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Introduction

CHAPTER 1

Introduction

1.1 Motivation

The field of oncology has witnessed a significant transformation over the years, shifting

from traditional one-size-fits-all treatments such as surgery, chemotherapy, and radiother-

apy to more personalized and targeted therapies, including immunotherapy (Figure 1) [1].

Targeted therapies have brought about promising advancements in oncology, significantly

improving long-term survival rates across various tumor types, even in the most aggressive

cases. Illustrative examples include advanced stage melanoma (Figure 2A) [2], Non-Small

Cell Lung Cancer (NSCLC) (Figure 2B) [3], and high microsatellite instability (MSI) col-

orectal cancer tumors (Figure 2C) [4]. Before the advent of targeted therapies, these tumor

types were associated with aggressive behavior and had limited treatment options, leading to

poor prognoses. However, the development of targeted therapies, such as immune checkpoint

inhibitors (ICIs), have significantly improved the response rates, extended survival [5], and

even led to remarkable responses in some cases, exemplifying the transformative potential

of personalized medicine [6–8]

Despite this success, personalized medicine still faces challenges in accurately associating

tumor characterization with treatment response patterns. The complexity of cancer biology,

tumor heterogeneity and the impact of tumor microenvironment contribute to significant

variability in patient responses to treatment [9–13]. As a result, there is a need to find and

develop better predictive biomarkers for treatment response.

Although different medical fields, such as genomics, pathology and radiology, have con-

tributed to improve tumor characterization, the ability to accurately predict treatment out-

comes remains limited [14–17]. Addressing these challenges requires comprehensive efforts

to gather and analyze existing evidence from clinical trials and real-world data. By doing so,

we could gain valuable insights into treatment outcomes across diverse patient populations,

ultimately improving patient stratification, maximizing treatment efficacy, and minimizing

1



Introduction

Figure 1: Evolution of cancer therapy from one-size-fits-all to precision cancer therapy.
This schematic representation highlights the transition from conventional, one-size-fits-all cancer
therapies (such as surgery, radiotherapy, and chemotherapy) to the era of precision cancer therapy.
Advances in precision medicine facilitated the identification of individualized biomarkers associ-
ated with the tumor phenotype, enabling more personalized and effective treatments. Ultimately
enhancing treatment responses and improving the overall survival of cancer patients. The figure
has been created with using Biorender.
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Figure 2: Kaplan-Meier Overall Survival Analysis Comparing First-Line Immunother-
apy to Chemotherapy. Kaplan-Meier curves derived from clinical trial results depict the effi-
cacy of first-line immunotherapy, specifically Nivolumab and Pembrolizumab, in comparison to
chemotherapy. The data highlights significantly improved survival outcomes in melanoma (A)[2],
non-small cell lung cancer (B) [3] and renal cancer (C)[4]
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potential harm for those who may not benefit from certain therapies [18].

In this context, image processing and Artificial Intelligence (AI) emerge as promising

tools for biomarker development [18, 19]. Medical imaging offers non-invasive insights into

tumor biology and disease stage. While visual evaluation of images has been a common

practice, by implementing image quantification analysis and machine learning methods on

routine medical images, we could uncover patterns from large amounts of data that are not

captured by the human eye. This approach has the potential to enhance our understanding

of tumor biology and provide biomarker candidates for cancer treatment.

This thesis aims to advance the field of predictive biomarker development, with a pri-

mary focus on immunotherapy, combining the use of AI and quantitative representation of

medical images to comprehensively characterize tumors. While the main emphasis lies in

Computed Tomography (CT) imaging, the thesis also explores the feasibility of using other

imaging modalities like Positron Emission Tomography (PET) and histopathology images

for biomarker development. Furthermore, the thesis research also explores the potential

applicability and generalizability of the proposed methods for creating biomarkers for dif-

ferent targeted therapies, such as Chimeric Antigen Receptor (CAR) T-cells therapy and

anti-angiogenic treatments.

4
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1.2 Precision medicine and advanced cancer

treatments

1.2.1 Cancer Immunotherapy

Cancer immunotherapy, particularly immune checkpoint inhibitors (ICI), has emerged as

the gold standard for treating various cancers, specifically for lung, renal, and melanoma

[3, 8, 20, 21]. These therapies aim to unleash an immune response against tumor cells by

leveraging the power of the body’s immune system. Concretely, ICIs block specific immune

checkpoints and remove the brakes on the immune system, allowing it to recognize and target

cancer cells more effectively (Figure 3). The notable success achieved with ICI has raised

optimism for its potential application in treating numerous types of cancer. Currently, six

ICIs have already been approved by the Food and Drug Administration (FDA) and became

standard of care in clinical practice for some tumor types such as melanoma and lung cancer

[3, 21, 22]. However, only a low percentage of patients (15-25%) respond adequately to

treatment [23, 24]. The variability in patient responses has brought about a need to identify

biomarkers capable of predicting individual responses to ICI [25].

1.2.2 Biomarkers of response to Immune Checkpoints Inhibitors

In response to the identified need, in recent years, several molecular and cellular biomarkers

have been investigated to identify tumor properties that might influence the efficacy of

immunotherapy. Highlighted below are some of the most studied biomarkers as reviewed by

Havel J et al. [26].

Tumor Mutation Burden (TMB), which quantifies the total number of mutations

in cancer genomes, has been described as a potential indicator of ICIs response [27]. The

relevance of TMB as a biomarker could be linked to the fact that immunotherapy aims to

reinvigorate antitumor immune responses, which are mainly targeted by tumor-specific neo-

antigen peptides that arise from somatic mutations in cancer genomes. High TMB leads to

increased production of neoantigens, which can attract a stronger immune response when

targeted by ICIs. High TMB has proved significant associations with ICI response in different

tumor types [28–30] and has been approved by FDA as treatment selection biomarker in

specific cases [31].

Notably, some specific cancers such as melanoma and NSCLC have exhibited more fa-

vorable responses to ICIs compared to other tumor types. This difference in response rates

could be attributed to the underlying nature of these cancers, often driven by carcinogens

like ultraviolet light and cigarette smoke, resulting in a high mutation burden within the

5
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Figure 3: Mechanism of Immune Checkpoint Inhibitors. This schematic representation
illustrates the interaction between a tumor cell and a T-cell lymphocyte, highlighting the immune
checkpoint mechanism. When the T-cell receptor (TCR) binds to the antigen on cancer cells, T-cell
activation occurs, leading to an immune attack and induction of cell death. However, inhibition can
occur if the PD-1 receptor binds to the PD-L1 receptor on the cancer cell, preventing T-cell-induced
cell death. Immune checkpoint inhibitors can counteract this inhibition by binding to either PD-L1
or PD-1, thereby blocking the inhibitory signals and restoring T-cell activity. The figure was created
using Biorender.

tumor cells [32, 33]. However, other studies have revealed that TMB alone might not clearly

discriminate between responders and non-responders [34]. Therefore, other factors likely

play a role in determining the response patterns to immunotherapy.

Due to TMB limitation for predicting ICIs response, more specific quantification of the

number of mutations targeted specifically by T cells, known as true neoantigen burden,

was explored. For neoantigens to be effective and trigger immune response, they must be

present in a majority of tumor cells [35]. Consequently, high neoantigen Intratumoral

Heterogeneity (ITH) may be associated with poor responses to immunotherapy [36, 37].

It has been shown that homogeneous tumors —tumors with consistent neoantigens from

shared mutations (clonal mutations)— may respond better to ICIs than heterogeneous tu-

6
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mors—with diverse neoantigens from different mutations (subclonal mutations) [35]. The

ability of heterogeneous tumors to host multiple immune evasion mechanisms could explain

their associations with poor ICI outcomes.

Additionally, tumors with mismatch repair deficiency (MMRd) exhibiting mi-

crosatellite instability (MSI) have shown high sensitivity to ICIs therapy regardless

of the tumor origin [38, 39]. These findings support the association between TMB and ICIs

response, as high MSI tumors have a hypermutated phenotype, resulting in the generation

of numerous neopeptides that will act as a target for the immune system [40].

Other factors beyond mutations and tumor heterogeneity might play a key role in deter-

mining response patterns to ICIs. Some of the most studied biomarkers are tumor immune

microenvironment related biomarkers.

Program Death Ligand 1 (PD-L1) expression is one of the most established biomark-

ers for predicting response to ICIs [29, 41, 42], and has received FDA approval as a companion

diagnostic tool for anti-PD1 therapy for patients with NSCLC [43, 44]. However, the use

of PD-L1 as a predictive biomarker remains suboptimal [45], and there are still challenges

in defining specific thresholds for response prediction [46]. These challenges may arise due

to the lack of standardization and variability in the measurement techniques used to assess

PD-L1 expression [47, 48]. Additionally, it remains unclear whether the relevance of PD-L1

expression lies in the tumor cells themselves or in the tumor-infiltrating immune cells [49].

Taken together, these factors further complicate the use of PD-L1 expression as a standalone

predictor for ICIs response.

On the other hand, considering the immune-enhancing properties of immunotherapy,

tumour-infiltrating lymphocytes (TILs) such as CD8+ and CD4+ memory T cells have

been strongly defined as biomarkers of ICIs response, specially in colorectal and melanoma

tumor types [50–54]. The presence and location of immune cells within the tumor im-

mune microenvironment can categorize tumors as immune-inflamed, immune-excluded and

immune-desert [55, 56], which is directly related to response to anti-PD1/PDL1 treatment.

In conclusion, the complexity of tumor biology and immune-related processes makes it

challenging to identify comprehensive standalone biomarkers for predicting response to im-

munotherapy. Combining multiple biomarkers has shown more promising results in response

prediction [14, 57], but there is still potential for improvement. Integrating medical imag-

ing and AI with the established biomarkers, offers an opportunity to enhance treatment

outcomes.

7
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1.2.3 Angiogenesis and its interaction with the immune system

Another hallmark of cancer is the potential of tumors to induce the formation of new blood

vessels from pre-existing endothelial cells, known as angiogenesis [58].The progression of tu-

mors is supported by the recruitment of blood vessels. These vessels provide the tumor with

oxygen, nutrients, and growth factors that can stimulate growth of adjacent tumor cells and

sustains metastatic dissemination of the tumor cells. Furthermore, tumor-associated neovas-

culature is abnormal in both morphology and functionality, compared to normal vasculature.

These abnormalities restrict the entry of cytotoxic drugs and immune cells and can promote

an abnormal tumor microenvironment that might modulate the effectiveness of other drugs

such as immunotherapy [59, 60]. That explains that hypoxia is one of the mechanisms of

resistance of the tumor towards immunotherapy treatment.

The main molecular drivers of tumor neovasculature are proangiogenic factors such as

vascular endothelial growth factor (VEGF) and angiopoietin 2 (ANG2). Therefore, treat-

ment strategies targeting these molecules have been developed in the last decade, also known

as anti-angiogenic treatment [61]. These treatments have shown encouraging results in well-

vascularized tumors types, including but not exclusive to clear cell renal carcinoma [62, 63],

ovarian [64, 65] and cervical cancer [Tewari2014-mp], hepatocellular carcinoma [66, 67]

and neuroendocrine tumors [68, 69]. These tumors are by biology highly vascularized (renal

and ovarian cancer) or are characterized by vascular enhancement on imaging studies (liver

and endocrine tumors).

Additionally, the adoption of combined therapies, anti-angiogenics and immunotherapy,

has been increasing in the last years, particularly in the management of hepatocarcinoma

[70]. Evidence indicates that this combined approach enhances effective immune infiltration

in various cancer types, including colorectal cancer, renal cell carcinoma, and non-small cell

lung cancer [71–73]. This is due to the effect of tumor vasculature normalization derived from

anti-angiogenic treatment, which can modify the protumoral/antitumoral immune balance,

and reactivate and favor the intratumoral trafficking of cytotoxic T cells.
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1.3 The role of oncological imaging

Medical imaging plays a key role in the oncology field regarding tumor detection, character-

ization, and monitoring (Figure 4). Radiology imaging captures whole-body 3D infor-

mation in a single non-invasive measurement, enabling repeated examinations along

the course of the disease [74]. Imaging can also provide biological tissue properties like

cell density, metabolism, vascularity. Commonly used imaging modalities in clinical prac-

tice include Ultrasounds (US), Computed Tomography (CT), Magnetic Resonance Imaging

(MRI) and Positron Emission Tomography (PET).

Figure 4: The Role of Medical Imaging in Oncology. This figure provides a comprehensive
overview of the primary applications of radiology in cancer treatment. Initially, radiology images
serve the crucial function of detecting abnormalities in the body, which may be indicative of malig-
nancies. Subsequently, the detected abnormality undergoes characterization through segmentation,
allowing for the diagnosis of its nature as benign or malignant and facilitating the staging of the
disease. Throughout the course of patient treatment, medical imaging plays a pivotal role in eval-
uating disease progression, identifying responsive patients, and aiding in clinical decision-making
for determining the next steps in patient care. Figure adapted from Hosny et al., ”Artificial In-
telligence in Radiology” Nat Rev Cancer (2018) [74].

1.3.1 Computed Tomography

Computed Tomography (CT) is the preferred imaging modality in oncology, which provides

an anatomical representation of the whole disease based on density and contrast. CT imaging

represents the density of the body tissue through the absorption of X-ray radiation and

it is measured using the Hounsfield Units (HU). The CT scanner emits narrow beams of

X-rays while rotating around the patient. After crossing the different body tissues, the

attenuated X-rays are captured by detectors, also known as scintillation detectors. As in

any tomographic imaging technique, the resulting data is stored in the form of a sinogram,
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a graphical representation of the raw information in the angular domain. To reconstruct

the image into a three-dimensional space, advanced mathematical algorithms are applied to

the sinogram data. This involves sophisticated techniques like filtered back projection or

iterative reconstruction [75].

As CT imaging is widely available and cost-effective in clinical practice, it is the main tool

for evaluating disease evolution. The globally recognized standard for assessing treatment

response is the Response Evaluation Criteria in Solid Tumours (RECIST) 1.1.

guidelines [76, 77], primarily based on CT scans. RECIST aims to standardize the tumor

response assessment in solid tumors. In RECIST disease evaluation, the radiologist visually

analyzes the lesions, reports their presence or absence, and identifies up to 5 target lesions

that will be followed up during treatment. The target lesions need to be measurable lesions

(> 1cm in the largest diameter) and a maximum of 2 lesions per organ can be defined as target

lesions. The rest of the lesions will be considered non-target lesions and also followed up. In

every evaluation, the largest diameter of the target lesions will be computed and compared

with the previous CT scan. The change in the sum of the largest diameter measured is

then used to classify patients in the following four categories: Complete Response, CR

(disappearance of all lesions) or Partial Response, PR (≤30% decrease), Stable Disease,

SD (not significant growth or shrinkage of the target lesions), or Progressive Disease (PD)

(≥20% increase).

However, an arguable weakness of CT imaging is its limitation to anatomical information

and narrows tumor characterization to tumor size, density, and shape. For that reason, other

imaging modalities are being introduced as baseline images due to their ability to provide

more biological properties of the tumor, such as PET and MR images.

1.3.2 Positron Emission Tomography

Positron Emission Tomography (PET) is an imaging technique that relies on the simultane-

ous detection of photons produced through the annihilation of positrons. In order to capture

signals from the body, PET imaging utilizes radioactive substances, such as 18F, which emit

positrons. These radioactive components can be combined with other molecules, like FDG

(Fluorodeoxyglucose), allowing them to be absorbed by the body. This process enables the

visualization of metabolic activity and distribution of the radiolabeled substance within the

body, providing valuable insights for diagnostic and research purposes [78].

As a result, 18F-fluorodeoxyglucose (FDG) PET imaging also plays a pivotal role

in cancer diagnosis, staging and treatment monitoring, especially for tumor types like Lym-

phoma where conventional imaging may fail to effectively capture the whole disease. By
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using FDG as a radiotracer, this technique enables the assessment of glucose metabolism

in tissues, aiming to identify higher metabolic rates in cancerous cells. Notably, FDG-PET

provides quantitative imaging parameters, such as total metabolic tumor volume (TMTV)

and the maximum standardized uptake value (SUVmax), which have shown associations

with treatment outcomes and prognosis [79–81]. However, the focus of PET characteristics

on tumor burden and the metabolic consumption of the tumor, along with the technique’s

heterogeneity [82] and radiation exposure, may limit its potential as a predictive biomarker.

1.3.3 Magnetic Resonance Imaging

Magnetic Resonance Imaging is another medical imaging modality widely used in clinical

practice. MRI has enormous potential to surpass CT imaging due to its multi-sequence

properties and non-ionizing nature. Furthermore, MRI provides not only detailed anatomical

representation but also valuable biological insights. Some examples are perfusion MRI for

vascularity information and diffusion MRI for cellularity assessment, among others. However,

unlike PET imaging, MRI only furnishes indirect measures of tumor metabolism. The main

drawback of MRI, particularly for AI and clinical applications, lies in the acquisition time

and cost. Acquiring MRI images is more time-consuming and expensive than CT, making

their use less common and limiting the development of MRI-based AI predictive biomarkers

from routine clinical large databases.

1.3.4 Advancing imaging through Radiomics: A quantitative ap-

proach

In recent years, medical imaging in oncology has undergone a transformative shift. With

the advent of big data and AI, its potential has evolved beyond patient diagnosis and tu-

mor evaluation towards the quantification of CT and PET for the development of imaging

biomarker. By analyzing medical imaging data, more comprehensive information of tumor

properties can be obtained. Additionally, the implementation of machine learning to iden-

tify data patterns can facilitate the association between imaging phenotypes and treatment

response.

Radiomics was a groundbreaking approach in medical imaging that went beyond the

traditional qualitative characterization of tumor phenotypes in radiology, also known as

semantic features. Radiomics introduced a quantitative approach for evaluating radiological

images, employing handcrafted features to describe tumor properties related to tumor shape,

intensity, and texture Figure 5A. First introduced for oncological imaging by Aerts et al.
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in 2014 [83] Radiomics has since rapidly expanded its applications over the past decades,

transforming medical image analysis for precision oncology [84].

Radiomics converts imaging data into a high-dimensional, mineable feature space

through automated data-characterization algorithms. It derives quantitative information,

known as radiomic features, pertaining to the tumoral regions of interest (ROIs). Radiomic

features are computed using handcrafted algorithms from texture matrices [85, 86]. When

applying texture quantification to medical imaging data, images are treated as 3D matrices

of voxel values, the HU in the case of CT. From those matrices, the statistical and spatial

distribution of the HU values inside the ROIs are computed [87].

One widely used texture matrix is the Gray Level Co-occurrence Matrix (GLCM),

introduced by Haralick et al. in 1973 [88]. GLCM computes the frequency at which a

voxel with a particular value occurs adjacent to another voxel with a different value in

13 different angles. From the GLCM, various textural features like homogeneity, variance,

contrast, energy and entropy, can be derived, allowing for the quantification of the image

heterogeneity levels. Figure 5B shows a visual representation of the computation of GLCM.

Beyond GLCM, several other texture matrices have been defined to explore different

ways of computing the distribution of pixel pairs in an image. For instance, the Gray

Level Run Length Matrix (GLRLM) and Gray Level Size Zone Matrix (GLSZM)

focus on quantifying the amount of connected pixels with similar gray levels, providing in-

formation about the image coarseness and smoothness, respectively. On the other hand, the

Gray Level Dependence Matrix (GLDM) measures the dependence between neighbor-

ing pixels with similar gray levels, offering insights into image complexity. Similarly, the

Neighboring Gray Level Dependence Matrix (NGTDM) extends this analysis by

considering the dependence between neighboring pixels with different gray levels, allowing

for the characterization of dissimilarity between adjacent pixels. Overall, these texture ma-

trices facilitate the computation of handcrafted features, providing valuable insights about

image texture and heterogeneity [90].
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Figure 5: Radiomic Feature Computation Workflow. This schematic illustrates the process
of radiomic feature quantification. Initially, radiomic quantification involves the segmentation of
the tumoral area from the medical image. Within this segmented region, features are extracted,
encompassing statistical first-order distribution of density values and shape properties of the tumor.
Furthermore, second-order features, exploring the relationship between voxel distributions, enable
the quantification of more intricate representations, like tumor heterogeneity from the GLCM
matrix. Figure adapted from Ghaffari and Ligero et al., ”Facts and Hopes on the Use of Artificial
Intelligence for Predictive Immunotherapy Biomarkers in Cancer,” Clinical Cancer Research [89].
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1.4 Development of radiomic signatures for outcome

prediction

The methods implemented for radiomics usually follow a two-step approach. First, a quan-

tifiable set of handcrafted features is computed from imaging data. Second, machine

learning (ML) methods are trained to predict clinically relevant categories based on these

features [91]. Figure 6 shows the end-to-end radiomic pipeline to predict clinical endpoints

from CT images.

Figure 6: End-to-End Radiomics Pipeline for Direct Prediction of Clinical Endpoints
from CT Images. This diagram illustrates the step-by-step process involved in creating a
radiomics-based predictive model. The process begins with the acquisition, preprocessing, and
segmentation of images. Subsequently, radiomic features are extracted from these segmentations.
Finally, a machine learning method is employed, incorporating feature selection and modeling tech-
niques, to train and predict the target clinical endpoints.

1.4.1 Standardization and harmonization initiatives

With the rapid growth of the radiomics field and the increase of multi-centric data sharing

initiatives, encompassing images from different scanner manufacturers and protocols, there

was an increasing demand to standardize radiomics metrics. This standardization is crucial

to ensure the robustness and reproducibility of the technique.

The Image Biomarker Standardization Initiative (IBSI) guidelines [92] were in-

troduced with the purpose to standardize radiomic features computation. These guidelines
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encompass a set of 169 radiomic features that have been standardized across several compu-

tational software packages. However, despite these standardization efforts, radiomic features

can still be influenced by the image-acquisition techniques and the reconstruction parameters,

especially in multi-centric studies involving machines from different vendors. Consequently,

to address this challenge, the field began studying radiomics sources of variability.

Several studies raised the need for harmonization efforts in radiomic features due to the

high inter-observer and inter-scan variability in radiomic features [93, 94]. Most of these

studies only focused on assessing radiomics variability by reporting the % of robust features

by the Interclass Correlation Coefficient (ICC). However, none of the previous studies tried

to find solutions for correcting this variability. Consequently, inspired by the genomics

field [95, 96], first proof of concept studies showed that the implementation of ComBat

harmonization methods could compensate for scanner effects in radiomic features [97].

Furthermore, due to the increasing development of imaging biomarkers studies, a Ra-

diomics Quality Score (RQS) was defined to assess the reliability of predictive studies

[84]. The RQS sets criteria for more reliable studies, including standardized imaging pro-

tocols, robust segmentation, clear methodology reporting, and external validation, among

others. However, it is noteworthy that not all published studies meet all the RQS require-

ments. Radiomics datasets often remain limited to small sample sizes and lack external

validation, potentially hindering their integration into clinical practice. For that reason, new

guidelines to develop more robust radiomics studies have been defined [98], including the

CLEAR checklist [99].

1.4.2 Dimensionality reduction methods

Accounting for the high-dimensional representation of radiomic features, dimensionality re-

duction techniques are commonly employed. These methods can be either supervised, using

the target outcome to select data, or unsupervised, independent of any specific outcome.

Principal Component Analysis (PCA) is a common unsupervised technique used

for dimensionality reduction. It transforms the original features into orthogonal components

(principal components), which are linear combinations of the original features that capture

the maximum variance directions in the data [100]. Therefore, it allows for the transfor-

mation of large feature sets into smaller numbers of vectors that can explain most of the

variance in the data. Nonetheless, it is important to note that while PCA reduces complex-

ity, the resultant principal components might not always directly correspond to interpretable

biological or clinical features. This highlights the trade-off between reducing dimensionality

and maintaining interpretability.
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A more explainable method commonly used in radiomics studies is the use of supervised

feature selection methods like minimum Redundancy Maximum Relevance (mRMR)

or Least Absolute Shrinkage and Selection Operator (LASSO) models [101]. The

mRMR algorithm is an entropy based feature selection method that employs mutual infor-

mation (MI) to rank features based on their relevance to the outcome variable while reducing

redundancy [102]. Yet, the main drawback of using mRMR is the need for human input to

select the number of features to include. Considering Equation 1 where y is the target vari-

able, β0, β1, . . . , βn the coefficients, and x0, x1, . . . , xn the features, LASSO adds the penalty

term on the absolute values of the coefficients (Equation 2), where λ is the regularization

parameter. LASSO aims to find the coefficients that minimize the objective function (Equa-

tion 3), adding the L1 penalty λ ·
∑

j |βj| to the sum of squares error between the predicted

value and the real value
∑

i(yi − (β0 +
∑

j βjXji))
2.

y = β0 + β1x1 + · · ·+ βnxn, (1)

L1 = λ · (|β1|+ |β2|+ · · ·+ |βn|), (2)

min

{
1

2n
·
∑
i

(yi − (β0 +
∑
j

βjXji))
2 + λ ·

∑
j

|βj|
}
, (3)

The penalty term drives less important feature coefficients towards zero, effectively elim-

inating them from the model. By adjusting the weight parameters λ, LASSO can shrink

the coefficients of certain features, leading to improved model interpretability and better

generalization to new data [103]. Nonetheless, LASSO presents some limitations. For ex-

ample, when the number of samples in the data is smaller than the number of features

(n<p), LASSO saturates at n number of variables. Moreover, when there are many corre-

lated features, LASSO selects one, potentially missing relevant features. To overcome these

limitations, ElasticNet was proposed by adding shrinking properties and considering group-

ing data. This is achieved by introducing a new regularization term, λ2, to the objective

function (Equation 4) [104].

min

{
1

2n
·
∑
i

(yi − (β0 +
∑
j

βjXji))
2 + λ1 ·

∑
j

|βj|+ λ2 ·
∑
j

|βj|2
}
, (4)

Nevertheless, it is noteworthy the numerous amount of dimensionality reduction tech-

niques and the lack of a widely accepted standard method for radiomics, despite several

studies attempting to benchmark these approaches [91, 105].

16



Introduction

1.4.3 Machine learning models and Survival analysis for Ra-

diomics

After dimensionality reduction, radiomics studies often implement ML methods. These

methods can also be classified as supervised or unsupervised. Despite some studies used K-

Nearest Neighbors (KNN) or hierarchical clustering to find similar patterns in data without

outcome input, most of the radiomics-based predictive models in the literature are based on

supervised methods. Therefore, the model selection will be more focused on the clinical target

to predict, which can be either continuous (e.g., time to response or biomarker expression)

or binary (e.g., response yes or no).

In the field of medical research, the most relevant target variable to assess is response to

treatment through survival metrics like Progression Free Survival, PFS (time between

treatment start day and progression date) or Overall Survival, OS (time between treat-

ment start day and exitus date). These metrics stand out because they account for situations

in which the event under study has not yet occurred, such as instances where patients have

not yet experienced disease progression or remain alive. These instances are referred to as

“censored” data.

The Cox proportional-hazards model [106] is a widely used statistical method in

medical research to find how various factors relate to patient survival, while also accom-

modating instances of censored data. The model computes how a specific factor, known as

covariate, influences the probability of an event, like disease progression or death, happening

at a specific time, termed as hazard rate.

As depicted in Equation 5, the hazard function, h(t), describes the risk of an event

occurring at a specific time (t, representing the survival time). This risk is determined by

a set of covariates (x1, x2, . . . , xp) and their corresponding coefficients (b1, b2, . . . , bp), which

measure the impact of each covariate. The h0 represents the baseline hazard.

h(t) = h0(t)× exp (b1x1 + b2x2 + · · ·+ bnxn), (5)

Each covariate contributes to the computation of a hazard ratio (HR), calculated as

exp(bi). The HR indicates how much a change in the covariate affects the event rate. An

HR greater than 1 (HR>1) indicates that an increase in that covariate will negatively impact

patient survival, while an HR below 1 (HR<1) indicates a positive effect with an increase of

the covariate. An HR of 1 indicates no effect of the covariate within the model.

While continuous models offer promising insights, there is a notable trend towards using

discretized endpoints in radiomics studies. This preference might be attributed to the com-

plexity of the radiomic data, leading researchers to opt for simpler and more interpretable
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models. Furthermore, most radiomics studies aim to enhance patient stratification into

treatment response-related subgroups, making classification problems a suitable choice, even

when the response is evaluated continuously.

Some of the most commonly used ML methods in radiomics analysis are listed below:

Logistic Regression is a statistical method used for binary classification tasks

adapted from linear regression (Equation 1 and 6). It estimates the likelihood of

an event occurring based on a set of covariates. Through the process of maximizing

the log likelihood function (Equation 7), the model determines coefficients (b) for each

covariate, thereby aligning predicted probabilities with actual outcomes.

f(x) =
1

1 + e−βx
, (6)

l(β) =
n∑

i=1

yiβxi − log (1 + eβxi), (7)

The Support Vector Machine (SVM) is a machine learning technique designed

to identify a hyperplane within an N-dimensional space that efficiently separates data

points belonging to distinct classes. SVM is particularly effective when addressing

complex datasets that might lack linear separability. SVM models are optimized by

maximizing the margin between the hyperplane and the nearest data points of each

class, often referred to as support vectors. The hinge loss function plays a key role in

this optimization, emphasizing the importance of maximizing not only the separation

distance between classes but also the margins of the hyperplane, enhancing model

generalization ability [107].

Random Forest (RF) is an ensemble learning technique based on classification and

regression trees. In this method, each tree is trained on a bootstrap sample, and

optimal variables for each split are determined from a random subset of all variables.

In the classification task, the predicted class is selected by majority voting from all

trees. Furthermore, beyond its predictive capabilities, RF can also assess variable

importance measures, allowing the ranking of variables by their predictive significance

and increasing interpretability [108].

Despite the wide range of feature selectors and ML models available, there is a predomi-

nant trend in these studies to apply LASSO for feature selection, followed by a logistic regres-

sion for classification. Multiple studies have highlighted the benefits of utilizing LASSO as
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the feature selection method due to its efficacy in high-dimensional data regression, thereby

mitigating the risk of overfitting. Similarly, several studies have explored the performance of

different classification algorithms for predicting response, including SVM, RF and KNN. In-

terestingly, most of these studies have indicated that logistic regression demonstrated either

similar or slightly better performance compared to other more complex classifiers [109–112].

1.4.4 Feature aggregation methods and mixed effects models

Radiomic feature aggregation methods are commonly needed to make patient-level predic-

tions accounting for the whole burden of disease from single lesion-level predictions. Ra-

diomic features are extracted for each lesion and consecutively aggregated to a single patient

feature. There are different ways of aggregating features, the most relatively easy options are

using statistical metrics such as average (Equation 8) or volume weighted average (Equation

8), where f is the feature vector, N the total number of lesions per patient, the volume

weights and V the volume of a lesion.

faggregated =
N∑
i

fi
N
, (8)

faggregated =
N∑
i

ωifi ; ωi =
Vi∑N
i Vi

, (9)

Other alternatives are to treat the lesions as an independent instance and aggregate

the predictions in the end by averaging the prediction scores. However, it is important to

consider that features from the same patient are not independent between them, and this

non-independence of features should be included in the models as such. Generalized linear

mixed-effects models are statistical models that account for both fixed and random effects.

Fixed effects are the variables that are expected to have an impact on the target variable

to predict (i.e. the radiomic features). Random effects correspond to the grouping variables

that need to be controlled in the model (i.e. patient). In this way, the model accounts for

the variance among groups (patients) when doing the predictions as defined in Equation 10,

where Xβ correspond to the fixed effects matrix and coefficients, respectively, Zu correspond

to the random effect matrix and coefficients, respective and ϵ to the error.

y = Xβ + Zu+ ϵ (10)
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1.4.5 The role of Deep Learning in overcoming Radiomics

limitations

Despite their promising results, handcrafting sets of features come with certain drawbacks.

First, they require the definition of ROIs or tumor segmentation, a process that can be time-

consuming, especially when dealing with large datasets. Additionally, handcrafted features

are limited to the predefined equations, limiting the ability to learn new features from images

associated with the outcome. Consequently, Deep Learning (DL) methods have emerged as

a solution for various image processing algorithms that typically require segmentations or

manual interventions (Figure 7). In the field of cancer imaging, these approaches are often

referred to as Deep Radiomics, when DL methods are employed to predict the target label

directly from image data [113].

Figure 7: Conventional and Deep Radiomics Pipelines for Clinical Endpoint Pre-
diction. This figure highlights the distinctions between traditional radiomics pipelines and deep
learning methods in predicting clinical endpoints. While conventional radiomics involves image
segmentation, handcrafted feature extraction and selection before machine learning implementa-
tion, deep learning directly learns representations from images associated with clinical endpoints.
This approach enables the model to derive learned features directly from images, avoiding the use
of predefined quantification and eliminating the need for manual annotations.
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Convolutional Neural Networks (CNNs) are a type of DL models that can learn a

larger number of hierarchical patterns or features at different levels of abstraction from raw

image data. These models assign a label to each input image, encompassing different classes,

such as responder/non-responder or disease/no-disease. They can also handle regression

metrics, such as specific risk scores, or perform semantic segmentations, where each voxel

receives a label differentiating for example tumor from healthy tissue.

The CNNs consist of different layers including convolutional layers, pooling layers, and

fully connected layers (Figure 8). In the convolutional layers, filters (kernels) are applied

to the image to extract features by sliding across the image and performing element-wise

multiplication and summation. This process captures local patterns like edges and textures.

Subsequently,max pooling layers reduce the spatial dimension of the feature maps, making

the computation less complex. Finally, the fully connected layer is trained to classify the

high dimensional features to the target label. Then, through backpropagation, the CNNs

optimize their layer weights by minimizing the error between the predicted label and the

ground truth. Thereby, in contrast to radiomic models, the extracted features are selected

and weighted on the basis of the task at hand, which provides more flexibility and can

improve performance [114].

Figure 8: Convolutional Neural Network (CNN) Structure Applied to Radiology Im-
ages. The CNN comprises three key stages. Initially, image kernels or filters are employed in the
convolutional layer to extract texture representations from the input image. These convolutional
layers are coupled with pooling layers to reduce the complexity of the feature representations.
Finally, the fully connected layer is trained to predict outcomes based on the earlier extracted
representations. Figure adapted from Ghaffari and Ligero et al., ”Facts and Hopes on the Use of
Artificial Intelligence for Predictive Immunotherapy Biomarkers in Cancer,” Clinical Cancer Re-
search [89].
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A key limitation of deep learning models, particularly CNNs, is that they are powerful but

data-hungry algorithms that require substantial amounts of labeled data to train effectively.

In the field of medical imaging, the development of imaging biomarkers based on CNNs is still

not well-established due to the scarcity of structured and labeled imaging data, presenting

a significant challenge.

Therefore, most deep learning applications in radiology have focused on lesion detection

and diagnosis. Tasks like detecting breast lesions from mammography [115] or lung nodules

from CT scans [116] have seen wide implementation, with some tools gaining FDA approval

and becoming integrated into clinical practice.
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1.5 Integrating Radiology and Pathology: Advancing

imaging biomarkers in oncology

Histopathology images offer valuable insights into tumor biology, providing a detailed view of

cellular and subcellular phenotypes that cannot be achieved with radiology. However, one of

the significant drawbacks of histopathology is that it requires invasive procedures to obtain

tissue samples. Additionally, unlike radiomic biomarkers, which can be re-computed in

serial imaging during the course of the disease, histopathology image biomarkers are usually

only measured on the initial stages of the tumor disease or just before starting treatment.

