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Simple Summary

Immunotherapy has changed the treatment landscape in many solid tumors with signif-
icant improvements in life expectancy of cancer patients. However, many patients do
not respond to immunotherapy or will present with resistance to treatment after initial
favorable responses, which eventually allow only a small subset of patients to benefit
from immunotherapy in the long-term. As a result, better biomarkers to predict which
patients will benefit the most, to predict resistance to treatment timely, and to limit forth-
coming immune-related toxicity are needed. Traditionally, tissue-based markers, such as
PD-L1 and TILs, were used to assess prognosis and response to treatment. However, these
markers present inherent limitations including the constraints of biopsy sampling, the
heterogeneity of expression of these markers within tumor, and the lack of dynamic assess-
ment during treatment. Peripheral blood markers may be an adjunct tool to the traditional
tissue-based markers, bypassing those limitations and offering a real-time monitoring of
immune system and cancer interplay during treatment. Despite the promising results of
tissue- and peripheral-based immune markers, major methodological limitations, such as
assay consistency and method assessments in different labs, hamper their implementation
in clinical routine. Recent developments in artificial intelligence and machine learning tools
may provide the infrastructure to couple multiparameter approaches and to implement
the clinical validation of these markers. Overcoming the obstacles for accurate biomarker
analysis may yield major developments in precision oncology in the era of immunotherapy.

Abstract

Immunotherapy with immune checkpoint inhibitors has changed the treatment landscape
in many solid tumors. Despite the unprecedent success, many patients will develop
primary or secondary resistance to treatment or will hold up therapy due to the emerging
immune-related toxicity. Traditionally, tissue-based immune biomarkers, such as PD-L1
expression, have been used to select patients who will benefit most from immunotherapy.
However, these markers demonstrate major limitations, such as tumor heterogeneity
and sample constraints. In addition, they do not reflect the dynamic interplay of tumor
and hosts immune response during treatment. Peripheral blood immunomarkers offer
a minimally invasive, real-time assessment of the immune system and its interaction
with the tumor. Integration of traditional tissue-based and peripheral blood markers
coupled with the recent developments in computational platforms, artificial intelligence,
and machine learning models may provide more successful biomarkers for prognosis,
prediction of immunotherapy-related outcomes, the early evaluation of forthcoming disease
progression, and the prediction of the emerging immune-related adverse events. Despite
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the promising developments in the field of immune biomarkers, several issues including
assay standardization, clinical validation, and biological variability should be addressed
to improve personalized immunotherapy approaches. In this comprehensive review we
provide an update on immune biomarker evolution, and we discuss the current limitations
and future directions.

Keywords: immune biomarkers; cancer immunotherapy; peripheral blood; tumor
microenvironment; immune checkpoint inhibitors; integrated biomarker profiling

1. Introduction
Immunotherapy with immune checkpoint inhibitors (ICIs) has transformed the treat-

ment landscape in many solid tumors. Despite the great improvements in clinical outcomes,
a significant proportion of patients do not respond to treatment or will develop resistance.
Moreover, the emerging immune-related toxicity limits the long-term outcomes of the
treatment, especially for patients who will present with severe immune-related adverse
events (irAEs). Thus, there is a growing need for the implementation of robust biomarkers
to predict prognosis, guide patient selection, and monitor therapeutic efficacy and toxicity.

Recent developments have rendered genomic profiling a cornerstone of precision
oncology. Progress in gene biomarkers and signatures has led to the identification of
actionable mutations, which guide targeted therapies across various cancer types, and to
the recognition of resistance patterns, and, coupled with other approaches, it has unraveled
several pathways of tumorigenesis and drug–tumor interactions [1]. Although genomic
profiling has significantly advanced our understanding of tumor biology and treatment
selection, immune biomarkers give essential insights into the dynamic tumor–host interac-
tions that influence immunotherapy response and, in many cases, it cannot be captured by
genomics alone.

Historically, tissue-based immune biomarkers have been the cornerstone for the selec-
tion of patients treated with ICIs. Programmed death-ligand 1 (PD-L1) expression, initially
introduced for guiding immunotherapy in non-small-cell lung cancer (NSCLC), remains the
most used companion diagnostic across several malignancies [2]. Other tissue-based mark-
ers, such as the density of tumor-infiltrating lymphocytes (TILs), have shown promising
results in the assessment of the tumor immune microenvironment (TIME), with growing
evidence supporting their prognostic and emerging predictive value in various cancers [3,4].
Besides PD-L1 and TILs, several tissue-based biomarkers are increasingly recognized for
their role in tumor immunity and their influence on immunotherapy responses [5].

Tissue biomarkers provide critical information for the TIME and ICI action. However,
their clinical utility is often limited by several factors. One major limitation is that the
assessment of these markers requires tissue sampling, which is an invasive approach and
often reflects only a small fragment of the tumor heterogeneity. The tumor microenviron-
ment not only demonstrates varying spatial distribution but is also dynamically reshaped
during the treatment course [6]. Thus, it is crucial to use biomarkers that reflect real-time
changes in the immune status.

Peripheral blood immune biomarkers have emerged as complementary diagnostic
tools, offering minimally invasive, active assessment of the tumor–immune system interac-
tions. The variety of blood immune parameters may collectively provide a real-time map
into the immune landscape and into the evolving interactions during treatment [7].

