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SUMMARY
Immune checkpoint blockade (ICB) therapy targeting cytotoxic T-lymphocyte-associated protein 4, pro-
grammed death 1, and programmed death ligand 1 has shown durable remission and clinical success across
different cancer types. However, patient outcomes vary among disease indications. Studies have identified
prognostic biomarkers associatedwith immunotherapy response and patient outcomes derived fromdiverse
data types, including next-generation bulk and single-cell DNA, RNA, T cell and B cell receptor sequencing
data, liquid biopsies, and clinical imaging. Owing to inter- and intra-tumor heterogeneity and the immune sys-
tem’s complexity, these biomarkers have diverse efficacy in clinical trials of ICB. Here, we review the genetic
and genomic signatures and image features of ICB studies for pan-cancer applications and specific indica-
tions. We discuss the advantages and disadvantages of computational approaches for predicting immuno-
therapy effectiveness and patient outcomes. We also elucidate the challenges of immunotherapy prognos-
tication and the discovery of novel immunotherapy targets.
INTRODUCTION

TheUnited States Food andDrug Administration (FDA) approved

the first immune checkpoint blockade (ICB) therapy for treating

melanoma 12 years ago, ushering in the era of cancer immuno-

therapy. The mechanism of ICB therapy is based on insights into

the interactions between the human immune system and tumor

cells. In brief, neoantigens can bind to a cell’s major histocom-

patibility complex (MHC) class I and II molecules, be presented

on the cell’s surface, and elicit an immune response by interact-

ing with T cell receptors (TCRs). This interaction helps T cells

recognize non-self peptides, which allows the immune system

to distinguish tumor from normal cells,1 thus enabling the pro-

cess of immune surveillance. The ability to specifically target

neoantigens has been documented across diverse cancer im-

munotherapies, including immune checkpoint blockade2 and

cancer vaccines.3,4 Immune cells secrete cytokines when acti-

vated, which contribute to the killing of tumor cells. Tumor cells,

however, can escape immune surveillance and interact with tu-
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mor-killing immune cells to suppress their activity. ICB agents

block such suppressive interactions to enhance the activation

of immune cells and allow the latter to kill tumor cells effectively.5

Cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) was the

first FDA-approved ICB target; it is an immune-suppressive

cell ligand expressed on the surface of regulatory T cells (Tregs),

as well as other T cell subsets, which indirectly increases the

threshold of immune cell activation through competing for the

binding ligands with CD28, a co-stimulatory signal ligand for tu-

mor-killing cells (T cells).6

The FDA has now given the green light to several antibodies tar-

geting negative regulators of the immune response, such as pro-

grammed death 1 (PD-1) and its ligand programmed death ligand

1 (PD-L1), for the treatment of multiple cancer types, including

melanoma, non-small cell lung cancer (NSCLC), and renal cell car-

cinoma (RCC). PD-1 is a homolog of CD28 that can be expressed

on tumor-infiltrating T cells and other immune cells. Targeting

PD-1/PD-L1 is direct, unlike CTLA-4, enhancing the activation of

T cells and killing tumor cells expressing PD-L1.6 Combination
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therapy targeting both lymphocyte-activation gene 3 (LAG-3) and

PD-1 is now available to treat unresectable or metastatic mela-

noma. Currently, the United States has nine FDA-approved drugs

targeting immune checkpoint interactions: ipilimumab, pembroli-

zumab, nivolumab, atezolizumab, durvalumab, avelumab, cemi-

plimab, dostarlimab, and relatlimab.

Despite the success of these agents, patient outcomes are

heterogeneous. The biological basis of this heterogeneity re-

quires molecular information to target patient populations for

these therapies and to optimize their response. Clinical studies

have utilized advanced computingmethods to identify molecular

biomarkers associated with response and survival. Currently

validated and proposed biomarkers include gene expression

signatures, mutational burden and related signatures, antigen

specificity, measures of immune cell infiltration, immune reper-

toire characteristics, microbiome species, features derived

from imaging modalities, and multi-modal data integrations.

Although many prognostic biomarkers have been proposed,

few have been approved for clinical use, including PD-L1

expression levels, microsatellite instability and defective

mismatch repair, and tumor mutation burden. Here, we describe

published biomarkers, discuss the computational and clinical

implications of those insights, and explore challenges and po-

tential future developments for identifying biomarkers of ICB

response.

GENE EXPRESSION SIGNATURES

Transcriptomic sequencing quantifies RNA expression across a

genome. RNA quantification and biological functions elucidated

with transcriptomics in precision cancer medicine have been re-

viewed elsewhere.7 For ICB outcome prediction, the expression

levels of genes associated with immune response mechanisms,

from prior knowledge of cancer immunology, are commonly

used. Those genes include known ICB targets (CTLA4, PD-1,

and PD-L1), cytokines and chemokines,8–10 and genes involved

in neoantigen presentation and immune-related biological path-

ways.11,12 However, those genes have varied predictive effec-

tiveness due to the large extent of inter- and intra-tumor hetero-

geneity and the complexity of the immune system. It is therefore

necessary to measure the tumor microenvironment more pre-

cisely for effective ICB-response prediction.

Cytotoxic T lymphocytes (CTLs) are the most direct and

powerful tumor-killing cells in the innate immune system.13

Two genes, granzyme A (GZMA) and perforin (PRF1), were iden-

tified to be strongly upregulated by CD8+ T cell activation.14 The

geometric mean of transcriptomic levels of these two genes can

be used to quantify the extent of cytolytic activity, which is also

positively correlated with the expression levels of antigen pre-

sentation genes.14 Based on the level of cytolytic activity, tumors

can be characterized as ‘‘hot’’ and ‘‘cold.’’ Hot tumors are im-

mune inflamed with high levels of T cell infiltrates, which may

be in a dysfunctional status, and cold tumors can be further char-

acterized as ‘‘immune desert’’ (absence of T cells) or ‘‘immune

excluded’’ (only exhibiting peripheral invasion of T cells).15 Pa-

tients have also been stratified into hot and cold tumors by the

average expression of CTL-related genes16 such as CD8A,

CD8B, GZMA, GZMB, and PRF1. A T cell dysfunction score
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was then developed to predict patient response for hot tumors

and a T cell exclusion score for cold tumors (Figure 1A and

Table 1).

Through differential gene expression analysis at bulk and sin-

gle-cell levels, researchers have identified genes highly ex-

pressed in tumor-killing cells. For instance, an 18-gene signature

of anti-PD1 treatment was identified according to differentially

expressed genes between responders and non-responders of

metastatic melanoma; this signature was later validated in

head and neck squamous cell carcinoma (HNSCC) and gastric

cancer.17 Those 18 genes, which show higher expression in re-

sponders, were associated with interferon-g (IFN-g) signaling,

representing the mechanism of the PD-1/PD-L1 pathway that

kills tumor cells. Recently, the ZNF683 gene was found to regu-

late T cell cytotoxicity and activation and to be highly expressed

in CD8+ effector/memory T cells based on single-cell RNA

sequencing (scRNA-seq) data of Richter syndrome patients;

this finding was further validated in melanoma and HNSCC.18

In addition to T cells, tertiary lymphoid structures (TLSs), orga-

nized aggregates of immune cells that form in chronically in-

flamed environments, have been shown to correlate with clinical

outcomes in NSCLC, colorectal cancer (CRC), melanoma, and

breast cancer.19 A nine-gene signature was used to describe

the TLS phenotype of melanoma after anti-CTLA4 or anti-PD1

treatment, as patients with higher average expression of these

nine genes have significantly longer survival than those with rela-

tively lower expression20 (Figure 1A and Table 1).

A paired-gene approach has also been used to derive predic-

tive immune scores of ICB. For example, by using a multi-variate

Cox hazard model for survival and logistic regression model for

response screening for all gene pairs in patients with long and

short survival, the gene pair MAP4K1 & TBX3 was the most

significantly associated with survival21 (Figure 1B and Table 1).