Therefore, combining both modalities could provide a more comprehensive view of the tumor

and patient status by integrating information of the disease at different levels.

1.5.1 Digital pathology imaging

In clinical practice, the most commonly used histological images are hematoxylin and eosin

(H&E) stained images. H&E stained images provide essential information about tissue

morphology at a molecular level and are mainly used for tumor diagnosis, staging, and

prognosis. Additionally, there are other staining techniques, such as Immunohistochemistry

(IHC), that can provide more specific insights into cellular and molecular structures. IHC

is commonly employed to detect specific proteins or antigens in the tissue, aiding in the

identification of molecular biomarkers like PD-L1.

1.5.2 Deep Learning methods for Computational Pathology

In lines with the radiology field, as early as 2006, several years before DL was used as a

tool in biomedicine, handcrafted image analysis pipelines with classical ML methods were

implemented in digitalized histopathology images to predict biomarkers from slides [51, 117,

118]. However, digital pathology, due to its high resolution and size, rapidly showed a huge

potential for DL methods [119–121].

The main advantages of the pathology images compared to radiology images is that a

single whole slide image (WSI) can be divided into multiple images with high resolution,

also known as tiles. Then, the model can be fitted with a large image variety from the same

sample, increasing the number of cases that the model sees (Figure 9A).

Furthermore, The Cancer Genome Atlas (TCGA) Program [122, 123], which provides over

20,000 primary cancer and matched normal samples spanning 33 cancer types with molecular

and genetic characterization of the tumors, has enabled the field of digital pathology to

advance with the most recent AI developments in computer vision. Most of the first studies
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started with the implementation of pre-trained CNNs to extract features from all tiles and

then aggregating the results to a patient level [124, 125]. However, with the advances in AI

regarding attention mechanism, benchmark studies have been done for weakly supervised

learning in histopathology [19].

A notable AI advancement in digital pathology is the utilization of pre-trained feature

extractors using self-supervised learning. Self-supervised learning is a deep learning method

that derives meaningful feature representations from images by exploiting extensive unla-

beled data [126]. One of the most common approaches involves utilizing contrastive learning.

This technique entails augmenting images to create task variations and identifying features

that bring the original image and its augmentations closer together while distinguishing

them from other images. By employing these techniques, the model captures relevant details

from the image and generates feature representations by extracting frozen layers from the

model. In digital pathology, several pre-trained self-supervised learning models have been

implemented using TCGA data. One of the most common feature extractors currently are

RetCCL [127] and CTransPath [128], both of them are contrastive learning models that allow

for WSI retrieval developed by Wang et al. (Figure 9B).

Another significant advancement within the AI domain, widely adopted in computational

pathology, is the integration of attention-based mechanisms. Significant improvements in

biomarker prediction from histology have been reported upon the implementation of tech-

niques like attention-based multiple instance learning and, more recently, transformers.

Attention-based multiple instance learning is a deep learning method designed to ad-

dress grouped data information to predict a single target [129]. It identifies patterns within

the data and assigns attention scores to each instance in the group (referred to as tiles in

the context of histology). The attention scores will determine the relevance of each tile to

predict the overall target label. This approach is particularly effective in digital pathol-

ogy, where accurately labeling individual tiles is challenging. Through this method, tiles

containing non-essential data, such as non-tumoral tissue or background elements, are as-

signed lower attention scores, allowing the model to prioritize relevant areas of the WSI [130]

(Figure 9C).
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Figure 9: Computational Workflow from Whole-Slide Image (WSI) to Patient-Level
Prediction. (A) Processing pathology WSI involves image preprocessing, including WSI tessel-
lation and hematoxylin and eosin (H&E)-staining color normalization. (B) Feature extraction
employs self-supervised learning to obtain feature vector representations for each tile in the WSI.
(C) The feature vectors, along with the target biomarker, are then input into the weakly-supervised
model. This model aggregates tile feature representations using attention-based methods to gener-
ate a slide-level prediction. Figure adapted from Lu et al. “Data-efficient and weakly supervised
computational pathology on whole-slide images” Nature Biomedical Engineering [Lu2021-fb].
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1.6 State-of-the-art imaging biomarkers for

immunotherapy response

1.6.1 CT-based radiomic biomarkers for predicting response to

immunotherapy

The growing interest in radiomics as a tool for comprehending tumor biology, along with

the lack of reliable immunotherapy response biomarkers, led to the emergence of multiple

studies investigating the correlations between radiomic features and the effectiveness of ICIs.

These studies aimed either to predict direct treatment responses or to evaluate the levels of

surrogate biomarkers such as TILs and PD-L1 [89].

In one of the first studies in the field of radiomics for immunotherapy response, Sun et

al. [131] trained a radiomic signature to predict CD8 cell tumor infiltration in a population

of 135 patients with advanced solid malignant tumors. This signature was then validated

across distinct cohorts: one involving 119 patients from TCGA with accessible CT scans

and transcriptomics data, and another in a cohort comprising 100 patients distinguished

by their TIL phenotypes (classified as immune-inflamed or immune-desert). Finally, as a

biological explainability study, they explored the associations between the radiomic signa-

ture and treatment response in an internal cohort of 137 immunotherapy-treated patients.

Notably, the signature showed an AUC (Area Under the Receiver Operating Characteristic

Curve) of 0.67 (95% CI 0.57–0.77) for TCGA cohort and 0.76 (95%CI 0.66-0.86) in discrim-

inating between immune-inflamed and immune-desert tumors. In the context of predicting

immunotherapy outcomes, the authors identified a significant link between individuals who

demonstrated a high and prolonged response to treatment and their baseline radiomic scores.

Similarly, a parallel study conducted by Trebeschi et al. [132] also explored radiomics as

a predictive signature, but this time with a focus on direct response to immunotherapy from

CT-based radiomic features. This signature was developed in 1055 primary and metastatic

lesions from 203 patients with advanced melanoma and NSCLC treated with anti-PD1 ther-

apy. This signature aimed to predict tumor growth or shrinkage post-ICI treatment. Fur-

thermore, the lesion based nature of the study allowed for exploring dissociated response –

where patients exhibited different patterns of response or progression across different lesions.

Finally, they explore how the signature is associated with gene-set enrichment pathways. The

outcomes of this investigation were notably promising, with AUC values ranging from 0.64

to 0.83.

Moreover, with the aim of providing the model with all the potential relevant data and

knowing the effect of surrounding tumor microenvironment for immunotherapy response,
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certain studies have also explored the value of incorporating peritumoral area information

into predictive models for predicting response to immunotherapy [109, 133]. However, these

studies have proved to still get more relevant information from the intratumoral features.

Additionally, studies have shown that intratumoral 3D radiomic features provide more in-

formative insights compared to using only 2D radiomic features [110].

A novel approach was introduced by Himoto et al. [134], studying the inter- and intra-

lesion heterogeneity as a new radiomics variable. This study showed that lower inter-tumor

heterogeneity was significantly associated with durable clinical responses and longer treat-

ment duration. These findings are in line with the hypothesis that homogeneous tumors are

more likely to obtain better response to immunotherapy, as previously stated by molecular

biomarkers [35, 37].

Finally, another topic refers to the optimal number of timepoints that should be used to

make the predictions. The majority of studies in radiomics research have focused on the

development of predictive biomarkers using baseline scans, which refer to the scans obtained

just before initiating treatment. This approach facilitates improved patient selection for

treatment decision-making. However, some studies have demonstrated enhanced outcomes

by analyzing changes in the radiomic tumor phenotype between baseline and early follow-up

time points, commonly known as early readouts or delta radiomic signatures [135, 136]. Such

approaches enable to capture the response or progression patterns that may go unnoticed by

radiologists, thereby potentially preventing patients to stay longer under ineffective treat-

ment. Some of these studies have shown that tracking these changes in CT scans provides

better prognostic value compared to the current standard of care, RECIST [136, 137]. It

is important to note, however, that these early readouts do not represent true predictive

biomarkers per se, but rather serve as indicators of early response. At the time these early

readouts are assessed, treatment decisions have already been made, and the patient is already

receiving immunotherapy.

After the publication of the first papers, dozens of similar papers have been published in

this regard developing models for specific tumor types, including larger cohorts or new ad-

vancements. Refer to section A for a systematic review of radiomics studies for immunother-

apy response prediction.

1.6.2 Computational pathology for predicting immunotherapy

response

In the realm of immunotherapy, one of the applications of DL methods for pathology is

to facilitate the quantification of established biomarkers in IHC slides. For example, the
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expression level of the PD-L1 protein on tumor cells and immune cells (combined positive

score), is assessed by manual observation of IHC. Several studies have used DL to automate

the subjective scoring of PD-L1 status [138–141].

Similarly, other studies have explored the implementation of AI methods in digital pathol-

ogy to quantify TIL count. First, using handcrafted image analysis pipelines with classical

ML methods [51] and more recently, numerous studies have used DL for TIL quantification

[142, 143]. In addition to quantifying lymphocytes, ML methods were also used to quan-

tify other types of innate and lymphoid immune cells, demonstrating that cell counts are

prognostic of survival in multiple tumor types [117, 118].

However, the abilities of DL are not limited to simple quantification tasks such as counting

cells. DL can learn morphological patterns from the tissue that allows for cell numbers but

also, cellular shape and textures, relative cell positions and phenotypes of connective tissue.

For example, by training DL systems on raw histopathology slides, it is possible to infer the

MSI status in colorectal, gastric, and endometrial cancer [124, 144, 145].

Similarly, DL has been used to predict TMB directly from H&E in multiple major tumor

types, including lung, breast, and colorectal cancer [146, 147]. Also, PD-L1 expression levels

have been inferred from H&E directly, without the need for a dedicated IHC [148]. In

addition, the expression level of gene signatures which predict ICI response can be inferred

by DL from H&E slides, in hepatocellular carcinoma [149], lung cancer [150], and multiple

other tumor types [145]. This could help to solve some of the practical problems associated

with widespread clinical use of these signatures.

All of these above-mentioned approaches use DL to predict a known biological marker from

H&E images. An alternative strategy is to train DL directly on response or outcome data.

This has been attempted by at least two studies [151, 152] that used CNNs or graph neural

networks (GNN) to predict immunotherapy responses. These studies reported an AUC of

0.778 for prediction of responders in melanoma and an AUC of 0.69 for predicting response

in lung cancer. In general, such end-to-end prediction studies are quite difficult to perform

for practical reasons: they require the DL system to be trained on clinical outcomes, ideally

RECIST data. In practice, it is very difficult to collect a sufficient number of pathology

tissue specimens of ICI-treated patients with matched response data. In addition, cancer

immunotherapy is often administered in late lines of therapy, after patients have received one

or more regimens of chemotherapy and other treatments. However, tissue for histopathology

is typically acquired at the initial diagnosis, and re-biopsies at later time points are not

commonly performed in most tumor types. This means that DL systems are trained on

treatment-näıve tumor tissue while patients might start immunotherapy only months later

after multiple previous lines of treatment have failed. This is a strong conceptual limitation
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that could only be resolved by a repetitive sampling of tissue, or a move of immunotherapies

towards earlier lines of treatment. [89]

1.6.3 Multimodal models for predicting response to

immunotherapy

Overall, both radiology and pathology DL models have demonstrated promising potential as

biomarkers for predicting immunotherapy response (Figure 10, section B). These modal-

ities can spatially depict tumors on different scales, providing different information about

the same tumor (Figure 11). By integrating both modalities, we could enhance disease

characterization while overcoming individual modality drawbacks.

Figure 10: Comparative Workflow of Supervised Learning Studies for Predicting Im-
munotherapy Response from Clinical Image Data: Pathology and Radiology. This figure
delineates the predictive model workflows for immunotherapy response using pathology (left) and
radiology (right) image data. Accessible for nearly any patient with a solid tumor in clinical prac-
tice, both types of image data contribute to the development of predictive models. These models
can anticipate immunotherapy response through surrogate marker prediction (e.g., MSI, TMB,
TIL, PDL1) or directly predicting immunotherapy response metrics such as RECIST, PFS, OS,
and DFS. Figure adapted from Ghaffari and Ligero et al., ”Facts and Hopes on the Use of Artificial
Intelligence for Predictive Immunotherapy Biomarkers in Cancer,” Clinical Cancer Research [89].
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Figure 11: Radiology and Pathology Visual Features in Image Data. Radiology and
pathology provide different types of information regarding the tumor phenotype. Radiology can
extract 3D spatial information related to tumor heterogeneity, while pathology enables the ex-
traction of cellular-level information concerning both tumoral and immune cells within the tissue.
Figure adapted from Ghaffari and Ligero et al., ”Facts and Hopes on the Use of Artificial Intelli-
gence for Predictive Immunotherapy Biomarkers in Cancer,” Clinical Cancer Research [89].

Additionally, multimodal models extend beyond image-based biomarkers. Radiomic sig-

natures have exhibited enhanced performance when combined with clinical data. Similarly,

pathology-based DL models have demonstrated improved performance in predicting overall

survival when combined with genomic data [153].

Several proof-of-concept studies have shown promising outcomes in integrating radiology

and pathology to predict response and prognosis for NSCLC and ovarian cancer [154, 155].

In both studies, the integration of modalities outperformed unimodal predictions. However,

the limited dataset size in these studies (around 100-200 patients) restricts model complexity.

On the other hand, complex multimodal architectures, particularly those centered on

early fusion techniques, hold significant potential to enhance model performance by enabling

the extraction of combined features from both modalities [156]. However, multimodal models

are much more complex compared to unimodal models, due to a larger number of trainable

parameters, which raises the risk of overfitting. Consequently, larger and more represen-

tative cohorts are essential to mitigate overfitting risks in multimodal approaches. The

current lack of availability of extensive datasets encompassing multiple modalities hampers

the development of multimodal models in a clinical setting [157].
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CHAPTER 2

Hypothesis and Objectives

2.1 Hypothesis

Precision oncology has revolutionized the landscape of cancer treatment. Emerging therapeu-

tic approaches, such as immunotherapy or anti-angiogenic agents, have exhibited remarkable

outcomes in solid tumors. Despite the comprehensive understanding of the underlying bio-

logical mechanism driving these techniques, the translation of targeted therapies into clinical

practice have resulted in benefits for only a subset of patients.

Efforts have been dedicated to develop biomarkers for predicting treatment outcomes and

improving patient selection. While significant progress has been made in tailoring therapeutic

strategies to specific molecular and biological subtypes, no robust biomarker obtained to date

can accurately anticipate tumor response.

The general hypothesis within this thesis is founded on the premise that extracting robust

quantitative data from standard medical images, we can effectively capture tumor pheno-

types. These phenotypes could serve as indicators to identify patients who are more likely

to respond to immunotherapy and other targeted therapies, thereby advancing the field of

precision oncology.

Specifically, we hypothesize that:

• Robust radiomic features, accounting for multi-centric acquisition and standardized

preprocessing, will enhance the performance of predictive models.

• It is possible to capture patterns of response to immunotherapy from medical imaging

representations of tumor phenotypes.

• Application of radiomic predictive models can generalize to other imaging modalities

and specific treatment responses.

• Response to immunotherapy can be predicted from different sources of medical imaging,

such as radiological and pathological imaging.
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2.2 Objectives

The general objective of this thesis is to evaluate the potential of quantitative medical image

and machine learning modeling in deriving accurate tumor phenotype representations for

patient stratification in cancer treatment. More specifically, the objectives of this thesis are:

• Objective 1: To identify potential sources of variability in CT imaging acquisition

that could affect Radiomics reproducibility and explore methods for variability correc-

tion.

• Objective 2: To develop and validate radiomic signatures derived from CT scans for

predicting patient response in a population with different tumor types treated with

immunotherapy.

• Objective 3: To explore the use of radiomics in anti-angiogenics targeted therapies

and PET imaging.

• Objective 4: To investigate the performance of DL-methods applied to histological

images to predict response to immunotherapy
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CHAPTER 3

General Materials and Methods

All the studies included in this thesis were retrospectively collected from the correspond-

ing electronic patient records from different studies. The Vall d’Hebron Institute of

Oncology (VHIO) institutional review board approved all studies for retrospective data

[PR(AG)70/2018, PR(AG)29/2020, PR(AG)404/2020]. All patients included in the clinical

trials provided written informed consent. Need for informed consent for the computational

analysis of the images in the retrospective study was waived.

3.1 Data description

The main sources of medical image included in this thesis correspond to CT scans (Ra-

diology), PET scans (Nuclear Medicine), H&E stained WSI and PD-L1 stained IHC WSI

(Pathology). During this thesis we collected routine clinical data from several cohorts corre-

sponding to clinical trials and standard of care treated patients carried at the Vall d’Hebron

University Hospital or in multi-centric studies. External open-sources datasets from other

institutions were also included. In this section, datasets are classified based on the type of

treatment, clinical trial study and treated hospital. The datasets described in this section

were totally or partially included in the studies of this thesis, according to the availability of

the data at the time of the study. Table 1 provides an overview of all the included cohorts

and information regarding tumor type, available imaging modality and study.

The datasets related to immunotherapy response prediction used in Study 1, 2 and 5 can

be classified as follows:

VHIO Retrospective Immunotherapy cohort: Advanced metastatic patients

with solid tumors from different tumor types (pan-cancer), including lung, melanoma,

bladder among others, treated with Immune-checkpoints inhibitors (ICIs), anti-PD-

1/PD-L1, alone or in combination with other ICI target therapies at Vall d’Hebron
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Universitary Hospital in Phase I, II and III clinical trials or standard of care treatment

from August 2012 to May 2018.

VHIO PREDICT trial cohort: Prospective dataset with advanced metastatic pa-

tients with solid tumors from different tumor types (pan-cancer) treated with anti-

PD-1/PD-L1 ICIs in combination with other ICI target therapies at Vall d’Hebron

Universitary Hospital from August 2020 to May 2023.

VHIO Cytotoxic-RNA signature validation cohort: Patients with different tu-

mor types (lung cancer majority) treated at Vall d’Hebron University Hospital with

available gene expression profiling from solid tumor biopsy samples where contrast-

enhanced CT was per-formed within 4 months before biopsy. None of these patients

had been included in the previous cohorts. This cohort was used for biological explain-

ability study of the signature developed in Study 2.

MSKCC Lung cohort: Open source available dataset of advanced metastatic pa-

tients with lung cancer treated with anti-PD-1/PD-L1 ICIs at Memorial Sloan Ket-

tering Cancer Center [155] Data regarding treatment response evaluation, CT scans,

and PD-L1 IHC samples were available for this cohort. This cohort was used in Study

5 for training a DL predictive model for PD-L1 and explore immunotherapy response

associations.

For these cohorts, data regarding treatment response evaluation, CT scans, H&E and

PD-L1 stained IHC WSI samples were available and collected retrospectively. Imaging data

(CT, H&E and PD-L1 stained IHC WSI) prior to immunotherapy treatment were collected.

All metastatic lesions were delineated and radiomics analysis was performed. CT images

from this cohort were used for training models in Study 2 and for tumor type classifica-

tion purposes in Study 1. For available cases, PD-L1 stained IHC samples were collected

and included in Study 5 for model validation purposes. Cohorts containing both radiology

and pathology data partially overlap in Study 2 and Study 5, enabling the possibility of

conducting multimodal analyses in subsequent studies.

The dataset included for predicting response to other targeted therapies are classified as

follows:

VHIO CAR T-cell Lymphoma cohort: Patients with relapsed or refractory (R/R)

large B-cell lymphoma (LBCL), de novo or transformed from an indolent lymphoma,

treated with CD19-targeted second-generation CAR T cells from July 2018 to Novem-

ber 2021 at Vall d’Hebron University Hospital. Baseline PET-CT scans prior to CAR
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T-cell treatment were collected. The largest lesion was delineated and radiomics anal-

ysis was performed. Data regarding treatment response evaluation and PET-CT scans

were available. This cohort was used in Study 3 for training and validating a PET-

based signature for predicting response to CAR T-cells.

Multi-centric TALENT trial Neuroendocrine cohort: Patients with gastroen-

teropancreatic neuroendocrine tumours (GEP-NETs) treated with the multikinase in-

hibitor lenvatinib in a multicentre, international, phase II clinical trial conducted from

October 2015 to August 2020, identified as NCT02678780. Data regarding treatment

response evaluation and CT scans were available for this cohort. Baseline CT scans

prior to anti-angiogenic treatment were collected. All liver lesions were delineated and

radiomics analysis was performed. CT images from this cohort were used for training

and validating the model in Study 4.

VHIO Sunitinib Neuroendocrine cohort: Patients with pancreatic NETs treated

with the multikinase inhibitor sunitinib as standard of care at the Vall d’Hebron In-

stitute of Oncology (Barcelona, Spain) from October 2011 to September 2020. Data

regarding treatment response evaluation and CT scans were available for this cohort.

Baseline CT scans prior to anti-angiogenic treatment were collected. All liver lesions

were delineated and radiomics analysis was performed. CT images from this cohort

were used for externally testing the model in Study 4.
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Study
included

Cohort Name Tumor type Treatment type N

Imaging
Modality
(number
of cases)

Study 1
Study 2
Study 5
Annex III

VHIO Immuno-
therapy cohort
(retrospective
and PREDICT)

Pan-cancer
Lung
Bladder
Melanoma

Immunotherapy
(anti-PD-1/PD-L1)
Combined
Immunotherapy
(anti-PD-1/PD-L1
+ other targets)

424
CT (369)
IHC (106)
H&E (234)

Study 2
VHIO-Cytotoxic
RNA signature

Pan-cancer NR 20 CT

Study 5 MSKCC-Lung Lung
Immunotherapy
(anti-PD-1/PD-L1)

233
CT (187)
IHC (233)

Study 3 VHIO-Lymphoma R\R DLBCL
Immunotherapy
(CAR T-cells)

97 PET-CT

Study 4
TALENT-
Neuroendocrine

NETs Anti-angiogenics 65 CT

Study 4
Sunitinib-
Neuroendocrine

NETs Anti-angiogenics 24 CT

Table 1: Description of cohorts collected, preprocess and included in the thesis studies or in
academic related work. The table describes for each cohort the studies where the data was included,
the primary tumor type and the corresponding treatment. Finally, the total number of patients
and the modalities included. For datasets with different modalities, the number of available cases
for each modality is specified in brackets.
N = number of cases, PD-1 = programmed cell death protein–1, PD-L1 = programmed cell death
protein ligand–1, CAR = Chimeric antigen receptor, CT = Computed Tomography, IHC= immuno
histochemistry, H&E = Hematoxylin and Eosin staining, PET = Positron = Positron Emission
Tomography, R\R LBCL = relapsed or refractory large B-cell lymphoma, NETs =Neuroendocrine
Tumors, NR = not relevant.
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3.2 Imaging data acquisition protocol

For the development of CT-imaging biomarkers (studies 2 and 4), CT scans were obtained

within 28 days before the treatment start date. Contrast-enhanced CT scans were acquired

by using 16- or 64-channel CT scanners (Siemens, Philips, and GE Healthcare) in the axial

plane with tube voltage of 100–130 kV, section thickness of 2–5 mm, and section interval of

1.25–5 mm.

In study 3, the PET-CT exam required a minimum of 6-hour fast prior to the intra-

venous administration of 3.7 MBq/kg (222–370 MBq) of 18F-FDG. Glucose values below

140 mg/dL were required in all cases prior to administration of the radiopharmaceutical.

Before scanning, the patients were at rest for a minimum of 60 min. Images were obtained

using a Siemens Biograph mCT, which combines a spiral CT of 64 slices (210 keV, 120 mAs,

care dose) with a dedicated PET, from the skull to the upper third of both femurs.

PD-L1 stained IHC image acquisition is specific for every center and can be found in

Study 5 methods section.

3.3 Clinical data and outcome definition

Clinical and demographic data were collected from electronic patient records. These included

age, sex, tumor type, Eastern Cooperative Oncology Group performance status, number of

organs with metastasis. Study specific clinical data was also collected such as lab data: lac-

tate dehydrogenase level, leukocyte count, albumin level, lymphocyte count, platelet count,

and neutrophil count at baseline, RNA sequencing data, pathologist PD-L1 Tumor Pro-

portion Score (TPS) and Combined Positive Score (CPS) quantification, tumor grade and

Ki-67. Outcome data included PFS and OS. The PFS was defined as the time between trial

start date and tumor progression date. A patient is considered to have benefited from the

treatment (clinical benefit) if achieving either a CR, PR or SD by RECIST 1.1 for a duration

exceeding the median PFS. The median PFS was obtained according to the average response

rates of the treatment (5 months for immunotherapy trials ([158]) or the specific median PFS

corresponding to phase II and III clinical trials (15.7 months for TALENT Phase II trial [69],

11.4 months for Sunitinib Phase III trial [68], and 3 months for CAR T-Cells [79]).
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3.4 Image pre-processing and feature extraction for

CT and PET

All acquired CT and PET images were stored in the standardized Digital Imaging and Com-

munications in Medicine (DICOM) format. A DICOM file contains reconstructed imaging

data and metadata regarding acquisition and patient information. DICOM images were

retrieved from the imaging collecting system used in our institution (Picture archiving and

communication system, PACs). Images were pseudo-anonymized with an identifiable patient

ID and transferred to a password protected VHIO storage server. Anonymized DICOM im-

ages were converted to NIfTI (Neuroimaging Informatics Technology Initiative) files and

the metadata regarding image acquisition was stored in json files using dcm2niix conversion

software [159]. The NifTI file is a standard format for storing 3D and 4D volumetric data,

commonly used in the medical field beyond neuroimaging.

Regarding CT scans tumor segmentation, all well-defined target lesions per patient were

delineated and supervised by an expert radiologist by using the 3DSlicer version 4.8.1 [153]

semiautomatic contouring tool. Small metastases (i.e., largest diameter<1 cm) or lesions

with artifacts were excluded.

In PET images, Standard Uptake Value (SUV) was computed voxel-wise from 18F-FDG

PET/CT images normalized to patient’s weight and injected dose [160] prior to image seg-

mentation. Then, lesions were delineated by an experienced nuclear medicine physician using

a custom workflow from MIM Encore™ software (MIM Software Inc., Cleveland, OH, USA),

which selected all metabolic activity above the 41% maximum SUV threshold.

CT images were resampled to isometric voxels of 1x1x1mm3 by using spline interpolation.

PET images were resample to 2x2x2 mm3 due to its lower resolution [161]. CT Hounsfield

units and PET SUV values were binarized to discrete values of 10 or 25 HU, depending on

the study purpose [162]. Radiomic features (first order, shape, and texture) were derived

by using the Pyradiomics package (version 2.2.0) for Python (version 3.7.1), compliant with

the IBSI guidelines [92]. After feature extraction, vectors of 105 features were obtained from

every lesion.

3.5 Image pre-processing and feature extraction for

IHC

The PD-L1 stained IHC WSI were stored in ndpi format and identified by the biopsy num-

ber. Imaging samples were annotated in polygonal regions of interest using the open source
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QuPath software v0.3.2. These annotations were used to crop the image excluding any other

tissue from the WSI that was not from the patient, i.e. reference samples. PD-L1 stained

WSI were tessellated into non-overlapping tiles of 224x224 pixels corresponding to an edge

length of 256 µm from the ROIs. Blurry tiles or tiles without tissue samples, defined as tiles

containing less than 2% of edges in the image, were discarded using Canny edge detection

[163].

Feature extraction was performed using the Retrieval with Clustering-guided Contrastive

Learning (RetCCL) model [127], an ImageNet-weighted ResNet50 pre-trained in a self-

supervised manner on a pathology dataset with 32,000 H&E-stained histology slides across

various cancer types. After feature extraction, vectors of 2048 features were obtained from

every 224x224 pixels tile image.

3.6 Statistical analysis

Reproducible radiomic features were identified as ICC values greater than 0.7-0.8 [164]. Fea-

ture selection in radiomics analysis was implemented by LASSO regression and mRMR.

Model fitting in radiomics analysis was performed with Logistic regression. Feature aggre-

gation methods like median of feature values, linear mixed model and attention MIL were

implemented in the studies.

The metric to evaluate the developed models was the Area Under the curve (AUC) and

95% CI (DeLong method) from the Receiver Operating Characteristic (ROC) curve. P

values were assessed by the Mann-Whitney U test to test statistical significance from random

prediction (AUC=0.5). Internal validation of radiomic signatures was performed using cross-

validation analysis.

Cox proportional HR model was implemented to associate the prediction scores with PFS

and OS. Univariate and multivariable analyses were performed to explore the additional value

of clinical variables to the radiomic score.

Moreover, survival analysis was performed by using the Kaplan–Meier method after pre-

dictive score dichotomization. Patients who did not reach the endpoint were censored to the

last follow-up date or end of treatment for OS and PFS, respectively.

All the statistical analysis and model implementation was developed using R v3.5.0 or

Python 3.8. All codes can be found at https://github.com/mligerhe/.
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CHAPTER 4

Results
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4.1 Study 1

Minimizing acquisition-related radiomics variability by

image resampling and batch effect correction to allow

for large-scale data analysis

This study corresponds to objective 1 of the thesis. This research aimed to find potential

sources of variability in radiomic features and explore methods for image pre- and post-

processing to harmonize data towards more reliable radiomics model development.

Reference:

Ligero, M., Jordi-Ollero, O., Bernatowicz, K. et al. Minimizing acquisition-related radiomics

variability by image resampling and batch effect correction to allow for large-scale data analysis.

Eur Radiol 31, 1460–1470 (2021).
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Abstract
Objective To identify CT-acquisition parameters accounting for radiomics variability and to develop a post-acquisition CT-
image correction method to reduce variability and improve radiomics classification in both phantom and clinical applications.
Methods CT-acquisition protocols were prospectively tested in a phantom. The multi-centric retrospective clinical study
included CT scans of patients with colorectal/renal cancer liver metastases. Ninety-three radiomics features of first order
and texture were extracted. Intraclass correlation coefficients (ICCs) between CT-acquisition protocols were evaluated to
define sources of variability. Voxel size, ComBat, and singular value decomposition (SVD) compensation methods were
explored for reducing the radiomics variability. The number of robust features was compared before and after correction
using two-proportion z test. The radiomics classification accuracy (K-means purity) was assessed before and after
ComBat- and SVD-based correction.
Results Fifty-three acquisition protocols in 13 tissue densities were analyzed. Ninety-seven liver metastases from 43 patients with
CT from two vendors were included. Pixel size, reconstruction slice spacing, convolution kernel, and acquisition slice thickness
are relevant sources of radiomics variability with a percentage of robust features lower than 80%. Resampling to isometric voxels
increased the number of robust features when images were acquired with different pixel sizes (p < 0.05). SVD-based for thickness
correction and ComBat correction for thickness and combined thickness–kernel increased the number of reproducible features
(p < 0.05). ComBat showed the highest improvement of radiomics-based classification in both the phantom and clinical
applications (K-means purity 65.98 vs 73.20).
Conclusion CT-image post-acquisition processing and radiomics normalization by means of batch effect correction allow for
standardization of large-scale data analysis and improve the classification accuracy.
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Key Points
• The voxel size (accounting for the pixel size and slice spacing), slice thickness, and convolution kernel are relevant sources of
CT-radiomics variability.

• Voxel size resampling increased the mean percentage of robust CT-radiomics features from 59.50 to 89.25% when comparing
CT scans acquired with different pixel sizes and from 71.62 to 82.58% when the scans were acquired with different slice
spacings.

• ComBat batch effect correction reduced the CT-radiomics variability secondary to the slice thickness and convolution kernel,
improving the capacity of CT-radiomics to differentiate tissues (in the phantom application) and the primary tumor type from
liver metastases (in the clinical application).

Keywords Radiologic phantom . X-ray computed tomography . Image processing .Metastasis

Abbreviations
GLCM Gray-level co-occurrence matrix
GLDM Gray-level dependence matrix
GLRLM Gray-level run length matrix
GLSZM Gray-level size zone matrix
ICC Intraclass correlation coefficient
NGTDM Neighboring gray-tone different matrix
PCA Principal component analysis
SVD Singular value decomposition
TCGA-KIRC The Cancer Genome Atlas Kidney

Renal Clear Cell Carcinoma
VOI Volume of interest

Introduction

Radiomics is revolutionizing medical image assessment and
interpretation, moving from a subjective evaluation to a quan-
tifiable -omics image assessment method [1, 2]. Multiple stud-
ies have shown that radiomics provides meaningful informa-
tion about cancer and correlates with histological and molec-
ular tumor phenotypes, creating opportunities to develop nov-
el predictive and prognostic biomarkers for cancer [3, 4]. The
maximum benefit for cancer patients has been shown when
tailoring treatments to specific cancer characteristics [5].
Thus, radiomics can play a key role in improving personalized
medicine. However, radiomics features are influenced by the
image-acquisition technique and the reconstruction parame-
ters [6–9]. Studies performed at a single institution usually
do not account for this source of variability, and then, the
results entail low scalability of the signatures for multi-
centric applications.

To achieve meaningful generalizable radiomics-based
tools, large-scale studies are necessary [10]. These require
multicenter data collection, which implies scans acquired with
different protocols, particularly when including retrospective
data. Different strategies have been followed to minimize the
effects of radiomics variability. Aerts et al considered
radiomics variability as a feature selection tool by using
test–retest analysis, eliminating radiomics features with high

variability based on their cohort results [5, 11]. Sun et al in-
troduced the image-acquisition parameters as a confounding
variable into the model [3], and Choe et al explored
convolutional neural networks-based kernel conversion for
reducing radiomics variability [12].

There is an unmet need to establish robust pre- or post-
image-acquisition methods for radiomics data harmonization.
In this study, we explore the main image-acquisition factors
that generate radiomics variability. These variability-causing
factors are called “batch effects” [13]. Different batch effect
correction techniques have been developed, allowing for ge-
nomics and proteomics data harmonization [14]. These batch
effect correction techniques aim to remove the variance of the
signal caused by the variability between batches to improve
the biological signal. Alter et al defined the singular value
decomposition (SVD)-based batch effect removal, where the
principal components associated with the batch variability are
filtered from the data and the matrix is reconstructed without
these factors [15]. Johnson et al implemented the ComBat
algorithm for batch correction based on an empirical Bayes
approach to standardize the means and variances across
batches to reduce the batch effect error [16, 17]. However,
there is little evidence of the application of these methods
towards reducing radiomics variability [18].

In this study, we aim to describe the image-acquisition-
based sources of CT-radiomics variability. We also explore
the role of image resampling and batch effect as post-image-
acquisition correction methods for reducing radiomics vari-
ability, thereby improving the classification accuracy of
radiomics in phantom and clinical applications.

Materials and methods

Multiple images of a phantom were acquired with different
CT-acquisition protocols to explore the radiomics variability
and identify the sources of variability according to the CT-
acquisition parameters. Then, image post-processing and
batch correction methods were implemented to reduce the
radiomics variability in phantom and clinical applications.
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Finally, we explored the improvement of radiomics classi-
fication performance by reducing the radiomics variability
(Fig. 1).

