distribution within the epithelial crypts or the lamina propria does not persist, but rather this is a dynamic process, 
which varies between flare and remission. Graph-based niche modeling has demonstrated that exclusion from 
granulomatous regions of regulatory T cells is associated with dysfunctional inflammation and transmural injury, 
specifically in Crohn’s disease (46).  

When integrated with digital pathology images, such models have given way to predictive maps of disease recurrence 
after surgery. Temporal clustering methods such as hidden Markov models and neural ODEs have been adopted to 
monitor patient immune states over months. These trajectories can be used to identify critical transitions of the 
immune state (i.e., transition from innate to adaptive) that represent the onset of a flare (47). Most important, we 
demonstrated that cross-cohort transfer learning has allowed us to apply pretrained models to new patients to predict 
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therapeutic response within weeks of the initiation of treatment, greatly enhancing stratification for biologics and JAK 
inhibitors. Thus, IBD modeling demonstrates the potential of integrating temporal information about the immune 
system and spatial immune architectures to inform therapeutic intervention and early prognosis. 

5.3. Systemic Lupus Erythematosus: Multi-Organ Immune Coordination and Dysregulation  

Systemic lupus erythematosus (SLE) is a classic systemic autoimmune disease characterised by high systemic immune 
dysregulation, with flares affecting the kidney, skin, joints and haematological system. The episodic and diverse 
character of SLE and and its systemic immune signatures, renders this a complex but very informative disease for 
modeling longitudinal immune dynamics (48). AMP multi-organ transcriptomic compendia have facilitated cross-
tissue modeling of immune behavior showing that interferon signatures and B-cell hyperactivity are shared at affected 
sites (49).  

Tensor decomposition of longitudinal blood transciptomes has discovered flare-related trajectories that are enriched 
in neutrophil extracellular trap (NET)-related genes and in type I interferon response. The appearance of clinical signs 
may follow these patterns by weeks, permitting predictive diagnostics (50). Spatial mapping of kidney biopsies in lupus 
nephritis identified microanatomical foci of activated myeloid cells and plasmablasts in glomerular and 
tubulointerstitial compartments that are associated with therapy-resistant disease (51). Graph convolutional models, 
trained on spatial data have discovered that spatial colocalization of activated macrophages with vascular endothelium 
is predictive of immunosuppression response. Causal pathways between circulating autoantibodies and local tissue 
inflammation have also been revealed by Bayesian network models.  

A case in point is epitope spreading through immune complexes that may promote sequential activation of tissue 
resident cells during systemic flares (52). Cross-modality representation learning between transcriptomic and 
proteomic markers has improved subtyping lupus, in particular differentiation between pediatric and adult patients. By 
spatiotemporal integration, SLE models are capable of predicting the timing of flares, target organ damage, and 
therapeutic response, providing important information for personalized therapy and long-term disease surveillance. 

5.4. Comparative Insights and Shared Immune Dynamics Across Diseases  

Although every inflammatory disease has its own unique pathophysiology, comparative space-time modeling has 
unveiled common principles of immune dynamics and immune regulation. Manifold learning as well as tensor-based 
methods across rheumatoid arthritis, IBD, and SLE datasets have revealed overlapping axes of immune variation 
notably reflecting interferon signaling, T cell exhaustion, and macrophage polarization (53). Dynamic Bayesian 
networks derived from multitumor data reveal conserved transitions between phenotypic states, such as monocyte-to-
M2-macrophage differentiation during resolution phases or B cell maturation in ectopic niches. Common ligand-
receptor signaling pathways (i.e., CXCL13-CXCR5 and IL-1β–IL-1R1 axes) have been documented in the synovium and 
intestine indicating potential overlap in therapeutic targets (54).  

Spatial modeling is consistent with the idea that the loss of tissue boundary integrity through such contributing factors 
as epithelial compromise in IBD or endothelial leakage in lupus correlates with common immune invasion patterns. 
Modeling the immune niche throughout various tissues has implicated the presence of regulatory T cells and tolerogenic 
dendritic cells in the perivascular space with disease remission, irrespective of tissue or disease microenvironment 
(55). In addition, those models have been pretrained on one disease (lupus nephritis), and successfully predicted the 
treatment response of another (RA synovitis), showing potential for generalized prediction of immune state (56).  

