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Abstract

Estimating tumour immune infiltration is critical for understanding cancer biology and predicting patient response to surgery and
immunotherapy. A wide array of experimental platforms supports various computational approaches for quantifying tumour-infiltrating
lymphocytes and immune infiltration level within the tumour microenvironment, including traditional histopathology, immunohisto-
chemistry, Al-based digital pathology, bulk RNA sequencing, and spatial omics now. Although numerous technologies are available to
quantify immune infiltration, important questions remain about which approaches are most suitable and how best to guide platform and
methodological choices. In this review, we provide a comprehensive overview of how each platform estimates tumour immune profile
coupled with their corresponding computational approaches, followed by a comparative discussion on technological resolution, cell-type
specificity, spatial context, and clinical interpretability. We also discuss emerging trends in multimodal data integration, including mapping-
based and fusion-based strategies. Together, our review underscores both the methodological opportunities and the translational

potential of diverse immune infiltration estimation strategies, guiding the design of more actionable immune profiling strategies.
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Introduction

Tumour-infiltrating lymphocytes (TILs) are white blood cells (includ-
ing T cells and B cells) that move from blood into tumours and work
to kill cancer cells as cancers grow. TILs play an important role in
cancer biology and has been identified as a key prognostic factor
beyond traditional tumour staging and molecular characteristics, with
aggregated and highly dense TILs favouring better clinical outcomes
[1-4]. In addition to being a biomarker of cancer progression and
responses to treatment, TILs can also be used as a cellular treatment
for various cancers. TIL therapy was first proposed by Rosenberg and
colleagues in 1986 using a mouse model [5] and approved by The Food
and Drug Administration (FDA) for treating advanced melanoma more
recently [6].

Despite its clinical importance, accurately assessing TILs in tumours
remains a major challenge. Tumours are inherently heterogeneous,
not only between patients but also within different regions of the
same tumour, leading to variable patterns of immune cell distribution
[7, 8]. Classical histological methods, such as hematoxylin and eosin
(H&E) staining and immunohistochemistry (IHC), provide valuable
morphological and cell type information but rely heavily on sub-
jective interpretation by pathologists. This manual assessment intro-
duces inter-observer variability and limits the scalability of immune

profiling [9]. Furthermore, conventional techniques often lack fine-
grained cell subtype information and the sensitivity to capture subtle
spatial and functional nuances of the immune microenvironment [10],
highlighting the need for advanced technologies and more robust,
quantitative, and reproducible analytical approaches.

In recent years, a range of advanced technologies and compu-
tational tools have emerged to enable the field to address these
limitations, advancing our understanding of the tumour immune
microenvironment in a more computationally and molecularly
driven manner (Fig. 1). For example, advances in digital pathology
have enabled the use of AI models to automatically quantify
TILs from H&E images, enhancing consistency and scalability
compared to manual assessment [11-13]. In parallel, molecular-
based technologies (bulk RNA-seq, single-cell RNA-seq, sequencing-
based spatial transcriptomics (sST), and imaging-based spatial omics)
coupled with tailored computational methods, provide opportunities
to characterize immune cell subtypes and spatial distributions at
varying resolutions, offering complementary insights beyond classical
H&E and [HC.

The growing computational frameworks for multimodal data
integration are enabling complementary use of diverse data types,
offering new opportunities to capture the complexity of tumour
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Figure 1 Multiple platforms for estimating immune infiltration. Multiple experimental platforms and computational methods have been developed for
assessing TILs and broader immune infiltration. Classical pathology-based methods include morphological assessment of TILs on H&E-stained sections
by pathologists and marker-based assessment using IHC to detect immune cell subsets. Digital pathology approaches leverage machine learning and
computer vision, where CNNs are trained on histology images to predict patch-level TIL percentages and generate aggregate predictions across whole
slides. Molecular-based methods include bulk RNA-sequencing and sST, combined with cell type deconvolution to estimate immune cell proportions
with or without spatial resolution. Imaging-based spatial omics technologies (e.g. OPAL, CODEX, MIBI, IMC, and multiplexed immunofluorescence)
enable high-dimensional mapping of immune and stromal cell populations. These platforms rely on cell segmentation and phenotyping, and facilitate
spatial analyses of cell-cell interactions within the tumor microenvironment. Together, these complementary methods provide quantitative and spatially

resolved estimates of immune infiltration in cancer tissues.

immune microenvironment. These data integration approaches can
uncover cross-modal patterns that cannot be detected using a single
platform, which hold promise for comprehensively characterizing
immune infiltration.

In this review, we first briefly summarize statistical measures and
approaches for estimating the immune infiltration level or TILs under
each platform. We further highlight the growing trend of multimodal
data integration using deep learning frameworks. We then present
a comparative discussion on the strengths and limitations for TILs
estimation using each platform from different perspectives. This offers
opportunities for guiding researchers to choose appropriate platforms
based on specific research questions, resolution requirements, and
desired applicability.

Classical histology-based estimation
Hematoxylin and eosin staining
H&E staining is a foundational technique in histopathology that pro-

vides a morphological overview of tissue architecture by differentially
staining nuclei and cytoplasmic components [14, 15]. In the context

of immune infiltration, H&E enables qualitative and semiquantitative
assessment of TILs based on their morphology. TILs have been found
to be a prognostic biomarker across various cancer types, includ-
ing triple-negative breast cancer (TNBC), epidermal growth factor
receptor 2 (HER2+) breast cancer [16, 17] and non-small cell lung
cancer [18-20]. Breast cancer has emerged as a leading model for
standardized TIL evaluation using H&E because of its clinical rele-
vance of immune infiltration in predicting treatment response [21-
24]. Early studies assessed both intratumoral and stromal TILs (sTILs)
and demonstrated sTILs are more reproducible across studies [25-
27]. Salgado and colleagues [21] proposed estimating sTILs as the
proportion of stromal area occupied by lymphocytes, leading to the
development of international guidelines that standardized the scoring
protocol. Subsequent multicentre ring studies demonstrated its repro-
ducibility and clinical relevance, supporting its adoption in diagnostic
workflows [9]. Beyond breast cancer, H&E-based TILs assessment has
also been applied to other cancer types. For example, sTILs is also
used in non-small cell lung cancer [28], and the guidelines proposed
by the International TILs Working Group have been adapted for
colorectal cancer (CRC) [29]. Nevertheless, H&E-based assessment only



provides a general view of TILs density and does not differentiate
between immune cell subtypes, which limits our understanding of
the function of different immune cell types in cancer progression [30].
This highlights the need for complementary approaches such as IHC
for deeper immune profiling [31].

Immunohistochemistry staining

IHC is a widely used technique that enables the visualization of
specific cellular components within tissue sections through antigen-
antibody interactions [32]. By targeting cell surface or intracellular
markers with specific antibodies, IHC allows for the identification
and quantification of distinct immune cell subsets, providing a more
detailed characterization of the tumour immune microenvironment
compared to conventional H&E staining. One of the most prominent
examples of ITHC-based immune profiling is the development of the
Immunoscore in CRC [33-35]. By quantifying CD3+ and CD8+ T cells
within the tumour core and invasive margin, Immunoscore provides
a standardized, reproducible metric that has demonstrated strong
prognostic significance across multiple independent cohorts [36, 37].
Studies have shown that Immunoscore outperforms traditional TNM
(tumour, node, and metastasis) staging in predicting patient outcomes,
underscoring the clinical relevance of incorporating immune param-
eters into cancer classification systems [35, 38]. The prognostic value
of Immunoscore was assessed in other cancer types [39, 40], more
cohorts are needed for a comprehensive evaluation. Despite the prog-
nostic power of Immunoscore, it has limitations. Traditional IHC can
only stain one marker per tissue section, lacking the capacity for com-
prehensive analysis for tumour immune contexture. Manual scoring
by pathologists can be labour-intensive and subject to interobserver
variability, resulting in inconsistent results among pathologists.

Al-based digital pathology approaches

Digital pathology refers to the process of digitizing conventional
histopathology slides (typically H&E or IHC stained) using whole-
slide scanners producing what is commonly known as whole slide
images (WSIs). Significant advances in image resolution, computing
power, and storage infrastructure over the past two decades have
transformed digital pathology into an active research and diagnostic
field [11]. Digital pathology enables automated quantification of TILs
and other biomarkers using digital image analysis (DIA). Multiple
commercial and open source systems have been developed for
extracting meaningful information from histopathology images,
including HALO (https://indicalab.com/halo/), Visiopharm (https:/
visiopharm.com/), QuPath [41], CRS4 Digital Pathology Platform [42]
etc., facilitating improved annotation and prediction tasks beyond
manual assessment for cancer research. For example, Stalhammar
et al. found that DIA-based breast cancer subtype classification
outperformed manual biomarker assessment [43]. McIntire and
colleagues observed that DIA outperformed manual biomarker
scoring for Luminal B subtype classification of breast cancer [44].
Other studies [44-47] also showed that DIA can quantify TILs in
breast cancer and reproduce clinical findings by pathologists. The
advantage of using DIA in tumour assessment is that it has potential
in reducing uncertainty and variability introduced by pathologists’
manual assessment [41, 48].