The retrospective clinical study was approved by the insti-
tutional review board. Informed consent for the computational
analysis of the CT images was waived.

Phantom image acquisition

The Gammex Model 467 Tissue Characterization Phantom
(Gammex RMI) was used to describe intra-scanner vari-
ability for different acquisition parameters. This phantom
includes a matrix with 13 rods of 33 cm diameter with
different density materials simulating human tissues
(Supplementary Material 1).

Phantom CT scans were acquired in a 16-channel Philips
CT scanner by fixing all the acquisition parameters except the
one tested. The tested acquisition parameters included voltage,
current, slice thickness, and voxel size (accounting for the
slice spacing and the pixel size) with a total of 25 different
acquisition protocols (Supplementary Material 2). The mini-
mum and maximum values of the acquisition parameters
(voltage, slice thickness, slice spacing, and pixel size) were
reconstructed with all the available Philips-specific recon-
struction kernels (A, B, C, D, and E) to study the kernel var-
iability with different acquisition parameter sets. The rest was
reconstructed with kernel “A,” leading to 53 different proto-
cols (Supplementary Material 3).

Clinical image acquisition

The clinical study included 43 patients (mean [range] age
66.41 [41–77] years; 46.51% [20/43] female, 53.49% [23/
43] male) with 97 liver metastases (mean [range] lesions per
patient 2.26 [1–7]) from colorectal adenocarcinoma (53.61%
[52/97]) and clear cell renal carcinoma (46.39% [45/97]) [19].

Contrast-enhanced CT scans were collected retrospectively
and acquired at Vall d’Hebron University Hospital and
Bellvitge University Hospital between November 2013 and
September 2019 with two specific acquisition protocols from
General Electric and Siemens CT scanners. Additionally, all

CT scans from the open-access database The Cancer Genome
Atlas Kidney Renal Clear Cell Carcinoma (TCGA-KIRC)
[20] were acquired with a General Electric scanner. Only pa-
tients with liver metastases from this open-access database
were included in the analysis. Detailed information of CT-
scan acquisition and reconstruction protocols for each hospital
and the TCGA-KIRC database are defined in Supplementary
Material 4.

Image processing and radiomics features extraction

In the phantom application, the 13 rods were delineated (in-
cluding the entire rod) with a semi-automatic contouring func-
tion from 3DSlicer v4.8.1 [21], obtaining one volume of in-
terest (VOI) per rod. The same VOI per rod was used to
extract the radiomics features from the phantom in all the
studied CT-acquisition protocols (Fig. 2a, b). Image registra-
tion was not needed, given that the scans were acquired with
the same starting and ending position, and the phantom’s po-
sition did not change between scans.

In the clinical application, all well-defined liver metastases
were included in the analyses (Fig. 2c, d). Small metastases
(i.e., largest diameter < 1 cm) or with artifacts were excluded.
Lesions were delineated with the 3DSlicer v4.8.1 semi-
automatic contouring function [21] supervised by a radiologist
physician with 10-year experience in oncological imaging.

In the phantom application, radiomics data from images
without voxel resampling were extracted to study the impact
of image resampling on radiomics data. For batch correction
analysis, the images and masks were resampled to isometric
voxels of 1 × 1 × 1 mm3 using spline interpolation and
nearest-neighbor interpolation, respectively. Image values
were discretized to a bin size of 50 HU; afterwards, the CT-
radiomics features from the VOIs were extracted. The
radiomics features, including first-order and texture analyses,
were derived using an in-house program based on the
Pyradiomics package for Python [22]. For texture feature ex-
traction, five gray-level matrices (gray-level co-occurrence
matrix [GLCM], gray-level dependence matrix [GLDM],
gray-level run length matrix [GLRLM], gray-level size zone
matrix [GLSZM], and neighboring gray-tone different matrix

Fig. 1 Methodology flowchart
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[NGTDM]) were calculated in three dimensions. Ninety-three
radiomics variables were obtained for each VOI, including
variables from the first-order histogram and the five gray-
level matrices (Supplementary Material 5).

Sources of variability identification

Relevant sources of variability were identified by the
intraclass correlation coefficient (ICC) of all the radiomics
features between different acquisition parameters accounting
for pixel size, reconstruction slice spacing (interpolated from
the raw CT-image data without voxel resampling), acquisition
slice thickness, convolution kernel, current, and voltage. The
CT-acquisition variables that presented less than 80% of ro-
bust radiomics features (i.e., less than 80% of the features with
ICC > 0.8 [23]) were defined as relevant sources of variability
(batches) for further correction.

Techniques for radiomics variability correction

Image resampling

To correct variability from parameters related to voxel size,
radiomics data were extracted from images resampled to iso-
metric voxels of 1 × 1 × 1 mm3. Acquisition voxel size vari-
ability was analyzed separately by pixel size and slice spacing.
Radiomics data of all the phantom materials with different

acquisition pixel sizes (0.35 × 0.35, 0.78 × 0.78, and 1 × 1
mm2) and slice spacings (1, 1.25, 2, 2.5, and 5 mm) were
included while the rest of parameters remained fixed.

To assess the effect of resampling data on variability cor-
rection, the ICCs between groups of different acquisition pixel
sizes and slice spacings were computed before and after re-
sampling. Principal component analysis (PCA) was imple-
mented to qualitatively show the reduction of variability on
radiomics data variance caused by resampling the acquisition
voxel size.

Batch effect removal

To correct variability sources related to image acquisition and
reconstruction, two methods of batch correction were applied:
singular value decomposition-based (SVD-based) correction
[15] and ComBat correction [16]. ComBat correction was
applied using the SVA package from R version 3.6.1. [17].
For SVD-based correction, principal components (PC) with
higher correlation with batches (i.e., convolution kernel and
slice thickness defined as per the ICC analysis) were removed
from the PCA space, and the matrix was reconstructed back to
the feature space (SupplementaryMaterial 6). ComBat correc-
tion with parametric adjustments was applied three times con-
sidering the sources of variability as batches (i.e., convolution
kernel and slice thickness and the slice thickness–convolution
kernel combination).

Fig. 2 Axial CT of the Gammex
467 Tissue Characterization
Phantom showing the thirteen
tissue andwater materials (a) with
the segmented volumes of interest
(VOI) for the different rod
materials (b). Axial enhanced CT
of the abdomen showing the
target liver metastases (green
and red masks) of a patient with
clear cell renal carcinoma (c) and
a patient with colorectal
adenocarcinoma (d)
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To evaluate data correction, the ICCs between groups of
acquisition parameters were assessed before and after the ap-
plication of two different batch corrections. Principal compo-
nent analysis (PCA) was implemented to qualitatively show
the reduction of variability on radiomics data variance caused
by batch correction techniques.

Two-proportion z test was applied to compare the percent-
age of robust features before and after correction. The p value
threshold for significance was established at 0.05. Adjustment
for multiple testing was performed by controlling the false
discovery rate at 0.05 according to the Benjamini and
Hochberg method.

Validation analysis

Unsupervised K-means clustering purity was used to evaluate
the improvement in data classification after batch variability
correction with SVD and ComBat. To measure clustering pu-
rity, each cluster is assigned to the most frequent class in the
cluster. Then, the accuracy is measured by counting the num-
ber of correctly classified data in the assigned class. The per-
formance of the unsupervised clustering before and after the
implementation of batch correction was analyzed in a phan-
tom and a clinical application. The clustering performance
was also analyzed in non-resampled data.

Phantom application

Two similar phantom materials (liver and brain) were includ-
ed. Batch effect correction byComBat was applied three times
considering different sources of variability as batches: convo-
lution kernel (five batches: A, B, C, D, E), slice thickness
(three batches: 2, 3, 5 mm), and the combination of convolu-
tion kernel with slice thickness (15 batches; all possible com-
binations of convolutional kernel and slice thickness).

Clinical application

The clinical application aimed to analyze the performance of
clustering different primary tumor types (colorectal versus
renal) based on liver metastasis radiomics data. Batch effect
correction by ComBat was applied three times considering
different sources of variance as batches: manufacturer-
dependent convolution kernel (two batches: General Electric
and Siemens), slice thickness (four batches: 1.25, 2, 2.5, 5
mm), and the combination of convolution kernel with slice
thickness (eight batches; all possible combinations of manu-
facturers and slice thickness).

The K-means clustering was computed 1000 times, and the
highest purity of the clustering appearing onmore than 20% of
the iterations was chosen for the comparison between the ini-
tial data and the data after different batch correction tech-
niques (SVD-based, ComBat) [24].

Results

Population (phantom and clinical applications)

In the phantom application, a total of 53 different CT scans
of the 13 phantom materials were acquired in a Big Bore 16
CT scanner (Philips) with different acquisition parameters and
reconstruction kernels.

The clinical population included 97 liver metastases from 43
patients. CT scans were retrospectively collected from Vall
d’Hebron University Hospital (26/43) and Bellvitge University
Hospital (12/43). In addition, five cases from the open-access
database TCGA-KIRC were also included. CT images were ac-
quired in CT scanners from two manufacturers: 60.46% (26/43)
from Sensation 64 CT scanner (Siemens) and 39.53% (17/43)
fromLight Speed Pro 16CT scanner (General Electric) (Table 1).

Defined sources of variability

For the phantom data, including all materials, ICCs between the
different batches were assessed. Pixel size, slice spacing, slice
thickness, convolution kernel, and voltage presented a low per-
centage of robust radiomics features (i.e., less than 80% of the
radiomics features with ICC > 0.8) in at least one of the com-
binations from the ranging CT-acquisition parameters (Fig. 3).

Voxel size was defined as a relevant source of variability with
a percentage of robust features ranging from 48.40 to 78.49% for
pixel size and from 43.01 to 86.02% for slice spacing.

According to the slice thickness, the percentage of robust
features ranged from 75.25% (when 2 mm and 5 mm were
compared) to 88.17% (when 2 mm and 3 mmwere compared).
The percentage of robust radiomics features according to the
convolution kernel ranged between 55.92% (when A and D
were compared) and 97.85% (when A and B were compared).

The acquisition voltage of 90 kV showed the highest var-
iability on radiomics data (65.59% of reproducible features).
The standard voltage in clinical protocol range (i.e., 120–140
kV) showed higher radiomics robustness (81.72% of repro-
ducible features). The percentages of robust features are de-
scribed in Supplementary Material 7.

Therefore, voxel size, slice thickness, and convolution ker-
nel were defined as the sources of variability with the highest
impact on radiomics data reproducibility; voxel size was
corrected by resampling, whereas slice thickness and convo-
lution kernel were considered for batch correction.

Evaluation of processing effects on radiomics data
correction

Image resampling

Voxel size resampling increased the mean percentage of ro-
bust features from 59.50 to 89.25% for pixel size and from
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71.62 to 82.58% for slice spacing (Fig. 4). The percentage of
robust radiomics features (ICC > 0.8) before and after resam-
pling data to isometric voxels of 1 × 1 × 1 mm3 are defined in
Table 2.

Batch effect removal

Batch effect removal was implemented in all phantom mate-
rials based on the previously defined sources of variability
(slice thickness and convolution kernel). For SVD-based
batch correction, from the principal component analysis
(PCA), PC2 significantly associated with convolution kernel
(p < 0.001), and PC3 and PC4 significantly associated with
slice thickness (p < 0.001); these principal components were
removed at the transformed space, and the data matrix was
back reconstructed to the feature space. The SVD-based cor-
rection technique increased the mean number of robust fea-
tures (Table 3). Importantly, when analyzing images with dif-
ferent slice thicknesses, the mean number of robust radiomics
features increased: from 82.79%without correction to 92.83%
with SVD-based batch correction. When analyzing images
restructured with different convolutional kernels, the mean

percentage of robust radiomics features increased: from
78.45% without correction to 85.25% with SVD-based cor-
rection (Table 3, Supplementary Material 8).

The ComBat correction technique increased the mean per-
centage of robust features to 95.34% for slice thickness and to
89.55% for convolution kernel when considering as batches
the convolution kernel–slice thickness combination (Table 3,
Supplementary Material 8).

Improvement in K-means clustering performance

To test the classification performance based on radiomics fea-
tures and the potential improvement by reducing radiomics
variability by batch correction, a classification of similar den-
sity tissues was performed.

Phantom application

The phantom application included liver and brain phantom
tissues. SVD-based correction was applied, removing the
PC2 (24.84%) and PC3 (13.53%), which associated signifi-
cantly with slice thickness (p < 0.001), and PC5 (3.21%) that

Table 1 Population description
by tumor type (clinical
application)

Colorectal
adenocarcinoma

Clear cell renal
cancer

Total

N patients 24/43 (55.81%) 19/43 (44.19%) 43/43 (100%)

N patients Vall d’Hebron University
Hospital

18/26 (69.23%) 8/26 (30.77%) 26/43 (60.47%)

N patients Bellvitge University Hospital 6/12 (50.00%) 6/12 (50.00%) 12/43 (27.90%)

N patients TCGA-KIRC 0/5 (0%) 5/5 (100%) 5/43 (11.63%)

N lesions 52/97 (53.61%) 45/97 (46.39%) 97/97 (100%)

N lesions Siemens 28/51 (54.90%) 23/51 (45.10%) 51/97 (52.58%)

N lesions GE 24/46 (52.17 %) 22/46 (47.83%) 46/97 (47.42%)

TCGA-KIRC The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma, GE General Electric

Fig. 3 Intraclass correlation
coefficients (ICCs) of the
radiomics features of first order
and texture matrices (gray-level
co-occurrence matrix [GLCM],
gray-level dependence matrix
[GLDM], gray-level run length
matrix [GLRLM], gray-level size
zone matrix [GLSZM],
neighboring gray-tone different
matrix [NGTDM]) between
extreme CT-acquisition
parameters in the phantom
application
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associated significantly with convolution kernel (p < 0.001).
ComBat was applied three times for batch correction, de-
fined as convolution kernel, slice thickness, and convolu-
tion kernel–slice thickness combination. The K-means pu-
rity for tissue classification after SVD and ComBat batch
correction is described in Table 4. Importantly, ComBat
correction considering convolution kernel–slice thickness
combination as batch effects showed the highest clustering
purity (85.85%) (Fig. 5).

In the phantom study, the clustering performance from
resampled images did not show improvement from non-
resampled image data clustering (Supplementary Material 9).

Clinical application

In the clinical application of tumor type classification based on
liver metastasis, the SVD was applied removing the PC1
(34.21%) that associated significantly with slice thickness

Table 2 Effect of voxel
resampling to 1 × 1 × 1 mm3 on
the percentage of robust features
when comparing radiomics data
from phantom CT scans with
different voxel sizes. The
percentage of robust radiomics
features was compared before and
after correction using two-
proportion z test (p value < 0.05 in
italics)

% reproducible features (ICC > 0.8)

comparing CT scans of the phantom with different acquisition parameters

Pixel size (mm2) Non-resampled data Pixel size resampled data 1 × 1 mm2 p value*

0.39 × 0.39–0.78 × 0.78 51.61 (48/93) 87.10 (81/93) < 0.01

0.78 × 0.78–1 × 1 78.49 (73/93) 94.62 (88/93) < 0.01

0.39 × 0.39–1 × 1 48.40 (45/93) 86.02 (80/93) < 0.01

Slice spacing (mm) Non-resampled data Slice spacing resampled data 1 mm p value

1–1.25 86.02 (80/93) 88.17 (82/93) 0.83

1.25–2 79.60 (74/93) 98.92 (92/93) < 0.01

2–2.5 83.87 (78/93) 87.09 (81/93) 0.83

2.5–5 65.59 (61/93) 82.80 (77/93) 0.03

1–5 43.01 (40/93) 55.91 (52/93) 0.18

ICC intraclass correlation coefficient

*Adjustment for multiple testing was performed in each variability factor by controlling the false discovery rate
according to the Benjamini and Hochberg method

Fig. 4 Principal component
analysis (PCA) before and after
resampling to 1 × 1 × 1 mm3

voxels of CT images acquired
with different pixel sizes (a) and
slice spacings (b). PC4
(explaining 7.14% of the
radiomics data variance) is
associated with the different
acquisition pixel sizes before
resampling. PC2 (18.42%) is
associated with the distribution of
the different acquisition pixel
heights. After resampling, the
acquisition voxel size (accounting
for pixel size and slice spacing) is
not associated with the variance
explained by the PCA
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and convolution kernel (p < 0.001). Batch correction by
ComBat was applied three times, considering as batches the
convolution kernel, slice thickness, and convolution kernel–
slice thickness combination.

The K-means improvement for tissue classification after
SVD and ComBat batches correction are described in
Table 4. Importantly, ComBat correction for the convolution
kernel showed the best performance for primary tumor type

Table 3 Percentage of robust radiomics features (ICC > 0.8) without
batch correction and after batch correction with singular value
decomposition (SVD) and ComBat methods. The percentage of robust

radiomics features was compared before and after correction using two-
proportion z test (p value < 0.05 in italics)

% Reproducible features
comparing CT scans of the phantom with different acquisition parameters

Initial data Batch effect correction methods

SVD
Thickness–kernel

SVD
Kernel

SVD
Thickness

ComBat
Thickness–kernel

ComBat
Kernel

ComBat
Thickness

Slice thickness (mm)

2–3 88.17
p value**

97.85
0.06

96.77
0.16

98.92*
0.01

97.85
0.026

94.62
0.28

97.85
0.02

3–5 84.95
p value

93.55
0.10

88.17
1

96.77*
0.01

95.70
0.026

93.55
0.28

96.77*
0.02

2–5 75.27
p value

87.10
0.09

75.27
1

90.32
0.01

92.47*
0.008

82.80
0.28

89.25
0.02

Convolution kernel

A–B` 97.85
p value

98.92*
1

97.85
1

98.92*
1

97.85
1

97.85
1

96.77
1

B–C 93.55
p value

95.70
0.87

94.62
1

95.70
1

98.92*
0.14

96.77
0.58

92.47
1

C–D 72.04
p value

81.72
0.38

78.49
0.62

78.49
1

86.02*
0.07

86.02*
0.05

73.12
1

D–E 79.57
p value

86.02
0.58

84.95
0. 62

82.80
1

90.32
0.11

91.40*
0.05

78.49
1

A–E 83.87
p value

88.17
0.74

89.25

0.3-
90

83.87
1

92.47
0.14

95.70*
0.04

82.79
1

B–D 62.37
p value

75.27
0.21

73.11
0. 62

64.51
1

81.72
0.01

83.87*
< 0.01

61.29
1

D–A 55.91
p value

70.97
0.21

65.59
0. 62

62.37
1

79.57
0.01

83.87*
< 0.01

59.13
0.767

ICC intraclass correlation coefficient, SVD singular value decomposition

*The highest increase of robust radiomics features

**Adjustment for multiple testing was performed in each variability factor and correction method by controlling the false discovery rate according to the
Benjamini and Hochberg method

Table 4 K-means purity for phantom tissue (brain vs liver) and tumor type (colorectal carcinoma vs clear cell renal carcinoma) classification before and
after batch correction

K-means purity

Initial data SVD
Thickness–kernel

SVD
Kernel

SVD
Thickness

Combat
Thickness–kernel

Combat
Kernel

Combat
Thickness

Phantom 83.02 78.30 78.30 85.85* 85.85* 84.90 82.07

Tumor type 65.98 62.89 62.89 62.89 67.01 73.20* 67.01

SVD singular value decomposition

*The highest improvement of K-means purity classification
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classification based on radiomics data from liver metastasis
(purity = 73.20%) (Fig. 6).

In the clinical application, the clustering performance from
resampled images did not show improvement from non-
resampled image data clustering (Supplementary Material 9).

Discussion

The capacity to extract a large amount of valuable quantitative
data from medical images, such as CT, is revolutionizing the
way medical scans can be evaluated. However, the develop-
ment of reliable imaging biomarkers requires robust CT-based
radiomics data. In this study, we defined the main sources of
CT-radiomics variability based on a comprehensive phantom
study with multiple CT-acquisition protocols. We also evalu-
ated the influence of image resampling and the effect of
radiomics data normalization by means of batch effect correc-
tion to reduce the variability and improve the tissue-
classification capacity of radiomics in a phantom and clinical
application.

We have shown that voxel size, convolution kernel, and
slice thickness are relevant sources of variability. The voxel
size has the highest impact on radiomics variability, particu-
larly on texture features. Convolution kernel also affects first-
order features, which are overall the most robust features re-
gardless of the CT-acquisition protocol. Similarly to
Berenguer et al [8], we also found that the radiomics features
presented more variability when evaluated in CT scans ac-
quired with low voltage values (90 kV). Importantly, the
radiomics features were more robust when the voltage was
within the range applied in standard clinical practice (i.e.,
120–140 kV).

The pixel size varies in each scan and for each patient due
to the changing field of view, limiting the possibility to pre-
define this parameter. This study shows that image processing
techniques regarding voxel resampling reduce the variability
caused by the acquisition voxel size. A possible explanation
for this variability decrease could be the resolution homoge-
nization and the smoothness in gray-level transitions in the
resampling direction. Therefore, in the z-direction, despite that
we cannot restore the missing information in a large voxel size

Fig. 5 Principal component analysis (PCA) of the brain and liver material
radiomics distribution before and after convolution kernel–slice thickness
ComBat correction. The distance between the radiomics data of the brain
and liver materials from CT scans with different acquisitions protocols

increases after applying batch correction (i.e., the radiomics distribution
better reflects differences between materials and not due to the CT-
acquisition parameters)

Fig. 6 Principal component analysis (PCA) of the liver metastasis
radiomics distribution from CT scans of patients with colorectal
adenocarcinoma and clear cell renal carcinoma. PCA before and after
convolution kernel ComBat correction. The distribution of the groups

of patients with different tumor types differs more after batch
correction. The first component (PC1 [%]) of data variance can
differentiate better between groups (colorectal versus renal) after
correction

1468 Eur Radiol  (2021) 31:1460–1470



(e.g., 5 mm), when resampling, the texture analysis considers
the changes in gray levels inside the original voxel size and
avoids abrupt gray-level changes to make them more compa-
rable to the x- and y-directions.

In order to correct the variability caused by the reconstruc-
tion kernel and acquisition slice thickness, SVD-based and
ComBat batch correction techniques were applied to
radiomics data considering both image parameters as batches.
In line with Orlhac et al [18], we demonstrate that after apply-
ing ComBat, the distribution of the data (using PCA) was
modified to differentiate the phantom materials based on
radiomics features. In our study, we also show that the repro-
ducibility improves by means of ICCs. However, we aimed to
study not only the variability correction by ComBat but also
how the tissue-classification performance of radiomics im-
proves after this variability correction. We have shown that
ComBat correction for kernel and for kernel–slice thickness
combinations in both the phantom and clinical applications
outperforms the classification accuracy of radiomics data.
The SVD-based correction improved the reproducibility of
the radiomics features, although this could have suffered from
overcorrection, leading to a loss of biological meaning and
decreasing the tissue-clustering accuracy of radiomics.

Deep learning techniques have been developed to reduce
radiomics variability by reconstructing images to the same
convolution kernels [12]. However, the need for large data
sets and the wide variety of intra- and inter-manufacturer re-
construction kernels limits the application of these techniques.
ComBat correction can be applied in smaller datasets due to
the non-parametric adjusting methods used to correct data
variance associated to a particular factor.

The results of our study are promising, but we acknowl-
edge some limitations. First, we implemented a variability
correction method in both phantom and clinical applications.
The phantom was used to assess the intra-scanner variability
from one CT vendor while the clinical application analyzed
the inter-scanner variability for ComBat and SVD-based cor-
rection. Further studies with intra- and inter-manufacturer CT
scans could be performed to extend the application of batch
correction methods. Moreover, there are several reconstruc-
tion kernels along manufacturers that could be considered
comparable, as proposed by Mackin et al [25]. This would
reduce the inter-manufacturer variability and would facilitate
the definition of batches based on inter-manufacturer similar
kernels for large-scale multicenter studies. Second, the
radiomics variability correction was clinically tested as a
method to improve the tumor type classification. Although
this highlights the impact of post-acquisition CT-radiomics
normalization by means of batch correction, further applica-
tions need to be tested and validated in larger populations.
Finally, the described normalization methods have been tested
in CT images; it is of interest to test these in multi-image
modalities including MRI.

In conclusion, the main sources of CT-radiomics variability
are slice thickness and reconstruction kernels. The application
of image post-processing and the ComBat correction method
minimizes radiomics data variability regardless of the differ-
ences in the CT-image-acquisition protocols. These methods
are easy to apply to expand the potential of radiomics imple-
mentation in new retrospective and prospective multicenter
large-scale studies where the variability of the acquisition pro-
tocols and scanners is the major limitation.
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Results

4.2 Study 2

A CT-based radiomics signature is associated with

response to Immune Checkpoint Inhibitors in

advanced solid tumors

This study corresponds to objective 2. In this research, we explore the implementation

of CT-based radiomic features to develop predictive signatures of response to immunotherapy

in a population of advanced cancer patients with different tumor types and validate it in two

separate cohorts of bladder and lung cancer.

Reference:

Ligero, M., Garcia-Ruiz, A., Viaplana, C., et al. A CT-based Radiomics Signature Is Associated

with Response to Immune Checkpoint Inhibitors in Advanced Solid Tumors.

Radiology. Vol 299, No 1 (2021).
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Cancer immunotherapy is one of the most promising an-
ticancer treatment strategies. The landmark example 

of immunotherapy success was the development of im-
mune checkpoint inhibitors (programmed cell death–1 
[PD-1] and programmed cell death ligand–1 [PD-
L1]). Several monoclonal anti–PD-1 and anti–PD-L1 

antibodies, such as pembrolizumab, nivolumab, and 
atezolizumab, are now approved for the treatment of 
different tumor types, including urinary tract and lung 
cancer (1–10). Despite the excellent results of immune 
checkpoint inhibitor trials, some caveats remain about 
optimal patient stratification (11,12). Although some 
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Background:  Reliable predictive imaging markers of response to immune checkpoint inhibitors are needed.

Purpose:  To develop and validate a pretreatment CT-based radiomics signature to predict response to immune checkpoint inhibitors 
in advanced solid tumors.

Materials and Methods:  In this retrospective study, a radiomics signature was developed in patients with advanced solid tumors (includ-
ing breast, cervix, gastrointestinal) treated with anti–programmed cell death–1 or programmed cell death ligand–1 monotherapy 
from August 2012 to May 2018 (cohort 1). This was tested in patients with bladder and lung cancer (cohorts 2 and 3). Radiomics 
variables were extracted from all metastases delineated at pretreatment CT and selected by using an elastic-net model. A regression 
model combined radiomics and clinical variables with response as the end point. Biologic validation of the radiomics score with 
RNA profiling of cytotoxic cells (cohort 4) was assessed with Mann-Whitney analysis.

Results:  The radiomics signature was developed in 85 patients (cohort 1: mean age, 58 years 6 13 [standard deviation]; 43 men) 
and tested on 46 patients (cohort 2: mean age, 70 years 6 12; 37 men) and 47 patients (cohort 3: mean age, 64 years 6 11; 40 
men). Biologic validation was performed in a further cohort of 20 patients (cohort 4: mean age, 60 years 6 13; 14 men). The ra-
diomics signature was associated with clinical response to immune checkpoint inhibitors (area under the curve [AUC], 0.70; 95% 
CI: 0.64, 0.77; P , .001). In cohorts 2 and 3, the AUC was 0.67 (95% CI: 0.58, 0.76) and 0.67 (95% CI: 0.56, 0.77; P , .001), 
respectively. A radiomics-clinical signature (including baseline albumin level and lymphocyte count) improved on radiomics-only 
performance (AUC, 0.74 [95% CI: 0.63, 0.84; P , .001]; Akaike information criterion,  107.00 and 109.90, respectively).

Conclusion:  A pretreatment CT-based radiomics signature is associated with response to immune checkpoint inhibitors, likely 
reflecting the tumor immunophenotype.
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tumor tissue, which do not allow for complete tumor charac-
terization. Tumors are spatially and temporally heterogeneous 
(22,23), giving imaging an advantage in guiding personalized 
treatment because it yields a comprehensive view of the en-
tire tumor. Radiomics can provide noninvasive tools to study 
tumor biology, capture tumor heterogeneity, and monitor tu-
mor evolution and response to therapy.

In this study, we aimed to develop and test a radiomics sig-
nature from baseline (pretreatment) CT scans to predict re-
sponse to anti–PD-1/PD-L1 in patients with advanced solid 
tumors. For a biologic validation of this radiomics signature, 
associations with tumor-infiltrating lymphocytes and RNA 
profiling of cytotoxic cells were performed. We also explored 
the integration of CT-based radiomics and clinical data into a 
multidimensional signature for response.

Materials and Methods
The institutional review board approved this retrospective study. 
All patients included in the clinical trials provided written in-
formed consent. Need for informed consent for the computa-
tional analysis of the images was waived. Clinical trials in-
cluded in the study are listed in Table E1 (online).

Study Sample
Cohort 1 (training set) included patients treated with anti–PD-1/
PD-L1 monotherapy in phase I clinical trials from August 2012 
to May 2018. Cohort 2 (test set 1) was composed of patients with 
bladder cancer treated with anti–PD-1/PD-L1 from June 2013 
to May 2018. Cohort 3 (test set 2) was composed of patients 
with lung cancer treated with anti–PD-1/PD-L1 from Decem-
ber 2013 to April 2016. Cohort 4 (biologic validation set) was 

Abbreviations
AUC = area under the curve, PD-1 = programmed cell death protein–1, 
PD-L1 = programmed cell death protein ligand–1, RECIST = Response 
Evaluation Criteria in Solid Tumors

Summary
A CT-based radiomics signature, based on histogram, shape, and 
local-regional texture features, showed an association with immune 
response in advanced solid tumors.

Key Results
	n In this retrospective study of 85 patients, a CT-based 14-feature 

radiomics signature (histogram, shape, and local-regional texture) 
was associated with response to immune checkpoint inhibitors in 
advanced solid tumors (area under curve [AUC], 0.70; P , .001; 
sensitivity, 75%; specificity, 53%).

	n Radiomics combined with clinical data (baseline albumin and 
lymphocytes) improved response classification performance com-
pared with radiomics or clinical data alone (AUC, 0.74 vs 0.70 
and 0.64, respectively).

patients achieve dramatic responses, others do not respond 
at all. In addition, immune checkpoint inhibitors can cause 
serious side effects in some patients (13).

Further immunotherapy agents are being tested in com-
bination with PD-1/PD-L1 inhibitors to improve the re-
sponse of immunotherapy-sensitive tumors and to convert 
immunotherapy-insensitive tumors into responsive tumors 
(14). Given this, it is critical to optimally identify patients 
more likely to respond to immune checkpoint inhibitors to 
maximize patient benefit, minimize risks, and accelerate drug 
development. Currently, tumor PD-L1 expression, microsat-
ellite instability status, and tumor mutational burden are im-
perfect predictive bio-
markers of response to 
anti–PD-1/PD-L1 an-
tibodies, with varying 
performance across 
different tumor types 
(15,16).

Radiomics derives 
quantitative variables 
from imaging data of 
tumor tissues by the 
application of data 
mining algorithms to 
medical images (17–
21). Much of the dis-
cussion about person-
alized medicine has 
focused on molecular 
characterization by 
using genomic and 
proteomic technolo-
gies. However, these 
often require biopsies 
or invasive operations 
to extract and ana-
lyze small portions of 

Figure 1:  Flowchart shows inclusion/exclusion for all three patient cohorts. PD-1 = programmed cell death protein–1, PD-L1 = 
programmed cell death protein ligand–1.
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E3 [online]). Radiomics data were standardized to zero-cen-
tered distributions with logarithmic transformations.

Clinical Data
Clinical and laboratory data were collected from electronic 
patient records. These included age, sex, tumor type, East-
ern Cooperative Oncology Group performance status, 
number of organs with metastasis, lactate dehydrogenase 
level, leukocyte count, albumin level, lymphocyte count, 
platelet count, and neutrophil count at baseline. Outcome 
data included clinical benefit and overall survival. Clini-
cal benefit was defined as stable disease after 5 months of 
treatment or partial or complete response within the first 
5 months of treatment according to RECIST 1.1 (28,29). 

composed of patients with 
different tumor types and 
gene expression profiling 
from solid tumor biopsy 
samples where contrast-
enhanced CT was per-
formed within 4 months 
before biopsy. None of 
these patients had been in-
cluded in cohorts 1, 2, or 
3. All patients were treated 
at the Vall d’Hebron Insti-
tute of Oncology (Barce-
lona, Spain).

Exclusion criteria for 
this study comprised pa-
tients who had received 
previous immunothera-
pies, nonenhanced CT, 
CT with artifacts, non-
measurable lesions per 
Response Evaluation 
Criteria in Solid Tumors 
(RECIST) 1.1, and le-
sions with cystic changes 
or cavitation. We also 
excluded patients in 
whom the biopsy had 
been performed before 
the CT to avoid biopsy-
related changes. The 
study flowchart is shown 
in Figure 1.

Image Data Acquisition 
and Analysis
CT scans obtained 
within 28 days before 
the treatment start date 
were analyzed. Contrast-
enhanced CT scans were 
acquired by using 16- or 
64-channel CT scanners 
(Siemens, Philips, and GE Healthcare ) in the axial plane with 
tube voltage of 100–130 kV, section thickness of 2–5 mm, and 
section interval of 1.25–5 mm (Table E2 [online]). All well-de-
fined lesions per patient were delineated by a radiologist (R.P.L., 
with 10 years of experience in oncologic imaging), blinded to 
the clinical outcome, by using the 3DSlicer version 4.8.1 (24) 
semiautomatic contouring tool.

Images were resampled to isometric voxels of 1 3 1 3 
1 mm3 by using spline interpolation. Hounsfield units were 
binarized to discrete values of 10 HU (25). CT-based ra-
diomics features (first order, shape, and texture) were de-
rived by using the Pyradiomics package (version 2.2.0) for 
Python (version 3.7.1), compliant with the Image Bio-
marker Standardization Initiative guidelines (26,27) (Table 

Figure 2:  Schema shows radiomics workflow. The model was trained in cohort 1. Features were selected according to the 
reproducibility analysis. Then, the signature was tested in cohorts 2 and 3. Finally, a biologic validation was implemented by using 
RNA profiling in cohort 4.
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thresholding and housekeeping adjustment. The cytotoxic cell 
gene set included CD8A, GZMA, GZMB, and PRF1 genes. 
Methods for assessment of tumor-infiltrating lymphocytes and 
radiomics–tumor-infiltrating lymphocyte associations are de-
scribed in Appendix E1 (online).

Statistical Analysis
Test-retest reproducibility based on the acquisition protocols 
and interobserver reproducibility were assessed by using intra-
class correlation coefficients (31) (Appendix E1 [online]). An 
elastic-net model was implemented for feature selection in both 
radiomics and clinical-radiomics signature. The regularization 
parameters l and a were determined by using cross validation. 

Patient follow-up was considered as the time between treat-
ment baseline (treatment start date) and discontinuation.