These models of cross -disease genotype contribute to systems-level insight and rational therapy design. Using these 
cross-sectional comparisons will allow investigators to begin developing universal indicators of immune health, 
predictive biomarkers, and interventions targeting common pathogenic pathways of inflammation. 
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Figure 4 Disease-specific immune cell-state transition maps and biomarker timelines [23] 

6. Translational applications and clinical implications  

6.1. Early Biomarker Discovery and Monitoring of Disease Activity  

Spatiotemporal modeling represents a novel tool to identify early and dynamic biomarkers reflecting the inflammation 
already when no clinical symptoms are present. In contrast to static biomarkers such as CRP or ESR, high-dimensional 
immune data — collected longitudinally and from tissue compartments — can be used to characterize temporally 
coordinated immune signatures associated with the initiation, resolution, or treatment response to flares (57). For 
example, scRNA-seq time series of patients with rheumatoid arthritis and systemic lupus erythematosus have revealed 
transient cell subsets and state transitions before flares, such as intermediate T helper cells and activated plasmablasts 
(58).  

Such populations frequently feature novel ligand-receptor pairs and transcriptional regulators not present at steady 
state, leading to early warning signals with more predictive value than traditional biomarkers. Paired CyTOF time 
courses of blood and SF immune cells have facilitated the mapping of immune memory signatures that persist during 
remission and guide subclinical inflammation. These signatures include the higher STAT1 phosphorylation in memory 
B cells and sustained expression of granzyme B in cytotoxic T cells (59).  

Longitudinal biomarkers like these are particularly useful in measuring early intervention windows and in identifying 
responders from non-responders between biologics and small molecule therapies. Moreover, the combination with 
imaging-based spatial data improves the contextualization of biomarkers, enabling tissue-specific predictions, such as 
predicting fibroblast activation protein (FAP) as a spatially enriched marker in treatment-resistant synovitis (60). Here, 
spatiotemporal immune modeling as such will break new grounds in the science of biomarkers by allowing the tracking 
in real-time of such immune state transitions, and will serve as a scaffold for early detection, dynamic monitoring and 
individualized therapeutic modulation of disease circuits. 

 



World Journal of Biology Pharmacy and Health Sciences, 2025, 23(02), 196-218 

210 

6.2. Informing Precision Therapy and Patient Stratification  

Among the most revolutionary applications of spatiotemporal modeling within inflammatory disease is the possibility 
for precision therapy led by mechanistic patient stratification. Instead of the classification based on clinical features 
only, integrative modeling enables classification on the basis of immune trajectory archetypes, molecular modules and 
spatial location (61). Dynamic Bayesian networks and latent factor models have demonstrated that patients with 
comparable clinical scores may have distinct immune trajectories and cellular drivers of inflammation.  

As an illustrative example to this point: in ulcerative colitis, one subgroup is characterised by an early induction of 
epithelial barrier genes and neutrophilic infiltrates, while another is marked by delayed T-cell–mediated inflammation 
and interferon signalling. Stratification based on these immune dimensions predicts divergent responses to anti-TNF 
vs. anti-integrin therapy (62). In addition, spatial transcriptomics has enabled patient stratification according to 
cellular neighbors and niche topology. Additionally, in lupus nephritis, patients with dense CD11c+ myeloid cell–
endothelium clusters within glomeruli display worse clinical renal outcomes although they exhibit equivalent ISN/RPS 
histopathological classifications (63).  

Model-based transfer learning across diseases and cohorts have even been used to predict which patients with clinically 
stable disease are likely to benefit from combination therapy or tapering, further reducing cost and overtreatment with 
immunosuppression. Transiting from empirical therapy to an informed immune-based prescription as imagined here, 
are more and more realistic as modeling tools become clinically available. In summary, spatiotemporal analytics 
redefines precision medicine through actionable immune archetyping and therapeutic targeting of patient-specific 
immunodynamics. 