The immuno-predictive score (IMPRES), which was derived by

selecting 15 gene pairs created from 28 immune checkpoint

genes, predicts the risk of tumor progression in a neuroblastoma

cohort of 108 patients.22 The IMPRES score ranges from 0 to 15

and is determined by counting the number of gene pairs in a pa-

tient’s transcriptomic profile that have a similar logical relation to

the selected gene pairs (Figure 1C and Table 1). Similarly, gene

partners inferred from the protein expression data from The Can-

cer Genome Atlas (TCGA), which show a synthetic rescue (SR)

relationship with PD-1/PD-L1 or CTLA-4, were used to predict

patient response.23,24 The SR score was defined as the fraction

of inferred gene partners whose expression is below the tertile

across the patient cohort and is associated with positive

responses.

Gene set enrichment analysis has also been applied to calcu-

late predictive immune scores. For instance, an innate anti-PD-1

resistant score (IPRES) was developed using data from 28 met-

astatic melanoma patients (Table 1). The IPRES score is deter-

mined from the averaged single-sample gene set variation anal-

ysis (GSVA) scores obtained from 26 curated transcriptomic

gene sets; these gene sets were determined from public chem-

ical and genetic perturbations, molecular signature databases

and published signatures of MAPK inhibitor treatment, post-

operation wound and melanoma invasion, and proliferation

datasets.25
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Figure 1. Gene signatures are usually derived from a study cohort and validated through other independent cohorts

(A) Gene set signatures are discovered from clustering or differential gene expression analysis. A gene set score can be calculated as the weighted sum of

normalized gene expression levels.

(B) Gene pairs are derived from the differential expression analysis between responders and non-responders or between long-term and short-term survivors. The

MAPK4 and TBX3 gene pair, for instance, was selected through testing the predictive efficacy of each pair using a logistic regression and Cox-PH model.

(C) The IMPRES score was derived from calculating the logical relations of the 15 curated gene pairs list.
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MUTATION BURDEN AND MUTATIONAL SIGNATURES

Tumor mutation burden (TMB) is a widely used biomarker for

stratifying cancer patients who may benefit from ICB, based

on the assumption that more mutations may increase the num-

ber of neoantigens, thus allowing for enhanced immunoge-

nicity.26 Quantifying the number of mutations per megabase

(Mb) of DNA is an FDA-approved biomarker for predicting patient

outcomes in certain cancer types.27–30 However, TMB is not pre-

dictive across all cancer types, and experimental measures of

TMB are often inconsistent, which can limit comparisons across

trials and datasets.26,31 Importantly, the dissimilar underlying

biology andmutation levels of different cancer typesmake it diffi-

cult to derive a single pan-cancer threshold for patient selection.

In addition, statistical analyses for quantifying TMB and assess-

ing its accuracy for response prediction can be sensitive to

method and parameter choices as well as the specific assay

used to determine mutations.

A genomics meta-analysis aggregating data from over 10,000

patients across 31 tumor types in TCGA showed that a classifi-

cation of tumors into TMB-high (TMB-H) and TMB-low (TMB-L)
types was cancer-type specific and that no single cutoff was uni-

versally valid across cancer types in terms of clinical relevance.26

This analysis found that a more relevant split of cancer types

regarding their ICB response was whether CD8+ T cell infiltration

positively correlated with neoantigen load. For tumors for which

infiltrating CD8+ T cell numbers positively correlated with neoan-

tigen load, TMB-H predicted immune response, and its use as a

biomarker was justified.

However, the predictive accuracy of the FDA-approved TMB

test varies across cancer types. For some of the most common

cancer types (glioma, prostate, and breast cancers), TMB-H is

not predictive. The FDA granted accelerated approval to pem-

brolizumab for treating unresectable or metastatic TMB-H solid

tumors that progressed following prior treatment and without

satisfactory alternative treatment options, for which TMB-H

was determined by the 309-gene FoundationOne CDx assay

with R10 mutations per Mb of DNA.32

Other TMB-derived biomarkers may also be effective in pre-

dicting immune response. A meta-analysis of whole-exome

and transcriptomic data for >1,000 ICB-treated patients across

seven tumor types identified that clonal TMB (i.e., the number
Cell Genomics 4, 100444, January 10, 2024 3



Table 1. Signatures derived from gene expression data

Reference Cancer Signatures Notes

Ayers et al.17 pan-cancer TIGIT, CD27, CD8A, PDCD1LG2, LAG3, CD274,

CXCR6, CMKLR1, NKG7, CCL5, PSMB10, IDO1,

CXCL9, HLA-DQA1, CD276, STAT1, HLA-DRB1,

HLA-E

T cell inflammation

Rooney et al.14 pan-cancer GZMA, PRF1 cytolytic activity

Rooney et al.14 pan-cancer B2M, HLA-A, HlA-B, HLA-C, CASP8 antigen presentation

Jiang et al.16 melanoma and NSCLC TIDE score –

Lemvigh et al.18 AML ZNF683 expressed in CE8+ effector

and memory T cells

Helmink et al.20 melanoma CD79B, CD1D, CCR6, LAT, SKAP1, CETP, EIF1AY,

RBP8, PTGDS

TLS-related genes

Hugo et al.25 melanoma IPRES: GSVA score from 21 curated gene sets –

Freeman et al.21 melanoma MAP4K, TBX3 gene pair expressed in

immune and tumor cell

Auslander et al.22 melanoma IMPRES: score derived from the logical relationship of

15 gene pairs

–

Hwang et al.142 NSCLC CBLB, CCR7, CD27, CD48, FOXO1, FYB, HLA-B,

HLA-G, IFIH1, IKZF4, LAMP3, NFKBIA, SAMHD1

M1 Signatures

– – HLA-DOA, GPR18, STAT1 peripheral T cell

– – CD137, PSMB9 –

van Galen et al.143 AML NPTX2, H1F0, EMP1, MEIS1, CALCRL, TPSD1, TPT1,

CRHBP, CLNK, TSC22D1, DST, NRIP1, ABCB1,

GABRA4, ZBTB20, ABCA9, TPSB2, KMT2A, FAM30A,

MEF2C, TMEM74, PDZRN4, ST3GAL1, XIRP2,

RBPMS, TMEM25, C20orf203, GNG11, SLC6A13,

HOPX

HSC-like

– – CDK6, HSP90AB1, SPINK2, EEF1B2, PCNP, TAPT1-

AS1, HINT1, LRRC75A-AS1, DSE, PEBP1,

LOC107984974, H2AFY, EEF1A1, SMIM24, PSME1,

SOX4, LINC01623, EEF1G, EBPL, EIF4B, PARP1,

MEST, TMEM70, TFDP2, ATP5G2, NAP1L1, MSI2,

TPM4, SPN, SELL

progenitor-like

Wang et al.144 melanoma and GBM CXCL9, CXCL10, CXCL11, CXCR3, CD3, CD4, CD8a,

CD8b, CD274, PDCD1, CXCR4, CCL5

hot tumor-related gene

– – CXCL1, CXCL2, CCL20 cold tumor-related genes
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of non-synonymous mutations estimated to be present in every

tumor cell) was the strongest independent predictor of ICB

response.33 Specific copy-number alterations can also be signif-

icant ICB predictors. For instance, 9q34 loss is associated with

response and CCND1 amplification with resistance to ICB ther-

apy.33 Similarly, 9p21 loss induces a cold tumor microenviron-

ment and immune resistance.34 Persistent TMB (pTMB), defined

as mutations that exist in haploid or polyploid regions of the

genome, represents another potential mutational biomarker;

these mutations are less likely to be edited by the immune sys-

tem compared to mutations in diploid regions of the genome.35

This metric was evaluated across TCGA datasets and eight

ICB cohorts consisting of NSCLC, melanoma, mesothelioma,

and HNSCC patients, demonstrating that pTMB is weakly corre-

lated with TMB or clonal TMB in most low-mutation-burden can-

cers and positively correlated with infiltrates of CD8, CD4 T cells,

andM1macrophages.35 Compared to TMB, pTMBwas better at

distinguishing TCGA early-stage (I, II, and III) patient survival and
4 Cell Genomics 4, 100444, January 10, 2024
ICB response.35 The observation that pTMB from the simulated