Exploring Biologic Significance of CT-based Radiomics 
Signature
Assessment and immunophenotyping of tumor-infiltrating 
lymphocytes by NanoString (NanoString Technologies) gene 
expression profiling of tumor samples were performed at the 
Vall d’Hebron Institute of Oncology (30). The CT-based ra-
diomics score and the enrichment score of cytotoxic cells were 
calculated from the same biopsied lesion. The enrichment 
score was computed as the mean of the log-2 z-score of the 
transformed expression values of the gene set, after background 

Table 1: Study Sample Characteristics

Parameter Cohort 1 (n = 85) Cohort 2 (n = 46) Cohort 3 (n = 47) Cohort 4 (n = 20)
Mean age (y)*† 58 6 13 (29–85) 70 6 12 (44–91) 64 6 11 (39–88) 60 6 14 (25–85)
Sex
  Female 42 (49) 9 (20) 7 (15) 6 (30)
  Male 43 (51) 37 (80) 40 (85) 14 (70)
Primary tumor type
  Breast 14 (16) … … …
  Cervix 10 (12) … … …
  Other 10 (12) … … 1 (5)
  Gastrointestinal 9 (11) … … …
  Melanoma 8 (9) … … 1 (5)
  Thyroid 6 (7) … … …
  Lung 6 (7) … 47 (100) 15 (75)
  Bladder 6 (7) 46 (100) … …
  Head and neck 5 (6) … … …
  Ovary 3 (4) … … 3 (15)
  Pleura 2 (2) … … …
  Thymus 2 (2) … … …
  Kidney 2 (2) … … …
  Adrenal 2 (2) … … …
Treatment‡

  PD-1 immune checkpoint inhibitor 38 (45) 21 (46) 35 (75) …
  PD-L1 immune checkpoint inhibitor 47 (55) 25 (54) 12 (25) …
Best response
  Complete response 5 (6) 7 (15) 2 (4) …
  Partial response 7 (8) 15 (33) 11 (24) …
  Stable disease 41 (48) 6 (13) 17 (36) …
  Progressive disease 32 (38) 18 (39) 17 (36) …
Lesion location
  Node 86 (36) 66 (47) 46 (44) 4 (20)
  Liver 53 (22) 30 (21) 22 (21) 1 (5)
  Lung 60 (25) 28 (20) 26 (25) 11 (55)
  Other 37 (16) 16 (12) 10 (10) 4 (20)
No. of lesions 236 140 104 20
Mean lesion size (mm)* 35 (10–139) 35 (10–259) 39 (13–96) 40 (14–99)
Mean no. of lesions per patient* 2.77 (1–17) 3.04 (1–11) 2.21 (1–10) 1

Note.—Data in parentheses are percentages unless otherwise indicated. Cohort 1 is training, cohort 2 is bladder test set, cohort 3 is lung 
test set, and cohort 4 is biologic validation. PD-1 = programmed cell death protein–1, PD-L1 = programmed cell death protein ligand–1.
*Data in parentheses are range.
†Data are 6 standard deviation.
‡Atezolizumab, avelumab, durvalumab, retifanlimab, pembrolizumab, nivolumab, cemiplimab, PDR001, FAZ053.
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The radiomics signature was implemented by using general-
ized linear mixed models, including robust radiomics features 
(defined as intraclass correlation coefficient  0.7) selected by 
elastic net, lesion location (node, liver, lung, and others) and 
with consideration of patient identification as a random effect 
to adjust for the intrapatient variability for lesions from the 
same patient. The end point of the model was clinical benefit.

The clinical-radiomics signature was developed by using gen-
eralized linear models that included mean radiomics score per 
patient and clinical data with clinical benefit as the end point. 
The mean radiomics score per patient was derived from the 
probability (p) defined as follows:

 (1),

 (2),

where X is a matrix of Npatxp of p predictor variables, Npat is 
number of patients, and b is a px1 vector of the fixed-effects 

coefficients. Z is the Npatxq matrix for q random effects, and u 
is a qx1 vector of the random-effect coefficients. The radiomics 
score per patient (Radscorepat) is the average of all the lesion 
radiomics scores in a patient as defined in Equation (2) where 
Nlesions is the number of lesions and Radscorei is the radiomic 
score per lesion.

The area under the curve (AUC) and 95% CI (DeLong 
method) were determined from the receiver operating charac-
teristic curve, and the P value was assessed by using the Mann-
Whitney U test. The decision threshold to determine the sensi-
tivity and specificity was defined by maximizing the sensitivity 
given a minimal value of specificity of 50%.

The model performances obtained by using radiomics pre-
dictive score only and by combining radiomics score with clini-
cal data were compared by using Akaike information criterion. 
Hosmer-Lemeshow goodness-of-fit test was reported as the 
calibration statistic. The radiomics signature was internally 
validated with a stratified 10-fold cross-validation analysis 
(Appendix E1 [online]).

A patient-level analysis was performed by using logistic re-
gression to obtain odds ratios.

A Cox proportional hazard regression model was used to 
associate overall survival with the radiomics and radiomics-
clinical score. The proportionality of hazard assumptions was 
assessed with Schoenfeld residuals. Univariate and multivariate 
analyses were performed for each variable from the radiomics-
clinical signature. Overall survival analysis was performed by 
using the Kaplan–Meier method after score dichotomization. 
Patients who did not reach the end point were censored to the 
last follow-up date. The Harrell C-index was assessed to com-
pare both scoring systems.

Associations between radiomics score with tumor-infiltrating 
lymphocytes and cytotoxic immunophenotype enrichment were 
evaluated by using Mann-Whitney analysis. The P value a level 
was considered to indicate significance at .05.

Statistical analyses were performed by using R software, ver-
sion 3.5.0. The R packages used are listed in Table E4 (online). 
The code can be found at https://github.com/mligerhe/Immuno-
CTrad. The study workflow is summarized in Figure 2.

Results

Study Patient Characteristics
Of 115 patients from cohort 1, 67 patients from cohort 2, and 
63 patients from cohort 3, we excluded 13 because of non-
contrast CT scans, 11 because of artifacts at the tumor site, 30 
without measurable lesions per RECIST 1.1, and 13 whose 
scans did not fulfill the image acquisition criteria (Fig 1).

In cohort 1, a total of 236 lesions (mean number of lesions 
per patient, three; range, one to 17 lesions per patient) from the 
85 patients (mean age, 58 years 6 13 [standard deviation]; 42 
women [mean age, 55 years 6 12] and 43 men [mean age, 62 
years 6 13]) were included in the final analysis. The median fol-
low-up period was 4 months (interquartile range, 2–12 months); 
51% (43 of 85) of the patients showed a clinical benefit and 49% 
(42 of 85) of the patients did not show a complete response, par-
tial response, or stable disease after 5 months of treatment.

Table 2: CT-based Radiomics Signature and Radiomics-Clini-
cal Signature, Variables, and Coefficients

Variable b Model Coefficient
CT-based radiomics signature
  First-order entropy 11.73 (24.14, 27.6)
  First-order total energy 4.18 (20.78, 9.13)
  First-order uniformity 5.56 (24.11, 15.22)
  GLCM inverse difference moment 24.66 (218.37, 9.06)
  GLCM joint entropy 24.67 (214.18, 4.84)
  GLDM dependence nonuniformity  
    normalized

29.24 (221.23, 2.75)

  GLDM dependence variance 26.9 (215.62, 1.81)
  GLDM large dependence emphasis 3.82 (26.1, 13.73)
  Elongation 0.54 (29.04, 10.13)
  Least axis length* 0.62 (27.55, 8.78)
  Major axis length* 3.16 (223.96, 30.29)
  Maximum 2D diameter column 0.4 (25.76, 6.56)
  Minor axis length* 27.53 (235.08, 20.01)
  Surface area 21.66 (226.27, 22.95)
  Liver 21.77 (27.21, 3.67)
  Other 5.33 (21.38, 12.05)
CT-based radiomics and clinical  
    signature
  Mean radiomics score 2.06 (0.64, 3.48)
  Baseline lymphocytes (3 109/L) 0.49 (20.16, 1.14)
  Baseline albumin level (g/dL) 0.39 (20.1, 0.88)

Note.—Data in parentheses are 95% CIs. GLCM = gray level 
co-occurrence matrix, GLDM = gray level dependence matrix, 
2D = two-dimensional.
*Major axis length defined as the largest axis length of the region-
of-interest–enclosing ellipsoid; minor axis length defined as the 
second-largest axis length of the region-of-interest–enclosing 
ellipsoid; least axis length defined as the smallest axis length of 
the region-of-interest–enclosing ellipsoid.
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Table 3: Radiomics, Radiomics-Clinical, and Clinical-only Signature Performance

Cohort AUC P Value Sensitivity (%) Specificity (%) NPV (%) PPV (%) Positive LR Negative LR
Radiomics  

signature*
  Cohort 1 0.70 [0.64, 0.77] ,.001 75 (80/107)  

[65, 83]
53 (68/129)  

[44, 62]
72 (68/95)  

[61, 80]
57 (80/141)  

[48, 65]
1.58 [1.28, 1.96] 0.48 [0.33, 0.69]

  Cohort 2 0.67 [0.58, 0.76] ,.001 73 (53/73)  
[61, 82]

55 (37/67)  
[43, 67]

65 (37/57)  
[51, 77]

64 (53/83)  
[53, 74]

1.62 [1.2, 2.19] 0.5 [0.32, 0.76]

  Cohort 3 0.67 [0.56, 0.77] ,.001 73 (37/51)  
[58, 84]

57 (30/53)  
[42, 70]

68 (30/44)  
[52, 81]

62 (37/60)  
[48, 74]

1.67 [1.18, 2.37] 0.48 [0.29, 0.8]

Radiomics-
clinical 
signature†

  Cohort 1 0.74 [0.63, 0.84] ,.001 77 (33/43)  
[61, 88]

59 (25/42)  
[42, 74]

71 (25/35)  
[53, 85]

66 (33/50)  
[50, 78]

1.87 [1.23, 2.74] 0.38 [0.22, 0.74]

  Cohort 2 0.74 [0.59, 0.89] ,.001 84 (21/25)  
[64, 95]

67 (14/21)  
[43, 85]

78 (14/18)  
[52, 94]

75 (21/28)  
[55, 89]

2.52 [1.34, 4.72] 0.24 [0.09, 0.62]

  Cohort 3 0.73 [0.59, 0.88] ,.001 68 (17/25)  
[46, 85]

55 (12/22)  
[32, 76]

60 (12/20)  
[36, 81]

63 (17/27)  
[42, 81]

1.5 [0.88, 2.54] 0.59 [0.3, 1.17]

Clinical  
signature‡

  Cohort 1 0.64 [0.52, 0.76] .01 70 (30/43)  
[53, 82]

55 (23/42)  
[37, 69]

66 (23/35)  
[45, 79]

61 (30/49)  
[45, 74]

1.50 [1.01, 2.19] 0.55 [0.34, 0.98]

  Cohort 2 0.67 [0.5, 0.84] .02 84 (21/25)  
[64, 95]

48 (10/21)  
[26, 70]

71 (10/14)  
[42, 92]

66 (21/32)  
[47, 81]

1.6 [1.03, 2.5] 0.34 [0.12, 0.92]

  Cohort 3 0.65 [0.49, 0.81] .04 76 (19/25)  
[55, 91]

50 (11/22)  
[28, 72]

65 (11/17)  
[38, 86]

63 (19/30)  
[44, 80]

1.52 [0.95, 2.44] 0.48 [0.21, 1.08]

Note.—Data in parentheses are numerator/denominator; data in brackets are 95% CIs. LR = likelihood ratio, NPV = negative predictive 
value, PPV = positive predictive value.
*Radiomics signature including 14 variables from histogram, shape, and local-regional texture.
†Radiomics-clinical signature including mean radiomics score per patient, albumin level, and lymphocyte count.
‡Clinical signature including albumin level and lymphocyte counts.

Figure 3:  Receiver operating characteristic curves of (a) radiomics and (b) radiomics-clinical signature for predicting response 
to immune checkpoint inhibitors in cohort 1 (training set), cohort 2 (bladder test set), and cohort 3 (lung test set). AUC = area under 
the curve.

In cohort 2, a total of 140 lesions (mean number of lesions 
per patient, three; range, one to 11 lesions per patient) from 
the 46 patients (mean age, 70 years 6 12; nine women [mean 

age, 70 years 6 9] and 37 men [mean age, 70 years 6 12]) were 
included in the final analysis. The median follow-up time was 
4 months (interquartile range, 2–10 months); 54% (25 of 46) 

of the patients showed a 
clinical benefit, and 46% 
(21 of 46) did not.

In cohort 3, a total of 
104 lesions (mean num-
ber of lesions per patient, 
two; range, one to 10 le-
sions per patient) from 
the 47 patients (mean 
age, 64 years 6 11; seven 
women [mean age, 55 
years 6 6] and 40 men 
[mean age, 66 years 6 
11]) were included in the 
final analysis. The me-
dian follow-up time was 
5 months (interquartile 
range, 2–10 months); 
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(cohort 1: odds ratio, 1.22 [95% CI: 1.07, 1.41], P = .004; 
cohort 2: odds ratio, 1.34 [95% CI: 1.10, 1.70], P = .007; co-
hort 3: odds ratio, 1.22 [95% CI: 1.03, 1.47], P = .02) (Fig 4).

The radiomics-clinical score was associated with overall sur-
vival in all cohorts (cohort 1: hazard ratio, 0.14 [95% CI: 0.04, 
0.51], P = .003; cohort 2: hazard ratio, 0.02 [95% CI: 0.00, 
0.20], P = .001; cohort 3: hazard ratio, 0.13 [95% CI: 0.03, 
0.57], P = .01) (Table 4). Univariate and multivariate Cox pro-
portional hazard ratios are in Table E6 (online).

Patients with a high radiomics-clinical score (score . 0.45) 
showed improved overall survival compared with those with a 
low radiomics-clinical score (score  0.45); the 24-month over-
all survival in cohort 2 was 53% (95% CI: 35, 79) versus 25% 
(95% CI: 10, 62; P = .002), and in cohort 3 it was 36% (95% 
CI: 21, 60) versus 5% (95% CI: 1, 34; P = .02) (Fig 5).

Exploring the Biologic Significance of the CT-based 
Radiomics Signature
Tumor RNA profiling through NanoString and CT scans was 
available for 20 patients (cohort 4) (sample characteristics are 

53% (25 of 47) of the patients showed a clinical benefit, and 
47% (22 of 47) did not.

In cohort 4, 20 patients (mean age, 60 years 6 13; six women 
[mean age, 55 years 6 9] and 14 men [mean age, 63 years 6 
15]) were included in the final analysis for biologic validation. 
One lesion per patient was delineated, corresponding to the bi-
opsied tumor in which the RNA profiling was performed. The 
study sample characteristics are summarized in Table 1.

Predictive Model Development and Testing
Twenty-six radiomics features showed an intraclass correlation 
coefficient of 0.7 or greater in the reproducibility analysis (Ap-
pendix E1, Table E5 [online]). Elastic-net parameters were set 
to l of 0.001 and a of 1 for the radiomics signature, and 14 
from 26 variables were retained (Table 2).

In terms of classification performance, the training set had 
an AUC of 0.70 (95% CI: 0.64, 0.77; P , .001), the blad-
der test set had an AUC of 0.67 (95% CI: 0.58, 0.76; P , 
.001), and the lung test set had an AUC of 0.67 (95% CI: 
0.56, 0.77; P , .001) (Fig 3a). Sensitivity, specificity, nega-
tive predictive value, and positive predictive value for identify-
ing patients with clinical benefit with an optimal 
cutoff of 0.29 are summarized in Table 3. The ra-
diomics signature showed no evidence of poor fit 
(Hosmer-Lemeshow, P . .05).

Integrating Radiomics and Clinical Data
The radiomics-clinical elastic-net feature selection 
retained with nonzero coefficients (elastic-net to 
l = 0.08, a = .9) the mean radiomics score per 
patient and two clinical features (albumin and 
lymphocytes; Table 2).

The radiomics-clinical model showed an AUC 
of 0.74 (95% CI: 0.63, 0.84; P , .001) in the 
training set and AUCs of 0.74 (95% CI: 0.59, 
0.89; P , .001) and 0.73 (95% CI: 0.59, 0.88; P 
= .002) for predicting clinical benefit in cohorts 2 
and 3, respectively. Sensitivity, specificity, negative 
predictive value, and positive predictive value for 
identifying patients with clinical benefit with an 
optimal cutoff of 0.45 are summarized in Table 3. 
The radiomics-clinical model showed no evidence 
of poor fit (Hosmer-Leme-
show, P . .05). The radiomics-
clinical signature presented a 
better performance compared 
with the radiomics-only sig-
nature (Akaike information 
criterion,  107.00 and 109.90, 
respectively).

Clinical signature perfor-
mance is reported in Table 3 
and Figure E1 (online).

In the patient-level analysis, 
an increase in the mean score 
per patient was associated with 
clinical benefit in all cohorts 

Figure 4:  Association of the mean radiomics score per patient with clinical benefit for patient-level 
analysis in cohort 1 (phase I training set), cohort 2 (bladder test set), and cohort 3 (lung test set). Data 
in parentheses are 95% CIs. OR = odds ratio.

Table 4: Hazard Ratio and C-index for Association of Mean Radiomics and Radiomics-Clinical 
Score per Patient with Overall Survival in Cohorts 1, 2, and 3

Variable Hazard Ratio P Value C-index
Radiomics score
  Cohort 1 0.56 (0.28, 1.14) .11 0.61 (0.52, 0.7)
  Cohort 2 0.11 (0.03, 0.37) ,.001 0.74 (0.65, 0.82)
  Cohort 3 0.38 (0.16, 0.88) .03 0.61 (0.51, 0.7)
Radiomics-clinical score
  Cohort 1 0.14 (0.04, 0.51) .003 0.65 (0.56, 0.73)
  Cohort 2 0.02 (0, 0.2) .001 0.72 (0.62, 0.82)
  Cohort 3 0.13 (0.03, 0.57) .01 0.65 (0.57, 0.73)

Note.—Data in parentheses are 95% CIs.
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lymphocytes and high versus low mean radiomics score (score, 
.0.29 or 0.29) (mean, 2.37 6 1.12 vs 1.89 6 1.19; P = .36) 
(Appendix E1, Fig E2 [online]).

Discussion
Although immune checkpoint inhibitors have transformed the 
management of many tumor types, response rates are still sub-
optimal, and better treatment selection is required. In this study, 
we developed a radiomics signature that potentially allows strat-
ification of patients who are more likely to benefit from immune 
checkpoint inhibitors, achieving a 75% sensitivity and 53% 
specificity. The radiomics signature consisted of 14 features re-
lated to first-order histogram, shape, and local-regional texture 
(gray level–dependent matrix and gray level co-occurrence 
matrix derived). The negative coefficient of gray level–depen-
dent matrix dependence variance and dependence nonuni-
formity normalized features, indicating homogeneous tumors, 
were associated with a higher probability of immune response.  
Similarly, first-order uniformity that reflects tumor homoge-
neity was associated with a higher probability of response.

As a first step toward clinical application of our model, we 
tested it on two independent samples of patients with urinary 
bladder and lung cancer. In these test cohorts, the radiomics signa-
ture identified patients who benefited from treatment, with 73% 
sensitivity and 55% specificity in the bladder cancer cohort and 
73% sensitivity and 57% specificity in the lung cancer cohort. 
The moderately high sensitivity of this assay indicates a potential 
to better identify patients who may benefit from immune check-
point inhibitors and in whom this treatment may be prioritized.

In this study, we showed that integrating clinical data (albu-
min and lymphocytes at baseline) improved performance com-
pared with clinical-only and radiomics-only signatures (AUC, 
0.74 vs 0.64 and 0.70, respectively).

in Table 1). In this cohort, tumors with a high radiomics score 
(.0.29 according to the cutoff point of the receiver operating 
characteristic curve) showed higher values of immune cytotoxic 
cells compared with the tumors with low radiomics score, but this 
difference was not significant (0.80 6 0.12 vs 0.62 6 0.25; P = 
0.29) (Fig 6).

Tumor samples for tumor-infiltrating lymphocyte quantifica-
tion were available from 75 patients in cohorts 1 and 2 (Table E7 
[online]). No association was identified between tumor-infiltrating 

Figure 5:  Kaplan-Meier overall survival curve analysis in the cohort 2 (a) and cohort 3 (b) test sets. The CT-based radiomics and clinical score was defined as high 
(.0.45) or low (0.45), according to the receiver operating characteristic cutoff maximizing sensitivity. RadScore = radiomics score.

Figure 6:  Association between cytotoxic immunophenotype enrich-
ment score and the CT-based radiomics score in cohort 4. The CT-based 
radiomics score was defined as high (.0.29) or low (0.29), according 
to the receiver operating characteristic cutoff maximizing sensitivity. Dots 
correspond to the Cytotoxic enrichment value of each patient's lesion 
and whiskers corresponds to the minimum and maximum values of each 
radiomics score group.
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To assess for a biologic basis of the radiomics signature, we 
explored its association with cytotoxic immunophenotyping by 
gene expression profiling as a marker of tumor immunogenic-
ity (32,33). There was no statistically significant relationship 
between high CT-based radiomics score and enriched cytotoxic 
phenotype.

Few studies have been published on radiomics as a tool to 
assist in the medical treatment of patients with cancer undergo-
ing immunotherapies. Sun et al (18) developed a CD8+ tumor 
infiltration radiomics signature. In line with our results, Sun et al 
demonstrated that tumor homogeneity was associated with high 
CD8+ tumor infiltration. Similarly, image acquisition param-
eters were considered for their radiomics signature development. 
Unfortunately, we could not correlate our signature with that of 
Sun et al because peritumoral radiomics features were included 
in their model, whereas we restricted our analysis to tumor fea-
tures only because the periphery of tumors can contain artifacts 
(from contrast-enhanced vessels, fat, or air when the tumor is 
located at the organ edge).

With the advent of new tools for automatic or semiauto-
matic image segmentation and computational image analysis 
and quantification of radiomics signature scores, our signature 
could be incorporated into clinical trials and clinical practice in 
the near future. Whereas our data are reassuring regarding the 
biologic validity of our radiomics signature, further correlative 
studies in larger populations should now be performed in other 
tumor types including correlations with PD-L1 expression, mi-
crosatellite instability status, and tumor mutation burden, all of 
which are approved as predictive biomarkers for immune check-
point inhibitor therapy (34).

Our study had some limitations. First, because of the obser-
vational and retrospective nature of the work, no standardiza-
tion of image acquisition parameters was possible. Second, we 
developed a radiomics signature in a sample of multiple tumor 
types and validated in only two specific tumor types (bladder 
and lung cancer), which makes the training cohort more hetero-
geneous. Third, this predictive radiomics signature may be useful 
for anti–PD-1/PD-L1 patient selection but will require further 
testing in other cohorts as newer immunotherapies emerge. Last, 
our primary end point, clinical benefit, may not be used in piv-
otal trials, although we also identified an association between our 
signature and overall survival.

In conclusion, the CT-based radiomics signature developed 
in this study was associated with response to immune check-
point inhibitors in patients with advanced solid tumors. The in-
tegration of multidimensional data including radiomics, clinical 
variables and genomic characterization may be key to optimize 
immune checkpoint inhibitor treatment selection and, ultimately, 
improve survival and quality of life in patients with cancer.
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Abstract
Chimeric antigen receptor (CAR) T-cell therapy is a promising treatment option for
relapsed or refractory (R/R) large B-cell lymphoma (LBCL). However, only a subset
of patients will present long-term benefit. In this study, we explored the potential of
PET-based radiomics to predict treatment outcomeswith the aim of improving patient
selection for CART-cell therapy.We conducted a single-center study including 93 con-
secutive R/R LBCL patients who received a CAR T-cell infusion from 2018 to 2021,
split in training set (73 patients) and test set (20 patients). Radiomics features were
extracted from baseline PET scans and clinical benefit was defined based on median
progression-free survival (PFS). Cox regression models including the radiomics sig-
nature, conventional PET biomarkers and clinical variables were performed for most
relevant outcomes. A radiomics signature including 4 PET-based parameters achieved
an AUC = 0.73 for predicting clinical benefit in the test set, outperforming the pre-
dictive value of conventional PET biomarkers (total metabolic tumor volume [TMTV]:
AUC = 0.66 and maximum standardized uptake value [SUVmax]: AUC = 0.59). A high
radiomics score was also associated with longer PFS and OS in the multivariable
analysis. In conclusion, the PET-based radiomics signature predicted efficacy of CAR
T-cell therapy and outperformed conventional PET biomarkers in our cohort of LBCL
patients.
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CAR T cells, DLBCL, non-Hodgkin lymphoma, PET, progression-free survival, radiomics
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1 INTRODUCTION
Diffuse large B-cell lymphoma (DLBCL) is the most common type of
non-Hodgkin lymphoma [1]. Despite durable responses to first-line
immunochemotherapy in approximately 60% of cases [2, 3], less than
half of relapsed/refractory (R/R) patients are salvaged with intensive
chemotherapy followed by autologous stem cell transplant consol-
idation [4]. Chimeric antigen receptor (CAR) T-cell therapy is the
established third-line treatment for this disease [5, 6] and has shown
significantly improved results in comparison with chemotherapy for
early relapsed and refractory patients in the second-line setting [7, 8].
However, not all patients experience the same clinical benefit with this
cellular therapy, raising the need to find predictive biomarkers to aid
patient selection, leading toward a better efficacy and safety profile.

Quantitative imaging parameters from 18F-fluorodeoxyglucose
(FDG) positron emission tomography (PET) such as total metabolic
tumor volume (TMTV) and the maximum standardized uptake value
(SUVmax) have been associated with outcomes in patients with DLBCL
[9–12]. However, these standard quantitative PET characteristics are
limited to tumor burden and maximum metabolic consumption, but
do not provide details about the phenotype or spatial distribution of
the malignancy. Also, the reported results of these parameters are
heterogeneous, and their routine clinical use is still limited [9, 11,
13–15].

PET-based radiomics provides quantitative imaging data regarding
tumor shape, heterogeneity, and metabolic consumption distribution.
These parameters can provide insight into the tumor biology, including
meaningful information about the cancer cell metabolism and tumor
microenvironment for further identification of responsive phenotypes.
Some studies have defined PET-based radiomic features associated
with a favorable response to standard chemotherapy in patients with
DLBCL [16, 17]. However, scarce data is available in the specific setting
of CAR T-cell therapy [18].

In this study, we analyzed FDG-PET-based radiomic phenotypes
in R/R DLBCL patients treated with CD19-targeted CAR T-cell ther-

apy, aiming to identify those patients who would benefit most from
treatment. Furthermore, we looked at the added value of textural
features to standard prognostic factors for efficacy and safety after
therapy.

2 METHODS
2.1 Study population
The study included all consecutive patients with R/R diffuse large B-
cell lymphoma (DLBCL), de novo or transformed from an indolent
lymphoma, who received a single infusion of CD19-targeted second-
generation CAR T cells from July 2018 to November 2021 at Vall
d’Hebron University Hospital and had at least 1 disease assessment
after infusion. For both cytokine release syndrome (CRS) and immune
effector cell-associated neurotoxicity syndrome (ICANS), grading was
carried out according to the American Society for Transplantation
and Cellular Therapy (ASTCT) criteria and management followed local
guidelines [19, 20]. All patients included in the studyprovided informed
consent. The study was approved by the ethical committee of the
Vall d’HebronUniversityHospital (PR[AG]404/2020) and conducted in
accordance with the Declaration of Helsinki.

2.2 Endpoints and definitions
Clinical datawere collected from the electronicmedical records. These
included age, sex, disease stage before CAR T-cell therapy, previous
lines of treatment, previous stem cell transplant (SCT), Eastern Coop-
erative Oncology Group (ECOG) status, lactate dehydrogenase (LDH),
tumor histology (transformed from indolent lymphoma or DLBCL de
novo high-grade B-cell lymphoma double hit/triple hit [DH/TH]) and
cell of origin (germinal center B-cell [GCB] or non-GCB). The primary
endpoint was progression-free survival (PFS), defined as time between

F IGURE 1 Radiomics analysis workflow.
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LIGERO ET AL. 1083

F IGURE 2 ROC curves for 3-month progression-free survival (PFS) prediction of the radiomics signature in the training and test sets (A) and
fivefold cross-validation analysis (B).

TABLE 1 Baseline patient characteristics.

Characteristics N= 93
Training
N= 73

Test
N= 20 p*

Age, years, median (IQR) 59 (50–68) 57 (47–67) 62 (56–66) 0.115
Age,≥65 years, n (%) 30 (32)

Sex, male, n (%) 63 (68) 48 (66) 25 (34) 0.590
Disease stage before CAR T-cell therapy
Stages I–II, n (%) 25 (27) 21(29) 4 (20)
Stages III–IV, n (%) 68 (73) 52 (71) 16 (80) 0.573

Previous lines of treatment>2, n (%) 31 (33) 23 (32) 8 (40) 0.593
Previous SCT, n (%) 30 (32) 21 (29) 9 (45) 0.186
ECOG,≥1, n (%) 61 (66) 46 (63) 15 (75) 0.428

Primary refractory, n (%) 55 (59) 41 (56) 14 (70) 0.312
Median LDH/ULN (IQR), U/L 1.39 (0.93–2.28) 1.39 (0.94–2.24) 1.04 (0.93–2.39) 0.728
LDH> 2×ULN, n (%) 32 (34) 26 (36) 6 (30) 0.792
IPI prognostic score, n (%)
0–2 49 (52) 37 (51) 12 (60)
3–5 44 (47) 36 (49) 8 (40) 0.614

Bulky disease (>7 cm), n (%) 30 (32) 23 (32) 9 (45) 0.294
Histology, n (%)
Transformed from indolent lymphoma 20 (21) 15 (21) 5 (25) 0.760
DLBCL de novo 61 (66) 48 (65) (66) 1
High-grade B-cell lymphoma (DH/TH) 12 (13) 10 (14) 2 (10) 1

Cell of origin, n (%)
GCB 60 (64) 49 (67) 11 (55)
Non-GCB 25 (27) 19 (26) 6 (30)
Not available 8 (9) 5 (6) 3 (15) 0.416

Costimulatory domain, n (%)
41BB 62 (67) 49 (67) 13 (65)
CD28 31 (33) 24 (33) 7 (35) 1

*pValues were obtained fromANOVA test for continuous variables and Fisher’s exact test for categorical variables.
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1084 LIGERO ET AL.

TABLE 2 Radiomics versus conventional PET performance using AUC, accuracy (ACC), sensitivity (SE), specificity (SP), positive predictive
value (PPV), and negative predictive value (NPV).

Training Test
AUC [95%CI] pValue

ACC
(%)

SE
(%)

SP
(%)

NPV
(%)

PPV
(%) AUC [95%CI] pValue

ACC
(%)

SE
(%)

SP
(%)

NPV
(%)

PPV
(%)

RAD
score

0.79
[0.68–0.89]

<0.001 75 87 64 82 71 0.73
[0.48–0.98]

0.045 65 40 90 80 60
SUVmax 0.66

[0.53–0.79]
0.992 67 59 75 82 71 0.59

[0.32–0.86]
0.759 55 70 40 57 54

TMTV 0.66
[0.53–0.78]

0.99 66 81 50 72 63 0.66
[0.38–0.94]

0.891 60 80 40 67 57

Abbreviations: RAD, radiomics score; SUVmax, maximum standard uptake value; TMTB, total metabolic tumor burden.
In bold p-value below 0.05 (i.e., statistically significant).

CAR T-cell infusion and disease progression or death, whichever
occurred first. Secondary endpoints included overall survival (OS),
defined as the time between CAR T-cell infusion and death, best
response achieved after infusion and clinically significant adverse
events, defined as grade≥2 CRS and/or ICANS in this study.

2.3 Disease assessment and evaluation
All patients underwent a PET-CT scan at our institution after the
last bridging regimen, within 7 days of starting lymphodepleting
chemotherapy. Disease evaluation after CART-cell therapywas sched-
uled at 1, 3, 6, 12, 18, and24months after infusion. The imaging reports
were based on the Lugano recommendations for response assessment
and graded according to the 5-point Deauville score [21]. Patients
achieving a complete metabolic response (CMR, Deauville scores 1–
3) or partial metabolic response (PMR) were considered responders to
CAR T-cell therapy.

2.4 PET/CT exam and feature acquisition
The PET-CT exam required a minimum of 6-hour fast prior to
the intravenous administration of 3.7 MBq/kg (222–370 MBq) of
18fluorodeoxyglucose (18F-FDG). Glucose values below 140 mg/dL
were required in all cases prior to administration of the radiopharma-
ceutical. Before scanning, the patients were at rest for a minimum of
60 min. Images were obtained using a Siemens Biograph mCT, which
combines a spiral CT of 64 slices (210 keV, 120 mAs, care dose) with
a dedicated PET, from the skull to the upper third of both femurs. The
images generated were evaluated by a nuclear medicine physician in a
syngo.via Siemens Healthcare workstation [9].

Standard Uptake Value (SUV) was computed voxel-wise from 18F-
FDG PET/CT images normalized to patient’s weight and injected
dose [22]. Lesions were delineated in the PET scans by an experi-
enced nuclear medicine physician using a custom workflow fromMIM
Encore™ software (MIM Software Inc., Cleveland, OH, USA), which
selected allmetabolic activity above the 41%maximumSUV threshold.

F IGURE 3 Area under the reciever operating characteristic
(AUROC) curve for 3-month progression-free survival (PFS)
prediction of conventional PET biomarkers (SUVmax and TMTV) and
radiomics score individually or incombination. RAD, radiomics score;
SUV, standard uptake value; TMTB, total metabolic tumor burden.

Images and segmentations were reviewed by a nuclear medicine spe-
cialist. Before feature extraction, images were resampled to 2 × 2 × 2
mm3 using spline interpolation and discretized to a fixed bin number
of 25 [23]. From the lesion with the largest volume, 105 radiomics
features were extracted. These features correspond to quantitative
characteristics regarding first order SUV distribution and metabolic
consumption heterogeneity in the tumor measured by Gray-Level Co-
occurrence Matrix [GLCM], Gray-Level Dependence Matrix [GLDM],
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LIGERO ET AL. 1085

Gray-Level Run Length Matrix [GLRLM], and Gray-Level Size Zone
Matrix [GLSZM]). All features were computed as described by van Gri-
ethuysen et al. [24]. Conventional PET features (SUVmax and TMTV)
were also computed from the whole metabolic disease. Image pre-
processing and feature extraction were computed using Pyradiomics
v.3.0.1 [24] package and Python v.3.8.8.

2.5 Statistical analysis
Data was split into training and test sets (80% and 20%, respec-
tively). The training set was used to build the model and the test
set to validate its performance. Population characteristics of both
sets were balanced according to baseline international prognostic
index (IPI) score, costimulatory domain and treatment response. In
the training cohort, the least absolute shrinkage and selection oper-
ator (LASSO)-regression were used for radiomic feature selection.
LASSO regularization parameter (λ) was optimized by maximizing the
area under the curve (AUC) from cross-validation. Logistic regression
including the selected features was trained and tested for classifying
3-month PFS (median PFS of this cohort). The performance of con-
ventional PET features and the radiomic score were compared using
the AUC from the receiver operating characteristic (ROC) curve. The
95% confidence intervals and the p value were assessed with the
DeLong method and the Mann–Whitney U test, respectively. Strat-
ified repeated fivefold cross-validation was implemented to explore
the model generalizability for different data splits. Finally, univariate
and multivariate Cox proportional hazard regression analysis were
performed with clinical and PET-based data (including the radiomics
signature) to investigate the impact of these factors on continuous
PFS and OS. Kaplan–Meier curves were reported for the multivariate
Cox prediction after discretization by Youden’s threshold optimiza-
tion (Figure 1). The potential impact of radiomic features on safety
outcomes (grade ≥2 CRS and/or ICANS) were evaluated using the
Mann–WhitneyU test.