6.3. Integration with Digital Health Tools for Real-Time Clinical Decision Support  

With the increasing robustness of these high-dimensional models of immunity, the challenge now is to integrate these 
into clinical workflows and digital health tooling. The combination of mobile biosensors, EHR-integrated dashboards, 
and AI-based analysis tools paves the way for an infrastructure to incorporate spatiotemporal information directly in 
CDSS (64). Wearable biosensors are now able to capture indirect biomarkers (e.g., HRV, skin temperature, cytokine 
level) using microfluidic patches.  

These data streams, if aligned to a patient’s immune trajectory derived from historical transcriptomic or proteomic 
data, could forewarn clinicians to predicted flares or to therapy escape (65). Furthermore, it is feasible in many EHR 
systems with predictive interfaces to show personalized risk trajectories alerting for deviations from remission zones 
or activation of high-risk immune modules. The dynamic imaging of biomarkers, immune cell network activity, and 
spatial compartment participation that allow for early intervention by clinicians will be possible. NLP modules can be 
used to extract and reconcile longitudinal clinical notes with lab value and medication history information, which can 
then be leveraged to dynamically update disease progression models.  

In addition, patient-facing applications can convey estimates of immune state and recommendations regarding therapy, 
thus involving patients in shared decision-making (66). This unification of molecular immunology and the bedside 
provides a direct translation of spatiotemporal models into the clinical setting with minimal interruption and maximal 
effect. 

6.4. Challenges and Opportunities in Clinical Adoption  

Despite this potential, clinical translation of the spatial temporal model of immunity is met with several technical, 
operational, and ethicolegal barriers. Data harmonization represents a significant but daunting challenge—datasets are 
not only not uniform in resolution, scale, and type of imaging data, but their cross-platform integration is complex and 
resource demanding (67). Normalization of the preprocessing pipelines for the  

(i) transcriptomic  
(ii) spatial and  
(iii) proteomic data is still missing.  

The interpretability of the model is another constraint. Black-box algorithms (in particular deep learning ones) are 
often difficult to interpret which hampers the trust of the clinician and the approval of regulation. To mitigate this, 
explainable AI techniques, such as SHAP (SHapley Additive exPlanations) and attention-weight visualizations, are 
becoming available to uncover important predictors of prediction, and, in doing so, to provide a more accountable 
decision (68). Regulatory - real time predictive tools that inform therapy will need to be validated and shown to be 
reproducible in different populations and clinical situations. In addition, concerns of data privacy, in particular in the 
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context of spatial transcriptomics and high resolution pathology, will necessitate new governance models for consent, 
de-identification and secure data transfer (69).  

At an operational level, to implement spatiotemporal modeling in the context of existing clinical protocols requires 
coordination across multiple stakeholders—from pathologists and immunologists to IT personnel and reimbursement 
agencies. Pilot work at tertiary rheumatology and gastroenterology practices is indicating feasibility and value in 
minimizing diagnostic delays and enhancing patient outcomes. Despite the challenges, continued improvements in 
modeling, miniaturization of hardware, cloud-based analytics, and policy change are rapidly closing the translational 
gap. Spatiotemporal immune analytics in personalized medicine is no longer hypothetical—it is becoming a clinical 
necessity. 

 

Figure 5 Conceptual flow from data acquisition to clinical decision support through spatiotemporal modeling 

7. Limitations and future research directions  

7.1. Data Sparsity, Heterogeneity, and Missingness in Longitudinal Data  

Multi-omics and clinical longitudinal immune profiles are frequently incomplete, non-uniform, and sparse, thus posing 
crucial challenges for downstream modeling. Losses of data can be induced by incomparable sampling times, technical 
dropouts in single-cell assays and patients’ dropout in longitudinal cohorts, resulting in biased estimates and reduced 
generalizability of prediction models (70). Additionally, different platforms, e.g., scRNA-seq, CyTOF, and proteomics, 
have diverse noise profiles and dynamic ranges, further complicating the heterogeneity.  