Despite the advantages of commercial DIA, it lacks the capacity of
customizing Al models and analysing large datasets. Researchers have
focused on developing more customized and flexible Al models to
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score TILs from H&E images via different tasks such as image seg-
mentation, feature extraction, and lymphocytes classification [49-53].
For instance, a morphological-based support vector machine (SVM)
classifier was trained to detect tumour, lymphocytes, and stromal
cells in breast cancer, revealing that higher number of TILs is asso-
ciated with better outcome for a subset of estrogen receptor-negative
(ER-) patients [53]. Saltz et al. combined a segmentation convolu-
tional neural network (CNN) and a classification CNN to identify
lymphocyte-infiltrated regions in H&E using TCGA data, which suc-
cessfully characterized differential TILs patterns for 13 cancer types
and survival outcome [54]. An integrated joint region- and cell-level
semantic segmentation model was applied to WSI to quantify sTILs
in TNBC patients showed high consistency with pathologists’ con-
sensus [55]. Other automated pipelines that used region annotation
and cell segmentation such as Fast TILs [56] and TILScout [57] also
showed the prognostic value of TILs in various cancer types. However,
these pipelines rely on heavily detailed annotation by expert pathol-
ogists. More recently, the Al foundation model such as UNI has been
developed and evaluated on various tasks including TILs detection,
enabling data-efficient and transferable feature representations [58].
Instead of segmentation or cell annotation methods, two-stage label-
efficient deep learning pipelines have been developed using fea-
tures derived from foundation models followed by training a multiple
instance learning model, achieving high concordance with expert
pathologists [59, 60]. Collectively, these Al-based tools paved the way
of automatically characterizing tumour-immune microenvironment
in a more reproducible and scalable manner.

Despite significant advances, computational pathology still faces
notable limitations in assessing tumour immune infiltration [61]. Scal-
ability remains a practical challenge, as deep learning models typi-
cally require substantial computational resources, particularly dur-
ing model training, which may limit their application to large-scale
datasets. In addition, most methods rely on conventional staining tech-
niques, such as H&E or THC, which provide limited molecular depth.
Batch effects arising from differences in acquisition sites, staining
protocols, and image scanning can introduce systematic bias in fea-
ture extraction when applying deep learning models to histopathology
images [62, 63]. As a result, irrelevant features could be learned which
impacts model generalizability [64]. To mitigate these limitations, a
range of strategies have been proposed, including stain normalization
and data augmentation to improve robustness across institutions [65,
66], reflecting ongoing efforts to improve the reliability of computa-
tional pathology.

Molecular-based estimation
Bulk platform

While histology provides valuable insight into tumour morphology, it
lacks molecular markers that can elucidate cancer progression and
inform therapeutic strategies. RNA plays a key role in regulating
cellular processes in the development of cancer. Bulk RNA sequencing
provides a high-throughput and cost-effective approach to profiling
the global transcriptomic landscape of the entire sample. However,
as bulk RNA-seq captures the average gene expression across all cells
within a sample, it inherently mixes signals from diverse cell types in
tissues, which cannot capture the heterogeneity of cell types in TME
[67]. Computational deconvolution methods have been developed to
extract information of cell-type specific expressions from these mixed
profiles.
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Many deconvolution algorithms have been developed to estimate
the proportion or abundance of distinct cell populations within bulk
samples based on their gene expression signatures. Im and Kim
reviewed RNA deconvolution methods and their applications in
characterizing tumour microenvironment [68]. Examples include:
CIBERSORT [69], which is a deconvolution method applied to
microarray or RNA-seq data that uses a reference immune gene
signatures to estimate the fraction of cell subsets from bulk tissue,
showing high sensitivity and specificity when applied to simulated
solid tumours with varying immune infiltration. TIMER [70,71],
which applied a constrained linear regression model to deconvolve
gene expression and facilitated evaluation of clinical impact of
different immune cell types. Other deconvolution methods [72-
75] also suggested their clinical potentials in estimating immune
infiltration and its associations with survival outcome.

Advances from bulk platform (single-cell RNA-seq and
spot-based spatial transcriptomics)

In contrast to bulk RNA-seq, which measures average gene expression
across heterogeneous cell populations, recent advances have moved
towards single-cell RNA-seq, enabling quantification of gene expres-
sion at single-cell resolution and, more recently, in a spatially resolved
manner.

An early scRNA-seq analysis of breast cancer patients clearly sepa-
rated tumour cells and tumour infiltrating immune cells using a single-
cell marker free approach and identified diverse tumour infiltrating
immune cell types that indicate tumour progression and metastasis
[76]. A pan-cancer single-cell landscape of T cells revealed two groups
of tumour infiltrating T cell compositions (terminal exhausted CD8+
T cells versus tissue-resident memory CD8+ T cells) were associated
with clinical outcome [77].

While recent advances offer single-cell resolution, they typically
lack the spatial information. As a result, the field faces a trade-off
between high-resolution single-cell approaches and spot-based tech-
nologies that preserve spatial context. sST quantifies gene expression
at spot level with each spot typically containing greater than 10 cells
[78-80], which again measure a mixture of cell signals. Thus, deconvo-
lution methods are required to infer cell-type composition at each loca-
tion. A recent review on spatial deconvolution methods [81] summa-
rized a variety of approaches, including regression, Bayesian, ensem-
ble algorithm, and deep-learning-based frameworks. The inferred
cell-type composition with spatial information allows characterizing
tumour immune microenvironment in a spatially resolved manner.
For example, applying SpatialDecon to a non-small cell lung cancer
dataset uncovered seven tumour immune microenvironment pat-
terns corresponding to distinct regions and also transitioning bound-
aries in the tumour [82-85].

While deconvolution methods have significantly advanced our abil-
ity to study tumour-immune interactions without the need for single-
cell resolution, there are rooms for further progress. Tumor Decon-
volution DREAM Challenge consortium benchmarked a large number
of deconvolution methods on inferring immune infiltration level,
suggesting the challenges in predicting minor lineages and functional
T cell states [86]. With refined marker genes, advanced computa-
tional methods can be developed to address these challenges. Com-
pared to bulk RNA-seq deconvolution, spatial deconvolution methods
often leverage H&E images and spatial neighbourhood, which has the
potential to capture immune infiltration patterns in tumour immune

microenvironments that may indicate prognostic outcome and dis-
ease subtypes. However, there is no comprehensive evaluation on
how these methods perform for identifying tumour immune infiltra-
tion patterns that are robustly related to outcome.

Single-cell resolution spatial platform

Since the advent of multiplexed imaging approaches in the past
decade, imaging-based spatial technologies have evolved to comple-
ment digital imaging microscopy with molecular profiling, providing
single-cell or even subcellular resolution of gene and protein
expression. Fluorescence in situ hybridization (FISH)-based methods
[87], such as MERFISH [88], seqFISH+ [89], and CosMx [90], and in
situ sequencing-based method such as Xenium allow for a direct
characterization of immune infiltration with spatially resolved single-
cell analysis. A wide range of integrated toolkits support these analyses
by implementing a variety of spatial statistics using these spatial omics
data, including SPIAT [91], Voyager [92] , scFeatures [93], spicyR 94],
and Squidpy [95].

There are a number of metrics previously used on digitalized histo-
logical samples with automated cell type identification to characterize
TME [96]. These metrics can be broadly classified into (i) density-
based metrics which examine cell abundance/cell type proportion
within a given area and (i) higher order spatial pattern metrics which
summarize spatial clustering and cell type associations. Density-based
metrics can also be called first-order metrics, quantifying immune
cell abundance (e.g. CD8+ T cells per mm?2) which provides a mea-
sure of overall infiltration. They are simple to compute and interpret
but do not capture spatial relationships. In contrast, higher order
spatial metrics assess how immune cells are spatially distributed in
TME and interact with other cell types or immune subsets, reveal-
ing patterns such as clustering at the invasive margin or exclusion
from the tumour core. They either treat each cell as a point or use
its expression value as input. These statistics include point process
statistics such as Ripley’s K function or spatial autocorrelation metrics
such as Moran’s I and Getis-Ord statistics. We divide various spatial
statistics into first order (density-based metrics) and second order
(spatial correlation metrics) statistics and describe their calculations in
Table 1.

Except for conventional spatial metrics used in ecology research,
recent efforts have been made in developing advanced metrics/tools
to dissect healthy tissue structure and tumour microenvironment
and applying these to data generated by new spatial technologies.
These newly developed methods have focused on quantifying cell-
type associations to answer different biological questions. For exam-
ple, Spatiopath generalizes Ripley’s K function to deal with both cell-
cell and cell-structure interactions [103], identifying spatial associa-
tions between mast cells and T cells and the tumor epithelium. Kon-
textual, a method extends homogeneous multitype K-function to inho-
mogeneous multitype K-function, enabling elucidating subtle spatial
relationships in different contexts which could not be identified by
using the original L-function [98].