Although evidence on the use of peripheral immune biomarkers is growing, their
clinical implementation is hampered due to several limitations, such as the cellular het-
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erogeneity, the variability across time points, and the lack of standardized assays and
prospective validation studies [7,8]. Furthermore, single biomarkers often fail to fully
explain the complexity of the immune response. Thus, a shift towards integrated, mul-
timodal biomarker strategies seems to be crucial. Development of computational tools,
large multiplex platforms, machine learning (ML), and artificial intelligence (AI) render
integrative approaches feasible; therefore, the coupling of tissue-based and peripheral
immune biomarkers to accurately map immune system and tumor interactions seems to be
more relevant today than ever before [7,8].

Herein, we aimed to provide an updated overview on the established and investi-
gatory immune biomarkers, their current status, and problems for their implementation
in clinical practice. Moreover, we aimed to emphasize the necessity for the adaptation of
integrated biomarker approaches, especially in the era of new technological platforms and
computational AI tools.

2. Tissue-Based Immune Biomarkers
Several tissue immune markers have been studied and some of those have been

adopted in clinical practice during the era of immunotherapy, offering prognostic infor-
mation and guiding treatment decisions (Figure 1). From the early recognition of TILs as
a surrogate of immune interactions in breast cancer (BC) and melanoma to the widespread
use of PD-L1, these markers have shaped the landscape of decision making in Oncology
and some of those have been incorporated as companion diagnostics by the regulatory
authorities. Better understanding of the spatial organization of the TIME and of the in-
volved immune system counterparts in recent years highlights not only the progress that
has been made but also the challenges ahead. A summary of the currently validated and
investigational tissue-based immune markers is provided in Table 1, and a more detailed
overview of each marker follows.

Figure 1. Schematic illustration of tissue-based immune biomarkers in the era of immunotherapy. Abbrevi-
ations: CAFs: cancer-associated fibroblasts; CD: cluster of differentiation; LAG-3: lymphocyte activation
gene-3; M1, M2: macrophage subset; PD-1: programmed death receptor-1; PD-L1: programmed-death
ligand 1; TIGIT: T-cell immunoreceptor with Ig and ITIM domains; TILs: tumor-infiltrating lymphocytes;
TIM-3: T-cell immunoglobulin and mucin-domain containing-3; TLS: tertiary lymphoid structures;
Tregs: regulatory T-cells.
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Table 1. Summary of validated and investigatory tissue-based markers of tumor immune microenvi-
ronment for immunotherapy in solid tumors.

Biomarker Type of Marker Prognostic Value
Predictive
Value for

Immunotherapy
Clinical Use Assessment

Method Limitations Key
Tumor Types

PD-L1
[2,6,9–20]

Immune
checkpoint

protein

Prognostic value
varies by context

Validated
predictive

biomarker for
multiple

tumor types

Routine clinical
use

IHC and digital
pathology

Heterogeneous
expression, assay
variability, and

dynamic changes

NSCLC,
urothelial,

HNSCC, TNBC,
gastric,

and cervical

TILs
[3,4,21–25]

Immune cell
infiltration

Generally
supported by

evidence, with
tumor-type
variability

Emerging
predictive

marker;
standardization

ongoing

Recommended
(breast cancer)

and
investigational

(others)

IHC and digital
pathology

Lack of
standardized
scoring and

spatial
heterogeneity

Melanoma,
breast cancer,
and NSCLC

Macrophages
(M1/M2)
[26,27]

Immune cell
infiltration

Potential
prognostic
relevance;
evidence
evolving

Preliminary
evidence

suggests possible
predictive role

Experimental IHC and
flow cytometry

Phenotypic
plasticity and

lack of
standardized

markers

Various
solid tumors

CAFs
[28]

Stromal cell
component

Emerging
evidence of

association with
poor prognosis

Investigational;
may influence

immunotherapy
resistance

Experimental IHC and
multiplex assays

Heterogeneity
and lack of

standardized
markers

NSCLC, skin, and
other

solid tumors

Tregs
[29–32]

Immune cell
infiltration

Associated with
immune

suppression;
prognostic

impact varies

Investigational
predictive role;

therapeutic
targeting

under study

Experimental IHC and
flow cytometry

Heterogeneity
and complex

roles in
tumor immunity

Various
solid tumors

TLS
[33,34]

Organized
immune

structures

Supported by
growing
evidence;

standardization
pending

Emerging
predictive

marker; clinical
validation
ongoing

Investigational IHC and digital
pathology

Lack of
standardized
quantification

Various solid
tumors

and sarcoma

LAG-3
[35–37]

Immune
checkpoint

protein
Investigational Investigational Experimental IHC and

flow cytometry
Limited

assay validation
Various

solid tumors

TIM-3
[35–37]

Immune
checkpoint

protein
Investigational Investigational Experimental IHC and

flow cytometry
Limited

assay validation
Various

solid tumors

TIGIT
[35–37]

Immune
checkpoint

protein
Investigational Investigational Experimental IHC and

flow cytometry
Limited

assay validation
Various

solid tumors

Multiplex
Immune
Markers
[35–44]

PD-L1/CD8+,
FoxP3-CD8+, etc. Investigational

Predictive, not
validated in
clinical trails

Experimental
Multiplex
techniques

(e.g., IF)

Variability in
studies and not

validated in trials

Various
solid tumors

CAFs: cancer-associated fibroblasts; HNSCC: head and neck squamous cell carcinoma; IF: immunofluores-
cence; IHC: immunohistochemistry; LAG-3: lymphocyte activation gene-3; NSCLC: non-small-cell lung cancer;
PD-L1: programmed-death ligand 1; TIGIT: T-cell immunoreceptor with Ig and ITIM domains; TILs: tumor-
infiltrating lymphocytes; TIM-3: T-cell immunoglobulin and mucin-domain containing-3; TLS: tertiary lymphoid
structures; TNBC: triple-negative breast cancer; Tregs: regulatory T-cells.