3 RESULTS
3.1 Patient characteristics
Of 101 consecutive patients with R/R DLBCL treated with CD19-
targeted CAR T cells during the study period, 7 were excluded because
pretreatment PET scanswere not available or diseasewas notmeasur-
able, and 1 patient died prior to the first response evaluation (Figure 2).
Finally, 93 patients were included in the study.

Patients’ characteristics are summarized in Table 1. The median age
was 59 years (interquartile range [IQR] 50–68) and 68% were male.
Median number of prior lines was 2 (IQR 2–3), 73% had an advanced
stage of disease, and 33% had undergone a previous autologous stem
cell transplant (ASCT). Regarding the construct, 33% received axicab-
tagene ciloleucel and 67% received a CD19-targeted construct with
4-1BB costimulatory domain, including tisagenlecleucel and an inves-

tigational product. Median values for SUVmax and TMTVwere 16 [IQR
21–22] and 177 cm3 [45–549], respectively.

3.2 Efficacy and safety data
Best response after CAR T-cell therapy was CMR in 37 (40%) patients,
PMR in 33 (35%) (overall response rate 75%) and PMD in 23 (25%).
With amedian follow-up of 17.6months (95%CI 12–24.3),median PFS
and OS of the whole cohort were 3.9 months (95% CI 3.03–14.1) and
15.4months (95% 10.8–NR), respectively.

Regarding toxicity, any grade of CRS and ICANS occurred in 68
(73%) and 33 (35%) patients, respectively. Grade ≥2 CRS and ICANS
developed in 29 (31%) and 25 (27%) patients, respectively.

3.3 Radiomics signature development
Seventy-three and 20 patients were randomly selected to build (train-
ing set) and validate (test set) the model. Baseline characteristics were
similar between the training and test sets (Table 1). Among the 105
computed radiomics features, four of them were identified as those
with the highest association with PFS using LASSO with the lambda of
λ=0.102as described in themethods. The4 selected features included
maximum intensity, skewness, major axis length, and large dependence
low gray-level emphasis (LDLGLE) from the texture matrix GLDM. The
radiomics scored can be obtained by using Equation (1)

RadScore = 11 + exp−y (1)

y = −0.042 + −0.580 × ShapeMajor Axis Length+−0.331 × First order Maximum+−0.646 × First order Skewness×−0.565 × GLDM LDLGLE.
The PET-based radiomics signature points out that having larger

lesions (measured by major axis length) negatively contribute to
have a worse prognosis. Similarly, lesions with high SUVmax (maxi-
mum intensity) or negatively skewed distribution (skewness), which
means more density of voxels in with high SUV values are more likely
to not benefit more from CAR T-cell therapy (Table 3). Addition-
ally, the model also includes GLDM large dependence low gray-level
emphasis, which indicates that lesions with more homogeneity in
lower SUVmax values will have less risk of progress. The radiomics
score reached an AUC of 0.79 [95% CI 0.68–0.89] and 0.73 [95%
CI 0.48–0.98] in the training and test sets, respectively, for pre-
diction of 3-month PFS. Moreover, the radiomics signature showed
a stable classification performance with an AUC of 0.67 [95% CI
0.48–0.84] in the cross-validation analysis (Figure 2). Accuracy, sensi-
tivity, and specificity for the optimal cut-off of 0.43 are described in
Table 2.
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1086 LIGERO ET AL.

F IGURE 4 Kaplan–Meier curves for themultivariate analysis
predicted progression-free survival (PFS) values.

3.4 Integration of radiomics and conventionalPET features to predict CAR T-cell efficacy
Thereafter, we investigated the performance of conventional PET fea-
tures to predict PFS in our population. PET established biomarkers
including baseline SUVmax of all lesions (AUC 0.59 [95%CI 0.32–0.86])
and TMTV (AUC 0.66 [95% CI 0.38–0.94]), individually or in com-
bination (AUC 0.69 [95% CI 0.44–0.94]), showed a lower predictive
capacity than the radiomics score for 3-month PFS. Furthermore, the
addition of preestablished PET parameters to the radiomics score did
not increase the predictive capacity of the latter in the training nor test
sets (Figure 3).

3.5 Impact of imaging and clinical factors onefficacy
In the univariate analysis, a low radiomics score (HR2.97 [95%CI1.74–
5.1], p < 0.001), high baseline TMTV (HR 2.01 [95% CI 1.27–3.17],
p = 0.003) and SUVmax (HR 1.03 [95% CI 1.00–1.05], p = 0.022), as
well as ECOG ≥1 at lymphodepletion (HR 1.91 [95% CI 1.06–3.44],
p = 0.031), a higher number of previous lines of therapies (HR 1.71
[95%CI 1.29–2.27], p<0.001) and4-1BBas costimulatory domain (HR
4.17 [95%CI2.04–8.53],p<0.001)wereassociatedwith a shorterPFS.
The low radiomics score and costimulatory domain 4-1BB retained sig-
nificance in the multivariate LASSO-Cox regression analysis for PFS
(Figure 4, Table 3).

Regarding OS, a low radiomics score (HR 2.83 [95% CI 1.52–
5.27], p < 0.001), high baseline TMTV (HR 2.33 [95% CI 1.35- 3.86],

p = 0.001), and SUVmax (HR 1.03 [95% CI 1.01–1.06], p = 0.024), as
well as for ECOG ≥1 (HR 2.39 [95% CI 1.14–5.03], p = 0.021), higher
number of previous lines of treatment (HR 1.89 [95% CI 1.36–2.63],
p< 0.001) and 4-1BB as costimulatory domain (HR 2.81 [95%CI 1.24–
6.35], p = 0.013) were associated with a lower OS in the univariate
analysis. In the multivariate LASSO-Cox model for OS, the radiomics
score, ECOG ≥1, 4-1BB as costimulatory domain, baseline TMTV, and
number of previous lines of treatment retained a significant impact
(Table 3).

3.6 Impact of radiomics and conventionalPET-based features on safety
Finally, we explored the association between the radiomics score and
conventional PET-based features on significant adverse events after
CART-cell therapy.Neither the radiomics score TMTVnor SUVmax was
associated with a higher incidence of grade ≥2 CRS or ICANS in our
cohort (p > 0.05). Similarly, we could not identify risk factors for grade
≥2CRSand/or ICANSamong the clinical variables including age, ECOG
≥1, number of previous lines of treatment, and costimulatory domain
(p> 0.05).

4 DISCUSSION
The advent of CAR T-cell therapy has significantly improved the prog-
nosis of patients with R/R DLBCL. However, only a subset of patients
achieves durable responses after therapy. The identification of predic-
tive biomarkers to aid patient selection and prognostic stratification is
an unmet need in the field. In this study, we developed a PET-based
radiomics signature capable of predicting clinical benefit after CAR
T-cell therapy with an accuracy of 75%. This radiomics signature com-
binedmetabolic consumption (SUV), tumor size, andmetabolic activity
distribution, indicating that patients with smaller lesions and lower
SUVmax or negatively skewed distribution are more likely to benefit
from CAR T-cell therapy. The radiomics signature outperformed other
established PET parameters, indicating that a more comprehensive
evaluation of PET images including radiomic features could,more accu-
ratelycapture, which DLBCL patients aremore likely to respond to this
novel cellular therapy.

Conventional PET-based biomarkers such as TMTV and SUVmax
have been analyzed as prognostic biomarkers in lymphoma patients
treated with CAR T cells [9–11], showing that higher baseline val-
ues are associated with a lower probability of response and long-term
survival. Moreover, PET-based radiomic signatures have been asso-
ciated with response to treatment in DLBCL patients treated with
conventional chemotherapy, showing a better performance than stan-
dard clinical scoring systems, such as the IPI score [16]. However, few
studies have implemented PET-based radiomics for modeling tumor
response to CAR T-cell therapy. Zhou et al. evaluated the prognostic
value of different PET-based radiomic features and explored the asso-
ciation between baseline radiomics and cytokine release syndrome
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LIGERO ET AL. 1087

TABLE 3 Univariate andmultivariate Cox for progression-free survival (PFS) and overall survival (OS).
Univariate andmultivariate analysis for PFS Univariate andmultivariate analysis for OS
Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis
HR [95%CI] p HR [95%CI] p HR [95%CI] p HR [95%CI] p

Age 1.01 [0.99–1.04] 0.223 1.01 [0.99–1.04] 0.299
ECOG≥1 1.91 [1.06–3.44] 0.031 2.39 [1.14–5.03] 0.021 1.83 [0.84–3.97] 0.127
Number of previous
lines of treatment

1.71 [1.29–2.27] <0.001 1.89 [1.36–2.63] <0.001 1.85 [1.27–2.69] 0.001
Costimulatory domain
4-1BB

4.17 [2.04–8.53] <0.001 3.90 [1.9–8.00] <0.001 2.81 [1.24–6.35] 0.013 1.89 [0.81–4.4] 0.138
TMTV (dL) 2.01 [1.27–3.17] 0.003 2.33 [1.41–3.86] 0.001 1.44 [0.79–2.61] 0.236
SUVmax 1.03 [1.01–1.05] 0.022 1.03 [1–1.06] 0.024
LowRAD score 2.97 [1.47–5.10] <0.001 2.72 [1.59–4.67] <0.001 2.83 [1.52–5.27] <0.001 2.33 [1.2–4.51] <0.001

Note: All parameters were assessed from the pretreatment PET imaging.
In bold p-value below 0.05 (i.e., statistically significant).

in a small cohort of lymphoma patients. Similar to our results, Zhou
et al. found that some textural features had a better performance than
conventional PET parameters. Reinert et al. identified temporal asso-
ciations between radiomic textural features and serologic markers of
response such as C-reactive protein, LDH and leukocyte count. Note-
worthy, these studies were performed in limited cohorts (less than 30
patients each) and only carried out univariate analysis to associate
PET-based radiomic features to outcome. In our study, a multivariate
analysis combining different tumor characteristics was performed to
define responsive phenotypes. Furthermore, the availability of a larger
cohort of patients treatedwithCARTcells allowedus to test ourmodel
using internal validation.

In our study, tumor heterogeneity by radiomics evaluationwas asso-
ciated with a lower probability of response after CAR T-cell therapy.
This could be explained by a diverse composition of the tumor cells and
microenvironment and, potentially, heterogeneous expression of the
target antigen, which have been described as predictive biomarkers of
response in the setting of adoptive T-cell therapies [25, 26].

Several limitations should be taken into account in this study.
Despite being one of the largest studies on radiomics in CAR T-cell
patients, our results are limited by the relatively small sample size
of the validation cohort. Nevertheless, the results are encouraging
to explore further in larger, more heterogeneous datasets, allowing
an improvement of the model and additional validation. Of note, our
pipeline incorporates early preprocessing steps including SUV stan-
dardization, making our model easier to be computed from images
acquired with different scanners and facilitating its implementation
in clinical practice. Furthermore, we have provided the preprocessing
methods aswell as the equation to obtain the final score. This will facil-
itate thevalidation inof our signature inother external cohortswithout
needing the data access. Moreover, further analysis of these biomark-
ers, integrating clinical, imaging and molecular data, could lend insight
into the biological mechanisms that lead to higher response rates in
these patients. Thus, the indication of CART-cell therapy should not be

made based on a single variable but integrating radiomics with other
prognostic factors.

In conclusion, in this study, we trained and validated a proof-
of-concept PET-based radiomics signature to predict response to
CAR T cells. This model outperformed conventional PET parame-
ters and showed an independent predictive value after adjusting for
well-known clinical factors.
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Results

4.4 Study 4

Radiomics and outcome prediction to anti-angiogenic

treatment in advanced gastroenteropancreatic

neuroendocrine tumours: findings from the phase II

TALENT trial

This study corresponds to objective 3. In this research, we implemented radiomics

pipelines to predict response to anti-angiogenics treatment in a population of patients with

neuroendocrine tumors, characterized by a distinct imaging phenotype attributed to their

highly vascularized nature. Additionally, the unique attributes of this tumor type, which is

usually scanned in multiple CT-acquisition phases, facilitated the exploration of multi-modal

radiomics analysis employing data from portal and arterial phases.

Reference:

Ligero M., Hernando J., Delgado E. et al. Radiomics and outcome prediction to anti-angiogenic

treatment in advanced gastroenteropancreatic neuroendocrine tumours: findings from the phase

II TALENT trial.

BJC Reports 1, 9 (2023).
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Radiomics and outcome prediction to antiangiogenic
treatment in advanced gastroenteropancreatic neuroendocrine
tumours: findings from the phase II TALENT trial
Marta Ligero1,16, Jorge Hernando2,16, Eric Delgado1, Alonso Garcia-Ruiz1, Xavier Merino-Casabiel3, Toni Ibrahim4, Nicola Fazio5,
Carlos Lopez6, Alexandre Teulé7, Juan W. Valle8, Salvatore Tafuto9, Ana Custodio10, Nicholas Reed11, Markus Raderer12,
Enrique Grande13, Rocio Garcia-Carbonero14, Paula Jimenez-Fonseca15, Alejandro Garcia-Alvarez2, Manuel Escobar3, Oriol Casanovas7,
Jaume Capdevila2,17 and Raquel Perez-Lopez 1,3,17✉

© The Author(s) 2023

BACKGROUND: More accurate predictive biomarkers in patients with gastroenteropancreatic neuroendocrine tumours (GEP-NETs)
are needed. This study aims to investigate radiomics-based tumour phenotypes as a surrogate biomarker of the tumour vasculature
and response prediction to antiangiogenic targeted agents in patients with GEP-NETs.
METHODS: In this retrospective study, a radiomics signature was developed in patients with GEP-NETs and liver metastases
receiving lenvatinib. Patients were selected from the multicentre phase II TALENT trial (NCT02678780) (development cohort).
Radiomics variables were extracted from liver metastases in the pre-treatment CT-scans and selected using LASSO regression and
minimum redundancy maximum relevance (mRMR). Logistic regression and Cox proportional-hazards models for radiomics and
combined radiomics with clinical data were explored. The performance of the models was tested in an external cohort of patients
treated with sunitinib (test cohort). Associations between the radiomics score and vascularisation factors in plasma were studied
using hierarchical clustering and Mann–Whitney U test.
RESULTS: A total of 89 patients were included in the study, 408 liver metastases were analysed. The CT-based radiomics signature
was associated with clinical benefit in the development (training and validation sets) and test cohorts (AUC 0.75 [0.66–0.90], 0.67
[0.49–0.92] and 0.67 [0.43–0.91], respectively). The combined radiomics-clinical signature (including the radiomics score, Ki-67 index
and primary tumour site) improved on radiomics-only signature performance (AUC 0.79 [95% CI 0.64–0.93]; p < 0.001). A higher
radiomics score indicated longer progression-free survival (hazard ration of 0.11 [0.03–0.45]; p= 0.002) and was associated with
vascularisation factors (p= 0.01).
CONCLUSIONS: Radiomics-based phenotypes can provide valuable information about tumour characteristics, including
the vasculature, that are associated with response to antiangiogenics.
CLINICAL TRIAL REGISTRATION: This is a study of the Lenvatinib Efficacy in Metastatic Neuroendocrine Tumours (TALENT) phase II
clinical trial (NCT02678780).

BJC Reports; https://doi.org/10.1038/s44276-023-00010-0

BACKGROUND
Neuroendocrine tumours (NETs) are considered heterogeneous
and complex to treat malignancies. Nevertheless, in the last two
decades the treatment landscape for gastroenteropancreatic
neuroendocrine tumours (GEP-NETs) has improved considerably,
with an increase in available treatment strategies, making patient
stratification and treatment selection more challenging. There is a

wide range of effective therapies including somatostatin analo-
gues, radiolabelled somatostatin analogues, molecular-targeted
agents or chemotherapy [1–3]. Among them, antiangiogenic
targeted therapies such as lenvatinib have demonstrated a high
radiological response rate in these patients [4, 5]. Several clinical
indicators have been considered as prognostic factors for NETs
such as the Ki-67 proliferative index and disease staging [6].
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However, there remains a clinical need to find predictive
biomarkers of response to novel targeted therapies for achieving
more precise patient selection [7].
Radiomics analysis allows for the extraction of quantitative data

from routinely acquired medical images and correlation of
imaging features with the underlying tumour characteristics
including the tumour vasculature [8]. Radiomics opens a window
of opportunity to develop new tools for improved prediction and
response evaluation to novel treatment options. Current studies
have been focused on applying radiomics for NET staging, grade
characterisation and determination of alternative prognostic
factors [9–19], but there is scarce data about radiomics to predict
response to antiangiogenics in NETs [19]. Accounting for the
emerging treatment strategies for NET patients, radiomics could
also contribute in determining the best therapeutic approach for
each patient.
The aim of this study was to develop and evaluate the

performance of a computed tomography (CT)-based radiomics
signature for tumour response prediction to antiangiogenic
agents prior to treatment. Patients with advanced GEP-NETs
enrolled in a multicentre phase II clinical trial conducted with the
antiangiogenic targeted agent lenvatinib were included in the
study [5]. To validate the signature, an external cohort of patients
with pancreatic NET treated with another multikinase inhibitor
with also proved antiangiogenic activity used in routine clinical
practice, sunitinib, was studied. Secondarily, a multiphase model,
that included information of both arterial and venous CT-image
acquisitions, was explored to see whether this improved
the performance for response prediction. Moreover, integration
of the CT-based radiomic model and clinical data was also
investigated in an attempt to improve the predictive value of this
tool. We hypothesised that a CT-based radiomics phenotype can
provide meaningful information about biology of NETs (including
the tumour vasculature) and its susceptibility to respond to
antiangiogenic treatment. The CT-based radiomics signature could
be used to stratify patients by identifying those that are more
likely to benefit from antiangiogenic targeted agents.

METHODS
The institutional review board approved this retrospective study. Informed
consent for computational image analysis was waived.
All patients included in the clinical trial Lenvatinib Efficacy in Metastatic

Neuroendocrine Tumours (TALENT) NCT02678780 [5] provided written
informed consent.

Study sample
The development cohort consisted of patients with GEP-NETs treated with
the multikinase inhibitor lenvatinib in a multicentre, international, phase II
clinical trial conducted from October 2015 to August 2020, identified as
NCT02678780 (Supplementary Table 1 participant centres). The test cohort
consisted of patients with pancreatic NETs treated with the multikinase
inhibitor sunitinib as standard of care at the Vall d’Hebron Institute of
Oncology (Barcelona, Spain) from October 2011 to September 2020.
Patients with GEP-NET liver metastasis and intravenous contrast-

enhanced CT scans at baseline were included. Patients with artifacts at
baseline CT scans and patients in which the clinical outcome could not be
assessed due to toxicity or non-disease related death were excluded. A
total of 408 liver metastases from 89 patients were included (46 men [52%]
and 43 women [48%]), mean age 62 years (range 33–86).

Image acquisition and radiomics analysis
All CT scans were acquired within 28-days before the treatment starting
day. Contrast-enhanced images were obtained with 16- or 64-channel CT
scanners (Siemens, Philips, GE Medical Systems, Toshiba, Agfa), 1–5mm
slice thickness and 100–120 kV of voltage (Supplementary Table 2). Up to
six liver metastases per patient of at least 1 cm diameter were segmented
using the semi-automatic segmentation tool of 3D Slicer (version 4.11.0;
www.slicer.org; RRID:SCR_005619) [20] by a radiologist with more than 10
years of experience in oncological imaging (RPL). The tumours where

segmented in the CT arterial or venous phase depending on the tumour
contrast enhancement, selecting the phase in which tumours were better
depicted (Supplementary Fig. 1). Combined models including information
from both CT contrast-enhanced phases (arterial and venous) were also
explored. Images were resampled to isotropic voxels of 1 × 1 × 1mm3 by
using spline interpolation. Hounsfield units were binarized to discrete
values of 25 HU. CT-based radiomics features including first-order, shape
and five gray-level texture matrices (Gray Level Co-occurrence Matrix
[GLCM], Gray Level Dependence Matrix [GLDM)], Gray Level Run Length
Matrix [GLRLM], Gray Level Size Zone Matrix [GLSZM], and Neighbouring
Gray Tone Different Matrix [NGTDM]) were calculated in three dimensions
using the Pyradiomics package (version 3.0.1) for Python (version 3.6.13
Python Software Foundation, Delaware, USA; RRID:SCR_008394), compliant
with the Image Biomarker Standardisation Initiative guidelines [21]. To
investigate the prediction power of a multiphase radiomics model, the
arterial and venous CT-images were co-registered and the radiomics
features from both acquisition phases were extracted (Supplementary
Methods).

Clinical data
Clinical data from the development cohort were collected from the
TALENT clinical trial database where age, sex, primary tumour site, Ki-67
index, tumour burden, tumour grade and pre-treatment were registered.
Vascular endothelial growth factor receptor 2 (VEGFR2) and angiopoietin 2
(ANG2) quantifications were obtained from patients with plasma samples.
VEGFR2 and ANG2 plasma levels were determined by multiplex ELISA with
a custom-made glass-slide sandwich Quantibody Array (RayBioTech, GA,
USA). Regarding the test cohort, data were obtained from the electronic
patient records. Clinical benefit was defined as achieving either a complete
response (CR), partial response (PR) or stable disease (SD) by RECIST 1.1 for
a duration exceeding the median progression-free survival (PFS) in the
populations according to the phase II and III clinical trials [5, 22]. Therefore,
patients treated with lenvatinib who progressed before 15.7 months and
those treated with sunitinib who progressed before 11.4 months were
considered as not achieving clinical benefit. Clinical data were used to
develop a clinical only and a combined clinical-radiomics model.

Modelling and statistical analysis
The development cohort was divided into training and validation sets
(70–30%) balanced for outcome in both sets and then tested in an external
cohort of patients with GEP-NETs (test cohort). As a standard method in
machine learning modelling, the training set corresponded to the group of
patients where the model was initially trained and the hyperparameters
were fitted using cross-validation; in the validation set, we explored the
model performance robustness; the final model generalisability was
evaluated in the test cohort (i.e., the external validation cohort).
The median radiomics value of all the evaluated liver tumours per

patient was implemented as feature aggregation method. We performed a
two-step procedure for feature selection based on LASSO and minimum
Redundancy Maximum Relevance (mRMR), these two have been shown to
benchmark other feature selection methods [23]. Three-fold cross-
validation was performed for LASSO hyperparameter tuning, choosing
the model with one standard error from the best area under the curve
(AUC). To avoid multicollinearity in the model features, mRMR was
implemented to reduce the number of variables controlling for a variance
inflation factor (VIF) < 2 and a Pearson square R < 0.5 [24]. Logistic
regression model was performed including the selected features. The area
under the curve (AUC) and 95% confidence interval (CI) (DeLong method)
were computed from the receiver operating characteristic (ROC) curve and
p values were assessed from Mann–Whitney U test. The decision threshold
to compute sensitivity and specificity was defined by Youden’s index.
We explored the combination of the radiomics score with established

prognostic factors in NETs, including Ki-67 index and primary tumour site.
Since tumour grade is correlated with Ki-67 expression, it was not included
as a separate factor in our analysis. Furthermore, the assessment of tumour
burden, which can indicate different prognoses, was already incorporated
into the radiomics model analysis. A logistic regression model including
the radiomics score and non-correlated clinical variables (Ki-67 index,
primary tumour site) was developed. Clinical data imputation was done
using random forest. PFS associations with clinical variables and predictive
radiomics scores were investigated using Cox Proportional-Hazard regres-
sion and Log-rank test. A multiphase model combining radiomics features
from arterial and venous phases was also investigated (Supplementary
Methods).
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Patients with both imaging and liquid biopsy were clustered based on
vascularisation factors (including VEGFR2 and ANG2) using hierarchical
clustering. Associations between radiomics score and vascularisation
factors were studied using Mann–Whitney U test. The study workflow is
summarised in Fig. 1.

RESULTS
Study patient characteristics
From a total of 128 patients (88 from the development and 40
from the test cohorts), 15 patients without baseline contrast-
enhanced CT scans or with artifacts in the area of interest were
excluded, 19 without liver metastases or measurable lesions
per RECIST 1.1 and 5 patients who presented toxicity before
clinical outcome evaluation were also excluded. Eighty-nine
patients were included in the radiomics analysis, 65 patients to
build up the model (development cohort) and 24 for external
validation (test cohort). Forty-four patients from the TALENT
clinical trial had concomitant CT images and liquid biopsy
samples.
For the exploratory analysis of combined information from both

CT contrast-enhanced phases (arterial and venous), 65 patients (41
from the development and 24 from the test cohorts) had CT scans
with both arterial and venous phases. A total of 282 tumours (5
[1–6] mean[range] lesion/patient) from the 65 patients of the
development cohort; 34 women and 31 men were included in the
final analysis. The median PFS was 14.9 [IQR 3.04–46.72] months;
46% (30/65) of patients presented clinical benefit (i.e., CR, PR or SD
over the median PFS) and 54% (35/65) did not.
The model was validated in the test cohort including a total of

126 tumours from 24 patients (5 [1–6] mean[range] lesion/
patient); 12 women and 12 men. The median PFS was 9.75 [IQR
2.90–29.47] months; 50% (12/24) of patients presented clinical
benefit and 50% (12/24) did not.
In the development cohort, clinical benefit was defined as the

combination of CR, PR or SD after 15.7 months, corresponding to
the median PFS time in the TALENT clinical trial [5]. In the test
cohort the cut-off for clinical benefit was defined at 11.4 months,
corresponding to the median PFS time in the cohort [22].
Flow chart of the study population selection is shown in

Supplementary Fig. 2. The population description is reported in
Table 1.

Predictive model development and testing
LASSO regression lambda hyperparameter was set to 0.03 after
cross-validation analysis with 13 radiomics features with non-zero
coefficients. Six radiomics features were selected using mRMR
method as the maximum number of variables to avoid multi-
collinearity in logistic regression. The final model included
variables from first order, shape, and GLCM and GLRLM texture
matrices (Table 2). The radiomics model combining the selected
features predicted clinical benefit with an AUC of 0.75 [95% CI
0.60–0.90; p= 0.001] and 0.67 [95% CI 0.41–0.92; p= 0.115] in the
training and validation sets, respectively. In the test cohort, the
radiomics predicted response with an AUC of 0.67 [95% CI
0.43–0.91; p= 0.060] (Fig. 2a). Sensitivity and specificity for
classifying patients with clinical benefit with an optimal Youden’s
cut-off of 0.49 are described in Table 3. Internal cross-validation
showed a mean AUC of 0.67 [0.50–0.87] (Supplementary Fig. 3).
The radiomics model showed that tumour sphericity, hetero-
geneity assessed by GLCM Informational Measure of Correlation
(imc), and enhancement were associated with clinical benefit
(Fig. 2d). No significant differences in radiomics scores were found
between patients previously treated with antiangiogenics and
non-pre-treated patients (p= 0.33) (Supplementary Fig. 4). The
radiomics score for predicting clinical benefit showed significant
association with continuous PFS (HR 0.11[0.03–0.45]; p= 0.002)
(Fig. 2b).

The exploratory multiphase predictive model (combining
information from the arterial and venous CT phases) did not
improve the prediction capacity (AUC in test set 0.63 [0.39–0.87])
(Supplementary Fig. 5).

Integrating radiomics and clinical data
The clinical model combining Ki-67 and primary tumour site
showed poor performance in both the development (training 0.57
[0.40–0.74] and validation 0.56 [0.30–0.82]) and test sets (0.23
[0–0.46]). When combined with the radiomics score, the
radiomics-clinical model predicted response with an AUC of 0.79
[0.64–0.93; p < 0.001] and 0.72 [0.48–0.95; p= 0.06] in the training
and validation sets, respectively. In the test cohort, the combined
radiomics-clinical score associated with response with an AUC of
0.58 [0.33–0.82; p= 0.27]. The sensitivity and specificity for
classifying patients with clinical benefit with an optimal cut-off
of 0.36 are described in Table 3. The ROC curves of the combined
signature integrating radiomics-score and clinical variables were
also computed (Fig. 2a). Tumour burden was not included in this
integrative analysis because it was quantitatively included in the
radiomics analysis. Tumour grade was also excluded due to
correlation with Ki-67 index. The combined clinical-radiomics
score for predicting clinical benefit showed significant association
with continuous PFS (HR 0.12[0.04–0.43]; p= 0.001) (Fig. 2b).
However, none of the clinical variables including Ki67, primary
tumour site or tumour burden showed significant associations
with PFS (p < 0.05) (Supplementary Fig. 6).

Correlation of the CT-based radiomics score and tumour
vasculature
The study population was clustered according to proangiogenic
profiling factors, VEGFR2 and ANG2, by hierarchical clustering.
Cluster A included 21 patients grouped as highly vascularised
tumours showing higher values of VEGFR2 [median 18,784 (IQR
17,579–21,842) pg/ml] and ANG2 [2062 (1296–3328) pg/ml]
expression. Cluster B included 23 patients with poorly vascularised
tumours showing lower VEGFR2 [2289 (1577–9776) pg/ml] and
ANG2 level expression [709 (4079–1204) pg/ml]. Significant
associations were found between the radiomics score and
vascularisation clusters showing higher radiomics score in the
vascularised cluster A [0.51 (0.37–0.66)] and lower radiomics score
in the poorly vascularised cluster B [0.29 (0.21–0.445)] (p= 0.01)
(Fig. 2c).

DISCUSSION
The increasing development of targeted therapies for NETs has
pointed out the unmet need to define predictive biomarkers of
response for improving patient selection. The neoangiogenesis
process is a key feature in NET carcinogenesis and the field of new
antiangiogenic compound development is still active after
sunitinib, the only tyrosine kinase inhibitor utilisable in clinical
practice. In this study we explored an imaging phenotype based
on radiomics features from baseline CT scans that allows the
identification of patients most likely to benefit from antiangio-
genic treatment.
The developed radiomics signature outperforms clinical fea-

tures (including Ki-67 and primary tumour type) for predicting
response to treatment (AUC 0.75 vs. 0.57). The radiomics signature
consisted of five radiomics features, indicating that patients with
more spherical and heterogeneous tumours are more likely to
respond to antiangiogenic treatment. Also, more intravenous
contrast-enhancing tumours are associated with better response.
Therefore, we investigated the association of tumour vascularisa-
tion (by means of plasma VEGFR2 and ANG2) and the predictive
radiomics score, showing that in the TALENT cohort, the CT-
radiomics score was associated with VEGFR2 and ANG2 expres-
sion. This suggests that radiomics quantification from baseline CT
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scans can non-invasively provide valuable information about the
tumour vascularisation. The TALENT research group has previously
shown that in antiangiogenic pre-treated patients, the plasma
proangiogenic profiling (VEGFR2 and ANG2 levels) significantly
predicts response in NETs [25]. In the subset of non-pre-treated
patients, different mechanisms of vascularisation and activation of
alternative signalling pathways could sustain the lack of associa-
tion between proangiogenic profiling and tumour response [26].
Interestingly, our signature did not show significant accuracy
differences between patients who had received previously
antiangiogenics or not, which may indicate that the radiomics

phenotype captures the tumour characteristics that make it
susceptible to antiangiogenic response that includes, but is not
limited to, tumour vascularisation.
The capacity of the radiomics signature to predict response was

tested in an independent population of patients with pancreatic
NETs treated with sunitinib, another multikinase inhibitor with
antiangiogenic effects but with different targets and affinity than
lenvatinib, with a stable performance of the radiomics signature.
The integration of prognostic factors such as Ki-67 index and
primary tumour site improved the performance of the radiomics-
only signature. However, the combined model (clinical-radiomics)
presented a modest performance in the sunitinib population that
can be related to the clinical differences between patients
receiving standard of care treatment and those within clinical
trials.
In previous research, a radiomics model based on the analysis of

the entire liver was reported, demonstrating predictive value for
response to everolimus in advanced NETs [19]. However, to our
knowledge, no previous studies have been reported exploring the
role of CT-radiomics in predicting response to antiangiogenic
multikinase inhibitors in NETs. Several studies have shown that
high-grade NETs present lower density (likely related to a lower
intratumoral microvascular density) than low grade NETs [18, 27].
Our study population included mostly grade 1 and 2 NETs, and no
significant differences in the tumour enhancement was identified
between them (Supplementary Fig. 7). Therefore, the relevance of
tumour intensity in the CT-radiomics signature represents most
likely a true specific predictive biomarker rather than an indicator
of aggressiveness or tumour grade.
Although NETs are often highly-dense tumours in contrast-

enhanced CT, usually more conspicuous in the arterial phase of
the CT scan, some tumours present different patterns and, as
shown in the study population, some tumours are better depicted
in the venous phase [28]. In this study, an expert radiologist
selected the phase (arterial or venous) of the CT scan where the
tumour was best depicted. We also investigated the integration of
a multiphase model (combining radiomics data from arterial and
venous phases) to address this concern. We demonstrated that
including radiomics features from multiple phases did not
improve the prediction in our population. Furthermore, we
correlated the radiomics score with vascularisation factors
(VEGFR2 and ANG2) in the population with concomitant imaging
and plasma samples and showed significant associations between
the radiomics-score and vascularisation-factor expression.
There are some limitations encountered in this study. First, the

population used for the training dataset was tied to the clinical
trial population. The test cohort was treated with a different
agent, although both are multikinase inhibitors with an
antiangiogenic effect, and the population slightly differs
clinically from the development cohort (i.e., primary site and
grade). This limitation is mainly affecting the performance of the
combined radiomics-clinical model in the test dataset. Second,
we developed a model using only one acquisition phase
selected by an expert radiologist, which can influence the
radiomics features. However, we explored the performance of
including both phases and it did not improve the prediction

Table 2. Radiomics model coefficients.

Radiomics features Coefficient [95% CI]

Shape flatness −0.82 [−1.6–−0.05]

GLCM Imc1 0.31 [−0.47–1.09]

First order 90th percentile 0.37 [−0.29–1.04]

GLRLM Long Run Low Gray Level Emphasis 0.16 [−0.58–0.91]

First order skewness 0.34 [−0.35–1.03]

Shape sphericity 0.84 [0.05–1.63]

Table 1. Population characteristics of the development and test
cohorts.