Although many spatial metrics have been applied to imaging-based
spatial omics data to capture spatial patterns, caution is warranted
when choosing spatial statistics to answer certain questions. Sum-
mers et al. summarized the application of spatial metrics to deci-
pher cellular relationships and tissue structure and concluded that
awareness should be raised on which spatial statistics is appropri-
ate for a given image [104]. Emons et al. discussed the advantages,
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Table 1 First order and second order spatial statistics for quantifying immune infiltration level or pattern.

Spatial measures Formula
First order (How the intensity or value of a variable varies across space)
Cell density oot

Kernel density foo = M

Localized entropy Entropy = —>"7,p (x) log,p (x)

Notes

Count of cells, normalized for area. TILs density is calculated as the
number of TILs/tissue area.

Kernel smoothing to estimate density. Here is the uniformly corrected
version, where h is bandwidth, x; is the coordinate of the ith point.
Localized entropy measures the diversity of cell types in local regions.

p (x;) is the proportion of cell type i in a local region. Localized entropies
can be summarized to represent spatial heterogeneity [91].

Second order (Spatial dependence or correlation between observations at different locations)

") = £33

Var(h) = ‘;7 Ja0-00 — 1ydx

Cross-type density ratio
Density variance

[ = "ZEmN(Y)
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(Zizwy) Zini-v
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Kontextual [98]

eXi, Xj, 1)

Average pairwise distance
between two cell types [91]

Average minimum distance
between cells [91]
Mixing score [99]

I

AMDpg = ,1172(7:1 min,-d (G,‘, bj)

Mixing score = Tref to target interactions

Nref to ref interactions

. ~ P XL Sawyxix
Getis-Ord general G-statistic G= DYy nT

challenges, and nuances of various spatial statistics when applied
to different modalities of spatially resolved omics data, and con-
cluded that choosing spatial analytical approach depends not only on
modalities but also on research questions [105]. Figure 2 summarizes
representative spatial metrics that can be applied to address distinct
clinical or biological questions regarding immune infiltration, ranging
from first-order density measures to second-order spatial association
analyses.

Multimodal data integration

It is widely recognized that different data modalities provide com-
plementary insights, and integrating them is essential to capture the
full complexity of the tumour microenvironment. For instance, H&E
images offer rich morphological information but lack molecular res-
olution. Conversely, molecular-based platforms such as Visium often
rely on H&E to anchor gene expression data to specific cells and tissue
structures, facilitating data interpretation by providing spatial context.
With the rapid development of computational integration methods,
multimodal data can now be combined to yield a more comprehensive
understanding of the tumour immune microenvironment, enabling
the derivation of more accurate and robust features for patient strati-
fication and outcome prediction.

c1 (x,y) and ¢z (x,y) are the density of two cell types.
The degree of variability in the density of a cell type within an image. i(x)
is the estimated density at location x. | A | is the area of the image.

The extent to which a variable is correlated with itself through space. The
variable could be cell densities, gene expression level, etc. n is the total
number of cells/spots, Y; is the observed value of the variable at location
i, Y is the mean of all ¥;, wj is spatial weight between location /i and j.
Spatial correlation in point pattern. It can quantify whether two cell types
are clustered or dispersed. (details see [97])

A modified inhomogeneous multitype K-function, accounting for tissue
heterogeneity and region selection. (details see [98])

Cell type colocalization pattern. na, ng are the numbers of cells of cell type
A and B. d(a;, b)) is the distance between cell j in cell type A and cell j in
cell type B.

Cell type colocalization pattern. n4 is the number of cells of cell type A.
d(a;, b)) is the distance between cell j in cell type A and cell j in cell type B.
Nref to target interactions 1S the number of interactions between reference cells
and target cells. Nyef to ref interactions 1S the number of interactions between
reference cell types.

Hotspots and coldspots analysis. n is the number of cells/spots, x;, x; are
values of the variable at location i and j. wj is the spatial weight between
location jandj.

Data integration strategies can be generally divided into data map-
ping methods and data fusion methods (Fig. 3). Data mapping meth-
ods typically integrate data by aligning one modality data to other
modalities (Fig. 3A). For example, Tangram is a deep learning method
that maps sc/snRNA-seq data onto various types of spatial omics data
derived from the same tissue, enabling the construction of genome-
wide spatial maps at single-cell resolution [106]. STVEA can annotate
cell types and states that cannot be identified by antibody panels
of highly multiplexed cytometry data by mapping scRNA-seq to spa-
tial omics data [107]. Using STVEA, Quek et al. integrated CITE-seq
and CODEX data from melanoma patients to perform comprehensive
analysis of response and resistance to immunotherapy in spatially
resolved manner [108]. The results demonstrated T cell proportion is
not a prognostic indicator without spatial resolution. These methods
will offer new opportunities to reconstruct the spatial landscape of the
tumour immune microenvironment.

The other popular strategy is data fusion methods, which take
different modalities of data as inputs and learn a joint representation
that integrates complementary information across data types (Fig. 3B).
Depending on the state of the input and which information across
modalities is combined, data fusion strategies can be broadly
categorized into early, intermediate, and late fusion approaches.
Early fusion integrates modalities at the feature level without
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Table 2 Summary of advantages and disadvantages of different platforms for estimating immune infiltration level.

Cell type
resolution

Spatial context

Clinical
interpretability

Scalable to
large cohorts

Performance
assessment/
validation
strategy

unimodal representations learned. It often learns the relationship
across modalities from low-level features. Instead of using low-level
features as input, intermediate fusion first extracts features from
each modality and combines these unimodal representations through
fusion approaches such as concatenation, possibly followed by
attention-based weighting [109]. Late fusion, by contrast, aggregates

Traditional method
(H&E/IHC)

H&E: Can only identify general
lymphocytes.

IHC: With immune markers,
can identify major immune
cell types (e.g. CD4, CD8 B
cell).

H&E: Have spatial information
that informs tissue
morphology. Experienced
pathologists can select ROIs
(e.g. stromal, intratumoral
region) to estimate TILs.

IHC: Same as H&E. With
cell-type marker information,
infiltration of specificimmune
cell types is allowed to be
assessed.

H&E and IHC: Widely used in
clinical settings, easy to
interpret as the stains inform
cell and tissue structures
associated with disease that
can be easily visualized.

Cheap but labour intensive.

They follow internationally
established guidelines. Often
validated by inter-observer
variability (concordance of
TILs score assessed by
different pathologists) [21].
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Al-based digital pathology

Can only identify general
lymphocytes.

Provides spatial context based
on cell locations.

With deep learning-based cell
identification, TILs can be
calculated automatically at tile
level and aggregated to WSI
level. TILs can also be
calculated within ROIs.

Depending on the approach
that an Al model adopts, these
Al tools derived TILs are not
always highly interpretable.
For example, cell
segmentation-based TILs
estimation is more
interpretable compared to
patch-based classification
[100].

Although these Al driven tools
are scalable compared to
traditional methods, their
scalability across cohorts is
constrained by factors such as
computational requirements,
stain variability across
laboratories, and differences
in tissue preparation protocols
[62, 102].

Al-based methods use
task-specific metrics such as
sensitivity, specificity, F1
score. These metrics are
sensitive to training data,
which are often manually
annotated by clinicians.

Transcriptomic (bulk)

Quantifies gene expression
across mixed population of
cells. Cannot identify specific
cell types. Need to perform
cell-type deconvolution
analysis to infer cell-type
specific gene expression.

No spatial context.

Hard to interpret for clinicians.

Various deconvolution
methods exist with no
standardized pipeline and
report.

Although bulk RNA-seq is
cost-effective compared to
single-cell and spatial
technologies, currently it is
mainly used for research due
to the complexity of cell type
deconvolution [86].

Methods evaluation often
uses simulated and real data
to calculate metrics such as
RMSE.

Spatial omics
(sST, imaging-based spatial
omics)

sST: Provides a mixture of cell
types in each spot. Need to
perform spatial cell-type
deconvolution analysis to infer
cell-type specific gene
expression for each spot.
Imaging-based spatial omics:
Can identify specific cell type
and cell state by cell
segmentation and cell
phenotyping based on
markers, enabling downstream
analysis characterizing
immune infiltration.

Both provide spatial context
with various resolution levels.

Has the potential in clinical
settings as it provides spatial
information. However, there is
no standard pipeline for data
generated from different
platforms. It is hard to
interpret for clinicians without
a bioinformatics background
[101].