These problems have been approached through techniques like matrix factorization, autoencoders and variational 
inference models. However, the latter will tend to introduce artificial signals or strengthen batch effects when extended 
to sparse matrices (71). Integration harmonization methods such as MOFA+ and Scanorama address this to some 
extent by learning shared Latent spaces, but are inherently constrained when dealing with nonaligned time series or 
discontinuous spatial coverage (72). There is also a weakness in inter-rater variability. The immune cell state space is 
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dynamic over time, influenced by environmental, genetic, and therapeutic factors, which necessitates hierarchical 
model-based strategies to separate the within-patient trajectory from population-level trends (73).  

Without proper normalization, inferred transitions or clusters may be, to a large extent, sampling noise or technical 
artifacts as opposed to true biological processes. Accordingly, further development of longitudinal immune modeling 
will require statistical methodologies able to handle temporal discontinuities, reconcile cross-platform heterogeneity, 
and account for missing data without risk of overfitting or propagation of bias (81). 

7.2. Technical Limitations in Spatial Resolution and Cell Identification  

Even with substantial progress made in spatial omics, resolution and cell identity are still major obstacles. Tools such 
as imaging mass cytometry (IMC) and spatial transcriptomics (ST) can deliver high-dimensional information on cell 
localization, but may not attain single-cell resolution on large tissue regions (74). This limits the ability to trace the rare 
immune cell populations or separate closely intermingled cellular niches.  

Additionally, existing segmentation algorithms that infer cell boundaries from multiplexed images fail in inflamed or 
fibrotic tissue where tissue structure is distorted. Segmentation mistakes affect downstream processing, biasing 
neighborhood analysis and niche-level interaction modeling (75). One can also hypothesize that marker panels used in 
spatial profiling can be insufficient for the discrimination of overlapping immune phenotypes such as activated DCs vs 
Tissue-resident macrophages (82).  

Incorrect labeling has implications on trajectory construction and niche mapping, especially in diseases with a 
dynamical disease state. To conquer these bottlenecks, better multiplexing, hybrid imaging genomics, and AI powered 
image analysis are required (76). 

7.3. Ethical and Governance Challenges in Integrating Multi-Source Patient Data  

Multi-omic, imaging, clinical records, and wearables integration Multi-modal data integration - integrating genomics, 
imaging, clinical records and wearables - poses significant ethical and governance challenges. With spatial and temporal 
elements, de-identification becomes progressively harder, particularly if connected to specific tissue coordinates or 
digital health logs (77). This increases the likelihood of re-identification and accidental data disclosure. Furthermore, 
existing consent models seldom consider that multi-modal datasets may be re-used in multiple studies or across 
institutions.  

Patients may agree to a clinical biopsy, but not to downstream use for spatial transcriptomic profiling or to machine 
learning training (78). To the best of our knowledge, regulatory body has yet to define a solid data governance standard 
balancing utility and privacy for such high-resolution biomedical data (83). Biases inherent in training data whether 
they are encoded by underrepresentation of minority groups or geographic subsets can also contribute to susceptibility 
to algorithmic discrimination in precision medicine use cases.  

The importance of establishing federated learning, differential privacy, and rigorous ethical review mechanisms should 
not be underestimated in order to protect patient autonomy while promoting scientific advancement (79). 

7.4. Prospects for Real-Time, In Situ Immune Monitoring Systems  

New biosensing systems coming online offer the potential for in situ real-time immune monitoring at the tissue 
interface. 80) Wearable or implantable devices incorporating microfluidic chips and electrochemical immunosensors 
can take real-time measurements of cytokines dynamics, immune cell activation, and metabolic signals (80). When 
combined with AI-driven interpretation engines and digital dashboards, these tools facilitate “closed-loop” decision 
support, wherein therapy is modulated in real time to accommodate shifts in immunity (84).  