copy-number variations of the target gene regions captured by

the FDA-approved FoundationOne CDx panel was also more

significantly able than TMB to differentiate responders from

non-responders of ICB-treated melanoma and NSCLC cohorts

further suggests a potential for clinical applications of pTMB.35

Mutation types have also been analyzed for their ability to pre-

dict ICB response through aggregation into mutational pro-

cesses. Classification ofmutational signatures into 20mutational

process definitions showed that five were significantly associ-

ated with ICB response—signature 1A (aging), signature 4 (to-

bacco), signature 7 (ultraviolet; UV), signature 10 (DNA polymer-

ase epsilon; POLE), and signature 2 + 13 (APOBEC cytidine

deaminases)—even after correcting for total mutation count.36

This finding suggests that the mechanism driving mutation

acquisition is important for ICB outcomes and that the predictive

capacity of mutation-based scores is not solely a consequence

of the number of mutations. These signatures (except 1A, aging)
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were associated with a significantly improved chance of ICB

response. Additionally, the prognostic value of tumor aneuploidy

among tumors with low TMB (<80th percentile) showed a less

predictive capacity than the standard TMB measure.37 A higher

tumor aneuploidy score (AS), defined as the fraction of chromo-

some arms with arm-level copy-number alterations in a sample,

was associated with poorer prognosis following ICB treatment

among tumors with low TMB but not among those with high

TMB. However, a reanalysis of the same dataset separately for

each cancer type found that the original AS only significantly pre-

dicted survival in one out of ten cancer types.38 In addition, the

AS was not significantly associated with any individual cancer

type. By changing the cutoff based on which a copy-number

change is defined (from 0.1 to 0.2), this study found that the frac-

tion of the genome encompassed by copy-number alterations

had a stronger predictive value than the AS.

The FDA approved the anti-PD1 treatment pembrolizumab for

the first-line treatment of CRC patients with microsatellite insta-

bility-high (MSI-H) or mismatch-repair-deficient (dMMR)39,40

characteristics. dMMR status is determined by immunohisto-

chemical analysis when MMR proteins (MLH1, MSH2, MSH6,

and PMS2) are absent. MSI status is determined by PCR-based

analysis, andMSI-H is defined as detecting more than two out of

five tumor microsatellite loci (BAT-25, BAT-26, D2S123,

D5S346, and D17S250).41 In a clinical trial of 307 CRC patients,

anti-PD1 treatment improved progression-free survival (PFS)

and overall survival (OS) compared to the chemotherapy

arm.42 In another advanced rectal cancer cohort of 12 dMMRpa-

tients, complete responses were observed in all patients treated

with anti-PD-1 monotherapy with no reported progression or

adverse events.43

Computational methods have also been applied to portray the

MSI landscape across 39 cancer types from whole-exome

sequencing data from TCGA and Therapeutically Applicable

Research to Generate Effective Treatments (TARGET) pro-

jects.44 MSI was detected in 27 cancer types, among which

only 12 were found to have more than a single MSI-H tumor rep-

resented in the cohort. Uterine corpus endometrial carcinoma

has the largest MSI-H prevalence among all cancers, suggesting

that ICB therapymay be effective for this cancer type. In a clinical

trial with a mix of 697 MMR-proficient (pMMR) and 130 dMMR

endometrial cancer patients designed to compare the effective-

ness of combined target and anti-PD1 therapy versus chemo-

therapy alone,45 more positive outcomes were observed in the

combined treatment group than in the chemotherapy group;

however, the trial was not designed for dMMR patients. Further-

more, among nine metastatic prostate cancer patients with

MSI-H status detected from circulating tumor DNA in the blood,

there was one complete response to ICB treatment and two par-

tial responses while treatment was ongoing.46 These findings

suggest that MSI-H can be a potential indication for ICB treat-

ment not only for CRC but also for other MSI-H cancers.

ANTIGEN SPECIFICITY

Tumor mutations can alter the amino acid sequence and in-

crease the abundance and diversity of neoantigen peptides.

However, only limited mutation-derived peptides are presented
on the surface of an individual’s MHCs, which may explain why

TMB is not the optimal biomarker. Neoantigen load or tumor

neoantigen burden, defined as the number of neoantigens per

Mb in the genome, may be more effective for predicting ICB

response.47,48

Neoantigen load alone is not sufficient for predicting ICB

response, because a patient may not have T cells that recognize

the novel antigen even if presented on anMHC. Neoantigen load

calculated from whole-exome sequencing (WES) data from 337

ICB-treated melanoma patients did not demonstrate a signifi-

cant association with ICB response.49 However, the survival

rate was proportional to neoantigen quality, defined as the prob-

ability of a peptide being recognized by a TCR sequence ampli-

fied by inferred wild-type and mutant peptide MHC class I affin-

ities. Several computational models have been developed to

describe neoantigen quality. A neoantigen quality fitness model,

describing fitness as the product of the TCR recognition proba-

bility and the binding affinity ratio between mutant and wild-type

neoantigens, was applied to two ICBmelanoma cohorts and one

NSCLC cohort.50 The results demonstrated that a higher fitness

score was significantly associated with longer survival. This

fitness model was extended by adding a cross-reactivity dis-

tance, which estimates the antigenic distance required for

T cells to discriminate between a mutant and wild-type pep-

tide.50,51 This extendedmodel revealed that cancer immunoedit-

ing, a hypothesis that T cells selectively and dynamically edit tu-

mor cell clones to promote less immunogenic tumor cell escape

from immunosurveillance, takes place in pancreatic ductal carci-

nomas, which have a low mutation or neoantigen load; this

model was able to describe the clonal evolution of tumors.

IMMUNE INFILTRATION

Tumors comprise cancer and non-cancer cells, including im-

mune cells, stromal cells, and endothelial cells, which collec-

tively form the tumor microenvironment (TME). Among immune

cells, tumor-infiltrating lymphocytes (TILs) have been the focus

of attention as predictive biomarkers of ICB response due to their

role in clearing tumor cells.52 TILs are a heterogeneous popula-

tion of TCR-expressing T cells, with the CD8+ CTLs and CD4+

T cells among the best-characterized subsets.

TIL quantifications are based on the transcriptomic level of

IFN-g signaling and are mostly done through manual histopath-

ological assessment of hematoxylin and eosin (H&E)-stained tis-

sue sections produced during a patient’s clinical diagnostic

workup.53 Immunohistochemical markers such as CD4, CD8,

FOXP3, and CD25 provide some, albeit limited and static, char-

acterization of TIL subsets. Multi-color flow cytometry allows for

awider array of phenotypicmarkerswith quantitative outputs but

loses spatial information and has limited clinical application

because it requires fresh tumor samples.54 Beyond evaluating

phenotypic markers, diverse molecular and computational tech-

niques are available for profiling TILs, including scRNA-seq,55

multi-omics profiling in combination with computational decon-

volution of immune cell populations,56 and multiplex imaging57

capturing the spatial and functional resolution of TILs. Given

that the distribution of TILs within the TME and the spatial rela-

tionships between tumor and immune cells are important factors
Cell Genomics 4, 100444, January 10, 2024 5
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when assessing mechanisms of resistance to ICB agents,

advanced spatial transcriptomics profiling allows for the molec-

ular characterization of TILs within their microenvironment. This

approach then offers a means of interrogating functional TIL

states and their interactions with other cell types.