2.1. Programmed Death-Ligand 1 (PD-L1) Expression

Programmed death-ligand 1 (PD-L1) expression is the most commonly used biomarker
to guide immunotherapy decisions in solid tumors. Initially developed to identify NSCLC
patients most likely to benefit from anti-PD-1/PD-L1 therapies [9], it is nowadays used as a
companion diagnostic for several other cancers, including urothelial carcinoma [10], head
and neck squamous cell carcinoma (HNSCC) [11], triple-negative breast cancer (TNBC) [12],
gastric and gastroesophageal junction cancers [13], and cervical cancer [14]. In clinical prac-
tice it is commonly assessed with conventional immunohistochemistry (IHC) or using auto-
mated stainer devices, and its expression is generally associated with better immunotherapy
outcomes [2]. On the other hand, the prognostic significance of PD-L1 remains controver-
sial. Despite some evidence suggesting an association with worse survival outcomes in
patients not receiving immunotherapy, other studies are inconclusive on this relationship,
limiting its utility as a universal prognostic marker [15].
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Despite its widespread use, PD-L1 as a biomarker demonstrates significant limita-
tions. It is now well established that its expression is largely heterogeneous, varying both
spatially within the tumor and between primary lesions, metastatic sites, and infiltrated
lymph nodes, which raises concerns about sampling bias [6]. Moreover, there is not a
universal assay platform for all tumors, nor a consistent scoring system, with some drug
indications requiring expression per tumor proportion score and others per combined
positive score, while the different antibody clones used per assay add further complexity to
its interpretation [16]. In addition, PD-L1 expression is a dynamic feature that can evolve
under pressure from therapy, thus isolated biopsies at cancer diagnosis do not reflect the
dynamic interactions in the TIME [17]. These factors collectively underline the need for
complementary or alternative biomarkers that can offer a broader, more dynamic view of
the tumor–immune interaction.

The progress made on digital pathology tools over recent years may address some of
these obstacles by offering automated PD-L1 scoring and spatial distribution analysis. Early
studies suggest that digital image analysis can improve reproducibility and reduce inter-
observer variability compared with manual assessment [18]. In addition, the integration of
spatial data can provide a deeper understanding into the differential expression of PD-L1
by tumor and immune cells and examine the relationship of PD-L1 in association with
other immune parameters and with the tumor architecture. Despite the promising early
evidence, clinical adoption remains limited at this stage [19,20].

2.2. Tumor-Infiltrating Lymphocytes (TILs)

Tumor-infiltrating lymphocytes (TILs) were among the first immune markers recog-
nized to play an important role in the TIME [3]. The presence of high TIL density has been
associated with an active immune microenvironment, which suggests a strong prognostic
and potential predictive value for immunotherapy [21]. TILs have demonstrated robust
prognostic value across multiple solid tumors, often independent of treatment modality.
Most evidence emerges from melanoma studies and from early BC, especially TNBC and
HER2+ subsets, where TIL evaluation is recommended by expert consensus as a prognostic
marker, though it is not yet used to guide immunotherapy [3,4]. In NSCLC, increased TIL
density has similarly been linked to favorable prognosis [22].

There is also emerging evidence regarding TILs predictive potential for immunother-
apy. Higher TIL densities have been associated with improved outcomes to ICIs, reflecting
a ‘hot’ tumor environment in several studies [21,23].

Despite their promising potential, TILs are not routinely used in the clinic. Besides
the lack of standardized scoring, there is a great variability between different observers
and laboratories. There is, though, an ongoing effort with consensus recommendations
to guide standardized assessment of TILs across tumor types [24,25]. This international
pathologist collaborative effort, based on the infrastructure of TIL measurement approaches
provided from phase III neoadjuvant BC trials [25], emphasizes the generalizability of steps
for TIL counting, such as the selection of proper representative tumor area, the accurate
definition of stromal and intra-tumoral areas, the careful microscopy assessment under low-
magnification, the determination of proper type of inflammatory infiltrates (e.g., exclusion
of granulocytes in necrotic areas), and the classification of TILs in crude percentage groups
associated with prognosis or response prediction, while acknowledging the differences
arising per tumor type and the special considerations needed (e.g., exclusion of TILs
found on alveolar macrophages in NSCLC) [24]. Additionally, there are no consistent
assessment methods, varying from basic IHC techniques to more sophisticated multiplex
digital assays, rendering comparisons difficult [25]. Furthermore, the varying distribution of
lymphocytes within tumors means that small biopsy samples may not accurately represent
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tumor environment [3]. Emerging digital pathology tools offer promising solutions by
enabling automated, quantitative, and spatially resolved assessment of TILs, which may
help improve reproducibility [3]. Further studies, testing TILs in prospective settings are
necessary to establish more solid conclusions.

2.3. Other Tissue-Based Immune Markers

Beyond PD-L1 and TILs, several other components of the TIME have emerged as
promising tissue immune biomarkers.