Although in the early stages of development, these systems are anticipated for early flare detection, remote patient 
monitoring, and adaptive immunotherapy as much as they are revolutionizing the management of chronic inflammation 
by being precise, autonomous with minimal invasiveness. 
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8. Conclusion 

8.1. Summary of Key Findings and Framework Contributions  

This paper has offered an in-depth study about the representation of spatiotemporal immune dynamics in 
inflammatory diseases using integrative multi-modal analytics and high-dimensional longitudinal data. Our ‘fused 
phenome-immunome’ framework integrating multimodal immune data ranging from single-cell transcriptomics and 
spatial proteomics to clinical trajectories and digital health inputs allows a more comprehensive, temporally-informed, 
and spatially-resolved understanding of immune dysregulation across diseases including rheumatoid arthritis, 
inflammatory bowel disease, and systemic lupus erythematosus.  

A key aspect to our approach is the framing of a mathematical framework which unifies data across resolution and time, 
addressing the challenge of fragmented immune snapshots, which has been uncoupled for decades. We demonstrated 
the use of tensor decomposition, dynamic Bayesian networks, and manifold learning to reconstruct immune cell 
trajectories and infer future states of inflammation. This provides a descriptive language for pathophysiology and a 
predictive machine for clinician decision making at the point of care. Our results also highlight the importance of spatial 
modeling-ensemble using graph-based statistics and niche interaction networks-to understand immune responses in 
tissue microenvironments. Combining these spatial maps with temporal pathways extends interpretability and permits 
inferences that are informed by both when and where immune changes take place. Importantly, we demonstrated 
several high value use cases, such as early biomarker discovery, precise therapy stratification, and real-time flare 
prediction.  

The ability to translate immune complexity into clinically useful outputs – in the form of dashboards, predictive alerts, 
and individualized risk stratification – signifies a revolution in the future monitoring and management of inflammatory 
disease. In our disease-focused case studies, we demonstrated that immune models may overcome the silos imposed by 
disease, and give rise to shared pathways and mechanisms, thus supporting cross-disease therapeutic intervention. 
This integrative modeling will change the way in which immune-mediated diseases are understood - from static 
classification to dynamic, multi-dimensional representation. 

8.2. Strategic Vision for Future Integrative Immune Modeling in Clinical Settings  

On the horizon, the strategic use of spatiotemporal immune modeling within clinical practice will require more than 
the adoption of new technologies; it will necessitate system-level change embracing infrastructure, policy, and 
education. To achieve this vision, we need to rethink hospitals and research centers as “living immune observatories,” 
enabling data to be integrated rapidly and fluidly across time points, modalities, and departments. One such approach 
would be to incorporate AI-empowered modeling tools within electronic health records and diagnostic platforms to 
enable real-time immune status dashboards. Such systems will raise alarms for subclinical changes, categorize the 
patient into archetype of clinical trajectory, and suggest the best window for interventions. For that to happen, entities 
will need to invest in interoperable digital health ecosystems and cross-platform standardization.  

Under policy, regulatory frameworks will have to learn to cope with dynamic biomarker validation, longitudinal data 
governance, and model update cycles. Institutional review boards/regulatory agencies will need to design clear 
guidelines for the employment of adaptive algorithms for immune monitoring to maintain ethical integrity and patient 
confid1ence. It is also important to have clinician education. Making sense of high-dimensional immune outputs will 
demand new fluencies in data literacy, systems immunology, and computational diagnostics. Embedment of these 
skills in medical curriculum and/or CME will be also necessary to drive acceptance. And finally… equity must continue 
to be centered in implementation. Models need to be stress-tested in different patient populations, settings of care, 
socioeconomic strata, and global geographic settings in order to avoid algorithmic bias and to guarantee that all 
segments of the population are served well. The path forward is arduous but hopeful.  

Through joint efforts involving science, medicine, technology and policy, spatiotemporal immune modeling can 
transition from a research frontier to a foundation of precision inflammatory disease control. It has the power to turn 
immunologic cacophony into clarity—illuminating therapies, predicting disease, and tailoring care with a level of 
granularity not previously possible. 
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