The presence of TILs is a favorable overall prognostic indicator

in several tumor types,58–61 but TIL quantification has been an

inconsistent predictor of response to ICB in clinical studies.62,63

The predictive efficacy of TILs varies by different ICB agents; for

instance, a study ofmelanoma treatedwithCTLA-4 blockade did

not find the pre-treated TIL abundance to be a predictor for post-

treatment response.64 However, in various cancers treated with

PD-L1 blockade, a higher density of CD8+ T cells in the tumor

core and invasive margins in pre-treatment biopsies was corre-

lated with response.62,65 The difference between these findings

may be explained by the observation that Tregs express

CTLA-4 while PD-1 is expressed on tumor-infiltrating T cells.6

In addition, examining the ratio of CD8+ CTLs in different com-

partments or with other T cell subsets could be a useful proxy

measurement of the TME composition. Indeed, a CD8+/CD4+ ra-

tio of less than 2, inferring relatively fewer CTLs relative to helper

T cells, is associated with a negative response to PD-1 blockade

in melanoma.66 This ratio also predicted ICB response in NSCLC

patients, whereas CD8+ CTLs alone did not.

TIL quantification is highly variable across cancer types and

patients67 and can be improved by incorporating heterogeneity

in tumor specificity, phenotype, and functional states of TILs.

Phenotypic analysis of clinical tumor samples has shown a

large proportion of TILs similar to tissue-resident memory

(TRM) cells based on canonical markers of tissue residency

such as CD69, CD103, and/or CD49,68–70 as well as a higher

enrichment of memory/residency programs relative to other

T cell states.71 This observation suggests the importance of

TRM cell populations in tumor control. Indeed, several tumor

types have shown correlations between intra-tumoral

CD103+CD8+ cells and improved patient prognosis. For

instance, oral squamous cell carcinoma patients who received

neoadjuvant ICB treatment were found to harbor clonally

expanded TILs enriched in tissue-resident memory and cyto-

toxicity programs.72 Notably, PD-1 expression in tumors is

most prominent in cells with TRM characteristics,73 suggesting

that TRM cells may be an essential determinant of ICB response,

particularly with PD-1 blockade.

TILs are not all individually scattered in a tumor and sometimes

aggregate or form TLSs.19 Patients with soft-tissue sarcomas

exhibited the highest overall response (OS) and improved PFS

to PD-1 treatment with high levels of immune infiltration, if prior

to treatment markers of TLS and B cell lineage gene expression

signatures were present as compared to patients without these

markers.74 In melanoma patients, the density of TLS, CD20+ B

cells, and the ratio of TLS to tumor area in the treated samples

were higher in responders than non-responders to neoadjuvant

ICB.20 Furthermore, responders had a correlated higher expres-

sion of B cell markers in pre-treatment and treatment samples.

Overall, TLS shows promise as a biomarker; however, the

assessment of TLS lacks standardized criteria, T and B cell

markers, and consensus on distinguishing TLS from a TIL

aggregate.75,76
6 Cell Genomics 4, 100444, January 10, 2024
Incorporating information on spatial TIL distribution may

improve predictive models, as CTLs need close contact with tu-

mor cells to function. Indeed, the ratio of CD8+ T cells, indepen-

dent of CD8+ density, at the invasive margin relative to the tumor

core was significantly higher in melanoma biopsies of re-

sponders to PD-1 blockade as compared to non-responders.77

Although spatial transcriptomics approaches improve the reso-

lution of TILs, current inconsistencies between study findings

highlight gaps in our understanding, a need for standardized

criteria for TIL assessment, and the need for validation studies

to translate these findings into clinically helpful information.78

IMMUNE REPERTOIRE

Assessment of the adaptive immune receptor repertoire, an indi-

vidual’s sum of unique T and B cell receptors, provides a snap-

shot of an individual’s adaptive immune status.79 Over 90% of

human T cells have TCRs consisting of paired a and b chains,

with the remainder having TCRs consisting of paired g and

d chains.80 The complementarity-determining region 3 (CDR3)

of the b chain is essentially unique and the primary contributor

to TCR diversity, due to the incredible diversity produced

through the rearrangement of the variable (V), diverse (D), joining

(J), and constant (C) gene segments, in addition to genomic in-

sertions and deletions.80,81 Advances in single-cell analysis

have enabled paired chain resolution and improved the accuracy

of clonotype analysis and modeling of antigen specificity.82,83

Both the Shannon and Simpson indices can be used to mea-

sure the extent of diversity of the immune repertoire, taking into

consideration the number of distinct clonotypes (richness) and

the relative abundance of these clonotypes (evenness) to extract

biological insights and the degree of overlap between repertoires

(Figures 2A–2C). Meaningful comparisons can only be made if

repertoires have sufficient sampling and similar repertoire

sizes.84 This lack of standardization in measuring clonality and

reporting TCR repertoires makes comparing studies difficult,

with the diversity value affected by the sequencing depth.

Given that ICB is believed to work by activation of previously

primed T cells,85 patients with higher intra-tumoral TCR clonality

are expected to respond better than those who have relatively

low clonality. However, high intra-tumoral TCR clonality in the

pre-treatment sample was inconsistently correlated with clinical

response to PD1 blockade in melanoma and lung cancer pa-

tients.28,62,84,86,87 However, in the post-treatment biopsies of re-

sponders, there was 10-fold more TCR clonal expansion than in

non-responders, while the tumor specificity of these clones was

not assessed.62 Additionally, prior or combination therapy,

compared to monotherapy, may enhance TCR clonality and

lead to better immune response. For instance, melanoma pa-

tients previously treated with anti-CTLA4 blockade who re-

sponded to subsequent anti-PD1 therapy had higher TCR rich-

ness, whereas naive responders had higher TCR evenness.28

Furthermore, higher clonality was observed in responders to

anti-PD1 as a monotherapy or in combination with anti-CTLA4

therapy.86 Additionally, anti-PD1/CTLA4 combination therapy

patients had an expansion of intra-tumoral clones in the periph-

eral blood but not anti-PD1 monotherapy patients. In addition to

melanoma, increased TCR clonality has also been associated
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Figure 2. Clonal diversity is used to describe the evenness and richness of immune repertoires and microbiota

(A) CDR3 sequences can be clustered into multiple unique clonotypes, which contribute to the diversity of TCR and BCR repertoires.

(B) Visualization of Shannon and inverse Simpson diversity indices used to characterize immune repertoires into low andmoderate populations and high clonality

of equal clonotype richness. Diversity indices take into consideration richness and evenness. High index values indicate an equal distribution of the CDR3

sequences and low diversity. Clonality is inversely proportional to evenness.

(C) Diversity indices are frequently used to describe the diversity of the TCR/BCR repertoire and the gut microbiome.
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with responders in NSCLC, glioblastoma, metastatic bladder

cancer, and pancreatic cancer.88,89 These findings suggest

that expansion of tumoral TCR clonotypes is a feature of

response to PD1 blockade.

The intra-tumoral B cell receptor (BCR) repertoire typically has

very high clonality due to the presence of clonal plasma cells,

with most of the current work based on transcriptomes derived

from bulk tumors or sorted B cell subsets.90 In recent reviews

of the limited number of studies examining the BCR repertoire,

high clonality and large amounts of somatic hypermutations

were associated with a better prognosis in melanoma but not

with response in lung adenocarcinoma.90,91 Furthermore, spatial

BCR profiling in renal RCC demonstrated that in situ somatic hy-

permutation occurred within the TLS, and resulting plasma cells

disseminated into the tumor.92,93 Additionally, the presence of

tumor cells coatedwith high levels of immunoglobulin was corre-

lated with a positive response to a combination of PD-1 and

CTLA-4 blockade therapy. These findings implicate that B cells

play an essential role within the TME and particularly in the

TLS.Given the importance and ubiquity of intra-tumor clonal het-

erogeneity, the use of spatial transcriptomic technologies will be
a key addition to more accurately interpreting immune repertoire

results in the future.