Macrophages are one of the most thoroughly studied components of the TIME. In
particular, it is suggested that the balance between specific macrophage subsets, such as
pro-inflammatory M1 and the immunosuppressive M2 phenotypes, may influence tumor
progression and patient prognosis in several solid tumors. More specifically, it has been
shown that high infiltration of M2 macrophages often correlates with worse outcomes,
whereas M1 macrophages are generally associated with better anti-tumor activity [26].
Moreover, there are emerging data suggesting that specific tumor-associated macrophage
(TAM) subpopulations within the TIME may influence immunotherapy outcomes; however,
robust prospective validation remains necessary [27].

Another component of the TIME, the cancer-associated fibroblasts (CAFs), are con-
sidered key players in the modulation of immune responses. Generally appraised as
promoters of immunosuppression, certain CAF subsets have been linked to poor prognosis
and resistance to immunotherapy, especially in studies on NSCLC and skin cancer [28].
However, their use as biomarkers is still under investigation.

Regulatory T-cells (Tregs), a unique TILs subset, are considered critical components
on the development of immune tolerance within the TIME. Elevated infiltration of Tregs
in various cancers has been associated with poor prognosis, as they hamper effective
anti-tumor immune responses and promote immune evasion [29]. Several studies have
further characterized their immunosuppressive and tumor-promoting features with Tregs
predominant phenotypes of tumor-infiltrating cells being associated with more aggressive
disease behavior (e.g., higher proportions of Treg-predominant phenotypes of immune-
infiltrates in TNBC and higher grade lesions), highlighting their role in tumor’s growing
and immunosuppressive pathways [30]. Similarly, Tregs also influence the response to
immunotherapy as their presence can contribute to resistance against ICIs by dampening
T-cell activity [31]. Despite not being validated predictive biomarkers, their distinctive
immunoregulatory role makes them attractive targets for the development of inhibitors
which, coupled with ICIs, may boost immunotherapy efficacy [32].

Tertiary lymphoid structures (TLSs) are considered an emerging tissue biomarker with
diverse role on immunomodulation. These structures are ectopic lymphoid aggregates that
form within or adjacent to tumors, resembling secondary lymphoid organs. They consist of
organized clusters of B-cells, T-cells, dendritic cells, and other immune components, and
act on local antigen presentation and to stimulation of adaptive immune responses. The
presence of TLS in various cancers has been associated with improved patient survival and
enhanced response to immunotherapy [33]. Despite growing evidence supporting their
prognostic and predictive value, standardized methods for TLS detection and quantification
are still under development, and their incorporation into clinical practice remains limited.
Recent clinical studies, such as the PEMBROSARC trial investigating pembrolizumab in
soft-tissue sarcoma, are prospectively evaluating TLS as biomarkers for immunotherapy
response, representing a significant step toward validating TLS clinical utility in patient
selection and treatment planning [34].

Lastly, there are other immune checkpoint proteins, besides PD-L1, that have gained
interest as tissue biomarkers due to their roles in tumor immune evasion. Molecules such as
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LAG-3 (Lymphocyte Activation Gene-3), TIM-3 (T-cell Immunoglobulin and Mucin-domain
containing-3), and TIGIT (T-cell immunoreceptor with Ig and ITIM domains) are variably
expressed on different components within the TIME and have been associated with T-cell
exhaustion [35–37]. There are studies suggesting a prognostic role of these proteins and
potential utility on predicting immunotherapy outcomes [35–37]. However, these markers
are currently considered investigational and are not used in daily clinical practice. There
are, though, ongoing clinical trials evaluating novel checkpoint inhibitors targeting these
molecules which may soon clarify their utility as predictive biomarkers.

Further, continued research is needed to establish the role of these TIME-based
biomarkers alongside commonly used markers like PD-L1 and TILs.

2.4. Combination Approaches to Tissue-Based Immune Biomarkers

Despite the variety of tissue-based markers, analysis of single biomarkers often fails to
fully interpret the complex interactions of immune system and tumor. Thus, approaches ex-
ploiting the concurrent use of multiple biomarkers for the improvement of their prognostic
and predictive accuracy have gained interest.

The combination of PD-L1 expression and CD8+ T-cells has been thoroughly studied
and has demonstrated strong predictive accuracy for immunotherapy in many studies. This
combined approach provides an insight into the adaptive immune resistance mechanisms,
as tumors are considered to upregulate PD-L1 expression and evade immune attack in
response to recruitment of infiltrating cytotoxic T-cells [38]. Clinical studies in various
cancers, such as NSCLC and melanoma, have shown that patients whose tumors are
characterized by both high PD-L1 expression and high CD8+ density tend to experience
better responses to ICIs [38–40].

Beyond this, there are several other studies on combination approaches which aim to
integrate markers of immune regulation and suppression. For instance, combining regula-
tory Treg markers (FoxP3) with CD8+ TILs has shown predictive value for immunotherapy
responses in various solid tumors [41,42]. Similarly, other combined immunoscores have
shown promising results, such as CD3-CD8 combination in colorectal cancer [43] and
the combination of TAM markers (CD68 and CD163) alongside T-cell markers in lung
cancer [44]. Additionally, the co-expression of multiple immune checkpoints, such as
LAG-3, TIM-3, and TIGIT, on exhausted T-cells is being investigated for its predictive
value, especially as novel checkpoint inhibitors targeting these pathways enter clinical
trials [35,37].

Although these combined approaches offer great promise, there are still many issues
to overcome, such as assay standardization among labs, the lack of uniform platforms, the
intra-tumor and inter-patient heterogeneity, and the time-dependent fluctuations of the
immune markers, before they are clinically validated and subsequently implemented in
clinical practice.