Parameter Development
cohort (n= 65)

Test cohort
(n= 24)

Mean age (years)a 60 ± 12(33–85) 63 ± 12 (38–86)

Sex

Female 34 (52) 12 (50)

Male 31 (48) 12 (50)

Primary tumour site

PanNET 24 (37) 23 (96)

GI-NET 33 (51) 1 (4)

Unknown 8 (12) 0 (0)

Pre-treatment

Sunitinib 10 (15) NA

Everolimus 19 (29) NA

None 36 (55) NA

Best response

Partial response 24 (37) 6 (25)

Stable disease 40 (62) 15 (62)

Progressive
disease

1 (1) 3 (13)

Mean Ki-67a,b 7.13 ± 5.87
(1.00–18.00)

21.96 ± 18.98
(1.30–55.10)

Gradeb

Grade 1 22 (34) 3 (12)

Grade 2 40 (61) 12 (50)

Grade 3 ··· 9 (38)

Unknown 3 (5)

PFS (months)c 14.9 [3.04–46.72] 9.75 [2.90–29.47]

OS (months)c 33.7 [9.21–46.94] 12.1 [4.00–47.00]

Number of lesions 4 (1–6) 5 (1–6)

Mean hepatic
tumour burden (dl)a

0.037 (0.001–2.209) 1.086 (0.007–1.054)

CT segmentation phase

Arterial 23 (35) 7 (29)

Pancreatic NET 14 (21) 6 (25)

Gastrointestinal
NET

9 (14) 1 (4)

Venous 42 (65) 17 (71)

Pancreatic NET 15 (23) 17 (71)

Gastrointestinal
NET

27 (42) ···

Data in parentheses are percentages.
aData are ± standard deviation and parentheses are range.
bData presented has no information from three patients.
cData are median [interquartile range].
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Table 3. Radiomics and radiomics-clinical model performance evaluation.

AUC [95% CI] p value Accuracy (%) Sensitivity (%) Specificity (%)

Radiomics model

Training 0.75 [0.60–0.90] <0.001 78 76 79

Validation 0.67 [0.41–0.92] 0.114 55 55 56

Test 0.67 [0.43–0.91] 0.09 63 67 58

Radiomics clinical model

Training 0.79 [0.64–0.93] <0.001 78 90 67

Validation 0.72 [0.48–0.95] 0.12 70 45 100

Test 0.58 [0.33–0.82] 0.276 54 17 92

Table containing the area under the curve (AUC), accuracy, sensitivity and specificity for the Youden’s cut-off 0.49 for the radiomics-only model and 0.36 for the
radiomics-clinical model.
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Fig. 2 Response prediction performance and explainability. Performance of the radiomics and radiomics-clinical models to predict
response to treatment using: a Receiver operating characteristic (ROC) curves for median progression-free survival (PFS) prediction and
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capacity and showed higher model overfitting. Third, the images
in this study underwent evaluation by a consistent expert
radiologist. Nevertheless, it is important to acknowledge that
variations in segmentation techniques and observers may
introduce biases that could impact the reliability of first-order
and textural radiomics features, as well as shape and size metrics
[29]. Finally, while we recognise the need for homogeneity in
radiomics modelling, achieved by focusing solely on liver
metastases, we acknowledge that further exploration and
potential validation in larger cohorts encompassing primary
tumours and other metastatic sites should be pursued. This will
contribute to a more comprehensive understanding of the
radiomics-based phenotypes in GEP-NETs.
In conclusion, the GEP-NET phenotype evaluated by means of

CT-based radiomics can be a useful non-invasive surrogate of the
tumour vasculature and has predictive value of tumour response
to antiangiogenic targeted agents. The improved prediction of
response to antiangiogenic therapy achieved by combining
radiomics with clinical prognostic factors can facilitate medical
decision making and optimise treatment outcomes for patients
with GEP-NETs. Nevertheless, despite the promising results of this
study, further research is necessary in larger, prospective trials for
implementation of this tool in clinical practice.
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Results

4.5 Study 5

Weakly supervised deep learning predicts

immunotherapy response in solid tumors based on

PD-L1 expression

This study corresponds to objective 4. It was developed in the framework of exploring

different medical imaging fields beyond radiology with the aim of learning new techniques

that could be translated to the radiology field and developing multimodal models integrating

radiology and pathology. In this publication, we trained a weakly supervised deep learning

multiple to classified PD-L1 stained IHC and assess its performance to predict response to

immunotherapy.

Reference:

Ligero M., Serna G. El Nahhas Omar S.M., et al. Weakly supervised deep learning predicts

immunotherapy response in solid tumors based on PD-L1 expression.

Cancer Research Communications (2023) - InPress.
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Abstract 
Programmed death-ligand 1 (PD-L1) immunohistochemistry (IHC) is the most commonly used 

biomarker for immunotherapy response. However, quantification of PD-L1 status in pathology slides is 

challenging. Neither manual quantification nor a computer-based mimicking of manual readouts are 

perfectly reproducible, and the predictive performance of both approaches regarding immunotherapy 

response is limited. In this study, we developed a deep learning (DL) method to predict PD-L1 status 

directly from raw IHC image data, without explicit intermediary steps such as cell detection or pigment 

quantification. We trained the weakly supervised model on PD-L1-stained slides from the NSCLC-MSK 

cohort (N=233) and validated it on the pancancer-VHIO cohort (N=108). We also investigated the 

performance of the model to predict response to immune checkpoint inhibitors (ICIs) in terms of 

progression-free survival (PFS). In the pancancer–VHIO cohort, the performance was compared with 

Tumor proportion score (TPS) and Combined Positive Score (CPS). The DL-model showed good 

performance in predicting PD-L1 expression (TPS≥1%) in both NSCLC-MSK and pancancer-VHIO 

cohort (AUC 0.88±0.06 and 0.80±0.03, respectively). The predicted PD-L1 status showed an improved 

association with response to ICIs (hazard ratio (HR) 1.5[95%CI 1-2.3], p-value=0.049) compared to 

TPS (HR 1.4[0.96-2.2], p-value=0.082) and CPS (HR 1.2[0.79-1.9], p-value=0.386). Notably, our 

explainability analysis showed that the model does not just look at the amount of brown pigment in the 

IHC slides, but also considers morphological factors such as lymphocyte conglomerates. Overall, end-

to-end weakly supervised DL shows potential for improving patient stratification for cancer 

immunotherapy by analyzing PD-L1 immunohistochemistry, holistically integrating morphology and 

PD-L1-staining intensity. 
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Significance 
The weakly supervised deep learning model to predict PD-L1 status from raw immunohistochemistry 

data, integrating tumor staining intensity and morphology, enables enhanced patient stratification in 

cancer immunotherapy compared to traditional pathologist assessment.  
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Introduction 
Over the last decade, tumor immunotherapy has irrevocably altered the landscape of oncology. 

Checkpoint inhibitors, in particular, are now employed in practically all tumor types (1–3) . These 

treatments are increasingly being employed in early stages, palliative lines of therapy in advanced 

cancer, as well as adjuvant or neoadjuvant therapy. However, the identification of suitable patients 

remains a critical issue, as only a subset of individuals reacts to checkpoint inhibition. The 

immunotherapy biomarker which is most commonly used for patient selection in clinical practice is the 

programmed death-ligand 1 (PD-L1) status, which is assessed using immunohistochemistry (IHC) 

assays (4–6). Pathologists typically assess these stains by visual inspection of the sample. The number 

of positive tumor cells and positive immune cells are visually estimated. Nevertheless, manual 

estimation of a biomarker is obviously not desirable for such a decisive therapy recommendation, and 

multiple studies have demonstrated that pathologists exhibit a considerable level of variability in this 

assessment (7–10). Hence, a more precise and reliable approach is imperative to ensure accurate 

diagnosis and treatment. 

 

As a result, dozens of studies have been conducted to build image analysis tools that assess the PD-

L1 status of a tissue sample (11). The majority of these systems mimic the human workflow explicitly: 

First, they are recognizing tissue on a slide. Second, all individual cells are recognized. These cells are 

classified into relevant categories, such as tumor cells or immune cells. Finally, the color intensity of 

each individual cell is evaluated, and the cell is classified as positive or negative (12–16). Although this 

procedure is theoretically relatively well-defined, there are issues with the approach of such a multistep 

pipeline in practice. If the tissue slice differs from the slices in the training data set, for example due to 

artifacts or a difference in sample handling, and even if only one of the intermediary steps of the pipeline 

is confused here, the final result is untrustworthy. Consequently, another study used deep learning 

(DL) to combine PanCytokeratin and PD-L1 stained images to differentiate tumor regions from 

epithelial tissue and assess the proportion of PD-L1 positive inside the tumor areas as a multi-label 

task (17). Other studies investigated as an alternative the implementation of deep-learning (DL) 

methods to predict PD-L1 status from other image types such as H&E histology images (18,19) or from 

radiology images as a surrogate for immunotherapy response (20).   

 

An alternative to such multistep image analysis pipelines is a weakly supervised end-to-end approach. 

In such an approach, a DL network is trained to predict a biomarker directly from the digitized whole 

slide images without intermediate steps such as the detection of individual cells being explicitly 

modeled (21–23). Through the implementation of attention-based methods, the DL model is trained to 

identify distinct patterns across the different regions of the sample that are contributing to the PD-L1 

status. As a result, the model can learn to focus on the areas containing tumor cells and avoiding 

nonspecific tissue from the biopsy. Weakly supervised end-to-end methods have made enormous 

progress in the last five years and have been used successfully in numerous tumor entities (21,24,25). 
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Today, the first commercial products using such methods are already on the market, including a DL 

system for predicting clinical outcome and genetic alterations such as microsatellite instability (MSI) 

status from colorectal cancer H&E slides (26,27). 

 

In contrast to previous studies, we developed a weakly supervised DL-based quantification of PD-L1 

status in IHC images from non-small cell lung cancer (NSCLC) patients and evaluated it in a cohort of 

patients with solid tumors, all of them treated with immunotherapy. Thereafter, we investigated the 

performance of the DL-based PD-L1 scoring to stratify patient response to immunotherapy. 

Methods 
Ethics statement 

This study was performed in accordance with the Declaration of Helsinki. The overall analysis was 

approved by the Ethics commission of the Medical Faculty of Technical University of Dresden (BO-EK-

444102022). The Vall d’Hebron Institute of Oncology (VHIO) institutional review board approved this 

study for retrospective data [PR(AG)70/2018] and the prospective PREDICT study [PR(AG)29/2020]. 

All patients included in the clinical trials provided written informed consent.  Need for informed consent  

for the computational analysis of the images in the retrospective study was waived.  

 
Cohort description 

We included PD-L1 stained IHC digitalized slides of NSCLC patients from the publicly available 

NSCLC-MSK MIND cohort (28) with PD-L1 Tumor Proportion Score (TPS) assessed by a pathologist. 

All patients were treated with immune check-point inhibitors (ICIs) in monotherapy or in combination 

with other immunotherapies. Progression-free survival (PFS) was assessed as the time between 

therapy starting date and the progression date. 

As an external validation set, we collected data from patients with different tumor types (including 

NSCLC, gastrointestinal cancer and melanoma among others) treated with ICIs at Vall d’Hebron 

Institute of Oncology between 2012 and 2021. Only patients with tissue available from the biopsy prior 

to treatment and with PD-L1 TPS assessed by a pathologist were included in the analysis. In the 

external cohort, the Combined Positive Score (CPS) was also collected when available. Biopsies at 

multiple time points during ICIs treatment from the same patient were collected and included in the 

PD–L1 status prediction performance. For those patients with multiple biopsies, only the samples 

closest to the start of treatment with ICIs were considered for treatment response prediction. An 

overview of the included population is described in Figure 1A.  

PD-L1 immunohistochemistry  

In the NSCLC-MSK cohort, PD-L1 IHC staining of the slides was performed as described by Vanguri 

et al. (28). Briefly, the IHC was performed using the Bond III, Leica automated immunostaining platform 
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using the PD-L1 antibody (E1L3N; Cell Signaling Technologies). In the pan-cancer-VHIO cohort, 3.5 

µm-thick slides stained with PD-L1 IHC were obtained from formalin-fixed paraffin-embedded (FFPE) 

tumor blocks of the VHIO cohort. The staining was performed with PD-L1 (SP263) Rabbit Monoclonal 

Primary Antibody (#790-4905, VENTANA) on the Benchmark ULTRA automated immunostaining 

platform. The OptiView DAB IHC Detection Kit (#760-700; VENTANA) was used for detecting the 

primary antibody. Placental and tonsil tissues were used as positive controls for all the stainings. The 

slides were digitalized using NanoZoomer 2.0-HT slide scanner by Hamamatsu Photonics, with a 

maginfication of 20x obtaining which corresponds to a pixel size of 0.46µm x 0.46µm. A trained 

pathologist (S.M.) interpreted the slides and provided the TPS and CPS for each sample. A negative 

score was defined as staining in less than 1% of tumor cells or the absence of staining in tumor cells. 

Slides with less than 100 tumor cells were excluded from PD-L1 CPS/TPS assessment. Investigators 

were blinded to patient response during the PD-L1 assessment. 

Image preprocessing 

In the NSCLC-MSK cohort, regions of interest (ROI) of the patient sample tissue were provided from 

the HALO software (Indica Labs). In the VHIO cohort, samples were annotated in polygonal regions of 

interest using the open source QuPath software v0.3.2. These annotations were used to crop the image 

excluding any other tissue from the WSI that was not from the patient, i.e. reference samples. For both 

cohorts, PD-L1 stained whole-slide images (WSI) were tessellated into non-overlapping tiles of 

224x224 pixels corresponding to an edge length of 256μm from the ROIs. Blurry tiles or tiles without 

tissue samples, defined as tiles containing less than 2% of edges in the image, were discarded using 

Canny edge detection (29–33). 

PD-L1 status classification model    

We developed weakly supervised DL methods to classify high (TPS≥1%) and low (TPS<1%) PD-L1 

status from PD-L1 stained IHC samples. The DL-approach consisted of two-step: first, feature vectors 

were extracted from every tile of the WSI, obtaining a tile-level feature vector. Thereafter, we performed 

weakly supervised feature aggregation and classification.  

Feature extraction was performed using the Retrieval with Clustering-guided Contrastive Learning 

(RetCCL) model (34), an ImageNet-weighted ResNet50 pretrained in a self-supervised manner on a 

pathology dataset with 32,000 H&E-stained histology slides across various cancer types. After feature 

extraction, vectors of 2048 features were obtained from every 224x224 pixels tile image. The attention-

based multiple instance learning (MIL) model (35) consisted of an attention-based mechanism, 

followed by a classification head. First, a trainable weight is assigned to each tile-level feature vector, 

referred to as attention. Then, the features and weights were aggregated by the attention scores of the 

tile-level features to obtain the attention-weighted embeddings per sample. Finally, the embeddings 

were given to the classification head to obtain the model’s sample-level prediction scores.  
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The model was trained using 5-fold cross-validation, with each fold stratified to maintain a proportional 

representation of PD-L1 status in the training, validation and test set. The Area Under the Receiver 

Operating Characteristic (AUC) metric was used to evaluate the models. In the external validation 

cohort, we ran inference from the five models from cross-validation and the prediction scores were 

averaged to predict the PD-L1 status. For explainability analysis, the model with better performance 

on the training set was selected. We investigated the performance of the model when it is trained in 

the pan-cancer-VHIO cohort and validated in the NSCLC-MSK cohort following the same methods.  

Response prediction analysis and explainability 

Association between PFS and PD-L1 status were investigated using Cox-proportional Hazard Ratio 

and Kaplan-Meier curves with DeLong method in both NSCLC-MSK and the pan-cancer-VHIO cohort. 

For explainability and visualization purposes, we computed high resolution attention heatmaps on the 

WSI as reported previously (29). Attention heatmaps highlight the areas of the WSI where the model 

paid more attention for the decision-making. To compute high resolution heatmaps, the attention MIL 

model architecture was loaded into a fully convolutional equivalent with the trained weights. The 

equivalent convolutional neural network (CNN) with attention MIL weights is running inference with a 

kernel size of 32x32 across the WSI. This approach allows for higher resolution attention heatmaps 

than using the original tiles of 224x224 pixels used to train the model for visualization purposes. We 

compared the attention heatmaps with PanCytokeratin-stained slides that highlight tumor areas. 

Additionally, to assess whether the diversity of tumor types in the external cohort was affecting the 

performance of the model in predicting PD-L1, we studied the ratio of true and false positive and true 

and false negative of the model across tumor types. To have a better understanding of the model 

performance, an expert pathologist manually inspected the attention heatmaps to find which 

morphological factors the model is identifying to make predictions, including cases from false positive 

and false negative where the model finds confounding factors in the images. Finally, the predicted 

scores were compared as continuous variables with both TPS and CPS. Figure 1B shows the workflow 

of the methods.  

Data Availability Statement 

All data from the MSKCC cohort are publicly available at 

https://www.synapse.org/#!Synapse:syn26642505. All other images are available from the respective 

study principal investigators upon reasonable request. All source code for image preprocessing is 

publicly available at https://github.com/KatherLab. The tesselation script is available at 

https://github.com/KatherLab/preprocessing-ng. Extraction of RetCCL features was carried out with 

scripts from https://github.com/KatherLab/marugoto as well as the weakly supervised Deep Learning 

model and the heatmaps for explainability used for the study.  
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Results 

Cohort clinical data description 

We included 233 patients from the NSCLC-MSK cohort treated with ICIs with available PD-L1 stained 
IHC slides and TPS score assessed by a pathologist. One IHC-slide was discarded due to scarce 

tissue sample for image analysis. The median PFS was 3.2 [95%CI 2.6-4.7] months with 30% (70/233) 

of patients responding to ICIs (i.e., achieved complete or partial response by RECIST 1.1). To test the 

PD-L1 status classifier in an external independent cohort, 122 PD-L1 stained slides from 108 patients 

from the pan-cancer-VHIO cohort were collected. From the all samples, we selected baseline samples 

from 106 patients treated with ICIs in monotherapy or in combinations with other ICIs that had evaluable 

response to predict response to immunotherapy. The pan-cancer-VHIO cohort had a median PFS of 

2.73 [95%CI1.84-3.98] months, with 15% (16/106) of patients with partial or complete response to ICIs. 

The cohort description is reported in Table 1. 

Weakly-supervised deep learning approach to classify PD-L1 status predicts response to ICIs 

Our attention MIL-based model was trained on PD-L1 stained IHC images from the NSCLC-MSK 

cohort to predict PD-L1 status TPS>1%, reaching a high performance with a cross-validated mean 

AUC of 0.88 ± 0.06 (Figure 2A). Subsequently, we explored how the model generalizes in an external 

cohort (pan-cancer-VHIO), which consisted of different tumor types, including NSCLC. We deployed 

all the models from cross-validation in the IHC images of the external pan-cancer-VHIO achieving a 

mean AUC of 0.80 ± 0.03 (Figure 2B). The detailed performance statistics are available in Suppl. Table 

S1 (accuracy, sensitivity, specificity, positive predictive value [PPV], negative predicted value [NPV]). 

Overall, these results show that the PD-L1 classifier trained on the NSCLC can generalize to broader 

and more diverse datasets, even when stained with different protocols. Similar results were obtained 

when training on the pan-cancer-VHIO cohort and validating on the NSCLC-MSK. (Suppl. Figure S1) 

 

We investigated whether the predicted PD-L1 status associated with response to immunotherapy in 

terms of PFS endpoint. A strong association between PD-L1 predicted scores and response to ICIs is 

observed in both NSCLC-MSK cohort (HR: 1.4 [95%CI 1-1.8], p-value = 0.03) and pan-cancer-VHIO 

cohort (HR: 1.5 [95%CI 1-2.3], p-value = 0.049), as measured by Cox-regression analysis. In the 

external validation cohort, the predicted PD-L1 status showed more significant association with 

response to immunotherapy compared to TPS (HR 1.4 [95% 0.96-2.2], p-value=0.082) and CPS (HR 

1.2 [95% 0.79-1.9], p-value = 0.386). Additionally, patients classified as high PD-L1 status showed 

significant longer median PFS compared to patients classified as low PD-L1 status in both the training 

and test cohorts by Kaplan-Meier curves and long-rank test; median PFS of 4.70 [IQR 2.7-9.0] vs 2.7 

[IQR 2.1-3.5] months, p-value<0.05 and 3.06 [IQR 1.84-5.46] vs 2.63 [IQR 1.71-3.94] months, p-

value<0.05; respectively (Figure 2C-D). In summary, these results suggest that the predicted PD-L1 

status can discriminate which patients are more likely to benefit from ICI treatment.  
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Explainability analysis: PD-L1 predicted status differentiates tumor cells from surrounding tissue 

The assessment of PD-L1 status can be performed considering the PD-L1 expression only from the 

tumor cells (TPS) or including both tumor cells and surrounding tissue, such as the stroma component 

(CPS). The classifier was trained on a NSCLC cohort where PD-L1 was assessed only from tumor 

cells (TPS) as standard of care. Then, the model was validated in a pan-cancer cohort, in which PD-

L1 status was assessed with both TPS and CPS. For explainability analysis of the classifier, we 

investigated the distribution of attention scores in some of the patients that were correctly classified as 

high and low PD-L1 status in both NSCLC-MSK and pan-cancerVHIO cohort. A pathologist review 

identified the model's capability to correctly identify tumor cells with and without expression of PD-L1 

in the membrane and that it can differentiate tumor cells expressing PD-L1 from other cellular structures 

such as the stromal tissue, adipose tissue or immune cells in the tumor microenvironment (Figure 3). 

This visual analysis was further validated through a comparative examination of attention heatmaps 

and PanCytokeratin-stained images (Suppl. Figure S2). Taken together, these results suggest that 

even when the PD-L1 is expressed in the immune component, the model will recognize that tissue as 

non-tumoral and will not consider it as relevant for the final classification, which means that our DL-

model is more sensitive to TPS than CPS.  

 

Furthermore, the model showed an overall accuracy of 77% to correctly classify samples with high and 

low PD-L1 expression in the tumor cells (Figure 4A, Suppl. Table S1). However, as shown in Figure 4, 

when testing the model in an heterogeneous cohort such as the pan-cancer-VHIO dataset, some 

potential factors may limit the overall performance of the model. As can be seen in Figure 4B and 

Suppl. Table S1, the model's classification performance is weaker in tumor histologies such as 

gastrointestinal tumor, melanoma and sarcoma. These results are likely to be related to the histological 

and molecular differences between these tumor types and the NSCLC, which is the tumor type used 

to train the model.  

 

Samples with inconsistent PD-L1 expression between the tumor cells and the stromal tissue (e.g. high 

CPS and low TPS) also pose a challenge to the model. In some of these cases, a pathologist review 

identified that the DL-model recognizes the PD-L1 expression from the stromal component as high PD-

L1 status (Figure 4C-D).  These findings may also be linked to histological differences in population. 

Higher false positive rates correspond to differentiated tumor types such as melanoma, head and neck 

and other tumor types. Figure 4E shows magnification of a PD-L1 stained IHC sample from a 

melanoma biopsy. In this case, the model fails to recognize the tumor cells from skin (blue 

magnification) and sees the immune dense component (red magnification) as tumor area, classifying 

the patient as high PD-L1 when the ground truth based on TPS is low PD-L1. Other misclassification 

cases correspond to samples with TPS falling near the classification threshold (TPS<1%) as shown in 

Figure 4C (77% of the false negative cases had a low value of TPS, ranging between 1 to 7%) or 

samples with low cellularity as shown in Figure 4F, where the model fails to classify as low due to the 

large amount of sample without PD-L1 expression. Together, these results indicate that the trained 
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model on the NSCLC-MSK cohort generalizes to a more diverse cohort and pays attention to relevant 

tissue components, i.e., focused on tumor cells.  

Discussion 

Immunohistochemical analysis of PD-L1 expression in tumor samples is the most commonly used  
biomarker in clinical practice and currently employed as patient selection for some of the standard ICI 

therapies (11,36). However, the manual evaluation of this biomarker results in inter-observer variability, 

which may lead to patient misclassification in terms of treatment options (7). Therefore, there is a need 

for quantitative and standardized tools to evaluate PD-L1 status in clinical practice.  

 

In this study, we implemented and validated a weakly supervised DL method that can predict PD-L1 

status in patients with several tumor types. The current study found that a DL-model trained with weak 

labels for predicting TPS in a NSCLC cohort is capable of differentiating between tumor cells and 

immune cells in most of the cases and correctly quantifying the expression of PD-L1 in the specific 

tumor cells. This is a particularly encouraging result that supports the idea of using weak labels to 

classify WSI without the need of delineating structures, as done in previous studies (14,15). 

Interestingly, the model proves generalization to other cohorts across different tumor types, not limited 

to lung, and across two different PD-L1 antibodies. Furthermore, we proved that the predicted PD-L1 

status from our model can help to identify patients that would benefit from immunotherapy.  

 

Despite the promising findings of our study, several limitations should be acknowledged. First, the 

model was trained and tested in a relatively small cohort, which may limit the accuracy and 

generalizability of the model. Additionally, the evaluation of the model in different histological tumor 

types might influence the performance. The model showed lower performance in the tumor types such 

as melanoma, gastrointestinal, sarcomas, head and neck, which may be related to the different biology 

and histology of these tumor types, compared to NSCLC (37,38) . Moreover, differences in staining 

protocols between laboratories and tumor types might contribute to the higher rate of misclassifications 

when evaluating the model (10,38). For example, the presence of non-specific staining such as melanin 

in the case of melanoma, tumor necrosis or dense lymphoid aggregates could be potential sources of 

biases for the model. Finally, the features used in the DL model were trained using H&E images and 

applied to IHC images. Even though the model shows a good performance using RetCCL features, 

this could be limiting the model to achieve enhanced classification. Nonetheless, despite all the 

limitations encountered in the heterogeneous external cohort, our study demonstrates that a weakly 

supervised model, trained on NSCLC, can accurately classify PD-L1 status in most cases.  

 

Furthermore, the differences in standard methods for assessing PD-L1 based on tumor type and 

treatment regime could influence the performance of DL-model as an immunotherapy response 

biomarker when applied to a diverse cohort of tumor types. Although the model was originally 
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developed in a NSCLC cohort, where PD-L1 status is a gold standard, a widely accepted biomarker 

used in the clinical routine for treatment-decision, it was tested on a pan-cancer cohort with advanced 

patients from clinical trials. In this setting, the expression of PD-L1 in the tumor cells (TPS) as a 

response biomarker remains unclear, and it is often evaluated using CPS, which included both stromal 

and tumoral PD-L1 expression. The use of CPS in more advanced patients allows for broader inclusion 

of patients into clinical trials (39,40). Interestingly, our model showed acceptable performance for 

predicting response to immunotherapy in both NSCLC and pan-cancer cohort.  

 

Nevertheless, in order to address the previous constraints related to cohort characteristics, we 

investigated the performance of the model when trained on the pan-cancer-VHIO cohort and validated 

on the MSK-NSCLC cohort. However, the limitations of the pan-cancer-VHIO cohort, characterized by 

a small sample size, substantial tumor type heterogeneity, and the inclusion of predominantly advanced 

tumors accessible only via biopsy, may potentially reduce the reliability of the model performance.  

 

One additional limitation we acknowledge is the potential impact of inter-observer variability in model 

development and its bias towards subjective assessment. It is worth noting, however, that the PD-L1 

measurements were sourced from clinical reports, which were assessed by multiple pathologists in 

routine clinical practice. This property enables our model to get insights from a wide range of pathologist 

evaluations, thereby mitigating bias from a single evaluation and accounting for inter-observer 

variability. In terms of potential future work, these models could benefit from the integration of 

uncertainty modeling methods that consider the inherent variability of the ground truth during modeling.  

 

To conclude, our findings differ from the previous studies mainly in terms of outcome prediction and 

methods implementation. Several studies have reported promising results and similar variability 

between the AI tool and the pathologist performance for assessing PD-L1 status (15). However, most 

of these methods require either manual or automatic annotation of the tumor tissue, as well as the 

detection and classification of the different cells in the sample. Despite other studies trying to address 

this limitations by proposing tissue classification as an annotation solution instead of using cell 

detection, our proposed method predicts PD-L1 status directly from the WSI, without any physician 

input or need for further stainings such as pan-cytokeratins. This one-step approach reduces the risk 

of errors, while yielding similar results to previously developed methods and providing explainability of 

the model by terms of attention. Additionally, as a distinguishing characteristic of this study, it 

investigates the potential value of the DL-tool to predict response to immunotherapy, which is the main 

objective of PD-L1 quantification.  

 

This study supports the idea that weakly supervised DL methods are able to distinguish between the 

different histological patterns in immunohistochemistry and learn how to quantify expression of PD-L1 

in tumor samples without any additional input from the physician. However, further research is needed 
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in larger and more diverse cohorts for the model to gain a better understanding of the different tumor 

histologies, so it can properly generalize to any tumor type.  
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Tables 
 
Cohort  NSCLC-MSK pan-cancer-VHIO 
N 233 108 (106 treated with 

immunotherapy) 
Age, median (range) 68 [30-93] 57 [29-77] 
Sex 

Male  102 57 
Female 131 51 
Treatment  

Anti-PDL1 N/A 35 
Anti-PD1 N/A 13 
Anti-PD1 + other ICIs N/A 30 
Anti-PDL1 + other ICIs N/A 8 
Other ICIs N/A 14 
Anti-PD1 + chemotherapy N/A 4 
Other combinations N/A 4 
Tumor type 
Lung 233 27 
Gastrointestinal (including 
gastric, colon, pancreas) 

 22 

Melanoma  10 
Gynecologic (including ovarian, 
uterine and endometrial) 

 9 

Breast  8 
Urinary  6 
Head and Neck  8 
Hepatobiliary  4 
Sarcoma  3 
Other  9 
Biopsy location 
Primary  105 69 
Metastatic 128 39 
PD-L1 expression 

TPS < 1% 73 59 
TPS ≥1% 163 49 
Best response 
CR/PR 70 16 
SD/PD 154 90 
PFS in months  
(median [95% CI]) 3.2 [2.6-4.7] 2.73 [1.84-3.98] 

 
Table 1. Clinical population characteristics for NSCLC-MSK and pan-cancer-VHIO cohort. ICI (Immune 
Checkpoint Inhibitors), TPS (Tumor proportion score), CI (Confidence Interval), CR (Complete 
Response), PR (Partial Response), SD (Stable Disease), PD (Progressive Disease), *N/A - Not 
Available 
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Figures 
 

 
 

Figure 1. Overview of the study design: (A) Population description of the NSCLC-MSK (training) and 
Pan-cancer- VHIO (test) cohorts. (B) Workflow of the attention-based Multiple Instance Learning (MIL) 
pipeline to classify PD-L1 status on Immunohistochemistry (IHC) slides. The predicted PD-L1 status 
was investigated as predictive biomarker of response to immunotherapy. 
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Figure 2. Performance overview of the model for predicting PD-L1 status and response to 
immunotherapy in NSCLC-MSK and pan-cancer-VHIO cohort. Area under the receiver operating 
characteristic (ROC) curves for the model to predict PD-L1 status (TPS≥1%) in the training (NSCLC-
MSK cohort) (A) and in the test cohort (pan-cancer-VHIO cohort) (B) for the 5-folds cross-validation. 
All trained models were deployed in the test cohort. Kaplan-Meier curves for the predicted PD-L1 status 
(high/low) from the model differentiates patients with longer Progression Free Survival to 
immunotherapy from patients with shorter survival in both NSCLC-MSK (C) and pan-cancer-VHIO 
cohort (D).  
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Figure 3. Visualization of high and low PD-L1 score patients from the NSCLC-MSK and pan-
cancer-VHIO cohort. Magnification of tumor areas with the highest attention scores for both high PD-
L1 (TPS≥1%) and low PD-L1 (TPS<1%) samples from the training and validation cohort. Magnification 
shows that for both high and low scores the model gives more attention to tumor cells, ignoring areas 
of high lymphocyte density (A: tumor cells (high attention, left), lymphocytes (low attention, right); B 
and D: tumor cells (high attention, right), lymphocytes (low attention, left); C: tumor cells (high 
attention), stroma (low attention). (Image magnification, A: 1.25x-6.12x, B: , C: 1.25x-2.5x, D: 2.5x-
5.0x) 
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Figure 4. Explainability for model performance in the pan-cancer-VHIO validation cohort. Overall 
performance of the model in the validation cohort (A). Distribution of True Negative Ratio (TNR), True 
Positive Ratio (TPR), False Negative Ratio (FNR), and False Positive Ratio (FPR) per tumor type in 
the pan-cancer-VHIO validation cohort  (B). Distribution of predicted scores in the pan-cancer-VHIO 
cohort compared with continuous Tumor Proportion Score (C) and Combined Positive Score (D). 
Examples of false positives due to histological differences from NSCLC: PD-L1 stained IHC image from 
melanoma tumor sample predicted as high PD-L1 by the model (predicted TPS≥1%) with low PD-L1 
expression in the tumor cells (TPS<1%) and high PD-L1 expression in the immune component 
(CPS≥1%). Magnification of areas with tumor cells with no PD-L1 expression (blue) and immune cells 
with PD-L1 expression (red), image magnification: 5x and 20x  (E). Examples of false negative due to 
low cellularity samples: PD-L1 stained IHC image from gastrointestinal tumor sample predicted as low 
PD-L1 by the model (predicted TPS<1%) with high PD-L1 expression in the tumor cells (TPS=20%) 
and high PD-L1 expression in the immune component (CPS≥35%). Magnification of regions with tumor 
cells, image magnification, 0.35x and 5x (F). 
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Summary of Results

CHAPTER 5

Summary of Results

Study 1 - Minimizing acquisition-related radiomics vari-

ability by image resampling and batch effect correction

to allow for large-scale data analysis

Journal: European Radiology, IF: 7.13 (Q1)

This study corresponds to objective 1 of the thesis. This research is aimed to iden-

tify CT-acquisition parameters accounting for radiomics variability and to develop a post-

acquisition CT-image correction method to reduce variability. By correcting variability, this

study aims to improve radiomics classification in both phantom and clinical applications.

For this study, fifty-three different CT-acquisition protocols were prospectively tested in

a phantom containing 13 tissue densities. To validate the results in a real-world multi-

centric clinical setting, we retrospectively included 97 liver metastases from 43 patients

with colorectal/renal cancer liver metastases scanned with CT machines from two different

vendors (SIEMENS and General Electrics). Ninety-three radiomic features of first order and

texture were extracted.

This study consist of a two-step framework, with the primary objective of discerning

the source of variability in CT image acquisition (Step A), followed by the imple-

mentation of strategies to correct the introduced variability in the acquired dataset

(Step B).

The findings in the first analysis (Step A) indicated that imaging acquisition parame-

ters – including pixel size, reconstruction slice spacing, convolution kernel and acquisition

slice thickness – were potential sources of variability. When these parameters differed be-

tween acquisitions, specially in extreme acquisitions, the number of robust features could

be decreased to only 40%-50% of robust features, defining robust features as those with an
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Intra-class Correlation Coefficient (ICC) greater than 0.8.

In the second part of the study (Step B), we explored different pre- and post-processing

methods including voxel resize, ComBat correction, and singular value decomposition (SVD)

compensation for reducing the radiomics variability. Interestingly, our results showed that

when images were acquired with different pixel sizes (ranging from 0.39-1) and slice thickness

(ranging from 1 to 5 mm), by only resampling images to isometric voxels in the preprocessing

step, the number of robust features already increased significantly.

However, resampling techniques could not correct for all variability, specially regarding

reconstruction convolution kernels and slice thickness. Further analysis where we imple-

mented batch effect correction methods, revealed that ComBat harmonization method could

correctly reduce features variability due to reconstruction kernels and slice thickness, signif-

icantly increasing the number of robust features and improving classification performance.