MICROBIOTA SIGNATURES

The intestinal microbiome extensively interacts with the host’s

innate and adaptive immune system; details of this interaction

and the role of the gut microbiome in cancer have been reviewed

elsewhere.94 The microbiota affects the efficacy of immuno-

therapy agents, and several studies have explored the associa-

tion of microbiomes with clinical response (Table 2). Clinical trial

studies demonstrated that fecal microbiota transplantation

(FMT), a transfer of gut microbiota from a healthy donor to a

recipient, may promote anti-PD1 treatment efficacy and result

in a better response in refractory melanoma patients who have

progressed on previous ICB treatment.95,96 Studies that

explored the gut microbiome’s effect on ICB efficacy in germ-

free mice and patients found that Bacteroides thetaiotaomicron,

Bacteroides fragilis, and members of the order Clostridiales

were associated with anti-CTLA4 efficacy in melanoma and

NSCLC, and the commensal genus Bifidobacterium enhanced
Cell Genomics 4, 100444, January 10, 2024 7



Table 2. Signatures derived from microbiome data

Microbiota Cancer Cohorts Reference

Bacteroides melanoma 15 patients with FMT and anti-PD1 Davar et al.95

– melanoma 10 prognostic patients with FMT and anti-PD1. FMT was

received from 2 donors; significance was only found within the

donor 1 group but not found when comparing donor 1 and

donor 2 groups together

Baruch et al.96

– RCC 26 patients with anti-PD1 Sivan et al.98

– melanoma 27 patients with immunotherapy Peters et al.101

– melanoma 94 patients with anti-PD1 treatment from multiple cohorts McCulloch et al.106

– RCC 31 patients with anti-PD1 or combined anti-CTLA4 and anti-

PD1 treatment

Salgia et al.103

– melanoma 54 patients with combined anti-CTLA4 and anti-PD1

treatment

Andrews et al.107

Bifidobacterium melanoma 42 patients with anti-PD1 treatment; score calculating the ratio

of 43 OTUs between different clinical-beneficial patients

Matson et al.99

– RCC 31 patients with anti-PD1 or combined anti-CTLA4 and anti-

PD1 treatment

Salgia et al.103

– melanoma 147 patients from multiple cohorts Lee et al.105

Akkermansia muciniphila RCC 31 patients with anti-PD1 or combined anti-CTLA4 and anti-

PD1 treatment

Salgia et al.103

– NSCLC 338 patients with anti-PD1 treatment; patients were stratified

by Akkermansia muciniphila levels, and worst survival was

observed in the overabundance group, followed by low

abundance group and no-abundance group

Derosa et al.100

– RCC 69 patients with anti-PD treatment Derosa et al.104

Ruminococcus genus melanoma 27 patients with immunotherapy Peters et al.101

– melanoma 112 patients with anti-PD1 treatment Gopalakrishnan et al.108

– NSCLC 70 patients with anti-PD1/PD-L1 treatment Hakozaki et al.102
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anti-PD-L1 immunotherapy in melanoma.97,98 Similarly, recent

findings ascertained that the relative abundance of the Bifido-

bacteriaceae family was enriched in responders to anti-PD1/

PD-L1 treatment of melanoma and NSCLC.99,100 In addition,

the Ruminococcus genus is associated with better response

and survival in melanoma and NSCLC.101,102 Akkermansia muci-

niphila has also been associated with positive outcomes in

NSCLC and RCC.100,103,104

In melanoma, a cross-cohort analysis integrating 147 metage-

nomics samples demonstrated that no consistent single micro-

biota species could be used as a biomarker for clinical response,

and inconsistent microbiomes were present in different co-

horts.105 Regarding microbiomes enriched in responders, one

meta-study identified Actinobacteria phylum and the Lachno-

spiraceae family,106 and another study found Bacteroides ster-

coris, Parabacteroides distasonis, and Fournierella massilien-

sis.107 Additionally, the abundance of the Faecalibacterium

genus was positively correlated with T cell infiltrates and antigen

presentation and processing.108 Regarding microbiomes pre-

sent in non-responders, Bacteroidetes, Proteobacteria,106 Kleb-

siella aerogenes, and Lactobacillus rogosae were reported.107

A recent study found that NSCLC patients with Akkermansia

muciniphila accompanied by Eubacterium hallii and Bifidobacte-

rium adolescentis have better OS and response.100 This study

also identified two subgroups of patients who present as Akker-
8 Cell Genomics 4, 100444, January 10, 2024
mansia muciniphila-positive (Akk+), and stratified patients into

Akk-high (overabundance) and Akk-low (normal abundance)

groups in addition to patients with no presentation of this genus

(Akk�). The Akk-low patients had a significant increase inmedian

survival compared to overabundant Akk-high and Akk� patients,

while the overabundance group had the worst survival. Rumino-

coccus and Agathobacterwere also found to be associated with

response and PFS in Japanese patients.102

For RCC patients, a relatively higher abundance of Akkerman-

sia muciniphila was observed in clinical-benefit patients

compared to non-clinical-benefit patients.103 The relative abun-

dance of Bifidobacterium adolescentis, Barnesiella intestiniho-

minis, and Bacteroides eggerthii differed between patients with

and without clinical benefits. Similarly, Akkermansia muciniphila,

Bacteroides salyersiae, andEubacterium siraeumwere observed

to be more enriched in responders.104

Besides considering the abundance of a single microbiome

species, a compound score was recently developed that calcu-

lates the ratio of 43 differential operational taxonomy units

between clinical-benefit and non-clinical-benefit samples;

this score is correlated with tumor size and clinical outcomes.99

In addition, the Shannon and Simpson indices, often used

for quantifying the immune repertoire, are other commonly

used biomarkers that measure the within-sample diversity

of the intestinal microbiome109 (Figure 2C). Such diversity
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indices have shown a positive correlation with patient

response,96,103,108 and survival102 in some studies but are not

always significant.101,106,107,110

Compared to gut and stool, tissues that harbor the majority of

microbiomes in the human body, the blood microbiome re-

mains incompletely understood. This limitation is due to con-

cerns regarding potential contamination and false-positive re-

sults of identifying microbiota in this tissue.111,112 No

consistent microbiome results were obtained in a large-scale

study of 9,770 healthy individuals.113 Although the blood micro-

biome is challenging for the prediction of ICB response, it is

informative for distinguishing different cancer types and healthy

donors.114 Overall the major microbiota (Bacteroides, Bifido-

bacterium, Akkermansia muciniphila, and Ruminococcus) from

gut or stool are commonly identified as differentially enriched

among patients115,116; however, as the different species identi-

fied may be affected by the tissue collected, environment, or

antibiotics usage of individual patients, care is warranted in

the interpretation of these findings.

LIQUID BIOPSY

Liquid biopsy has several advantages over tissue-based assays,

including lower cost, ease of access, the ability to perform longi-

tudinal assessment, and the potential to better assess tumor het-

erogeneity. Liquid biopsy can assay measures of tumor circu-

lating nucleic acids, circulating tumor cells (CTCs), exosomes,

and nucleosomes, as well as other analytes found in bodily

fluids.117,118 Cell-free DNA, of which circulating tumor DNA

(ctDNA) is a subset, has been shown to correlate with tumor

burden and stage. However, this observation may not hold for

all cancer types, and the utility may be limited to certain cancers

as a result.117 In addition, early-stage cancers may have signifi-

cantly lower levels of ctDNA than advanced-stage cancers,

which may limit its usefulness as a diagnostic marker in early-

stage disease.118

Blood-based TMB (bTMB) derived from ctDNA has been

correlated with tumor-tissue-derived TMB, and several retro-

spective studies found bTMB to be predictive of response.119

However, studies also indicate a need for assay optimization,

standardmeasures of bTMB, and further exploration into optimal

cutoffs or the use of bTMB as a continuousmetric. Normalization

of bTMBmeasurements to total ctDNA was superior to bTMB or

ctDNA alone in predicting NSCLC patient clinical outcomes.120

Cancer driver genes may lead to overestimating bTMB and are

excluded in some bTMB measures.121 In one study, a bTMB of

R20 mutations/Mb was predictive of clinical benefit, PFS, and

OS but only in patients who received a combination of ICB treat-

ment. Another study122 used a pre-defined bTMB cutoff of R16

mutations/1.1 Mb to assess response in locally advanced or

metastatic NSCLC and did not find a statistically significant

improvement in PFS. This study did, however, observe an asso-

ciation between higher cutoffs and better PFS outcomes

whereby a cutoff of R20 was significantly associated with

PFS, and follow-up showed a significant difference in OS in the

bTMB R16 groups. The ctDNA assay used for the study did

not include insertion/deletion mutations, which might be more

antigenic than single-nucleotide variants and lead to a more
informative bTMB score. However, a randomized cohort of

NSCLC patients receiving atezolizumab or platinum-based

chemotherapy did not have a statistically significant difference

in PFS at bTMB R16.123

Multiple studies have explored ctDNA’s association with prog-

nosis and its use as a surrogate for minimum residual disease.