3. Peripheral Blood Immune Biomarkers
Peripheral blood immune biomarkers have emerged as valuable tools for evaluating

the immune status of cancer patients and response to ICIs in a minimally invasive manner.
Tissue-based markers provide localized and temporal information of the TIME, but periph-
eral blood markers can offer a dynamic, real-time monitoring into the host’s immune status
and its interaction with the tumor. Thus, peripheral markers can be potentially utilized
for the prognosis and the monitoring of therapeutic response. This section will review
the main categories of peripheral immune biomarkers (Figure 2), ranging from simple
cell count ratios to advanced immunophenotyping, highlighting their clinical relevance,
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emerging evidence, and future prospects. A summary of the currently studied peripheral
immune markers is provided in Table 2.

Figure 2. Summary of current and investigatory peripheral blood immune markers in patients
treated with immunotherapy. Abbreviations: ANA: anti-nuclear antibody; CD: cluster of differen-
tiation; CRP: C-reactive protein; CTC: circulating tumor cells; CTLA-4: cytotoxic T-lymphocyte-
associated protein-4; EV: extracellular vesicles; dNLR: derived neutrophil-to-lymphocyte ratio;
IFN-γ: interferon-γ; IL: interleukin; LDH: lactate dehydrogenase; LMR: lymphocyte-to-monocyte
ratio; MDSC: myeloid-derived suppressor cells; NK: natural killer cells; NLR: neutrophil-to-
lymphocyte ratio; PD-1: programmed death receptor-1; PD-L1: programmed death-ligand-1;
PLR: platelet-to-lymphocyte ratio; sPD-1/sPD-L1/sCTLA-4: soluble isoforms of the immune check-
point proteins; RF: rheumatoid factor; TGF-β: tumor growth factor-β; TPO: thyroid peroxidase;
Tregs: regulatory T-cells.

Table 2. Summary of peripheral blood immune biomarkers in cancer immunotherapy.

Biomarker Category Specific Markers/Indices Biological Role Clinical Relevance
and Evidence Limitations

White Blood Cell Ratios
[45–49] NLR, LMR, PLR, and dNLR Reflect systemic inflammation

and immune balance

Prognostic and predictive
value across multiple tumors;

composite scores
improve stratification

Affected by infection,
medications, comorbidities;
lack of standardized cutoffs

and timing

Biochemical Parameters
[50–55]

CRP, LDH, complement
components (C3, C4),

and albumin

Markers of systemic
inflammation, nutritional

status, and immune activation

Included in composite scores;
complement proteins
emerging as immune

modulators; albumin reflects
nutritional/immune status

Influenced by non-cancer
factors (infection, nutrition);
need for further validation

Immune Cell Subsets
[56–69]

CD8+ T-cells, CD4+ T-cells,
Tregs, MDSCs, NK cells,

B-cells, and hILCs

Effector, regulatory,
suppressive, and
innate immunity

Predictive and prognostic
significance; dynamic changes
during therapy correlate with

response and toxicity

Complex analysis; need for
assay standardization and

prospective validation

Cytokines
[70–74]

IFN-γ, IL-2, IL-6, IL-8, TNF-α,
TGF-β, IL-10, and IL-17

Immune activation or
suppression through signaling

Baseline and dynamic levels
predict response, survival, and

irAEs; composite cytokine
signatures promising

Biological variability; assay
standardization needed;

pleiotropic effects

Soluble Checkpoint Proteins
[75–82] sPD-L1, sPD-1, and sCTLA-4 Modulate immune checkpoint

pathways systemically

Elevated sPD-L1 linked to
poor prognosis and resistance;

dynamic changes correlate
with therapy response

Assay variability; unclear
biological functions of soluble

vs. membrane forms

Autoantibodies
[83–87]

ANA, anti-TPO, rheumatoid
factor, and others

Reflect autoimmunity and
immune activation

Associated with
immune-related adverse
events; possible link to

treatment efficacy

Variability in assays;
heterogeneity of targets;

clinical utility
still investigational
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Table 2. Cont.

Biomarker Category Specific Markers/Indices Biological Role Clinical Relevance
and Evidence Limitations

Tumor-Derived
Circulating Biomarkers

[88–91]
CTCs and EVs

Reflect tumor burden, immune
evasion via

checkpoint expression

CTC PD-L1 expression and
PD-L1+ EVs correlate with
resistance and prognosis;
promising for monitoring

Technical challenges in
isolation, characterization,

and standardization

Integrative
Composite Approaches

[40,64,68,92–94]

Multi-modal biomarker panels
combining tissue, peripheral

blood, soluble factors, and
tumor-derived markers

Capture complex immune
landscapes and

tumor heterogeneity

Composite immunoscores
improve prediction of

immunotherapy response;
integration of AI/ML

enhances biomarker discovery

Data harmonization,
standardization, and clinical
validation remain significant

ANA: anti-nuclear antibody; CD: cluster of differentiation; CRP: C-reactive protein; CTC: circulating tumor
cells; CTLA-4: cytotoxic T-lymphocyte-associated protein-4; EV: extracellular vesicles; dNLR: derived neutrophil-
to-lymphocyte ratio; hILCs: helper innate lymphoid cells; IFN-γ: interferon-γ; IL: interleukin; LDH: lactate
dehydrogenase; LMR: lymphocyte-to-monocyte ratio; MDSC: myeloid-derived suppressor cells; NK: natural
killer cells; NLR: neutrophil-to-lymphocyte ratio; PD-1: programmed death receptor-1; PD-L1: programmed
death-ligand-1; PLR: platelet-to-lymphocyte ratio; sPD-1/sPD-L1/sCTLA-4: soluble isoforms of the immune
checkpoint proteins; TGF-β: tumor growth factor-β; TNF-α: tumor necrosis factor-α; TPO: thyroid peroxidase;
Tregs: regulatory T-cells.