Expensive, only for research
settings.

sST: Similar to bulk
transcriptomic, deconvolution
methods are validated using
both simulated and real data.
Metrics such as RMSE and JSD
are used for evaluation. The
agreement between predicted
results and biological spatial
organization are usually
assessed using real data.

modality-specific predictions or decisions. Data fusion has been
widely adopted in cancer research to integrate clinical, imaging,
and omics data for the prediction of treatment response, thereby
guiding treatment decision-making in clinical settings [110-114].
More recently, advanced computational data fusion frameworks have
been developed to learn joint representations that link molecular
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features from single-cell data with their spatial context, enabling
integrative analysis across omics modalities. For example, as an
early fusion, model-free approach, MaxFuse integrates different
modalities by linking correlated features across datasets, allowing
for effective integration under weak cross-modality correlations
[115]. The authors demonstrated its capacity to link three modalities
(CODEX-snRNA-snATAQ), enabling the mapping of spatial enrichment
of transcription factor binding site accessibility. Unlike model-free
alignment approaches, CellLENS represents an intermediate fusion
strategy based on deep learning architecture, focusing on delineating
immune cell populations and associated cell states, uncovering
distinct tumour infiltration patterns and predicting clinical outcomes
[116]. CellLENS adopts a hybrid deep learning architecture combining
CNNs to extract image features that capture local spatial patterns,
parallel spatial and expression graph neural networks (GNNs)
connected by multilayer perceptrons (MLPs) for cross-modal feature
integration. This design enables downstream tasks such as cell-type
identification and spatial pattern analysis. Collectively, data fusion
approaches leveraging multimodal datasets generated by advanced
technologies open new avenues for predicting therapeutic responses
and characterizing the tumour immune microenvironment.

Comparative discussion
Comparison of spatial resolution across platforms

Spatial resolution is one of the most critical factors in estimating
immune infiltration. Different platforms offer various resolutions for

quantification while each of them has advantages and limitations.
In clinical settings, pathologists choose regions of interest (ROI) to
estimate TILs. For example, for breast cancer, stroma-riched regions
are usually chosen for visual TILs quantification. This cost-effective
conventional assessment is used in the current clinical routine of TILs
estimation. However, assessing TILs in a focal area can generate sub-
stantial inter- and intra-observer variability due to subjective interpre-
tation of cell morphology and tissue components. Van Bockstal et al.
evaluated the consistency of TILs estimation across pathologists and
found acceptable correlation for sTILs at group level but inconsistent
estimation for individual patients [117]. Variability is also dependent
ontissue regions selected for TIL estimation. For example, stromal TILs
interobserver variability is lower than intratumoral variability [118].
Al-based digital pathology improved reproducibility by automatically
classifying major cell types. However, estimating TILs at WSI level is
difficult because of the large size of WSI, which cannot be handled
by deep learning algorithms with limited computational resources
[119]. Splitting WSI into smaller patches and estimating TILs for each
patch isa common strategy. Patch level features are usually aggregated
using algorithms or summary statistics to generate WSI infiltrating
estimation. This approach is often determined by how aggregation is
performed on patch-level results.

For molecular-based platforms with spatial information such as
10x Visium, which aggregates signals over 50-100 um in a spot that
contains multiple cell types, cell type deconvolution is needed. The
inferred cell type distribution can be affected by reference data and
algorithms. Wang and colleagues simulated immune infiltrating spots
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and benchmarked the performance of various deconvolution algo-
rithms and found they performed differently on detecting immune
infiltrating spots [120]. Therefore, these could affect the estimation
of TILs. Imaging-based ST technologies, such as CODEX and MIB]I,
recover subcellular localization of immune markers, offering high
resolution at the cost of limited marker panels. These allow for down-
stream single-cell-level spatial analysis to assess immune infiltration
level. Although these technologies have achieved single-cell and even
subcellular-level resolution, they focus on a small area of a whole
tissue, which may overestimate or underestimate the true infiltration
level at the whole tumour level.

What is the immune cell type resolution of each
platform?

Distinguishing immune cell types is essential for understanding their
functionality and responses to immunotherapy. Different immune
cell types and cell states within TME play distinct roles at different
tumour stages [121]. Routine H&E and Al-based digital pathology
assess TILs based on H&E images, which only provide morphological
context without cell surface markers. Thus, specific immune cell types
cannot be detected. IHC, which is designed to identify cell types by
staining immunopositive cells, can distinguish B cells (CD20+) and
T cells (CD3+ and CD8+) by certain cell markers. However, IHC-
based approaches offer limited cell type resolution, often relying on
a small number of markers that constrain the ability to distinguish
functionally diverse immune cell subsets within the tumour microen-
vironment. For bulk RNA-seq (mixture of thousands to millions of
cells) and spot-based spatial transcriptomics (mixture of several cells

per spot), cell type abundance needs to be inferred using deconvo-
lution methods. The deconvolved cell type resolution varies substan-
tially, depending on the granularity of the reference dataset and the
algorithm’s ability to resolve closely related immune subtypes, e.g. dis-
tinguishing CD8+ T cells from exhausted CD8+ T cells or macrophages
into M1 and M2 phenotypes. Imaging-based spatial omics data enables
high-resolution cell type annotation, benefiting from spatial context
and direct molecular detection, but remains constrained by a limited
number of markers and dependency on robust panel design for fine-
grained immune cell subtype resolution. In addition, immune cell phe-
notypes can be different depending on tissue context, which makes it
challenging to perform accurate cell type classification [122].

Can spatial immune organization be constructed?

Assessing TILs at the whole tumour level is not able to inform local spa-
tial patterns which reflect the dynamic interactions between immune
cells and tumour microenvironment. Evidence showed that tumours
that have similar sized immune infiltrates exhibit distinct spatial
organizations, which are associated with survival outcome [99], high-
lighting the importance of constructing clinically meaningful spatial
patterns.

One key structure is the cellular niche, also refers to the spatial
domain, which represents a cluster of cells interacting within a
microenvironment. Such cell communities can be derived using a
variety of assays. For example, advanced computational methods
applied to H&E and tissue imaging data can detect immune niches,
which have been shown to improve patient risk stratification in
lung cancer under different therapeutic strategies [123]. Recent



spatial omics technologies allow molecularly resolved reconstruction
of the tumour immune landscape at a higher resolution. Typically, this
involves an initial step of spatial deconvolution or cell segmentation,
followed by computational modelling to characterize immune niches
[124]. A growing number of methods have been developed to
identify cell niches using data generated by different spatial omics
technologies [125-128]. For instance, CellCharter applied to lung
cancer cohorts identified tumour-associated neutrophil infiltration
indicating the activation of a response-to-hypoxia state, associated
with poor prognosis [126]. These methods offer unprecedented
opportunities to uncover patient-, condition-, and disease-specific cell
niches that could serve prognostic markers in the clinic.

However, most methods identify spatial cell clusters without clear
biological interpretations due to limited ground truth, restricted
marker panels, and insufficient functional validation. Future work
should aim to bridge computationally defined spatial clusters
with immunological mechanisms and clinical outcomes to achieve
interpretable, prognostically relevant spatial immune organization.

Comparison of clinical interpretability

Classical histopathology assessment, such as evaluating stromal TILs
in breast cancer, is well-standardized and reproducible, with estab-
lished international guidelines and demonstrated prognostic value,
making it highly interpretable in clinical settings [21,129]. IHC adds
moderate resolution by identifying specific immune cell subsets (e.g.
CD3* T cells), and clinical scoring systems such as the Immunoscore
in CRC have shown strong prognostic utility and robustness across
centers [33, 35].

While classical histopathological and immunohistochemical assess-
ments provide clinically interpretable and reproducible measures of
immune infiltration, they are limited by their coarse spatial resolution
and lack of molecular depth. Spatial omics technologies link molec-
ular data to tissue architecture, offering unprecedented opportuni-
ties to derive quantitative spatial biomarkers that can inform dis-
ease outcome. Tumour-immune infiltration patterns can be captured
by calculating spatial metrics tailored to specific questions (Fig. 2).
Studies have shown that immune hot/cold and compartmentalization
revealed by spatial omics data can be linked to survival outcome
[99,130]. Moreover, immune niche or cell community detection has
identified distinct immune cell clusters showing different character-
istics that differ between conditions [125]. Moving forward, aligning
these spatial discoveries with clinical pathology research and under-
lying immunological mechanisms will be essential for developing
clinically actionable spatial biomarkers [131].

Despite the promise of computational pathology for TILs quantifi-
cation, the limited interpretability of deep learning models poses a
challenge for their clinical translation. For example, cell segmentation-
based approaches for TILs estimation are considered more inter-
pretable, as they provide cell-level classification on WSI that can be
visually inspected by pathologists. In contrast, patch-based classifica-
tions are less intuitive for clinical interpretation [100]. To address these
limitations, post hoc interpretability approaches, such as attention
maps and class activation maps, have therefore been increasingly
adopted to highlight image regions contributing to model predictions,
partially improving interpretability by producing heatmaps that can
be visualized by clinicians [132, 133].