For instance, early levels of ctDNA during treatment as well as

changes in ctDNA have been found to be predictive of response.

These findings can help guide treatment decisions and provide

complementary information to radiographic assessments of

response. NSCLC patients with detectable ctDNA following che-

moradiation had significantly better outcomes when treated with

ICB than patients who did not receive ICB.124 In contrast, pa-

tients with undetectable ctDNA levels showed no difference in

outcomes whether they received ICB or not.124 Similarly, among

urothelial carcinoma patients with detectable ctDNA, ICB treat-

ment led to better disease-free survival and OS than chemo-

therapy. In contrast, no significant differencewas found between

treatment groups in patients with undetectable ctDNA.125 When

ctDNA levels across 16 ICB-treated advanced-stage tumor

types were assessed, high pre-treatment ctDNA variant allele

frequencies (VAFs) were prognostic for poor OS, while on-treat-

ment decreases in VAFs and lower on-treatment VAFs were pre-

dictive of ICB response and better survival.126 Early changes in

ctDNA levels correlated with clinical outcomes in ICB-treated

NSCLC patients.127,128

Assessments of ctDNA levels and bTMBmust consider muta-

tions due to clonal hematopoiesis of indeterminate potential

(CHIP).117,119 Several studies have approached this issue differ-

ently, such as eliminating pre-reported CHIP genes,121 excluding

variants with low allele frequency,122,123 and personalized

filtering using white blood cell controls.129

In addition to bTMB and ctDNA levels, blood-based measures

of MSI may help predict the outcome, and ctDNA methylation

patterns or fragmentation profiles may provide epigenomic win-

dows into the tumor landscape which reveal mechanisms of

resistance or are predictive of response.117,119 Pre-treatment

plasma MSI and TMB-high ICB-treated patients with advanced

tumors were associated with better PFS.130

The ctDNA-derived marker may be better utilized with other

biomarkers for ICB-response prediction. For example, the

bTMB ismore informative if combined with other factors relevant

to neoantigen stimulation of the immune system.123 Two

Bayesian models—one which combined pre-treatment PD-L1,

normalized bTMB, and circulating CD8 T cell counts and a sec-

ond which added early on-treatment ctDNA dynamics—pre-

dicted durable clinical benefit with areas under the curves

(AUCs) of 0.74 and 0.93, respectively, in a stage IV NSCLC

validation cohort.120 The neutrophil-to-lymphocyte ratio (NLR)

and ctDNA VAF dynamics were similarly related to patient pro-

gression in a small sample of NSCLC patients, and the ctDNA

and NLR may be complementary in predicting long-term

outcomes.131

CTCs represent tumor cells that have escaped the primary tu-

mor environment and entered the bloodstream. CTCs are rare

and more technically challenging to detect but offer new infor-

mation and information potentially complementary to ctDNA

for assessment and prediction of ICB response as well as
Cell Genomics 4, 100444, January 10, 2024 9



Table 3. Signatures derived from imaging data

Reference Cancer Signatures Notes

Nishino et al.132 melanoma, NSCLC,

advanced-stage solid

tumors

PD-L1 –

Berry et al.135 melanoma CD8+FoxP3+PD-1 –

– CD163+PD-L1� –

Chen et al.136 gastric cancer TIIC signature TIIC signature: CD4+FoxP3�PD-L1+,
CD8+PD-1�LAG3�, and CD68+STING+ cell

density + the effective score of

CD8+PD-1+LAG3� T cells; effective score =

proportion of immune cells within a specific

distance from the tumor cells

Lopez de

Rodas et al.137
NSCLC spatial heterogeneity score spatial heterogeneity score uses Rao’s Q

index to measure diversity based on

pairwise distances between cell types

(tumor, CD4+, CD8+, CD20+, and stromal

cells) and relative abundance of each cell

type

Wu et al.138 head and neck cancer,

colorectal cancer

graphical embeddings of spatial

relationships between cells

delineates graph neural network spatial

motifs associated with cancer recurrence

and response

Patwa et al.139 TNBC scoring of interactions between cells

expressing PD-1, PD-L1, IDO, and LAG-3

–

Zugazagoitia et al.140 NSCLC immune-stromal CD56 and CD4 protein

expression

–

tumor VISTA and CD127 protein expression –

Larroquette et al.141 NSCLC high CD163+ cell infiltration (possibly high

expression of ITGAM, CD27, and CCL5)

–

high CSF1R expression in tumor cells higher CSF1R in tumors of responders

Johannet et al.148 metastatic melanoma DCNN-derived response classification +

clinical variables

ECOG performance score and

immunotherapy category

Khorrami et al.149 NSCLC changes in a machine-learning-derived

radiomic feature set

–

Vaidya et al.150 advanced NSCLC CT-scan radiomic features –

Trebeschi et al.151 advanced melanoma

and NSCLC

CT-scan radiomic features only borderline significant for melanoma
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exploration of mechanisms of migration, metastasis, and thera-

peutic resistance.

BIOMARKERS DERIVED FROM IMAGING MODALITIES

Immunohistochemistry (IHC) and newer technologies, such as

multiplex immunohistochemistry (mIHC), multiplex immunofluo-

rescence (mIF), co-detection by indexing (CODEX), and multi-

plexed ion beam imaging (MIBI), are approaches to measure

the level of different cell components from the TME (Table 3).

PD-L1 expression measured by IHC was one of the first bio-

markers explored in relation to ICB treatment stratification and

response.132 For cancers such as NSCLC, HNSCC, triple-nega-

tive breast cancer (TNBC), and cervical cancer, PD-L1 expres-

sion levels above a particular threshold may be required for

immunotherapy use. For other cancer types, PD-L1 levels can

be used as a complementary test to guide treatment decisions.

For some indications, such as NSCLC, treatment decisions are

based on tumor cell expression only (tumor proportion score),
10 Cell Genomics 4, 100444, January 10, 2024
while tumor and immune cell expression are assessed for other

indications (combined proportion score).133

The evidence and reliability of PD-L1 as a biomarker have

been reviewed elsewhere.132,134 In brief, the evaluation of PD-

L1 measurements as a biomarker is clouded by technical vari-

ability, the choice of scoring method, and threshold variation

among clinical trials as well as the timing of specimen collection

relative to ICB treatment initiation. This variation impairs the abil-

ity to compare PD-L1 levels among different trials. PD-L1 mea-

surements alone or in combination with TMB are generally not

sufficient to delineate responders from non-responders. The util-

ity of PD-L1 in guiding ICB treatment choice, as well as which

type of PD-L1 measure is most informative, currently appears

to vary based on tumor type.134 Standardization of PD-L1 IHC

measurements will help improve the reliability of its use as a

biomarker across tumor types.