3.1. White Blood Cell Ratios and Composite Indices

Ratios derived from routine blood count, such as the neutrophil-to-lymphocyte ra-
tio (NLR), lymphocyte-to-monocyte ratio (LMR), platelet-to-lymphocyte ratio (PLR), and
derived NLR (dNLR), are easily accessible and cost-efficient. A combination of different sub-
sets of white blood cells can be utilized to assess the balance between pro-inflammatory and
anti-tumors states, which in turn may reflect disease progression and response to therapy.
Several studies have shown that an elevated NLR, indicating an increase in neutrophils or
decrease in lymphocytes, is associated with worse outcomes in many solid tumors, includ-
ing lung, BC, and colorectal cancers [45,46]. Similarly, low LMR and high PLR have been
linked to unfavorable prognosis [47–49]. In the context of immunotherapy, several studies
associate these ratios with the prediction of treatment response and immune-related toxicity,
suggesting their potential role in patient stratification and treatment monitoring [48,49].

In conjunction to these ratios several other biochemical parameters, reflecting the
inflammatory burden, the tumor load, or the nutritional status, have been employed to
synthesize composite tools to predict response. The Lung Immune Prognostic Index (LIPI)
incorporates dNLR and lactate dehydrogenase (LDH) levels and has demonstrated strong
predictive value for survival in NSCLC patients treated with ICIs [50]. The Systemic
Immune-Inflammation Index (SII), integrating neutrophil, lymphocyte, and platelet counts,
has shown prognostic value across a range of cancers and strong association with response
to immunotherapy in lung cancer [51,52]. Additionally, other markers of systemic inflam-
mation, such as C-reactive protein (CRP) or biochemical nutritional markers (e.g., albumin,
CRP-to-albumin ratio), have been investigated in composite scores and have provided
promising results regarding the prediction of immunotherapy outcomes [53,54]. Moreover,
complement components C3 and C4 have also been assessed in multiparametric mod-
els, with early findings suggesting that lower levels of C3 or of the ratio C3/C4 may be
associated with favorable responses to ICIs [55].

Although these combined indices are promising due to their simplicity and acces-
sibility, further validation and consensus on cutoff values are required. Moreover, these
indices are influenced by a variety of factors including infections, medications such as
corticosteroids, and comorbidities, which may hamper their specificity.

3.2. Circulating Immune Cell Subsets and Immunophenotyping

Although white blood cell ratios have shown promising results in several studies,
the extensive profiling of white blood cell subsets and of their functional status may pro-
vide a more detailed insight into immune system responses against cancer. Advanced
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immunophenotyping techniques, such as multiparametric flow cytometry and mass cytom-
etry (CyTOF), allow detailed characterization of these populations, enabling evaluation
of their prognostic and predictive significance in patients undergoing immunotherapy
with ICIs.

Among the key immune subsets, lymphocytes, particularly CD8+ and CD4+ T-cells,
play a central role in anti-tumor immunity. Elevated peripheral CD8+ T-cell counts or
high CD4+/CD8+ ratios have been associated with improved outcomes in various cancers
treated with ICIs, while in some studies they are associated with increased incidence and
severity of irAEs [56–59]. Moreover, dynamic increases in activated CD8+ T-cells during
therapy have been shown to be predictive of anti-cancer outcomes [57]. On the contrary,
reduced lymphocyte counts or low CD4+/CD8+ ratios are linked to poor prognosis and
diminished immunotherapy benefit [57].

Peripheral cytotoxic and helper T-cells reflect an immunostimulatory population that is
associated with better outcomes. On the contrary, the elevated levels of immunosuppressive
populations, such as regulatory Tregs and myeloid-derived suppressor cells (MDSCs),
correlate with worse outcomes. Elevated peripheral Tregs have been associated with
immune escape mechanisms and resistance to ICIs [60]. They have also been associated
with therapy success in scenarios where they were monitored as surrogate biomarkers
for disease progression [60,61]. Similarly, high peripheral MDSC levels may predict poor
survival and reduced response to immunotherapy as these cells inhibit effective T-cell
function [62]. Importantly, monitoring reductions in MDSC levels during therapy has been
associated with clinical benefit, suggesting their potential as dynamic biomarkers [63].

Natural killer (NK) cells have also been associated with favorable responses to ICIs in
early studies. In a recent immunophenotyping study including breast, pancreatic, and HN-
SCC, a combined immunotype signature including NKs, dendritic cells, and PD-L1+/CD8+
T-cells demonstrated good predictive ability for treatment response (chemotherapy and
immunotherapy) and increased NK levels during treatment were proved as a surrogate
marker of therapy response [64].

T-cells have been the primary focus of immunophenotyping, there is though emerging
evidence supporting the role of B-cells as prognostic and predictive markers. Increased
levels of memory B-cells and plasma cells have been associated with better responses and
survival in patients with various solid tumors treated with ICIs [65–67]. These peripheral
B-cell profiles may reflect humoral immunity and mark TLS activity within tumors, which
in turn correlates with improved immunotherapy outcomes [33,68]. Moreover, cells par-
ticipating in the innate immunity may be associated with immunotherapy responses. For
instance, helper innate lymphoid cells (hILCs), a type of immune cells contributing to the
interplay of adaptive and innate immunity with distinct functions in cytokine regulation
mirroring the roles of helper T-cells, have been shown to fluctuate during immunotherapy
treatment. Studies in melanoma have demonstrated in-treatment dynamic changes in
hILCs and specific subsets of hILCs have been associated with therapy response [69].