Overall, the results indicate that accounting for CT imaging acquisition and reconstruc-

tion parameters is crucial to get robust predictive models. This study proved that image

preprocessing techniques can enhance reproducibility. Additionally, in datasets with defined

batches such as different reconstruction kernels, ComBat harmonization method is a potent

tool to harmonize the data.

Study 2 - A CT-based Radiomics Signature Is Associ-

ated with Response to Immune Checkpoint Inhibitors

in Advanced Solid

Journal: Radiology, IF: 29.146 (Q1)

This study corresponds to objective 2. In this research, we explore the implementation of

CT-based radiomic features to develop predictive signatures of response to immunotherapy

in a population of advanced cancer patients with different tumor types and validate it in two

separate cohorts of bladder and lung cancer.

In this retrospective study, a CT-based radiomics signature to predict response to im-

munotherapy was developed in 85 patients with advanced solid tumors with ICIs (cohort 1).

The model was tested in 46 patients with bladder and 47 patients with lung cancer (cohorts

2 and 3) and biologically validated in 20 patients available contrast-enhanced CT and gene

expression profiling (cohort 4).

Our findings showed that the radiomics signature was associated with clinical response

to ICIs, area under the curve (AUC) of 0.70 (95% CI: 0.64-0.77) in the training set and
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showed a moderate validation performance with AUC of 0.67 (95% CI: 0.58-0.76) and 0.67

(95% CI: 0.56-0.77) in cohorts 2 and 3, respectively. In concordance with state-of-the-art

biomarkers, our interpretation of the signature coefficients indicate that homogeneous tumors

were associated with a high probability of immune response.

Additionally, when integrating radiomic features with clinical data, including baseline

albumin level and lymphocyte count, the signature outperformed radiomics-only performance

with AUC of 0.74 (95% CI: 0.63-0.84). Finally, for the purpose of uncovering the biological

explanation of the signature, we explored the correlation between the radiomics score and

immune cytotoxic cells count, derived from gene expression profiling signatures. Our findings

suggested that a higher radiomics score (¿0.29) appeared to correspond to an increased

count of immune cytotoxic cells, although this correlation was not statistically significant

(0.80±0.12 vs. 0.62±0.25; P = 0.29).

These results confirmed the potential of using CT radiomics to characterize responsive

tumor phenotypes for immunotherapy, leading to the exploration of these tools in other

settings in the following studies.

Study 3 - PET-based radiomics signature can predict

durable responses to CAR T-cell therapy in patients

with large B-cell lymphoma

Journal: eJHaem, IF: Not assigned

This study corresponds to objective 3. In this research, we investigated the generalizability

of radiomic features to Positron Emission Tomography (PET) component in a setting of large

B-cell lymphoma patients treated with CAR T-cell therapy.

In this study, we explored whether PET-based radiomics quantification of the SUV compo-

nent could outperform conventional PET biomarkers such as maximum standardized uptake

value (SUVmax) or total metabolic tumor volume (TMTV) for predicting response to CAR

T-cell therapy. We conducted a single-center study including 93 consecutive R/R LBCL pa-

tient who received a CAR T-cell infusion from 2018 to 2021, split in training set (73 patients)

and test set (20 patients).

Radiomic features were extracted from baseline PET scans and clinical benefit was de-

fined based on median PFS. Our results showed that a radiomics signature combining 4

PET-based radiomic features, including tumor size and maximum SUV value, achieved an

AUC of 0.73 (95% CI 0.48–0.98) for predicting clinical benefit in the test-set. Therefore, by

108



Summary of Results

quantifying the SUV component using radiomics we can obtain enhanced predictive perfor-

mance compared to the conventional PET biomarkers (TMTV AUC of 0.66 and SUVmax

AUC of 0.59).

Additionally, Cox regression models were implemented to explore associations between

the PET radiomic score and PFS or OS. Through multivariate analysis, these associations

were compared with clinical variables (including age, ECOG, treatment type and number

of previous lines). Univariate and multivariate cox regression showed that a high radiomic

score was significantly associated with longer PFS and OS.

All together, we can conclude that radiomic quantification of the PET component adds

value to conventional PET biomarkers limited to maximum values and tumor volume for

predicting response to CAR T-cell therapy.

Study 4 - Radiomics and outcome prediction to anti-

angiogenic treatment in advanced gastroenteropancre-

atic neuroendocrine tumors: findings from the phase II

TALENT trial.

Journal: BJC reports, IF: Not assigned

This study corresponds to objective 3. In this research, we implemented radiomics

pipelines to predict response to anti-angiogenics treatment in a population of patients with

neuroendocrine tumors, characterized by a distinct imaging phenotype attributed to their

highly vascularized nature. Additionally, the unique attributes of this tumor type, which is

usually scanned in multiple CT-acquisition phases, facilitated the exploration of multi-modal

radiomics analysis employing data from portal and arterial phases.

We developed the model in a population of 57 patients treated with Levantinib (cohort

1, split into training (80%) and validation (20%) sets) and test it in a cohort of 26 patients

treated with Sunitinib. In the training and validation set, the model associated with response

(PFS larger than the median) with an AUC of 0.75 (95% CI 0.66–0.90) and 0.67 (95% CI

0.49–0.92), respectively. However, in the test set the model showed moderate associations

with response, AUC of 0.67 (95% CI 0.43–0.91).

Additionally, in this setting, patients were scanned with two contrast phases: arterial and

venous. Accounting for that and the relevance of vasculature in such population treated

with anti-agiogenics, we developed a multimodal model including radiomic features from the
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two contrast-enhanced CT phases. Surprisingly, combining radiomic features from multiple

phases did not improve the prediction capacity of the model (AUC = 0.59). On the other

hand, combining radiomic features and clinical variables, including Ki-67 and primary tumor

site, slightly improved the performance for predicting response in the three sets, AUC of 0.79

(95% CI 0.64–0.93), 0.72 (95% CI 0.48-0.95) and 0.58 (95% CI 0.33-0.82), respectively.

Regarding model interpretability, the coefficients of the model indicated that high ra-

diomic score was presented in more spherical and hypervascularised tumors. Therefore, we

explored the associations between radiomic score and proangiogenic profiling factors, includ-

ing expression of VEGFR2 and ANG2. Hierarchical clustering was used to grouped patients

based on their proangiogenic profiling, finding that patients in the high vascularization clus-

ter showed significantly higher radiomic score (P= 0.030).

The outcome of this study stresses the potential of contrast-enhanced image quantification

for characterizing tumor vasculature towards better characterization of angiogenic properties

of the tissue.

Study 5 - Weakly supervised deep learning predicts im-

munotherapy response in solid tumors based on PD-L1

expression

Journal: Cancer Research Communications (In Press), IF: Not assigned

This study corresponds to objective 4. It was developed in the framework of exploring

different medical imaging fields beyond radiology with the aim of learning new techniques

that could be translated to the radiology field and developing multimodal models integrating

radiology and pathology. In this publication, we trained a weakly supervised deep learning

multiple to classified PD-L1 stained IHC and assess its performance to predict response to

immunotherapy.

In this study, we developed a deep learning (DL) method to predict PD-L1 status directly

from raw IHC image data, without explicit intermediary steps such as cell detection or pig-

ment quantification. We trained the weakly supervised model on PD-L1-stained slides from

the NSCLC-MSK cohort (N=233) and validated it on the pancancer-VHIO cohort (N=108).

We also investigated the performance of the model to predict response to immune check-

point inhibitors (ICIs) in terms of PFS. In the pancancer–VHIO cohort, the performance

was compared with TPS and CPS.

The DL-model showed good performance in predicting PD-L1 expression (TPS ≥ 1%)
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in both NSCLC-MSK and pancancer-VHIO cohort (AUC 0.88±0.06 and 0.80±0.03, respec-

tively). The predicted PD-L1 status showed an improved association with response to ICIs

(hazard ratio (HR) 1.5[95%CI 1-2.3], p-value=0.049) compared to TPS (HR 1.4[0.96-2.2],

p-value=0.082) and CPS (HR 1.2[0.79-1.9], p-value=0.386). Notably, our explainability anal-

ysis showed that the model does not just look at the amount of brown pigment in the IHC

slides, but also considers morphological factors such as lymphocyte conglomerates.

Overall, end-to-end weakly supervised DL shows potential for improving patient strati-

fication for cancer immunotherapy by analyzing PD-L1 immunohistochemistry, holistically

integrating morphology and PD-L1-staining intensity.
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CHAPTER 6

Discussion

Immunotherapy, alongside other cutting-edge cancer treatments, has showcased remarkable

efficacy among advanced cancer patients [2–4, 6]. With the increasing accessibility to these

therapies and new combinations emerging, the demand for personalized medicine and pre-

cise treatment selection is already an urgent need in the current landscape [1]. Much of the

discussion about personalized treatment has focused on molecular and genetic characteri-

zation of the tumor [26]. However, to date, there is no stand-alone biomarker suitable for

accurately predicting response to immunotherapy or some other cancer treatments such as

anti-angiogenics [14].

This thesis hypothesizes that routine medical images can translate meaningful informa-

tion about tumor biology. Moreover, it proposes that the integration of machine learning

and medical image analysis is key for identifying patterns linked to treatment response.

Consequently, this thesis aimed to develop medical imaging based biomarkers that could

predict response to treatment. In essence, this research explores the fundamental question

of whether treatment response can be reliably predicted through medical imaging.

To address this question, the primary focus of the research is centered on CT-based

radiomics analysis. The initial step involved a reproducibility study of the technique, driven

by the hypothesis that identifying and addressing inherent data variability would enhance the

model performance (Study 1). Subsequent studies delved into developing predictive models

for immunotherapy response using CT-based radiomics (Study 2), followed by assessing

the applicability of these methods when extended to other imaging techniques and targeted

therapies, specifically to PET imaging (Study 3) and anti-angiogenic treatment (Study

4). Finally, we explored the potential of predicting immunotherapy outcomes from digital

pathology imaging using deep learning (Study 5).
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6.1 Challenges in the development of radiomics

predictive signatures

Scarce data was published regarding radiomics implementation for cancer applications [83,

84] at the beginning of the thesis research. Specially regarding methods to handle multi-

center studies and advanced metastatic patients. Most of the studies were focussed on finding

the best combination of data dimensionality reduction and machine learning techniques [91,

105]. Despite that there were a few studies reporting the reproducibility of radiomic features

[Jha2021-fg, 93], there was no solution proposed to deal with radiomics variability among

multi-center acquisitions, feature aggregation methods and model selection. Therefore, in

the studies corresponding to this thesis, we explored different methods regarding the study

design.

6.1.1 Radiomics variability

The first study of this thesis played a pivotal role in shaping the subsequent research method-

ology. It allowed for identifying the potential sources of variability in CT data and set the

basis for the radiomics methods implemented in the subsequent studies. By implementing

pre-processing methods and batch-effect correction methods such as image resampling and

ComBat harmonization, we demonstrated that it is possible to reduce data variability in ra-

diomic features and improve the predictive performance of the models (Study 1). Despite the

limited existing literature on batch effect correction methods for radiomic data, our findings

were consistent with those of Orlhac et al [97]. Both studies demonstrated that after apply-

ing ComBat, the distribution of the radiomic data was harmonized among acquisitions. In

addition, our study evidenced not only a harmonized data distribution but also an increase

in the number of robust features, contributing to enhanced classification performance of the

models.

6.1.2 Radiomic feature aggregation methods

Another relevant point in the study design for developing predictive signatures for treatment

response is the definition of the target lesions. Many radiomics studies rely on delineating and

extracting features from a single selected tumor, often the primary or largest lesion, arguing

that the single chosen lesion can be representative of the whole disease [165, 166]. However, in

the context of advanced cancer patients with multi-site metastatic disease, this approach may

overlook relevant spatial information, miss tumor heterogeneity and, ultimately, limit the

predictive capacity of the model [167]. To partially overcome this limitation and capture the
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full spectrum of patient heterogeneity, feature aggregation methods such as average, volume-

weighted average, or attention-based multiple instance learning (MIL) can be applied [168].

In Study 2, 3 and 4, where radiomic predictive signatures were developed, we selected specific

aggregation methods according to the clinical setting of each study. These are described in

more detail below.

In Study 2 we proposed to aggregate all the radiomic data from all the metastatic disease

by including mixed models. These mixed models fit the patient distribution inside the whole

population distribution, allowing to account for random effects that are intrinsically from the

patient. This method will output a lesion-level prediction while considering the global patient

response. We believed that including the whole burden of disease presents an advantage

to single lesion methods. Some studies that focused on predicting surrogate biomarkers

quantified on the biopsied lesion, simplified the radiomics analysis by using the same lesion

where the sample was obtained [131, 169, 170]. Although this solution is methodologically

correct in terms of the surrogate endpoint, it excludes relevant information from the patient

status and heterogeneity that might influence the overall patient response [12].

A similar approach to our proposed solution was the one from Trebeschi et al., where

they included the total burden of disease by predicting tumor shrinkage at a lesion-level and

aggregating to a patient-level through dissociated response analysis [132]. Similarly, Himoto

et al. presented a study to assess intra- and inter- lesion heterogeneity among all lesions

of the patients [134]. Interestingly, these studies associated heterogeneity in tumors or in

volume changes to response by means of PFS but failed to model all the data towards a

final prediction. In our proposed solution, we implemented a method to account for all this

heterogeneity while still providing a final response prediction. Therefore, despite being aware

of the limitations of this modeling, which requires large data to be trained, we believe that

including a representation of the whole disease in the model could improve the performance.

However, feature aggregation methods are still limited by the inherent properties of the

data. For instance, in Study 4 we opted for the median of the features across all liver

lesions as a feature aggregation method, given that the lesions’ tissue properties were the

same. On the other hand, in study 3, due to the diffuse nature of lymphoma throughout the

entire body and the non-mesurable properties of the majority of the disease, we decided to

perform radiomics analysis of the largest lesion. Therefore, we can conclude that information

aggregation of metastatic disease poses a complex challenge in radiomics studies and that

no definitive solution exists for study design. While numerous studies have attempted to

compare aggregation methods, there is still a lack of consistent results [165–167, 171].
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6.1.3 Definition of dimensionality reduction and classifier selec-

tion of radiomics studies

When formulating the study design for a radiomic model, a critical aspect is the incorporation

of techniques for reducing data dimensionality and choosing an optimal model. Numerous

radiomics studies implemented LASSO for feature selection, followed by logistic regression for

classification [165, 172–174]. Similarly to LASSO, in Study 2 we implemented elastic-net as

feature selection, a regularized regression method that adds an extra penalty to the LASSO

regression. However, in the following studies (Study 3 and 4), we implemented LASSO and

logistic regression as the standard pipeline, prioritizing the focus on the generalizability of

the technique.

In terms of classification method, several studies have explored the performance of dif-

ferent classification algorithms for predicting response (such as SVM, RF, decision trees

and kNN). All of them showed that logistic regression had similar or slightly better perfor-

mance than other more complex classifiers [109–111, 165]. In the same lines, we have found

the implementation of logistic regression applied to handcrafted features radiomics as the

most straightforward option, given that more complex classifiers were not improving logistic

regression performance in our study cases.

6.2 The translational impact of radiomics and AI for

cancer treatment

The main research question addressed in the included studies in this thesis relies on the

application of predictive models to improve patient selection and customize the most effective

treatment strategy for each individual. However, in the development of predictive models

several assumptions are done regarding population description. It is crucial to account for

the implications of cohort definition and target endpoints in the design choices.

6.2.1 Development of predictive models across diverse tumor

types

Different properties contribute to make a tumor phenotype more responsive to treatment.

These properties can be tumor-specific or can be found across different tumor types [14, 175].

Moreover, the tumor type itself is a critical determinant of a patient’s likelihood to respond

to certain treatments [12]. In the case of immunotherapy, for example, patients with tumor

types like NSCLC and melanoma tend to be more responsive compared to other tumor types
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such as breast or colorectal cancer [32]. The notable success of immunotherapy in NSCLC

and melanoma has positioned it as a standard of care treatment, which directly influences

on the availability and quality of the data for predictive models. For that reason, to date,

the majority of radiomics studies on immunotherapy response prediction have focused on

NSCLC, benefiting from the availability of larger datasets and a higher degree of treatment

responses in this tumor type [170, 174, 176–179]. Other tumor types including melanoma,

gastric, head and neck, bladder and kidney cancers have been investigated to a lesser extent

[132, 135, 172, 180, 181] and only few studies have developed predictive radiomic models in

pan-cancer settings [131]).

In Study 2 we used advanced patients with different tumor types treated in clinical trials,

and we aimed to develop a generalizable predictive model for response to immunotherapy.

We showed that the model could learn the tumor phenotypes across different tumor types and

generalize to tumor specific cohorts from bladder and lung cancer. However, in Study 3 and 4,

limited by the available cohorts and the specificity of the included treatment to a tumor type,

anti-angiogenics for neuroendocrine tumors and CAR T-cells for lymphoma, we developed

tumor type-specific radiomic signatures. Similarly, in Study 5, we trained the model on a

NSCLC population treated with immunotherapy but then demonstrated its generalizability

to pan-cancer cohorts. In that study, we also explore the performance when training in pan-

cancer and validating in a single cohort. However, the limitations of the pan-cancer cohort,

characterized by a small sample size, substantial tumor type heterogeneity, and the inclusion

of predominantly advanced tumors accessible only via biopsy, could potentially reduce the

reliability of the model performance in comparison to the other approach.

In conclusion, the development of tumor type-specific radiomic signatures allows finding

radiomic features unique to that population and treatment pattern, however it reduces the

generalization of the methods to other tumor types that are less common or rarely treated

with that specific treatment. On the other hand, pan-cancer approaches require the use of

larger cohorts for the model to comprehend the inherent heterogeneity of the population,

thereby reducing the bias towards the response probability of each tumor type.

6.2.2 Endpoint definition for immunotherapy response predictive

model

Another relevant consideration in the study design for developing a model with potential

clinical translation is the definition of the target endpoint that will indicate response to

treatment. Studies focusing on predictive signatures and, specially, in immunotherapy can

be categorized into two types based on the endpoints: studies aiming to directly predict
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clinical outcome and studies focused on predicting known surrogate biomarkers of response

(i.e., biological and molecular markers used as predictors of a patient’s response such as

PD-L1).

Defining when a tumor is responding is a challenge itself, given the subjectivity of the

assessment. Consequently, the most relevant and robust measure for evaluating if a patient

is benefitting from treatment is overall survival (OS). Although certain radiomic studies

have considered OS as the clinical endpoint [135, 136, 174], most studies rely on tumor size

changes by the Response Evaluation Criteria in Solid Tumors version 1.1 (RECIST 1.1) [77].

From the RECIST assessment, multiple measurements can be computed and used as

endpoints, including PFS, disease control (which gathers CR and PR and SD) or objective

response rate (ORR). These measures, despite being the gold standard to decide patient

treatment discontinuation in clinical trials and standard of care, present some limitations:

they are subjectively defined and highly variable. For that reason, these response measure-

ments can be considered as surrogate endpoints for OS [76].

The same problem is found when surrogate biomarkers are defined as endpoints. Most

of these surrogates of response are still not good predictors, and therefore, the performance

of predictive models targeting these biomarkers will be inherently limited by the predictive

capacity of the surrogate biomarker itself. This implies that the effectiveness of the model

in predicting treatment response will be constrained by the predictive capabilities of the

surrogate biomarker being used.

Furthermore, these endpoints, despite their subjectivity, are usually continuous variables

and in the case of survival, they are also censored. Due to the complexity of the regression

modeling, most of the studies, including the ones from this thesis, tend to discretize the

endpoint. In all studies 2, 3 and 4, we opted for a definition of clinical benefit, which was

defined as PFS larger than the median for that specific type of treatment or primary tumor

type. This option allowed for simplifying the predictive model towards a classification prob-

lem. Similarly, when predicting molecular surrogate biomarkers (such as PD-L1 expression),

many studies, including study 5, also tend to discretize the target variable and transform

it into a classification problem. However, this limitation is tackled in all four studies by

studying the associations of these models with the ultimate clinical endpoint of OS.

6.2.3 Multi-center studies to improve model generalizability

According to the presented data, we can infer that medical imaging has great potential for

the development of new biomarkers of response. However, further work is needed to reach the

implementation of image-based biomarkers into clinical practice. Some of the limitations of
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our projects is the development of single-center studies like in Study 2 and 3. Even though we

can correct variability from different centers using methods defined in Study 1, developing

multi-center studies is essential to demonstrate the applicability of these methods across

large and heterogeneous datasets. That will ensure reliability and fairness by encompassing

diverse populations and scanners from various institutions. This limitation is tackled in this

thesis by Study 4 where we developed a predictive signature in patients from a multi-centric

clinical trial.

6.2.4 Integration of radiomics and clinical data

Furthermore, imaging biomarkers can also be seen as an extra value for integrative models

that can capture information from different clinical sources. For that reason, in study 2, 3

and 4 we explored the potential of combining radiomic data to clinical data. In all those

studies, we proved that the combination of radiomics with clinical variables always improves

the response prediction.

Some studies have highlighted potential improvements of predictive models through

multimodal approaches that combine radiomics with histopathology or genomics

[Crispin-Ortuzar2023-rp, 157]. With that purpose, in Study 5 we explored the develop-

ment of deep learning methods for histopathology to demonstrate its potential as biomarkers

for immunotherapy but to also understand how to integrate them with radiomic models such

as the one presented in Study 2. During this thesis, large efforts were done to obtain a big

dataset of patients treated with immunotherapy that contained information from multiple

data sources, including radiology and pathology. In line with other studies [155], preliminary

results showed that the combination of PD-L1 and CT image data into a model improved the

prediction performance compared to models based on a single image modality [182]. Still,

this requires representative heterogeneous data, ideally from multiple centers including all

sources of information, which has been a notable limitation thus far.

6.3 Biological validation of radiomic features

Integration of radiomics-based biomarkers into clinical practice hinges on the critical aspects

of explainability and trustability. It is crucial that healthcare professionals can comprehend

and rely on these complex data-driven insights to make informed patient care decisions.

Therefore, the path to integrating radiomics into clinical practice still relies on biological

translation of the predictive models [183].

In Study 2 and 4, we explored potential biological meaning to the developed radiomic
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predictive models. In both studies, we demonstrated that radiomic features can capture

biological differences of the tumor phenotype that are associated with response to specific

treatment. For instance, in Study 2, we observed that radiomic features indicating ho-

mogeneity proved to be more strongly associated with response. This property of tumor,

though well-established, is often challenging to quantify accurately. Through the application

of radiomics, we provided a non-invasive method to quantify this relevant aspect of tumor

phenotypes. Similarly, in Study 4, we found that radiomic features related to homogeneity

in shape (sphericity) and enhancement were indicative of tumor response to anti-angiogenic

treatment. One possible explanation for this result is that increased enhancement may be

attributed to enhanced vascularization, making it more susceptible to therapies targeting

tumor vascular growth, as is the case with anti-angiogenic treatment. In conclusion, our re-

search demonstrates that radiomic features can capture aspects of tumor biology and that in

combination with machine learning methods could potentially enhance patient stratification

towards treatment selection options.

To validate this potential biological explanation of the radiomic features in both studies

we correlated the predicted radiomic score with well known biomarkers for each treatment;

cytotoxic immunophenotype enrichment in the tumor for immunotherapy (Study 2) and

vasculature growth factors such as VGFR and ANG2 (Study 4). In both studies, we saw

a relationship between the molecular biomarkers and the radiomic score. However, ongoing

investigation in this direction is needed to enhance the reliability and applicability of these

models for seamless integration into routine clinical practice.

6.4 Limitations and future perspectives in the

development of AI-based clinical biomarkers

The main limitation in the studies included in the thesis is the use of real-world clinical data

in two growing fields, such as immunotherapy and artificial intelligence. The limited sample

size and data acquisition variability from clinical practice limited the implementation of

more complex methods. However, it raised the opportunity to explore variability correction

methods and to focus on more specific data populations.

It is noteworthy that both the fields of immunotherapy and artificial intelligence have

experienced substantial growth. The recent advancements in immunotherapy may pose chal-

lenges for the development of AI tools, requiring methods that can deal with increasingly

diverse and less standardized patient cohorts, specially regarding treatment type. What

initially started with single-agent immunotherapies, such as anti-PD-L1 and anti-PD1, has
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expanded to include new agents in combination, targeting new pathways related to im-

mune response or other biological processes. However, increasing population diversity in

immunotherapy is not solely attributed to the development of combinations with new tar-

gets. Clinical studies investigating the integration of immunotherapy with other treatments

like anti-angiogenics, chemotherapy or radiotherapy, are yielding notable results, potentially

influencing future implementations [184].

Even though radiomics has been proposed as a solution to extract quantitative represen-

tation of tumor phenotype from medical images [84], several limitations have been raised in

the past years. Radiomics field is limited to the pre-defined features that were not designed

specifically for medical images but more for general statistical heterogeneity quantification.

Additionally, many studies have raised the concern about variability among image acquisi-

tion parameters and the need for labeled data to obtain representations [93, 98]. Therefore,

future research questions that could be asked include how can we obtain more medical imag-

ing specific feature representations that can account for the variability of image acquisition

and represent the medical imaging without the need of manually image labeling.

New lines of research are pointing to the use of deep learning development of foundation

models that can learn from large sets of images without any specific task [185]. By leveraging

medical imaging knowledge, these models can enhance task-specific models used for specific

medical problems with fewer data available. In the case of cancer treatment and personalized

medicine, the development of foundation models, which can learn from previously unseen

tasks, will support the development of predictive biomarkers for novel therapies tested in

small subsets of patients. Some efforts have already been made in the field of radiology

[186], digital pathology [128] and medical text domain-based language models [187] that are

already showing this reality [188]. However, ongoing research is needed to obtain a clinical

supporting tool for cancer treatment.

In conclusion, the new developments and efforts in the AI field are pointing towards the

construction of AI models that will support precision oncology and will provide solutions for

a better understanding of the complexity of cancer evolution and treatment response [18].
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CHAPTER 7

Conclusion

1. The measurements in radiomics are susceptible to image acquisition and reconstruc-

tion parameters, including factors like slice thickness and reconstruction filters. In

the context of multi-centric studies, addressing this variability through harmonization

techniques can be beneficial. The incorporation of the ComBat batch effect correc-

tion method in radiomics analysis holds the potential to enhance the performance of

classification methods, ultimately improving the robustness of the models.

2. Radiomics quantification enables the extraction of representative features from CT im-

ages, effectively capturing various tumor phenotypes. These identified imaging tumor

phenotypes provide insights into tumor heterogeneity and immune phenotype, directly

influencing immunotherapy response. Integrating these radiomic representations with

clinical data could significantly improve the accuracy of predicting immunotherapy

response.

3. Radiomic features can be extended to capture additional representations of tumor

phenotypes, including tumor vasculature. This representation can be predictive of re-

sponse to anti-angiogenic targeted agents. Furthermore, the application of radiomic

features is not limited to CT imaging alone, it can also be extended to other imaging

modalities, such as PET imaging. This application allows for the quantification of tu-

mor metabolism, potentially achieving improved performance compared to traditional

state-of-the-art metrics.

4. Pathology imaging can provide a more detailed cellular-level representation compared

to radiology imaging. By extracting information from the tumor phenotype, these

pathology images can be used to predict immunotherapy response through surrogate

biomarker prediction, notably by predicting PD-L1 status from immunohistochemistry

(IHC) images. These methods have demonstrated generalization to different tumor

types, even when initially trained on specific tumors.
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Abstract 

The search for understanding immunotherapy response has sparked interest from 

diverse areas of  oncology, with artificial intelligence (AI) and radiomics emerging as  

promising tools, capable of gathering large amounts of information to identify suitable 

patients for treatment. The application of AI in radiology has grown, driven by the 

hypothesis that radiology images capture tumor phenotypes and thus could provide 

valuable insights into immunotherapy response likelihood. However, despite the rapid 

growth of studies in the field, none of the developed algorithms have yet made it to 

clinical implementation, mainly due to the lack of standardized methods, hampering 

study comparisons and reproducibility across different datasets. In this review, we 

performed a comprehensive assessment of published data to identify sources of 

variability in radiomics study design that hinder the comparison of the different model 

performance and therefore, clinical implementation. Subsequently, we conducted a 

use-case meta-analysis using homogenous studies to assess the overall performance 

of radiomics in estimating the predictor biomarker of immunotherapy response, 

programmed death-ligand 1 (PD-L1) expression. Our findings indicate that, despite 

numerous attempts to predict immunotherapy response, only a limited number of 

studies share comparable methodologies and report sufficient data about cohorts and 

methods to be suitable for meta-analysis. Nevertheless, although only a few studies 

meet these criteria, their promising results underscore the importance of ongoing 

standardization and benchmarking efforts. This review highlights the importance of 

uniformity in study design and reporting. Such standardization is crucial to enable 

meaningful comparisons and demonstrate the validity of biomarkers across diverse 

populations, facilitating the implementation of these biomarkers into the 

immunotherapy patient selection process. 
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Introduction  

Cancer immunotherapy, particularly immune checkpoint inhibitors (ICI), has emerged 

as the gold standard for treating various cancers, including lung, renal, and melanoma 

[1–4]. The remarkable success achieved with ICI has ignited optimism for its potential 

application in treating numerous other types of cancer. However, the variability in 

patient responses makes it necessary to identify biomarkers capable of predicting 

individual responses to ICI. This crucial step is instrumental in enhancing patient 

stratification, maximizing treatment efficacy, detecting treatment resistance and thus 

minimizing potential harm for those who may not benefit. Various tissue-based 

predictive biomarkers have been proposed, such as microsatellite instability (MSI) 

[5,6], tumor mutational burden (TMB) [7], programmed death-ligand 1 (PD-L1) 

expression [8], and tumor-infiltrating lymphocyte (TIL) count [9]. However, these 

biomarkers often require invasive procedures to obtain tumor tissue for analysis, and 

their accuracy in identifying suitable candidates for immunotherapy remains 

suboptimal [10].  Radiomics analysis, in combination with machine learning methods, 

efficiently extracts meaningful information from medical images, enabling three-

dimensional evaluation of tumors throughout the entire body, and repeated 

assessments over the course of cancer treatment [11]. In particular, extracting 

radiomics features from standard-of-care CT images, a widely used imaging technique 

for cancer staging and follow-up, offers a valuable tool with potential for developing 

predictive biomarkers in the context of immunotherapy [12–15]. This is especially 

pertinent in cancer immunotherapy, where treatment may occur after the initial 

diagnosis, in pretreated patients with evolving tumors and non-reachable lesions 

[16,17]. The non-invasive nature of radiomics applications thus becomes highly 

valuable. 

In fact, the emergence of encouraging radiomics signatures for predicting response to 

immunotherapy has sparked a surge in research endeavors within this domain. 

Nevertheless, the absence of standardized protocols and benchmarking studies of 

biological validation of such signatures poses a significant challenge for the application 

of these signatures in clinical practice. Despite numerous radiomics studies predicting 

response across various tumor types, inconsistencies persist in data selection, model 

construction, and outcome definition. To assess the reliability of predictive radiomics 

studies, standardization research criteria such as the Radiomics Quality Score (RQS) 
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[11]  and the CLEAR checklist [18] have been introduced [19]. However, some studies 

have reported low RQS in most published radiomics studies, indicating poor reporting 

practices and limited reproducibility [20].  Furthermore, efforts are emerging to develop 

PRISMA-AI guidelines [21] that will define standardized frameworks, comprehensive 

method descriptions, and data sharing practices in radiomics-based studies, that will 

allow study comparison, validation, and meta-analysis efforts in this domain.  

In this review, we provide an overview of the current state of radiomics-based 

biomarkers to guide the use of immunotherapy through a comprehensive examination, 

encompassing the potential biases and variations in the currently developed radiomics 

pipelines that challenge the development of comparison studies through meta-

analysis. Additionally, we present a short case study featuring a meta-analysis of 

studies predicting PD-L1 status from CT imaging, comparing radiomics machine 

learning (ML) and deep learning (DL) models. By examining the existing literature and 

conducting a meta-analysis, we aim to offer valuable insights and perspectives on the 

efficacy and reliability of radiomics as immunotherapy biomarkers. 

 

Uncovering potential sources of variability in radiomics study design 

We conducted a systematic review encompassing all studies utilizing radiomics or 

deep learning techniques in CT imaging for predicting either direct response to 

immunotherapy or any biomarker surrogate of response. Supplementary material 1 

provides a detailed description of our review methodology. Our findings highlight the 

significant diversity in study design among publications aiming to create similar 

predictive models (Figure 1). This variability in methodology presents a challenge 

when attempting to compare the performance of these models through meta-analysis. 

In this section, we aim to summarize all these studies and the differences among them.  

Cohort setting  

The characteristics that define the tumor phenotype and make it more responsive to 

immunotherapy can encompass tumor-specific aspects or those that can be 

expressed and captured across multiple tumor types. Consequently, researchers have 

pursued two approaches in the development and validation of radiomics-based 

biomarkers. One approach being tumor specific, aiming to create validated biomarkers 

within each type. While the other approach addresses this challenge by incorporating 
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multiple tumor types and considering the location of metastatic disease when feeding 

the models. 

 

To date, the majority of radiomics studies on immunotherapy response prediction have 

focused on non-small cell lung cancer (NSCLC), benefiting from the availability of 

larger datasets and a higher degree  of treatment responses in this tumor type.  In fact, 

most of the studies exploring radiomics to predict direct response or surrogates of 

response (i.e., biological and molecular markers used as predictors of a patient's 

response such as PD-L1) to immunotherapy have been done in NSCLC populations. 

Other tumor types including melanoma, gastric, head and neck, bladder and kidney 

cancers have been investigated to a lesser extent and only few studies have 

developed predictive radiomics models in pan-cancer settings [12,14]. Despite the 

increasing number of lung cancer and melanoma patients receiving immunotherapy 

as part of standard care, it is noteworthy that only around 30% of the articles included 

cohorts larger than 200 patients, and merely 22% reported the utilization of external 

validation cohorts (Supplementary Table 1).  

 

The development of tumor type-specific radiomics signatures allows finding radiomics 

features unique to that population, however it reduces the generalization of the 

methods to other tumor types that are less common or rarely treated with 

immunotherapy. On the other hand, pan-cancer approaches require the use of larger 

cohorts for the model to comprehend the inherent heterogeneity of the population, 

thereby reducing the bias towards the response probability of each tumor type. 

Outcome evaluation  

Studies focusing on predictive radiomics signatures and immunotherapy can be 

categorized into two types: those aiming to directly predict clinical outcome and those 

focused on predicting known surrogate biomarkers. However, the lack of 

standardization regarding outcome definition poses a significant challenge, making it 

difficult to compare and assess the predictive capabilities of the resulting radiomics 

signatures. 

One major challenge is the wide range of clinical endpoints used to assess treatment 

response. The most relevant measure for evaluating the benefit of immunotherapy 
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treatment in patients is overall survival (OS). While certain radiomics studies have 

considered OS as the clinical endpoint [13,15,22–33], most studies rely on tumor size 

changes by the Response Evaluation Criteria in Solid Tumors version 1.1  (RECIST 

1.1) [16]. From the RECIST assessment, multiple measurements can be computed 

and used as endpoints, including progression-free survival (PFS) [29–32,34–38], 

disease control (which gathers complete response (CR), partial response (PR), and 

stable disease (SD)) [14,22,28,34,35,39–46] or objective response rate (ORR) [23,47–

50]. However, it is important to note that these response evaluations are considered 

surrogate endpoints for OS, and their reliability is hindered by their inherent subjectivity 

and variability, challenging the development of reproducible models [51,52]. 