Imaging data can measure PD-L1 levels and also assess im-

mune cell infiltration levels, tissue features, and other protein

markers to enhance the utility of histological specimens. A
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six-marker mIF panel (PD-1, PD-L1, CD8, FoxP3, CD163, and

Sox10/S100) identified a rare subpopulation of CD8+ T cells

associated with response to anti-PD1 therapy in melanoma

patients.135 In the same study, CD163+PD-L1� myeloid cells

were associated with non-response. Similarly, an mIHC tumor-

infiltrating immune cell (TIIC) signature was associated with

gastric cancer anti-PD1/PD-L1 response and patient survival.136

The TIIC signature incorporates both immune cell densities and

measures of distance between tumor cells and particular im-

mune cell populations.136

Spatial information, in combination with the ability to measure

expression levels of multiple proteins, also opens up the possi-

bility of extracting higher-level information, such as cell-cell in-

teractions and network and neighborhood analyses, which

may be associated with therapeutic responses. A continuous

measure of spatial heterogeneity developed using Rao’s Q Index

identified an association between a large extent of spatial im-

mune heterogeneity and reduced survival.137 A graph deep-

learning model of the spatial architecture of tumors predicted

patient outcomes when applied to CODEX datasets, including

an anti-PD1-treated HNSCC dataset.138 Profiling interactions

between immunoregulatory proteins such as PD-1, PD-L1,

IDO, and LAG-3 in TNBC with MIBI resulted in statistically signif-

icant associations with recurrence and survival, which were not

found when profiling single-cell levels of each marker.139

Newer spatial profiling techniques can combine the power of

spatial information, proteomic markers, and mRNA expression.

Digital spatial profiling of proteomics data identified immune

cell/stromal compartment CD56 and CD4 levels as positively

associated with durable clinical benefit, longer PFS, and better

OS, and tumor compartment V-domain immunoglobulin sup-

pressor of T cell activation (VISTA) and CD127 were associated

with no clinical benefit in an anti-PD1-treated NSCLC cohort.140

Furthermore, the differential expression profile of high and low

CD163+-cell-infiltrated NSCLC tumors identified ICB-response

markers and potential targets to enhance ICB response.141

MACHINE-LEARNING APPROACHES FOR
DISCOVERING BIOMARKERS

Supervised machine-learning (ML) algorithms, such as logistic

regression (LR), random forest (RF), and extreme gradient boost-

ing (XGBoosting), are widely used to classify patients into

response groups and identify genes that predict ICB treatment

success. LR is popular for binary classification and determining

linear relationships between given inputs and prediction out-

comes. RF and XGBoosting are non-linear tree-ensemble algo-

rithms. RF trains multiple decision trees for prediction in parallel

and aggregates the results from those trees using a majority or

probability vote. XGBoosting sequentially derives boosted trees

through gradient descent optimizations of selected loss objec-

tive functions. XGBoosting has more hyperparameters to tune

during training and is more adaptable to different data types

but may also be more prone to overfitting as compared to RF.

To identify transcriptomics signatures, an RFmodel applied to

gene expression data identified macrophage M1 and peripheral

T cell gene signatures predictive of durable clinical benefit in 34

NSCLC cancer patients.142 Additionally, an RF classifier for cell-
type classification from scRNA-seq data from patients with

acute myeloid leukemia identified gene expression patterns

that correlatedwith the prediction score.143 In addition to discov-

ering gene signatures from RNA-seq data, an ML-based text-

mining approach applied to literature containing immune-related

keywords identified a 15-gene signature associated with im-

mune-supportive/immunosuppressive tumors. This 15-gene

signature was later used to identify aurora kinase inhibitors as

promoters of T cell infiltration in mouse models of TNBC.144

Additionally, an XGBoosting model using whole-exome and

transcriptomics-derived features as well as RNA-derived im-

mune repertoire features from melanoma patients was used to

estimate neoantigen quality.145

Deep learning, an advanced ML technique with particularly

dense or convolution kernels embedded in a flexible network

structure, can efficiently learn hidden data patterns directly

from the raw sequence and clinical image data. For example, a

DeepTCR model trained a variational autoencoder with both

raw CDR3 sequences and V/D/J gene usage to represent a

TCR sequence in a more comprehensive manner.146 A follow-

up study further incorporating the human leukocyte antigen

background together with TCR sequence information improved

the ability to characterize the extent of TCR diversity.147 In addi-

tion to the application of these methods to sequencing data, a

proof-of-principle response classifier integrating clinical vari-

ables and H&E data of clinical specimens accurately predicted

PFS for ICB-treated advanced melanoma.148 Radiographic

data from computed tomography (CT) scans or other imaging

modalities also provide valuable data without needing a biopsy

or other invasive techniques. For instance, features derived

from CT scans before and early during ICB treatment predicted

the response and OS in advanced NSCLC patients.149–151

SIGNATURES DERIVED FROM MULTI-MODAL AND
MACHINE-LEARNING APPROACHES

The integration of multiple data modalities has the potential to

improve the prediction accuracy of ICB outcomes. Flexible

data processing using different deep-learning structures has

been popular to integrate multi-modal data. For example, a

deep-learning multi-modal model called DyAM integrates radi-

ology, histology, and genetic mutation data to predict patient

response.152 The multi-modal model has shown improved pre-

dictive performance compared to single-modal models, TMB,

and PD-L1 tumor proportion on an NSCLC anti-PD-1/PD-L1

cohort of 247 patients. The DyAMmodel applies attention-based

multiple-instance learning153 algorithms and outputs a DyAM

score as a predictive biomarker, which is a weighted sum of

the logistic regression of each data modality where weights are

dynamically optimized by the attention-based score that learns

the most contributed features to the predictive outcome through

model training (Figure 3A). In addition, the multi-variable

approach can also be used to aggregate multi-modal data with

the predictive outputs feature using RF or XGBoosting methods,

which output features importance for predicting response to ICB

treatment (Figure 3B).

In a large study, a multi-variable approach applied toWES and

RNA-seq data from more than 1,000 patient samples from 12
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Figure 3. Multi-modal data integrated using

deep-learning and multi-variate models

(A) Multi-modal data are concatenated and used as

inputs for a deep-learning model. Attention-based

multiple instances learning during model training

outputs normalized attention weights and patient

risk scores. DyAM score, which aggregates fea-

tures, weights, and risk scores, is used as a pre-

dictive marker.

(B) High-importance features can be selected using

the non-linear random forest or XGBoosting

methods. Top features are used to build a multi-

variable logistic model to predict patient response.
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ICB cohorts was used to derive 55 unique biomarkers across

mutational, neoantigen, gene expression, and immune infiltra-

tion signatures.33 The total variance explained by all tested bio-

markers was �0.6, suggesting that 40% of the variance re-

mained unexplained by the model. Among all features, clonal

TMB, expression of CXCL9 (a critical chemokine that binds

CXCR3 on T cells, enhancing recruitment of cytotoxic CD8+

T cells into the tumor), and three mutational signatures (UV,

APOBEC, and tobacco signatures) were the most predictive at

the pan-cancer level. This study also applied the XGBoosting

ML method to develop a multi-variable model with 11 selected

features, which are top-importance features at both individual

and pan-cancer levels. On three independent testing cohorts,

the AUC score from the 11-feature multi-variable model outper-

formed prediction results using TMB only as a baseline compar-

ison and performed comparably with a much simpler, two-

marker model including clonal TMB and CXCL9 expression.

Furthermore, analysis of whole-genome sequencing, RNA-seq,

IHC, and methylation data from 77 anti-PD1/PD-L1 melanoma

patients indicated that TMB, neoantigen load, PD-L1 expres-

sion, gene signatures associated with IFN-g response, a score

to describe T cell dysfunction and exclusion (TIDE), cytolytic ac-

tivity and chemokines, and immune infiltrates of macrophageM1

and CD8 T cells were able to distinguish responders and non-re-

sponders, while TMB was the measure most significantly corre-

lated with outcome. A bivariable model (TMB + IFN-g score) per-

formed better than TMB-only or IFN-g-only univariate models.

Recently, single-cell sequencing techniques have been devel-

oped to generate multi-modal data simultaneously, such as

CITE-seq integrating gene expression and epitopes,154

SHARE-seq and sci-CAR characterizing chromatin accessibility

and gene expression,155,156 TAE-seq integrating gene expres-

sion, epitopes, and chromatin accessibility,157 and Slide-seq

combining RNA and spatial profiling.158 These multi-modal as-

says have been applied to patient samples to help better under-
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stand the immune system-tumor interface.