3.3. Cytokines

Cytokines are soluble proteins that promote communication between the immune
cells and regulate the TIME. Their levels in peripheral blood may reflect the status of the
immune system, rendering them as potential biomarkers to predict prognosis, therapeutic
response, and irAEs in cancer patients undergoing ICI therapy.

Key immune-activating cytokines include interferon-gamma (IFN-γ), tumor necrosis
factor-alpha (TNF-α), and interleukin-2 (IL-2). IFN-γ is crucial for enhancing antigen
presentation and T-cell cytotoxicity. Elevated baseline or early increases in IFN-γ have been
associated with improved responses to ICIs in NSCLC and gastric cancer patients [70]. IL-2
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promotes T-cell proliferation and survival, with some studies linking higher circulating IL-2
levels in models also encompassing other pro-inflammatory cytokines (e.g., IL-1, IFN-α) to
immunotherapy toxicity [71]. The role of TNF-α is still under investigation. In some studies
pre-treatment elevated TNF-α levels were associated with resistance to therapy [72].

In contrast, other cytokines, such as interleukin-6 (IL-6), interleukin-8 (IL-8), trans-
forming growth factor-beta (TGF-β), and interleukin-10 (IL-10) have immunosuppressive
effects and contribute to tumor progression. Elevated serum IL-6 and IL-8 levels have been
repeatedly associated with poor prognosis and resistance to ICIs [73]. IL-8, in particular,
has emerged as a strong predictor of response, with higher baseline levels linked to de-
creased survival and early disease progression in multiple cancers [73]. It has also been
suggested that serum concentrations of TGF-β and IL-10 are associated with therapeutic
effects and higher levels of IL-17 can predict irAEs in melanoma patients treated with
ipilimumab [71,73].

Strategies for synthesis of different cytokines in composite signatures are gaining
attention as potentially improved predictors compared to single cytokine analysis. Multi-
plex assays and complex panels incorporating both stimulatory and inhibitory molecules
have demonstrated better stratification between responders and non-responders [74,75].
These composite profiles may improve early identification of patients at risk for toxicity or
treatment failure.

Despite these promising data, cytokine measurement faces several limitations as they
present known and unknown pleiotropic effects, their analysis is often difficult due their
short half-lives, and their biological diversity makes association with cancer outcomes
difficult [76].

3.4. Soluble Checkpoint Proteins

More recently, the investigation of several soluble forms of the well-known membrane-
bound immune checkpoint proteins, such as PD-1, PD-L1, and CTLA-4 (cytotoxic T-
lymphocyte-associated protein-4), as potential blood-based biomarkers has gained attention.

Soluble PD-L1 (sPD-L1) has been on focus since its fluctuating levels have been
associated with therapy response in several studies. More specifically, high baseline
sPD-L1 concentrations correlate with worse prognosis and response to ICIs, most likely
due to the emerging inhibition of T-cell activation in response to rising PD-L1 levels.
In particular, high circulating sPD-L1 levels have been associated with shorter overall
survival in NSCLC, melanoma, and renal cell carcinoma patients treated with ICIs [77–80].
Furthermore, emerging data suggest that monitoring sPD-L1 levels during treatment can
provide valuable information on therapeutic efficacy and disease progression. For instance,
studies on glioma, NSCLC, and melanoma have shown that rising sPD-L1 levels during
therapy often precede radiological progression and poor outcomes, whereas stable or
decreasing levels are associated with favorable responses [80–82].

Similarly, soluble PD-1 and CTLA-4 levels have being explored as predictors of the
continuously reforming immune status during treatment, though clinical data remain
limited [83,84].

3.5. Autoantibodies

Another emerging approach on blood-based biomarkers research is the detection of
autoantibodies and their potential role as markers of toxicity and treatment efficacy.

Several studies have demonstrated that pre-existing autoantibodies, including antinu-
clear antibodies (ANAs), anti-thyroid peroxidase (anti-TPO), and rheumatoid factor (RF),
are associated with a higher risk of developing irAEs in patients treated with ICIs [85,86].
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The presence of these autoantibodies may identify patients predisposed to autoimmune
toxicities during therapy.

Furthermore, ICIs can induce a de novo development of autoantibodies during treat-
ment, often preceding the onset of irAEs [87,88]. This dynamic seroconversion suggests
that the monitoring of autoantibody levels may serve as an early surrogate for forthcoming
toxicities, allowing timely intervention.

Importantly, some of these studies suggest that the occurrence of irAEs along with the
associated seroconversion of autoantibodies may correlate with improved immunotherapy
outcomes [67,89].

3.6. Emerging Tumor-Derived Circulating Biomarkers

The role of circulating tumor cells (CTCs) and extracellular vesicles (EVs) as poten-
tial biomarkers for cancer immunotherapy is also under investigation. These molecules
may provide insight into tumor–immune interactions beyond classical immune profiling.
CTCs are tumor cells that shed into the bloodstream and can express immune checkpoint
molecules such as PD-L1, providing a dynamic measure of tumor status. Elevated PD-L1
expression on CTCs has been correlated with poor prognosis and resistance to ICIs in
several cancers, including NSCLC and HNSCC [90,91]. Monitoring CTC phenotypes and
their immune-related markers during treatment may help predict response or early relapse,
supporting their potential as real-time liquid biopsy tools.