Similarly, despite their enhanced molecular resolution and capac-
ity to reveal mechanistic insights, spatial omics technologies face
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substantial challenges in clinical translation. Variability in tissue sam-
pling, platform-specific biases, and limited consensus on data analysis
pipelines substantially affect reproducibility across studies [134]. Con-
sequently, they remain a largely research platform where discovery
results will translate into a more ‘accessible’ platform to guide clinical
decision-making. Moving forward, balancing biological insight with
clinical feasibility and standardization is essential for successful trans-
lation into patient care.

Comparison of performance assessment and
evaluation strategies across platforms

A key challenge in comparing immune infiltration quantification
methods across platforms lies in how ‘performance’ is defined and
evaluated. Estimates of immune infiltration are inherently indirect
and depend on the modality or assay used for inference, each of which
adopts different evaluation strategies. Consequently, performance
assessment is platform- and task-dependent, making it challenging
to benchmark across platforms. Here, we summarize the evaluation
strategies commonly adopted for different platforms.

Classical histopathological assessment follows internationally
established guidelines to standardize TILs quantification by pathol-
ogists [21,129]. Performance is typically evaluated through inter-
observer reproducibility and associations with clinical outcomes,
including survival or treatment response. Importantly, as noted
by the TILs Working Group, such evaluations primarily assess
concordance rather than accuracy against ‘ground truth.” While
this is acceptable in clinical settings, the lack of ground truth poses
challenges for the validation of automated methods [135]. Validation
of Al-based digital pathology approaches often rely on task-specific
metrics such as sensitivity, specificity, F1 score, or Dice coefficient.
These metrics are commonly used in the context of predicting TILs
presence/absence, density, or clinical outcomes [136,137]. However,
these metrics are sensitive to training data, which are derived from
manual annotations by pathologists. As a result, the concordance
between model prediction and pathologist score may not necessarily
equate to biological accuracy or clinical validity [135,138].

For transcriptomics-based platforms, including bulk RNA-seq and
sST, the evaluation of cell-type deconvolution methods relies on both
simulated and real datasets. Performance is assessed by comparing
estimated cell proportions against known ground truth in simula-
tions or against expected biological patterns and tissue structures in
real experimental data [139,140]. Commonly used accuracy metrics
include mean absolute error (MAE), root mean squared error (RMSE),
Jensen-Shannon divergence (JSD). Except for accuracy, recent bench-
marking studies also emphasize robustness, consistency, and stability
when assessing performance[140, 141]. More recently, a benchmark
study extended the evaluation to different transcriptomic platforms,
including bulk transcriptomics and spatial transcriptomics using dif-
ferent technologies [142]. This illustrates how cross-platform compa-
rability can be assessed despite technological differences. Such eval-
uation strategies offer a practical reference for future performance
assessment of immune infiltration estimation methods across diverse
transcriptomic platforms.

In summary, evaluation should focus on whether a method’s
validation strategy is appropriate for the specific biological and clinical
question being addressed. This perspective underscores the
importance of task-aware and modality-aware interpretation of
performance.
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Conclusion

Tumor immune infiltration is a complex and spatially heterogeneous
process. Estimating TILs and characterizing tumour immune microen-
vironment are critical for understanding immune responses and guid-
ing therapy. However, multiple platforms can be used to quantify TILs
or tumour infiltration level at different resolutions, and each of them
has some advantages and disadvantages. In this review, we have com-
pared a wide range of methodological frameworks across histological,
bulk RNA-seq and the emerging spatial omics platforms. Each plat-
form brings unique strengths and limitations in terms of resolution,
interpretability, and clinical utility. Rather than identifying a single
best approach, our comparative synthesis highlights the importance
of platform-aware method selection and integrative strategies. Future
advances will likely emerge from combining spatial, molecular, and
clinical data within robust statistical frameworks and pipelines to
enable more informative and actionable immune profiling in cancer.

Key Points

® This review provides a comprehensive overview on experimental
platforms and computational approaches for quantifying tumour
immune infiltration level, spanning classical histology, bulk and
spatial transcriptomics, and multiplexed imaging data.

* Immune infiltration can be estimated across different data res-
olutions, from proportion-based deconvolution methods in bulk
RNA-seq to spatially informed metrics derived from spatial omics
technologies.

® We highlight recent advances in computational methods for mul-
timodal data integration and their potential to unify multimodality
data for characterizing immune infiltration patterns.

* Comparative discussion provides insights into the strengths, limi-
tations, and clinical applicability of current advanced technologies.

Acknowledgements

The authors thank all their colleagues, particularly at the University of
Sydney, Sydney Precision Bioinformatics, and Charles Perkins Centre
for their support and intellectual engagement.

Author contributions

B.B. wrote the original manuscript. Y.C. reviewed and edited the
manuscript. J.Y.HY. supervised this work.

Conflicts of interest

None declared.

Funding

B.B., YC, and J.YHY. are supported by National Health and Medical
Research Council (NHMRC) Investigator grant.

Data availability

No data was generated or analysed in this review.

10.

11.

12.

13.

14.

15.

16.

17.

18.

References

Zhang L, Conejo-Garcia JR, Katsaros D et al. Intratumoral T cells,
recurrence, and survival in epithelial ovarian cancer. N Engl ] Med
2003;348:203-13.

Marrogi AJ, Munshi A, Merogi AJ et al. Study of tumor infiltrating
lymphocytes and transforming growth factor-beta as prognostic
factors in breast carcinoma. Int J Cancer 1997;74:492-501.
Shimizu S, Hiratsuka H, Koike K et al. Tumor-infiltrating CD8 T-cell
density is an independent prognostic marker for oral squamous
cell carcinoma. Cancer Med 2019;8:80-93.

Naito Y, Saito K, Shiiba K et al. CD8+ T cells infiltrated within cancer
cell nests as a prognostic factor in human colorectal cancer. Cancer
Res 1998;58:3491-4.

Rosenberg SA, Spiess P, Lafreniere R. A new approach to the
adoptive immunotherapy of cancer with tumor-infiltrating lym-
phocytes. Science. 1986;233:1318-21.

Mullard A. FDA approves first tumour-infiltrating lymphocyte (TIL)
therapy, bolstering hopes for cell therapies in solid cancers. Nat Rev
Drug Discov 2024;23:238.

Nawaz S, Heindl A, Koelble K et al. Beyond immune density: critical
role of spatial heterogeneity in estrogen receptor-negative breast
cancer. Mod Pathol 2015;28:766-77.

Mani NL, Schalper KA, Hatzis C et al. Quantitative assessment of the
spatial heterogeneity of tumor-infiltrating lymphocytes in breast
cancer. Breast Cancer Res 2016;18:78.

Denkert C, Wienert S, Poterie A et al. Standardized evaluation of
tumor-infiltrating lymphocytes in breast cancer: results of the ring
studies of the international immuno-oncology biomarker working
group. Mod Pathol 2016;29:1155-64.

Savas P, Salgado R, Denkert C et al. Clinical relevance of host
immunity in breast cancer: from TILs to the clinic. Nat Rev Clin
Oncol 2016;13:228-41.

Mungenast F, Fernando A, Nica R et al Next-Generation Dig-
ital Histopathology of the Tumor Microenvironment. Genes
2021;12:538. https://doi.org/10.3390/genes12040538

Pantanowitz L, Sharma A, Carter AB et al. Twenty years of digital
pathology: an overview of the road travelled, what is on the
horizon, and the emergence of vendor-neutral archives. | Pathol
Inform 2018;9:40.

Sun P, He ], Chao X et al. A computational tumor-infiltrating
lymphocyte assessment method comparable with visual report-
ing guidelines for triple-negative breast cancer. EBioMedicine
2021;70:103492.

Ortiz-Hidalgo C, Pina-Oviedo S. Hematoxylin: Mesoamerica’s gift
to histopathology. Palo de Campeche (logwood tree), pirates’ most
desired treasure, and irreplaceable tissue stain. Int J Surg Pathol
2019;27:4-14.

Fischer AH, Jacobson KA, Rose | et al. Hematoxylin and eosin
staining of tissue and cell sections. CSH Protoc 2008;2008:
db.prot4986.

Adams S, Gray RJ, Demaria S et al. Prognostic value of tumor-
infiltrating lymphocytes in triple-negative breast cancers from two
phase Il randomized adjuvant breast cancer trials: ECOG 2197 and
ECOG 1199.] Clin Oncol 2014;32:2959-66.

Loi S, Michiels S, Salgado R et al. Tumor infiltrating lymphocytes
are prognostic in triple negative breast cancer and predictive
for trastuzumab benefit in early breast cancer: results from the
FinHER trial. Ann Oncol 2014;25:1544-50.

Yan Q, Li S, He L et al. Prognostic implications of tumor-infiltrating
lymphocytes in non-small cell lung cancer: a systematic review
and meta-analysis. Front Immunol 2024;15:1476365.


https://doi.org/10.3390/genes12040538
https://doi.org/10.3390/genes12040538
https://doi.org/10.3390/genes12040538
https://doi.org/10.3390/genes12040538
https://doi.org/10.3390/genes12040538
https://doi.org/10.3390/genes12040538

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Bida M, Miya TV, Hull R et al. Tumor-infiltrating lymphocytes in
melanoma: from prognostic assessment to therapeutic applica-
tions. Front Immunol 2024;15:1497522.