For example, multi-modal single-cell TCR

repertoire sequencing overcomes a critical

deficiency of TCR repertoire assessment,

which currently does not characterize

which T cell subsets express the TCR

clones.159 To this end, integrating spatial

transcriptomics and TCR receptor

sequencing demonstrated that the locali-
zation of infiltrating CD8+ T cell subsets was linked to their

phenotypic state in brain metastases.160,161 Recently, Slide-

TCR-seq, which integrates gene expression, TCR clonality,

and spatial-resolution data, was used to characterize the TCR

repertoire in the mouse spleen.162 Perturb-CITE-seq, which

measures the clustered regularly interspaced short palindromic

repeat (CRISPR)-Cas9 perturbations with single-cell transcrip-

tome and protein readouts, was used to uncover tumor immune

evasion mechanisms from patient-derived melanoma cell and

tumor-infiltrating lymphocyte co-cultures.163 However, studies

applying these advanced multi-modal sequencing techniques

have primarily been performed in pre-clinical models, and pa-

tient data from ICB clinical cohorts to discover novel biomarkers

are limited to date.

OUTLOOK

Here, we have provided examples of biomarkers discovered

from various data resources and have described different

computational methodologies developed to analyze those data

types and extract features associated with ICB therapy

response. These methods have demonstrated an association

between clinical outcome and individual data-derived features,

including FDA-approved mutational markers (TMB and MSI-H),

neoantigen load and neoantigen quality (MHC binding and

TCR recognition), gene signatures, relationships between

gene pairs or among gene sets, immune cell infiltrates (TIL,

CD8, CD4, tissue-memory T cells, CD8/CD4 ratio, and TLS),

immune repertoire diversity, and gut microbiota. Moreover, im-

age-derived PD-L1 expression and spatial transcriptomic

profiling, as well as integrative multi-modal features, have been

developed from multi-variable regression or ML approaches.

Despite the tremendous progress in checkpoint therapy, as

well as acknowledgment of the risk of adverse events from ICB

treatment, a single reliable biomarker that accurately predicts
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ICB response for all cancer types or its toxicities does not

currently exist. Biomarkers can also enhance our understanding

of ICB resistance and provide the basis for enhanced or novel

treatments. The complex and continually evolving nature of tu-

mor-immune cell interactions remains challenging to capture

with a single biomarker or modality.

The rapid progress in novel multi-omics sequencing technolo-

gies and the diverse data types generated (next-generation

sequencing, clinical, and imaging data) invites the development

of computational methods to efficiently integrate and analyze

these datasets. ML approaches have the advantage of being

able to integrate, process, and explore those large-scale diverse

data types in order to develop novel ICB biomarkers. A reliable

ML model requires high-quality training and testing data, which

is challenging given the non-standardized patient data available

in clinical practice. Therefore, data harmonization is critical when

processing patient data from multiple cohorts and is necessary

before training any prediction model. In addition, data overfitting

by ML approaches can result in poor generalizability to new pa-

tient cohorts, especially when external validation must be per-

formed across independent clinical trials to develop biomarkers

with meaningful clinical predictions.

Considering the data quality andmodality at both single-indica-

tion and pan-cancer levels, currently there is a limited amount of

data for developing and validating ICB signatures. Unfortunately,

not all data are publicly available, making it time- and effort-

consuming to request access because of varying restrictions by

different organizations. The National Cancer Institute Cancer

Moonshot project aiming to prevent cancer death and improve

the experience of cancer patients launched the Cancer and Im-

mune Monitoring Analysis Center–Cancer Immunological Data

Commons (CIMAC-CIDC) Network,164 which standardizes and

systematically collects assay and clinical data frommany clinical

trials andwill help fuel thisprogress. Theexplosionofnewtechnol-

ogies to profile genomic, transcriptomic, and proteomic cell

states has coincided with ICB’s revolutionary effect on cancer

therapy. We anticipate that ever-more-accurate computational

methods will be published to take advantage of diverse data re-

sources and that next-generation sequencing technology at the

bulk, single-cell, multi-omics, and multi-modal levels will be

applied to clinical trials to help better characterize ICB-response

mechanisms.
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26. McGrail, D.J., Pilié, P.G., Rashid, N.U., Voorwerk, L., Slagter, M., Kok,

M., Jonasch, E., Khasraw, M., Heimberger, A.B., Lim, B., et al. (2021).

High tumormutation burden fails to predict immune checkpoint blockade

response across all cancer types. Ann. Oncol. 32, 661–672.

27. Van Allen, E.M., Miao, D., Schilling, B., Shukla, S.A., Blank, C., Zimmer,

L., Sucker, A., Hillen, U., Foppen, M.H.G., Goldinger, S.M., et al.

(2015). Genomic correlates of response to CTLA-4 blockade in metasta-

tic melanoma. Science 350, 207–211.

28. Riaz, N., Havel, J.J., Makarov, V., Desrichard, A., Urba, W.J., Sims, J.S.,

Hodi, F.S., Martı́n-Algarra, S., Mandal, R., Sharfman, W.H., et al. (2017).

Tumor and Microenvironment Evolution during Immunotherapy with Ni-

volumab. Cell 171, 934–949.e16.

29. Cristescu, R., Mogg, R., Ayers, M., Albright, A., Murphy, E., Yearley, J.,

Sher, X., Liu, X.Q., Lu, H., Nebozhyn, M., et al. (2018). Pan-tumor

genomic biomarkers for PD-1 checkpoint blockade-based immuno-

therapy. Science 362, eaar3593.

30. Jardim, D.L., Goodman, A., de Melo Gagliato, D., and Kurzrock, R.

(2021). The Challenges of Tumor Mutational Burden as an Immuno-

therapy Biomarker. Cancer Cell 39, 154–173.

31. Gurjao, C., Tsukrov, D., Imakaev, M., Luquette, L.J., and Mirny, L.A.

(2020). Limited evidence of tumour mutational burden as a biomarker

of response to immunotherapy. Preprint at bioRxiv, 260265.

32. Food, U.S., Administration, D., and Others. (2020). FDA Approves Pem-

brolizumab for Adults and Children with TMB-H Solid Tumors. News

release (US Food and Drug Administration).

33. Litchfield, K., Reading, J.L., Puttick, C., Thakkar, K., Abbosh, C., Ben-

tham, R., Watkins, T.B.K., Rosenthal, R., Biswas, D., Rowan, A., et al.

(2021). Meta-analysis of tumor- and T cell-intrinsic mechanisms of sensi-

tization to checkpoint inhibition. Cell 184, 596–614.e14.

34. Han, G., Yang, G., Hao, D., Lu, Y., Thein, K., Simpson, B.S., Chen, J.,

Sun, R., Alhalabi, O., Wang, R., et al. (2021). 9p21 loss confers a cold tu-

mor immune microenvironment and primary resistance to immune

checkpoint therapy. Nat. Commun. 12, 5606.
14 Cell Genomics 4, 100444, January 10, 2024
35. Niknafs, N., Balan, A., Cherry, C., Hummelink, K., Monkhorst, K., Shao,

X.M., Belcaid, Z., Marrone, K.A., Murray, J., Smith, K.N., et al. (2023).

Persistent mutation burden drives sustained anti-tumor immune re-

sponses. Nat. Med. 29, 440–449.

36. Alexandrov, L.B., Jones, P.H., Wedge, D.C., Sale, J.E., Campbell, P.J.,

Nik-Zainal, S., and Stratton, M.R. (2015). Clock-like mutational pro-

cesses in human somatic cells. Nat. Genet. 47, 1402–1407.

37. Spurr, L.F., Weichselbaum, R.R., and Pitroda, S.P. (2022). Tumor aneu-

ploidy predicts survival following immunotherapy across multiple can-

cers. Nat. Genet. 54, 1782–1785.

38. Chang, T.-G., Cao, Y., Shulman, E.D., Ben-David, U., Schäffer, A.A., and
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