Extracellular vesicles (EVs), including exosomes released by tumor and immune
cells, carry proteins, RNA, and immune modulators that may influence the TIME. Tumor-
derived EVs expressing PD-L1 have been associated with resistance to ICIs and worse
clinical outcomes [92,93]. Furthermore, EV profiling may help with the recognition of
other immune checkpoint molecules, cytokines, and miRNAs relevant to immunotherapy
efficacy and toxicity [93]. Despite the promising preliminary data, technical challenges in
EV isolation and characterization require further studies in the field.

4. Composite Approaches and Future Perspectives
4.1. Integrated Immune Profiling and Multi-Modal Biomarkers

Recent advances in cancer immunotherapy give a better insight on the complexity
of tumor–immune interactions. Subsequently, assessment of single biomarkers seems
insufficient to fully explain the complex underlying interplay. As so, integrated immune
profiling approaches, combining tissue- and blood-based biomarkers, may provide a more
comprehensive picture of the tumors’ immune landscape [40,68,74]. Multimodal strategies
aim to improve prognostic and predictive accuracy of the currently used biomarkers us-
ing evolving laboratory techniques, such as multiplex immunohistochemistry and digital
spatial profiling. These methods allow simultaneous evaluation of multiple immune cell
subsets and checkpoint molecules within the TIME [40,75]. In parallel, multimodal cyto-
metric approaches (e.g., high-dimensional flow, mass cytometry) may better characterize
the systemic immune phenotypes coupled with multiplex cytokine assays and circulating
tumor biomarkers [64,74,94].

Each of these immunophenotyping aspects may complementarily provide more accu-
rate immune signatures for the identification of patients who would benefit from therapy
and/or predict timely resistance to treatment [40,64,68,94].

Despite the current limitations (e.g., assays standardization, big data processing),
integrated immune profiling represents a critical step toward personalized immunotherapy.
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4.2. Application of Artificial Intelligence and Machine Learning

Adjunctly to these multimodal strategies, the growing volume and complexity of
computational tools render feasible the incorporation of composite biomarkers analysis.
Artificial intelligence (AI) and ML techniques have emerged as powerful tools to analyze
high-output datasets generated by multiplex tissue imaging, cytometry, proteomics, and
genomic profiling [95,96].

AI algorithms can identify complex patterns and predictive signatures not apparent
through conventional analyses. For instance, deep learning models applied to digital
pathology images have improved quantification of PD-L1 and immune cell subsets, cor-
relating with clinical outcomes more robustly than manual scoring [40,97]. Similarly, ML
frameworks integrating peripheral blood immune profiles with soluble biomarkers can
predict patient responses and immune-related toxicities [98,99].

As AI tools mature, they revolutionize biomarker research, and they aid precision Oncol-
ogy by enabling the logistic interpretation of complex data-driven immunoprofiling models.

5. Challenges and Future Directions
Despite significant advances in the identification and integration of immune biomark-

ers from tissue and peripheral blood, several challenges limit their widespread clinical
application. A major obstacle is the lack of assay standardization and uniform platform
utilization, which leads to variability in measurement and interpretation of the results.
This variability complicates comparisons across studies and hampers the establishment of
universally accepted thresholds and clinical guidelines.

In addition, heterogeneity and dynamic changes in immune responses pose further
difficulties. Immune markers fluctuate over time and may differ substantially between
primary tumors and metastatic sites or in peripheral blood. Moreover, fluctuations of
immune markers may be seen not only during treatment but also following the circadian
rhythm during the day. Multiple immune parameters vary throughout the day and the
disruption of circadian homeostasis by immunotherapy may further complicate the in-day
and seasonal levels of these markers [100,101]. Defining the optimal timing and frequency
for biomarker sampling remains an open question critical for improving prognostic and
predictive accuracy.

Integrating multimodal data from tissue and peripheral blood offers a promising path
forward but introduces computational and logistical complexity. Handling large datasets
demands advanced analytical tools, including AI and ML. Although these technologies
enable discovery of novel biomarker signatures and patient stratification models, resolving
issues regarding model interpretability and reproducibility is still ahead.

Patient and tumor heterogeneity further complicate biomarker development. Biomark-
ers must be validated in diverse populations and across tumor types to ensure broad utility.
Additionally, clinical implementation faces regulatory, logistical, and cost-effectiveness
barriers, which must be addressed to enable routine use.

Next steps for the translation of these multiplex immune parameters into meaningful
biomarkers used in clinical routine include their validation both across labs and in the field
with large prospective clinical trials. Overcoming these limitations offers the possibility to
refine patient selection and improve outcomes in cancer immunotherapy.

6. Conclusions
The landscape of immune biomarkers in cancer immunotherapy is continuously

growing, moving from established tissue-based markers toward peripheral blood indicators
and integrated multimodal approaches. Some tissue markers like PD-L1 and TILs are
still fundamental for clinical practice, however peripheral immune biomarkers offer the
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opportunity for dynamic, minimally invasive monitoring of immune status, which expand
our understanding of tumor–immune interactions. The integration of these data, logistically
handled by the developing computational tools, may improve patient stratification and
guide personalized treatment. Continued research and prospective studies will be essential
to translate these advances into routine clinical practice, ultimately improving outcomes
for patients receiving immunotherapy.
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