Zheng M, Li YM, Liu ZY et al. Prognostic landscape of tumor-
infiltrating T and B cells in human cancer. Front Immunol
2021;12:731329.

Salgado R, Denkert C, Demaria S et al. The evaluation of tumor-
infiltrating lymphocytes (TILs) in breast cancer: recommenda-
tions by an international TILs working group 2014. Ann Oncol
2015;26:259-71.

Gao G, Wang Z, Qu X et al. Prognostic value of tumor-infiltrating
lymphocytes in patients with triple-negative breast cancer: a sys-
tematic review and meta-analysis. BMC Cancer 2020;20:179.
Adams S, Goldstein L], Sparano JA et al. Tumor infiltrating lym-
phocytes (TILs) improve prognosis in patients with triple negative
breast cancer (TNBC). Oncoimmunology 2015;4:€985930.

Ibrahim EM, Al-Foheidi ME, Al-Mansour MM et al. The prognostic
value of tumor-infiltrating lymphocytes in triple-negative breast
cancer: a meta-analysis. Breast Cancer Res Treat 2014;148:467-76.
Loi S, Sirtaine N, Piette F et al. Prognostic and predictive value
of tumor-infiltrating lymphocytes in a phase III randomized adju-
vant breast cancer trial in node-positive breast cancer comparing
the addition of docetaxel to doxorubicin with doxorubicin-based
chemotherapy: BIG 02-98. J Clin Oncol 2013;31:860-7.

Denkert C, Loibl S, Noske A et al. Tumor-associated lymphocytes as
an independent predictor of response to neoadjuvant chemother-
apy in breast cancer. J Clin Oncol 2010;28:105-13.

Issa-Nummer Y, Darb-Esfahani S, Loibl S et al. Prospective val-
idation of immunological infiltrate for prediction of response
to neoadjuvant chemotherapy in HER2-negative breast cancer—
a substudy of the neoadjuvant GeparQuinto trial. PLoS One
2013;8:€79775.

Rakaee M, Kilvaer TK, Dalen SM et al. Evaluation of tumor-
infiltrating lymphocytes using routine H&E slides predicts patient
survival in resected non-small cell lung cancer. Hum Pathol
2018;79:188-98.

Fuchs TL, Sioson L, Sheen A et al. Assessment of tumor-infiltrating
lymphocytes using international TILs working group (ITWG) sys-
tem is a strong predictor of overall survival in colorectal carci-
noma: a study of 1034 patients. Am J Surg Pathol 2020;44:536-44.
Fridman WH, Pages F, Sautés-Fridman C et al. The immune con-
texture in human tumours: impact on clinical outcome. Nat Rev
Cancer 2012;12:298-306.

Matsutani S, Shibutani M, Maeda K et al. Tumor-infiltrating
immune cells in H&E-stained sections of colorectal cancer tis-
sue as a reasonable immunological biomarker. Anticancer Res
2018;38:6721-7.

Ortiz HC. Immunohistochemistry in historical perspective: know-
ing the past to understand the present. Methods Mol Biol
2022;2422:17-31.

Pages F, Mlecnik B, Marliot F et al. International validation of the
consensus Immunoscore for the classification of colon cancer: a
prognostic and accuracy study. Lancet 2018;391:2128-39.

Pages F, Kirilovsky A, Mlecnik B et al. In situ cytotoxic and memory
T cells predict outcome in patients with early-stage colorectal
cancer. J Clin Oncol 2009;27:5944-51.

Galon ], Pages F, Marincola FM et al. Cancer classification using the
Immunoscore: a worldwide task force. J Transl Med 2012;10:205.
Mlecnik B, Lugli A, Bindea G et al. ]. Multicenter International Study
of the Consensus Immunoscore for the Prediction of Relapse and
Survival in Early-Stage Colon Cancer. Cancers 2023;15:418. https://
doi.org/10.3390/cancers15020418

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

54.

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 11

Willis ], Anders RA, Torigoe T et al. ]. Multi-Institutional Evaluation
of Pathologists’ Assessment Compared to Immunoscore. Cancers
2023;15:4045. https://doi.org/10.3390/cancers15164045

Galon ], Mlecnik B, Bindea G et al. Towards the introduction of the
“Immunoscore” in the classification of malignant tumours. J Pathol
2014;232:199-209.

RenX, SongY, Pang] et al. Prognostic value of various immune cells
and Immunoscore in triple-negative breast cancer. Front Immunol
2023;14:1137561.

Galon J, Fox BA, Bifulco CB et al. Immunoscore and Immunoprofil-
ing in cancer: an update from the melanoma and immunotherapy
bridge 2015. ] Transl Med 2016;14:273.

Bankhead P, Loughrey MB, Fernandez JA et al. QuPath: open
source software for digital pathology image analysis. Sci Rep
2017;7:16878.

Lianas L, Del Rio M, Pireddu L et al. An open-source platform
for structured annotation and computational workflows in digital
pathology research. Sci Rep 2025;15:28910.

Stdlhammar G, Fuentes Martinez N, Lippert M et al. Digital image
analysis outperforms manual biomarker assessment in breast can-
cer. Mod Pathol 2016;29:318-29.

Mclntire PJ, Zhong E, Patel A et al. Hotspot enumeration of CD8+
tumor-infiltrating lymphocytes using digital image analysis in
triple-negative breast cancer yields consistent results. Hum Pathol
2019;85:27-32.

Thagaard ], Stovgaard ES, Vognsen LG et al. Automated Quan-
tification of sTIL Density with H&E-Based Digital Image Analysis
Has Prognostic Potential in Triple-Negative Breast Cancers. Cancers
2021;13:3050. https://doi.org/10.3390/cancers13123050

Mclntire PJ, Irshaid L, Liu Y et al. Hot spot and whole-tumor enu-
meration of CD8 tumor-infiltrating lymphocytes utilizing digital
image analysis is prognostic in triple-negative breast cancer. Clin
Breast Cancer 2018;18:451-8.e1.

Abe N, Matsumoto H, Takamatsu R et al. Quantitative digital image
analysis of tumor-infiltrating lymphocytes in HER2-positive breast
cancer. Virchows Arch 2020;476:701-9.

Laurinavicius A, Laurinaviciene A, Dasevicius D et al. Digital image
analysis in pathology: benefits and obligation. Anal Cell Pathol
(Amst) 2012;35:75-8.

Janowczyk A, Madabhushi A. Deep learning for digital pathology
image analysis: a comprehensive tutorial with selected use cases. |
Pathol Inform. 2016;7:29.

Klauschen F, Miller KR, Binder A et al. Scoring of tumor-infiltrating
lymphocytes: from visual estimation to machine learning. Semin
Cancer Biol 2018;52:151-7.

Fisher TB, Saini G, Rekha TS et al. Digital image analysis and
machine learning-assisted prediction of neoadjuvant chemother-
apy response in triple-negative breast cancer. Breast Cancer Res
2024;26:12.

Ercan C, Renne SL, Di Tommaso L et al. Hepatocellular carcinoma
immune microenvironment analysis: a comprehensive assess-
ment with computational and classical pathology. Clin Cancer Res
2024;30:5105-15.

. Yuan', Failmezger H, Rueda OM et al. Quantitative image analysis

of cellular heterogeneity in breast tumors complements genomic
profiling. Sci Transl Med 2012;4:157ra143.

Saltz ], Gupta R, Hou L et al. Spatial organization and molecular
correlation of tumor-infiltrating lymphocytes using deep learning
on pathology images. Cell Rep 2018;23:181-93.e7.

. Amgad M, Sarkar A, Srinivas C et al. Joint region and nucleus

segmentation for characterization of tumor infiltrating
lymphocytes in breast cancer. In Tomaszewski JE, Ward AD


https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15020418
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers15164045
https://doi.org/10.3390/cancers13123050
https://doi.org/10.3390/cancers13123050
https://doi.org/10.3390/cancers13123050
https://doi.org/10.3390/cancers13123050
https://doi.org/10.3390/cancers13123050
https://doi.org/10.3390/cancers13123050

12

56.

57.

38.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

| Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

(eds.), Medical Imaging 2019: Digital Pathology (p. 20). SPIE. 2019.
https://doi.org/10.1117/12.2512892

Shvetsov N, Sildnes A, Tafavvoghi M et al. Fast TILs-A pipeline for
efficient TILs estimation in non-small cell lung cancer. J Pathol
Inform 2025;17:100437.

Zhang H, Chen L, Li L et al. Prediction and analysis of tumor
infiltrating lymphocytes across 28 cancers by TILScout using deep
learning. NPJ Precis Oncol 2025;9:76.

Chen RJ, Ding T, Lu MY et al. Towards a general-purpose foun-
dation model for computational pathology. Nat Med 2024;30:
850-62.

Schirris Y, Engelaer M, Panteli A et al. WeakSTIL: Weak whole-
slide image level stromal tumor infiltrating lymphocyte scores are
all you need. In Medical imaging 2022: digital and computational
pathology 2022 (Vol. 12039, pp. 55-59). SPIE.

Schirris Y, Voorthuis R, Opdam M et al. Label-efficient computa-
tional tumour infiltrating lymphocyte assessment in breast cancer
(ECTIL): multicentre validation in 2340 patients with breast cancer.
Lancet Digit Health 2025;7:100921.

Thagaard ], Broeckx G, Page DB et al. Pitfalls in machine
learning-based assessment of tumor-infiltrating lymphocytes in
breast cancer: a report of the international Immuno-oncology
biomarker working group on breast cancer. J Pathol 2023;260:
498-513.

Howard FM, Dolezal ], Kochanny S et al. The impact of site-specific
digital histology signatures on deep learning model accuracy and
bias. Nat Commun 2021;12:4423.

Dehkharghanian T, Bidgoli AA, Riasatian A et al. Biased data, biased
Al deep networks predict the acquisition site of TCGA images.
Diagn Pathol 2023;18:67.

Tafavvoghi M, Bongo LA, Shvetsov N et al. Publicly available
datasets of breast histopathology H&E whole-slide images: a scop-
ing review. J Pathol Inform 2024;15:100363.

Tellez D, Litjens G, Bandi P et al. Quantifying the effects of data
augmentation and stain color normalization in convolutional
neural networks for computational pathology. Med Image Anal
2019;58:101544.

Hoque MZ, Keskinarkaus A, Nyberg P et al. Stain normaliza-
tion methods for histopathology image analysis: a comprehen-
sive review and experimental comparison. Inf Fusion 2024;102:
101997.

LiX, Wang CY. From bulk, single-cell to spatial RNA sequencing. Int
J Oral Sci 2021;13:36.

Im Y, Kim Y. A Comprehensive Overview of RNA Deconvolution
Methods and Their Application. Molecules and Cells 2023;46:99-
105. https://doi.org/10.14348/molcells.2023.2178

Newman AM, Liu CL, Green MR et al. Robust enumeration
of cell subsets from tissue expression profiles. Nat Methods
2015;12:453-7.

Li B, Severson E, Pignon JC et al. Comprehensive analyses of tumor
immunity: implications for cancer immunotherapy. Genome Biol
2016;17:174.

Li T, Fan ], Wang B et al. TIMER: a web server for compre-
hensive analysis of tumor-infiltrating immune cells. Cancer Res
2017;77:e108-10.

Becht E, Giraldo NA, Lacroix L et al. Estimating the population
abundance of tissue-infiltrating immune and stromal cell popula-
tions using gene expression. Genome Biol 2016;17:218.

Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular
heterogeneity landscape. Genome Biol 2017;18:220.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

Racle ], Gfeller D. EPIC: a tool to estimate the proportions of dif-
ferent cell types from bulk gene expression data. Methods Mol Biol
2020;2120:233-48.

Finotello F, Mayer C, Plattner C et al. Molecular and pharmaco-
logical modulators of the tumor immune contexture revealed by
deconvolution of RNA-seq data. Genome Med 2019;11:34.

Chung W, Eum HH, Lee HO et al. Single-cell RNA-seq enables com-
prehensive tumour and immune cell profiling in primary breast
cancer. Nat Commun 2017;8:15081.

Zheng L, Qin S, Si W et al. Pan-cancer single-cell landscape of
tumor-infiltrating T cells. Science 2021;374:abe6474.

Stahl PL, Salmén F, Vickovic S et al. Visualization and analysis
of gene expression in tissue sections by spatial transcriptomics.
Science. 2016;353:78-82.

Stickels RR, Murray E, Kumar P et al. Highly sensitive spatial
transcriptomics at near-cellular resolution with slide-seqV2. Nat
Biotechnol 2021;39:313-9.

Chen A, Liao S, Cheng M et al. Spatiotemporal transcriptomic atlas
of mouse organogenesis using DNA nanoball-patterned arrays. Cell
2022;185:1777-92.e21.

Gaspard-Boulinc LC, Gortana L, Walter T et al. Cell-type deconvolu-
tion methods for spatial transcriptomics. Nature Reviews Genetics
2025;26:828-846. https://doi.org/10.1038/s41576-025-00845-y
Geras A, Darvish Shafighi S, Domzal K et al. Celloscope: a proba-
bilistic model for marker-gene-driven cell type deconvolution in
spatial transcriptomics data. Genome Biol 2023;24:120.

Liu Z, Wu D, Zhai W et al. SONAR enables cell type deconvolution
with spatially weighted Poisson-gamma model for spatial tran-
scriptomics. Nat Commun 2023;14:4727.

Danaher P, Kim Y, Nelson B et al. Advances in mixed cell deconvo-
lution enable quantification of cell types in spatial transcriptomic
data. Nat Commun 2022;13:385.

Miller BF, Huang F, Atta L et al. Reference-free cell type deconvolu-
tion of multi-cellular pixel-resolution spatially resolved transcrip-
tomics data. Nat Commun 2022;13:2339.

White BS, de Reynies A, Newman AM et al. Community assessment
of methods to deconvolve cellular composition from bulk gene
expression. Nat Commun 2024;15:7362.

Femino AM, Fay FS, Fogarty K et al. Visualization of single RNA
transcripts in situ. Science 1998;280:585-90.

Chen KH, Boettiger AN, Moffitt JR et al. RNA imaging. Spatially
resolved, highly multiplexed RNA profiling in single cells. Science
2015;348:aaa6090.

Eng CHL, Lawson M, Zhu Q et al. Transcriptome-scale super-
resolved imaging in tissues by RNA seqFISH. Nature 2019;568:
235-9.

He S, Bhatt R, Brown C et al. High-plex imaging of RNA and pro-
teins at subcellular resolution in fixed tissue by spatial molecular
imaging. Nat Biotechnol 2022;40:1794-806.

FengY, Yang T, Zhu | et al. Spatial analysis with SPIAT and spaSim to
characterize and simulate tissue microenvironments. Nat Commun
2023;14:2697.

Moses L, Einarsson PH, Jackson K et al. Voyager: exploratory single-
cell genomics data analysis with geospatial statistics. 2023. https://
doi.org/10.1101/2023.07.20.549945

Cao Y, Lin Y, Patrick E et al. scFeatures: multi-view representations
of single-cell and spatial data for disease outcome prediction. Bioin-
formatics 2022;38:4745-53.

Canete NP, Iyengar SS, Ormerod JT et al. spicyR: spatial analysis of
in situ cytometry data in R. Bioinformatics 2022;38:3099-105.


https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.1117/12.2512892
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.14348/molcells.2023.2178
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1038/s41576-025-00845-y
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945
https://doi.org/10.1101/2023.07.20.549945

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

Palla G, Spitzer H, Klein M et al. Squidpy: a scalable framework for
spatial omics analysis. Nat Methods 2022;19:171-8.

Yuan Y Spatial Heterogeneity in the Tumor Microenvironment.
Cold Spring Harbor Perspectives in Medicine 2016;6:a026583. https://
doi.org/10.1101/cshperspect.a026583

Dixon PM Ripley’s K Function. Encyclopedia of Environmetrics;
Wiley; Portico. 2001. https://doi.org/10.1002/9780470057339.
var046

Ameen F, Robertson N, Lin DM et al. Kontextual reframes analy-
sis of spatial omics data and reveals consistent cell relationships
across images. Cell Rep Methods 2025;5:101175.

Keren L, Bosse M, Marquez D et al. A structured tumor-immune
microenvironment in triple negative breast cancer revealed by
multiplexed ion beam imaging. Cell. 2018;174:1373-87.e19.

Vidal JM, Tsiknakis N, Staaf | et al. The analytical and clinical
validity of AT algorithms to score TILs in TNBC: can we use differ-
ent machine learning models interchangeably? EClinicalMedicine.
2024;78:102928.

Pentimalli TM, Karaiskos N, Rajewsky N. Challenges and
Opportunities in the Clinical Translation of High-Resolution
Spatial Transcriptomics. Annual Review of Pathology: Mechanisms
of Disease 2025;20:405-432. https://doi.org/10.1146/annurev
-pathmechdis-111523-023417

Rad MS, Huang ] (Vincent), Hosseini MM et al. Deep learning for
digital pathology: A critical overview of methodological frame-
work. Journal of Pathology Informatics 2025;19:100514. https://doi.
0rg/10.1016/j.jp1.2025.100514

Benimam MM, Meas-Yedid V, Mukherjee S et al. Statistical analysis
of spatial patterns in tumor microenvironment images. Nat Com-
mun 2025;16:3090.

Summers HD, Wills JW, Rees P. Spatial statistics is a comprehen-
sive tool for quantifying cell neighbor relationships and biologi-
cal processes via tissue image analysis. Cell Rep Methods 2022;2:
100348.

Emons M, Gunz S, Crowell HL et al. Harnessing the potential of
spatial statistics for spatial omics data with pasta. Nucleic Acids
Research 2025;53. https://doi.org/10.1093/nar/gkaf870

Biancalani T, Scalia G, Buffoni L et al. Deep learning and alignment
of spatially resolved single-cell transcriptomes with tangram. Nat
Methods 2021;18:1352-62.

Govek KW, Troisi EC, Miao Z et al. Single-cell transcriptomic analy-
sis of mIHC images via antigen mapping. Science Advances 2021;7.
https://doi.org/10.1126/sciadv.abc5464

Quek C, Pratapa A, Bai X et al. Single-cell spatial multiomics reveals
tumor microenvironment vulnerabilities in cancer resistance to
immunotherapy. Cell Rep 2024;43:114392.

Guarrasi V, Aksu F, Caruso CM et al. A systematic review of
intermediate fusion in multimodal deep learning for biomedical
applications. Image Vis Comput 2025;158:1055009.

Wang C, Ma ], Shao | et al. Non-invasive measurement using
deep learning algorithm based on multi-source features fusion to
predict PD-L1 expression and survival in NSCLC. Front Immunol
2022;13:828560.

Wang X, Jiang Y, Chen H et al. Cancer immunotherapy response
prediction from multi-modal clinical and image data using semi-
supervised deep learning. Radiother Oncol 2023;186:109793.

Gao Y, Ventura-Diaz S, Wang X et al. An explainable longitudi-
nal multi-modal fusion model for predicting neoadjuvant ther-
apy response in women with breast cancer. Nat Commun 2024;
15:9613.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 13

LiX,FengX, ZhouJ et al. Amuti-modal feature fusion method based
on deep learning for predicting immunotherapy response. ] Theor
Biol 2024;586:111816.

Yuy, Cai G, Lin R et al. Multimodal data fusion AI model uncov-
ers tumor microenvironment immunotyping heterogeneity and
enhanced risk stratification of breast cancer. MedComm (2020)
2024,;5:€70023.

Chen S, Zhu B, Huang S et al. Integration of spatial and single-cell
data across modalities with weakly linked features. Nat Biotechnol
2024;42:1096-106.

Zhu B, Gao S, Chen S et al. CellLENS enables cross-domain informa-
tion fusion for enhanced cell population delineation in single-cell
spatial omics data. Nat Immunol 2025;26:963-74.

Van Bockstal MR, Frangois A, Altinay S et al. Interobserver vari-
ability in the assessment of stromal tumor-infiltrating lymphocytes
(STILs) in triple-negative invasive breast carcinoma influences the
association with pathological complete response: the IVITA study.
Mod Pathol 2021;34:2130-40.

Buisseret L, Desmedt C, Garaud S et al. Reliability of tumor-
infiltrating lymphocyte and tertiary lymphoid structure assess-
ment in human breast cancer. Mod Pathol 2017;30:1204-12.

Ciga O, Xu T, Nofech-Mozes S et al. Overcoming the limitations of
patch-based learning to detect cancer in whole slide images. Sci
Rep 2021;11:8894.

Wang L, Wu L, Qi G et al. ReSort enhances reference-based cell
type deconvolution for spatial transcriptomics through regional
information integration. Bioinform Adv 2025;5:vbaf091.

Lei X, Lei Y, Li JK et al. Immune cells within the tumor microenvi-
ronment: biological functions and roles in cancer immunotherapy.
Cancer Lett 2020;470:126-33.

Amitay Y, Bussi Y, Feinstein B et al. CellSighter: a neural net-
work to classify cells in highly multiplexed images. Nat Commun
2023;14:4302.

Barrera C, Corredor G, Viswanathan VS et al. Deep computational
image analysis of immune cell niches reveals treatment-specific
outcome associations in lung cancer. NPJ Precis Oncol 2023;7:52.
Lee CYC, McCaffrey ], McGovern D et al. Profiling immune cell
tissue niches in the spatial -omics era. | Allergy Clin Immunol
2025;155:663-77.

Qian J, Shao X, Bao H et al. Identification and characterization of
cell niches in tissue from spatial omics data at single-cell resolution.
Nat Commun 2025;16:1693.

Varrone M, Tavernari D, Santamaria-Martinez A et al. CellCharter
reveals spatial cell niches associated with tissue remodeling and
cell plasticity. Nat Genet 2024;56:74-84.

Singhal V, Chou N, Lee J et al. BANKSY unifies cell typing and tissue
domain segmentation for scalable spatial omics data analysis. Nat
Genet 2024;56:431-41.

Birk S, Bonafonte-Pardas I, Feriz AM et al. Quantitative character-
ization of cell niches in spatially resolved omics data. Nat Genet
2025;57:897-909.

Dieci MV, Radosevic-Robin N, Fineberg S et al. Update on tumor-
infiltrating lymphocytes (TILs) in breast cancer, including recom-
mendations to assess TILs in residual disease after neoadjuvant
therapy and in carcinoma in situ: a report of the international
Immuno-oncology biomarker working group on breast cancer.
Semin Cancer Biol 2018;52:16-25.

Blise KE, Sivagnanam S, Banik GL et al. Single-cell spatial architec-
tures associated with clinical outcome in head and neck squamous
cell carcinoma. NPJ Precis Oncol 2022;6:10.


https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1101/cshperspect.a026583
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1002/9780470057339.var046
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1146/annurev-pathmechdis-111523-023417
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1016/j.jpi.2025.100514
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1093/nar/gkaf870
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464
https://doi.org/10.1126/sciadv.abc5464

14

131.

132.

133.

134.

135.

| Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Seydel C. Beyond cell atlases: spatial biology reveals mechanisms
behind disease. Nat Biotechnol 2025;43:841-4.

Perera R, Savas P, Senanayake D et al. Annotation-efficient deep
learning for breast cancer whole-slide image classification using
tumour infiltrating lymphocytes and slide-level labels. Commu-
nications Engineering 2024;3. https://doi.org/10.1038/s44172-024
-00246-9

Lu MY, Williamson DFK, Chen TY et al. Data-efficient and weakly
supervised computational pathology on whole-slide images. Nat
Biomed Eng 2021;5:555-70.

Zhang L, Chen D, Song D et al. Clinical and translational values
of spatial transcriptomics. Signal Transduct Target Ther 2022;7:
111.

El Bairi K, Haynes HR, Blackley E et al. The tale of TILs in breast can-
cer: a report from the international Immuno-oncology biomarker
working group. NPJ Breast Cancer 2021;7:150.

137.

138.

139.

140.

141.

Millward ], He Z, Nibali A et al. Automated deep learning-based
assessment of tumour-infiltrating lymphocyte density determines
prognosis in colorectal cancer. | Transl Med 2025;23:298.

Amgad M, Stovgaard ES, Balslev E et al. Report on computational
assessment of tumor infiltrating lymphocytes from the interna-
tional Immuno-oncology biomarker working group. NP] Breast
Cancer 2020;6:16.

LiH,Zhou],LiZ et al. A comprehensive benchmarking with practi-
cal guidelines for cellular deconvolution of spatial transcriptomics.
Nat Commun 2023;14:1548.

Nguyen H, Nguyen H, Tran D et al. Fourteen years of cellular decon-
volution: methodology, applications, technical evaluation and out-
standing challenges. Nucleic Acids Res 2024;52:4761-83.

Xu S, Chen D, Wang X, Li S. Robustness and resilience of computa-
tional deconvolution methods for bulk RNA sequencing data. Brief-
ings in Bioinformatics 2025;26. https://doi.org/10.1093/bib/bbaf264

136. Choi S, Cho SL Jung W et al. Deep learning model improves tumor- 142. Singh A, Cakmak P, Lun JH et al. Benchmarking cell-type deconvo-
infiltrating lymphocyte evaluation and therapeutic response pre- lution in cross-platform transcriptomic data, 2025. https://doi.org/
diction in breast cancer. NPJ Breast Cancer. 2023;9:71. 10.1101/2025.11.24.690141

© The Author(s) 2026. Published by Oxford University Press. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any

medium, provided the original work is properly cited.
Briefings in Bioinformatics, 2026, 27, bbag176
https://dol.org/10.1093/bib/bbag176

Review


https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1038/s44172-024-00246-9
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1093/bib/bbaf264
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://doi.org/10.1101/2025.11.24.690141
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/bib/bbag176

	 Estimating tumour immune infiltration: methodological convergence across histology and spatial technologies
	Introduction
	Classical histology-based estimation
	AI-based digital pathology approaches
	Molecular-based estimation
	Multimodal data integration
	Comparative discussion
	Conclusion
	Key Points
	Acknowledgements
	Author contributions
	Conflicts of interest
	Funding
	Data availability