Furthermore, the wide range of response evaluation criteria derived from RECIST 

[53,54] (e.g., PFS, ORR, disease control) also limits the direct comparison of radiomics 

signatures across studies. 

Similarly, when predicting molecular surrogate biomarkers (such as PD-L1 

expression) , many studies tend to discretize the target variable and transform it into 

a classification problem. However, these biomarker cutoffs are subjected to the 

primary tumor biology or the type of treatment. Therefore, the lack of standardized 

cutoff values further complicates the comparison of radiomics signatures for predicting 

surrogate biomarkers in immunotherapy. In addition to the heterogeneity in endpoint 

definitions, it is important to consider that the performance of radiomics signatures 

predicting surrogate biomarkers will be inherently limited by the predictive capacity of 

the surrogate biomarker itself. This implies that the effectiveness of the radiomics 

signatures in predicting treatment response will be constrained by the predictive 

capabilities of the surrogate biomarker being used. 

Study design regarding number of lesions, region of interest and time-points 

Another relevant point in the study design for immunotherapy radiomics signatures is 

the selection of target lesions for analysis. Many radiomics studies rely on delineating 

and extracting features from a single selected tumor (~63% of the studies found in the 

review), often the primary or largest lesion, arguing that the single chosen lesion can 

represent the whole disease. However, in patients with metastases at multiple sites, 

heterogeneous immunophenotypes can drive different immune responses [55,56]. 

Therefore, analyzing only one lesion per patient may not fully capture the tumor 
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heterogeneity and limit the predictive capacity of the model. To partially overcome this 

limitation and capture the full spectrum of patient heterogeneity, feature aggregation 

methods such as average, volume-weighted average, or attention-based multiple 

instance learning (MIL) are commonly used [14,41,49,57]. Additionally, the analysis of 

inter- and intra-lesion heterogeneity through radiomics studies to capture the whole 

metastatic disease has also been considered as a potential indicator of 

immunotherapy response [58].  

Moreover, with the aim of providing the model with all the potential relevant data and 

knowing the effect of surrounding tumor microenvironment for immunotherapy 

response, certain studies have also explored the value of incorporating peritumoral 

area information into predictive models for predicting response to immunotherapy 

[22,50]. Nevertheless, the models obtained  more relevant information from the 

intratumoral features. Some studies have also shown that  intratumoral 3D radiomics 

features provide more informative insights compared to using only 2D radiomics 

features [28]. 

Finally, regarding the imaging time-points, the majority of studies in radiomics research 

have focused on the development of predictive biomarkers using baseline scans, 

which refer to the scans obtained just before initiating treatment. This approach 

facilitates improved patient selection for treatment decision-making. However, some 

studies have demonstrated enhanced outcomes by analyzing changes in the 

radiomics tumor phenotype between baseline and early follow-up time points, 

commonly known as early readouts or delta radiomics signatures 

[13,15,22,29,43,47,59]. Such approaches enable the capture of response or 

progression patterns that may go unnoticed by radiologists, thereby potentially 

preventing patients to stay longer under ineffective treatment. Some of these studies 

have shown that tracking these changes in CT scans provides better prognostic value 

compared to the current standard of care, RECIST [13,60]. It is important to note, 

however, that these early readouts do not represent true predictive biomarkers per se, 

but rather serve as indicators of early response, and should be thought of as 

alternative response criteria themselves, rather than predictive biomarkers. This is 

because at the time these early readouts are assessed, treatment decisions have 

already been made, and the patient is already receiving immunotherapy.  
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Radiomics feature selection and model implementation  

Fifty percent of the pipelines implemented for hand-crafted radiomics analysis 

correspond to Least Absolute Shrinkage and Selection Operator (LASSO) for feature 

selection (implemented in 40% of the studies), followed by a logistic regression for 

classification (implemented in 25% of the studies). Multiple studies have highlighted 

the benefits of utilizing LASSO as the feature selection method due to its efficacy in 

high-dimensional data regression, thereby mitigating the risk of overfitting [30,49]. In 

terms of classification method, several studies have explored the performance of 

different classification algorithms for predicting response (such as support vector 

machine (SVM), Random Forest (RF), decision tree and k-nearest neighbor). All of 

them showed that logistic regression had similar or slightly better performance than 

other more complex classifiers [28,38,50,61].  

 

Only a few studies have used more advanced DL methods to predict response to 

immunotherapy [13,32,45,46]. These methods are data-hungry and need large 

cohorts of patients,  as well as reliable and objective annotations, to achieve good 

performance. However, gathering this amount of data regarding immunotherapy 

treatment response is still challenging. For that reason, most of the CT-based DL 

models currently developed are focused on predicting surrogates of response such as 

PD-L1 status  [32,62–64].  

 

Case-study: meta-analysis for predicting PD-L1 status from CT imaging 
comparing DL vs radiomics with classical ML 

In order to get a better understanding of the overall performance of the radiomics 

signatures as predicting biomarkers for immunotherapy, we conducted a meta-

analysis of all the studies that implemented CT-based radiomics with classical ML or 

DL to predict PD-L1 status. Detailed description of the methodology is reported in 

Supplementary 1 (Methods of the systematic review). Figure 2 shows  a flow chart 

illustrating the systematic review conducted in PubMed, outlining the predefined 

inclusion and exclusion criteria.  

 

We identified a total of 56 articles developing CT-based predictive signatures in 

patients treated with immunotherapy; 34 for predicting direct response and 22 
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predicting surrogate molecular biomarkers (Supplementary 2. Detailed results systematic 

review). In Supplementary Table 1, all included papers are listed. We reviewed the CLEAR 

guidelines for all these studies (Supplementary Table 2). However, we could not include 

harmonized image preprocessing techniques or feature selection methods. Accounting for 

the previously described variability in the methods of radiomics signatures and with 

the aim of investigating the most standardized models, we found seven comparable 

studies to perform the meta-analysis. All of them predicted PD-L1 expression 

assessed as tumor proportion score (TPS) ≥ 1%, using the area under the curve (AUC) 

as the evaluation metric and implementing either logistic regression (n=4) [61,64–66] or 

DL (n=3) [62,64,67] as the predictive model. External validation performance was also 

explored in three studies applying logistic regression methods and one DL modeling. 

 

The included papers showed varying performance in predicting PD-L1 expression, 

with AUROCs ranging from 0.76 to 0.96 in both logistic regression and DL methods. 

In the internal validation, the logistic regression models showed a pooled AUC of 0.86 

(95%CI 0.77-0.94, i²= 94%) while the DL method exhibited a pooled AUROC of 0.86 

(95%CI 0.79-0.92, i²= 89%), using random effects model (Figure 3). Interestingly, our 

findings revealed that the performance across different studies for logistic regression 

remained comparable in the external validation set, yielding an estimated AUROC of 

0.80 (95%CI 0.78-0.82, i²= 0%) (Figure 4). These findings indicate low heterogeneity 

between studies in the external validation performance in contrast to the higher 

heterogeneity in the internal set. There was not enough data from DL studies to 

evaluate the heterogeneity in the external set. Notably, studies utilizing logistic 

regression and DL methods demonstrated similar results in the internal set, with a 

combined estimated AUROC of 0.86 (95% CI 0.80-0.91), despite DL models having 

access to a larger dataset compared to logistic regression studies. 

 

Discussion  

The application of artificial intelligence (AI) to improve patient stratification towards 

better treatment selection is of growing interest in both  radiology and oncology fields. 
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Numerous studies have focused on uncovering radiological features of tumors that 

could predict response patterns to immunotherapy. However, the lack of standardized 

and homogeneous frameworks employed in these studies, as well as scarce data 

sharing, present challenges when comparing results and validating radiomics models, 

ultimately, hindering their integration into clinical practice. In this review, we aimed to 

shed light on the factors that contribute to the variability in radiomics studies, rendering 

the available models incomparable. Additionally, we conducted a comprehensive 

literature review specifically targeting studies that investigated CT-based radiomics 

signatures for predicting response to immune checkpoint inhibitors (ICI) and surrogate 

biomarkers of response to ICI. 

 

Remarkably, our findings revealed that despite the abundance of studies predicting 

direct response to immunotherapy, only a limited number of these studies employed 

similar methods, making them unsuitable for meta-analysis. This significant variability 

in methodology poses challenges in terms of study comparisons and reproducibility 

across different datasets. Similar challenges have arisen in the development of other 

potential predictive biomarkers based on biological samples such as PD-L1 

expression or TMB, highlighted in debates surrounding the heterogeneous distribution 

of these markers in tumor samples, variations in staining techniques, and 

establishment of appropriate thresholds, among other issues [68–70]. Addressing 

these challenges requires benchmarking studies that facilitate the comparison of 

established methods with novel techniques across diverse cohorts, thereby promoting 

advancement and standardization in the field. 

 

Nonetheless, some studies investigating the development of radiomics signatures for 

predicting programmed death-ligand 1 (PD-L1) expression in tumors met the 

necessary criteria for meaningful pooling and meta-analysis. Consequently, our meta-

analysis exclusively focused on studies examining CT-based radiomics for predicting 

PD-L1 status. This case study highlighted the promising performance of the reported 

models in predicting PD-L1 expression, with area under the receiver operating 

characteristic curve (AUROC) values ranging from 0.7 to 0.9. While these models have 

demonstrated positive outcomes and exhibited limited heterogeneity in accuracy 

during external validation, questions persist regarding the lack of widespread adoption 

in clinical practice. One potential contributing factor could be the absence of a reported 
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correlation between PD-L1 prediction and treatment response. Furthermore, it is 

important to acknowledge the potential influence of publication bias, which may result 

in a prevalence of positive results, potentially overshadowing scientifically crucial 

findings from studies that may not achieve high accuracy despite employing sound 

methodologies. 

 

Developing multi-center studies is essential to demonstrate the applicability of these 

methods across large and heterogeneous datasets, ensuring reliability and fairness 

by encompassing diverse populations and machines from various institutions. 

Concerns regarding data privacy and patient data monetization have slowed down the 

development of large-scale multi-center models. Nevertheless, efforts have been 

made in this field to provide more secure methods of data sharing and decentralized 

model training, such as federated learning  [71,72], where models can be trained on 

multi-institutional data without leaving the respective institutions, thus safeguarding 

data privacy. Moreover, some studies have highlighted potential improvements of 

predictive models through multimodal approaches that combine radiomics with 

histopathology or genomics [73,74]. Still, this requires representative heterogeneous 

data ideally from multiple centers including all sources of information, which has been 

a notable limitation thus far. Finally, integration of radiomics-based biomarkers into 

clinical practice hinges on the critical aspects of explainability and trustability, ensuring 

that healthcare professionals can comprehend and rely on these complex data-driven 

insights to make informed patient care decisions. 

 

Moreover, the path to integrating radiomics into clinical practice, even when all the 

previous limitations are considered, still relies on biological translation of the predictive 

models. Certain studies have made substantial progress in this direction by correlating 

radiomics predictions with biological and molecular markers like PD-L1 [30], cellular 

pathways [39] or cytotoxic immunophenotype [14]. Other studies have focused on 

developing models that aim to predict directly the molecular properties of the tumor 

from surgical resections or biopsies [75]. However, ongoing investigation in this 

direction is needed to enhance the reliability and applicability of these models for 

seamless integration into routine clinical practice. 
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In conclusion, the journey towards establishing radiomics-based biomarkers is 

challenging, requiring technical development of imaging assays and computational 

methods, validation encompassing sensitivity, specificity, and reproducibility 

evaluations, biological validation, as well as proving clinical relevance ideally through 

embedding them in prospective clinical trials. Despite the considerable interest and 

expectations from the scientific community, as well as the abundance of papers 

exploring imaging phenotypes derived from radiomics as potential biomarkers of 

response to immunotherapy, these tools have yet to be implemented in clinical 

practice. To make a substantial impact on clinical trials and medical practice, larger 

prospective studies with appropriate external validation datasets, focusing on the 

clinical applicability of these signatures, are crucial.  

 

Fortunately, changes are underway in the field that should facilitate the exploration of 

these novel biomarkers and their potential applicability in the clinic. The imaging 

scientific community, through collaborative efforts and consortia supported by the EU 

commissioner, is working to bridge the gap between research and real-world 

application. Among the most significant initiatives is the EUCAIM project, which is 

dedicated to establish an infrastructure for over 60 million cancer images from over 

100,000 cancer patients with the goal to develop and benchmark trustworthy AI tools. 

Together, we strive to pave the way for the true integration of radiomics-based 

biomarkers into clinical decision-making, ultimately improving the care of cancer 

patients.  
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Figures 

 
Figure 1. Potential sources of variability in radiomics study design including 
features related to the cohort setting (specific signature for a single tumor type 
or pan-cancer), end-point (for clinical outcome such as response yes/no or for 
predicting molecular surrogates biomarkers such as PD-L1 expression), 
number of lesions, imaging timepoints and  region of interest.  
n: number of lesions 
PD-L1: programmed death-ligand 1 
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Figure 2. Referred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) flow diagram for study illustrating the number of records screened in 
the review and articles included and excluded, outlining the predefined 
inclusion and exclusion criteria. In total, 56 articles were included in the review 
and 35 articles were excluded, reasons for exclusion were reported. Seven 
studies exploring CT-based radiomics models for predicting programmed 
death-ligand 1 (PD-L1) expression were included in the meta-analysis. 
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Figure 3. Meta-analysis results: Internal validation performance of the reported 
studies that implemented CT-based radiomics with classical machine learning 
(ML) or deep learning (DL) for  predicting  programmed death-ligand 1 (PD-L1) 
expression.  
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Figure 4. Meta-analysis results: External validation performance of the reported 
studies that implemented CT-based radiomics with machine learning (ML) or 
deep learning (DL) for predicting programmed death-ligand 1 (PD-L1) 
expression.  
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ABSTRACT
◥

Immunotherapy by immune checkpoint inhibitors has become a
standard treatment strategy for many types of solid tumors.
However, the majority of patients with cancer will not respond,
and predicting response to this therapy is still a challenge. Artificial
intelligence (AI) methods can extract meaningful information from
complex data, such as image data. In clinical routine, radiology or
histopathology images are ubiquitously available. AI has been used
to predict the response to immunotherapy from radiology or
histopathology images, either directly or indirectly via surrogate

markers. While none of these methods are currently used in clinical
routine, academic and commercial developments are pointing
toward potential clinical adoption in the near future. Here, we
summarize the state of the art in AI-based image biomarkers for
immunotherapy response based on radiology and histopathology
images. We point out limitations, caveats, and pitfalls, including
biases, generalizability, and explainability, which are relevant for
researchers and health care providers alike, and outline key clinical
use cases of this new class of predictive biomarkers.

Introduction
Response prediction in immunotherapy—one of the major
challenges of oncology

The unprecedented results of immune checkpoint inhibitors (ICI)
in melanoma patients led to the extensive use of immunotherapy in
many tumor types (1). However, while some patients achieve excellent
responses,many others do not respond, but can still suffer from serious
toxicity. Therefore, accurate predictive biomarkers towards a more
precise patient stratification for ICI are needed to optimize patient
selection and to minimize undesirable side effects. Several molecular
biomarkers for ICI response prediction have been introduced. These
include microsatellite instability (MSI), the tumor mutational burden
(TMB), the expression of programmed death ligand-1 (PD-L1), as well
as the number of tumor-infiltrating lymphocytes (TIL; refs. 2, 3).
However, the performance for predicting the response of each bio-
marker individually or when combined is suboptimal, with some
tumors showing resistance despite the presence of the biomarker
and vice versa (4). Hence, there is a need for improved predictive

biomarkers for supporting clinical decisions, ideally with high repro-
ducibility, high accuracy, and low costs.

Artificial intelligence in medical imaging
Artificial intelligence (AI) is a branch of computer science that

integrates different technologies able to replicate human brain func-
tions such as learning and problem solving.Machine learning (ML) is a
subset of AI techniques capable of teaching a computer to detect
patterns in datasets. ML has been used in oncology for many years, for
example to define gene signatures of treatment response (5). A
particularly powerful method within ML is artificial neural networks
(ANN). An ANN is an interconnected group of units which collec-
tively can perform complex computations, and is looselymodeled after
biological neural networks. Multi-layered ANNs are particularly pow-
erful, and using them inML is called “Deep Learning” (DL). In the last
decade, DL has provided strong performance gains in many scientific
domains. One of its most common fields of application is computer-
based image processing. In image processing, ANNs typically use a
mathematical operation called convolutions to reduce the raw pixel
information to relevant concepts. ANNs relying on convolutions are
called convolutional neural networks (CNN). For decades, teaching
computer programs to automatically read and interpret digital images
was a very hard task, but in the last decade, the use of CNNs coupled
with better hardware and larger data collections have resulted in
methodologic breakthroughs. Today, DL with CNNs is the state-of-
the-art method for almost any image processing task in nonmedical
and medical applications.

Medical applications of AI
As of 2022, dozens of AI-based systems have received regulatory

approval to be used in clinical routine (6). Many of these systems are
tools to analyze digital medical images, including radiology, histopa-
thology, dermoscopy, and endoscopy images. In oncology, image data
is abundant and instrumental for medical decisions: the suspicion of a
malignant tumor is usually confirmed with radiology imaging, which
also serves to determine the spread of the disease. The diagnosis and
most components of the stage of a malignant tumor are usually
obtained through histopathology, i.e., visual examination of a piece
of tumor tissue under a microscope by an expert pathologist. Hence,
for almost every single patient with a solid tumor, radiology
and histopathology images are available. The central paradigm of
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image-based biomarkers in oncology is that these routinely available
images containmuchmore information than is currently being used in
clinical care and that this information can be extracted by AI.

Image-based biomarkers for cancer immunotherapy response
prediction

In this work, we will review applications of AI to extract biomarkers
for ICI response from radiology and histopathology images. The
methods can be classified either as a “surrogate” strategy or an
“end-to-end” strategy. The “surrogate” strategy means that AI is used
to predict TMB, MSI status, TILs or PD-L1 expression. The “end-to-
end” strategy means that AI is used to directly predict treatment
response (Fig. 1). Together, these approaches have the potential to
yield new diagnostic methods for better treatment decisions in clinical
routine. However, before clinical adoption, it is important to discuss
potential limitations and enable clinicians to understand and interpret
the output of these systems.

Response Prediction from Radiology
Imaging
Classical radiomics and DL radiomics

Radiology imaging modalities, such as CT, MRI, and PET are
powerful tools for cancer detection, characterization, and follow-up,

providing a comprehensive view of the entire tumor repeatedly
throughout the course of the disease. As early as 2014, ML has been
used to quantify tumor features in CT images, which are linked to
clinical outcome (7). This method has been termed “radiomics” (7).
Classical radiomics follow a two-step approach. First, to derive a
quantifiable set of handcrafted features from imaging data. Second,
to train ML methods for predicting clinically relevant categories from
these features. Handcrafted features provide information about the
intensity, shape, and texture of the tumor phenotype. However,
handcrafting sets of features limit the type of information that ML
models can learn, potentially reducing the performance. To overcome
this, a more recent approach is “Deep Radiomics”, which uses DL
(mostly CNNs) to predict a target category directly from image data,
learning features and their combination in one go. CNNs can learn a
larger number of features at different levels of abstraction (Fig. 2A).
Thereby, the extracted features are selected and weighted on the basis
of the task at hand, which provides more flexibility and can improve
performance.

Radiomics to predict surrogate biomarkers for immunotherapy
response

Several studies have used AI to predict surrogate markers of
immunotherapy response from radiology images. These markers
includeMSI (8–10), TMB (11–13), TILs (14–16), and PD-L1 (Table 1;

�m mm

Pre-processing

Supervised deep
learning

Prediction of surrogate
biomarker of response

MSI TMB TIL PDL1

Supervised machine
learning

Direct end-to-end
prediction of response

RECIST PFS OS DFS

Feature extraction

Histopathology images Radiology images

Figure 1.

Supervised learningworkflows for prediction of immunotherapy response fromclinical image data. Pathology (left) and radiology (right) imagedata are available for
almost any patient with a solid tumor. Both types of image data have been used to predict surrogate markers of immunotherapy response or to directly predict
immunotherapy response. PFS, progression-free survival; DFS, disease-free survival. (Adapted from an image created with BioRender.com.)
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refs. 17–19). The basic idea behind these studies is that the molecular
properties of tumors change the tumor’s phenotype, which can be
observed in radiology images (Fig. 2B). Many of these studies use
classical radiomics to classify a discrete surrogate biomarker, such as
microsatellite stable versus MSI-high, high versus low TMB, high
versus low CD8-cell infiltration, or PD-L1 positive versus negative.
These studies showed promising results: the area under the receiver
operating characteristic curve (AUC) usually falls within the range of
0.70 to 0.90. Other studies have used DL methods, showing similar
performances for MSI and PD-L1 prediction (17, 20). The ability to
predict the status of such biomarkers from radiology images opens
exciting opportunities for clinical practice. For example, monitoring
changes of these biomarkers during treatment, analyzing the whole
tumor and not just a small part of tumor tissue, and the noninvasive-

ness are clear advantages compared with invasive tissue-based meth-
ods. However, the performance of these imaging-based biomarkers is
not perfect, and it remains to be shown if it is sufficient for clinical
decision-making.

Radiomics for end-to-end prediction of immunotherapy
response

While “surrogate” approaches predict an established biomarker
from image data, “end-to-end” approaches can directly predict immu-
notherapy response, asmeasured by the response evaluation criteria in
solid tumors (RECIST), progression-free survival, or overall survival
(OS) as endpoints (Table 1; refs. 21–23). Successful applications of this
approach have been shown in melanoma (23), lung cancer (21, 22),
and bladder cancer, among other tumor types, and are generally
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Figure 2.

Visual features in image data, which have been implicated in clinical outcome.A,A commonly usedmethod to extract complex features frommedical imaging data is
CNNs. In this technology, artificial neurons are stacked in layers,which recognize visual patterns at different levels of abstraction.B, In radiology andpathology image
data, neural networks can recognize a wide range of visual patterns that are related to immunotherapy response in patients.
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based on “classical” handcrafted radiomics, not DL radiomics. In
general, these approaches have achieved a good performance
with AUC values greater than 0.70 for predicting ICI response.
Furthermore, in most studies, these predictive radiomics scores are
significantly associated with other surrogate biomarkers with the
aim of explaining the underlying biology of the radiomics respon-
sive phenotypes (21, 22). OS is the less common endpoint of
response, given that it is highly dependent on other factors, such
as previous treatments. However, it is the most relevant endpoint in
model development for reaching clinical practice (24). In summary,
end-to-end imaging biomarkers may play a key role in comple-
menting surrogate biomarkers to improve the understanding of the
tumor phenotype.

Response Prediction from Digital
Histopathology Images
The rise of computational pathology

Histopathology images reflect properties of tumors, which are
associated with immunotherapy response. Compared with radiology,
the spatial scale of histopathology is much lower, such that phenotypes
at cellular and subcellular levels can be directly observed (Fig. 2B).
Even routine tissue slides stained with hematoxylin and eosin (H&E)
are sufficient to identify many different types of immune cells in the
lymphoid and myeloid spectrum. A key disadvantage of histopathol-
ogy, however, is that it requires invasive procedures. Also, while
radiomics biomarkers can be recomputed in serial imaging during

Table 1. An overview of indirect and end-to-end biomarkers in radiology and pathology image analysis.

Target References Summary
Data
type Tumor type Technology

Validation
AUROC

RADIOLOGY

Surrogate
marker

(8–10, 20) Prediction of MSI status CT Colorectal Radiomics
features þ ML
model

0.73–0.89a

(11–13) Prediction of TMB CT/MRI Lung, endometrial, glioma Radiomics
features þ ML
model

0.81–0.87a

(14–16) Prediction of TIL number CT/MRI Head and neck, lung,
hepatocellular, bladder,
endothelial

Radiomics
features þ ML
model

0.67–0.90a

(17–19) Prediction of PD-L1
expression

CT/PET Lung, pancreatic Radiomics
features þ ML
model / CNN

0.68–0.82a

Direct response
prediction

(23) Direct prediction of OS
under immunotherapy

CT Melanoma Radiomics
features þ RF

0.92 (95% CI,
0.89–0.95)b

(22) Direct prediction of
response to
immunotherapy

CT Multiple solid tumors Radiomic
features,
Elastic-net,
GLMM

0.67 (95% CI,
0.58–0.76)b

(21) Melanoma, lung Radiomics
features þ RF

0.64–0.83a

PATHOLOGY

Surrogate marker

(41–50) Prediction of MSI status Colorectal, gastric,
endometrial

CNN 0.60–0.92a

(45, 61, 80) Prediction of EBV or HPV
status

H&E Gastric, head and neck CNN 0.67–0.87a

(51–54) Prediction of TMB H&E Lung, urogenital,
colorectal, gastric, head
and neck, and others

CNN 0.64–0.92a

(57, 58, 81) Prediction of immune-
related gene
expression signatures

H&E Hepatocellular, colorectal CNN, MIL 0.81–0.92a

(55, 56) Prediction of PD-L1 status
from H&E

H&E Lung CNN 0.63–0.93a

(37, 38) Prediction of TIL number
from H&E

H&E Breast, oral SSL, MIL, CNN 0.88–0.89a

Direct response
prediction

(64, 65) Direct prediction of
response to
immunotherapy

H&E Lung, melanoma CNN, GNN 0.62–0.78a

IHC

Quantification of
established
marker

(29–33) PD-L1 expression scoring
assistance

IHC Lung GAN, CNN 0.90–0.99

Note: Representative studies are referenced, and the list may not be exhaustive in all categories.
Abbreviations: AUROC, area under the receiver operating characteristic curve; CI, confidence interval; MIL, multiple instance learning; RF, random forest; FS, feature
selection; GAN, generative adversarial network; CPS, combined positivity score; IHC, immunohistochemistry; H&E, hematoxylin and eosin.
aWhenever multiple studies are reported, the range of AUROC from the validation/test set of the studies are listed (lowest and highest value).
bWhenever only a single study is reported (or only a single study includes detailed performance statistics), the AUROC and 95% CI from the validation/test sets are
listed as given in the publication.
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the course of the disease, histopathology image biomarkers are usually
only measured in the initial tumor sample. In the last 5 to 10 years, AI
approaches have been widely used to extract biomarkers from H&E
slides of solid tumors (25). AI can extract diagnostic (26), prognos-
tic (27), and predictive (28) information from H&E slides. This use of
AI methods in pathology image analysis is referred to as “computa-
tional pathology”.

Quantification of IHC
One of the applications of DL methods is to facilitate the quanti-

fication of established biomarkers in IHC slides. For example, the
expression level of the PD-L1 protein on tumor cells and immune cells
(combined positivity score), is assessed bymanual observation of IHC.
Several studies have used DL to automate the subjective scoring of PD-
L1 status (29–33). Similarly, the number of TILs in H&E or IHC slides
is associated with survival and immunotherapy response in many
tumor types (34, 35). As early as 2006, several years before DLwas used
as a tool in biomedicine, handcrafted image analysis pipelines with
classical ML methods were used to count TILs (36). More recently,
several studies have used DL for TIL quantification (37, 38). In
addition to quantifying lymphocytes, ML methods were also used to
quantify other types of innate and lymphoid immune cells, demon-
strating that cell counts are prognostic of survival in multiple tumor
types (39, 40).

Extracting molecular biomarkers from H&E slides
However, the abilities of DL are not limited to simple quantification

tasks such as counting cells. DL can solve complex visual pattern
recognition tasks and can piece together subtle visual cues related to
cell numbers, cellular shape and textures, relative cell positions and
phenotypes of connective tissue. For example, by training DL systems
on raw histopathology slides, it is possible to infer the MSI status in
colorectal, gastric, and endometrial cancer (41–50). This is particularly
relevant for immunotherapy because MSI is a clinically approved
biomarker to select patients for immunotherapy, independent of the
tumor type (46). MSI prediction systems have been made explain-
able. When they are queried for relevant visual features driving the
classifications, immune cell–rich tumor regions are highlighted (50).
Similarly, DL has been used to predict TMB directly from H&E
in multiple major tumor types, including lung, breast, and colo-
rectal cancer (51–54). Also, PD-L1 expression levels have been
inferred from H&E directly, without the need for a dedicated
IHC (55, 56). In addition, the expression level of gene signatures
which predict ICI response can be inferred by DL from H&E slides,
in hepatocellular carcinoma (57), lung cancer (58), and multiple
other tumor types (48). This could help to solve some of the
practical problems associated with widespread clinical use of these
signatures. Likewise, DL can predict immunotherapy-sensitive
tumor subtypes. For example, the luminal subtype of urothelial
carcinoma which conveys a better anti–PD-L1 response (59) has
been predicted from H&E slides alone (60). Relatedly, virus pos-
itivity in head and neck and gastric cancer—which associates with
better ICI response—can be inferred from H&E slides with
DL (45, 61). Finally, some mutations in clinically relevant driver
genes have been shown to increase the probability of immunother-
apy response and these mutations can be inferred from H&E.
Prominent examples are detection of mutant BRAF in melano-
ma (62) which predicts benefit to anti–PD-1 response (63). In
summary, routinely available H&E slides of solid tumors seem to
harbor a wealth of information, some of which is related to ICI
response, and which can be extracted by DL.

Computational pathology for end-to-end prediction of
immunotherapy response

All of these above-mentioned approaches useDL to predict a known
biological marker fromH&E images. An alternative strategy is to train
DL directly on response or outcome data. This has been attempted by
at least two studies (64, 65) that used CNNs or graph neural networks
(GNN) to predict immunotherapy responses. These studies reported
an AUC of 0.778 for prediction of responders in melanoma and an
AUC of 0.69 for predicting response in lung cancer. Another report
about the prediction of response from the morphology of cancer cell
nuclei is publicly available (66). In general, such end-to-end prediction
studies are quite difficult to perform for practical reasons: they require
the DL system to be trained on clinical outcomes, ideally RECIST data.
In practice, it is very difficult to collect a sufficient number of pathology
tissue specimens of ICI-treated patients with matched response data.
In addition, cancer immunotherapy is often administered in late lines
of therapy, after patients have received one or more regimens of
chemotherapy and other treatments. However, tissue for histopathol-
ogy is typically acquired at the initial diagnosis, and re-biopsies at later
time points are not commonly performed in most tumor types. This
means that DL systems are trained on treatment-na€�ve tumor tissue
while patients might start immunotherapy only months later after
multiple previous lines of treatment have failed. This is a strong
conceptual limitation that could only be resolved by a repetitive
sampling of tissue, or a move of immunotherapies towards earlier
lines of treatment.

Limitations and Outlook
Key limitations

AI biomarkers have a number of conceptual limitations. The first
limitation is data quality. Beyond the large amount of data that AI
models require for achieving accurate, generalizable results, this data
must be of high quality (67). If we train a model with noisy or
artefactual images, many more cases will be necessary for the model
to converge and achieve a good performance. The second limitation is
generalization. If the training data is not representative of real-world
populations, DLmodels can fail to generalize. This is especially an issue
in medical contexts, where data distributions vary markedly between
different countries or even different hospitals. Without adequate
precautions, such batch effects can inflate performance statistics (68).
Mitigation strategies are to train on diverse datasets (42) or augment-
ing data (69). The third limitation is biases. AI models can be biased,
which means that the performance can be dependent on patient
characteristics like age, gender, or ethnicity (70). For AI models to
be deployed inmedicine, large-scale validation studies with predefined
performance metrics are required to guarantee model performance in
the real world (26). The fourth limitation is the quality of the ground
truth. When developing a model using molecular biomarkers as a
surrogate of response to immunotherapy, the performance of the
model will be limited to the established molecular biomarker predic-
tive capacity. This is a motivation for clear definition of ground truth
for AI biomarker training, but also a motivation for end-to-end
training of biomarkers on clinical outcome data. In all of these efforts,
data standardization and quality control systems are paramount before
application in clinical routine. Best practice guidelines for such quality
aspects are formalized and collected in the Equator Network (https://
www.equator-network.org/), which also includes AI-specific aspects,
such as in the STARD-AI (71) and TRIPOD-AI (72) guidelines. In
addition to radiology, an Image Biomarker Standardization Initia-
tive (73) as well as a radiomics quality score (74) have been reported
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with the aim of ensuring reproducible and trustable predictive models.
In addition to these research-focused guidelines, the FDA has pub-
lished a list of guiding principles to promote the safe, effective, and
high-quality application of AI and ML in the medical field (75).

Multimodal models
One way to combine the benefits of radiology and histology, as well

as other data types, would be to develop multimodal AI models, which
can integrate multiple data types. Multimodality also helps with
interpretability of the resulting models because many image features
only make sense in the light of specific host factors, such as age,
immune status, comorbidities/disease, genomics. ML models have
been used to extract immunotherapy biomarkers fromnon-image data
such as serum profiles from liquid biopsies of patients with
cancer (76–78). Combining such data with image data could further
improve the predictive performance. On the technical side, transform-
er neural networks have achieved remarkable performance in non-
medical tasks, especially for combinations of different types of image
data. However, evaluating such multimodal models exacerbated the
practical problems associated with data collection: for most research-
ers at academic institutions, it is currently very difficult if not impos-
sible to collect radiology, histopathology, and clinical data for a set of
patients. Systematic data collection in clinical trials could be a solution
to this problem if the data is made available to researchers with low
barriers.

Explainability
The increasing use of AI for developing immune surrogate bio-

markers and the potential impact on clinical decision-making has
raised the need for humans to understand these algorithms. This has
been termed “Explainable AI” (XAI). Many classical ML algorithms
are intrinsically explainable by their structure, e.g., logistic regression
or decision trees. However, models with higher complexity, such as DL
models, tend to lack explainability. To solve the trade-off between
performance and explainability, several post hoc techniques have been
developed for understanding the decision-making procedure of these
so-called black-box models. XAI aims to comprehend model predic-
tions and explain them in human and understandable terms. This
could increase the trustability of all the stakeholders: medical doctors
and patients to rely on fair decisions, regulatory agencies for quality
control, and developers for improving the product.

Regulatory approval
Routine clinical implementation of imaging AI-based tools

should be driven by clear demonstration of clinical value and strict
ethical and regulatory requirements. An added complexity for vali-
dating AI biomarkers, compared with other medical devices, is the
ability for AI systems to learn from real-world data in real time. These
evolving biomarkers require appropriately tailored regulatory frame-
works. AI-based imaging biomarkers are tools embedded in software
applications that are intended to be used, alone or in combination, for
predicting or monitoring cancer response, therefore being considered

as Medical Device Software. The framework to develop, clinically
qualify and implement a software tool as a medical device will depend
on the local regulations where the device is planned to be used. In the
United States, the FDA has defined a framework to enable developers,
users and the Agency itself to evaluate and monitor Clinical Decision
Support (CDS) software from its premarket development through
post-market performance accounting for its iterative nature, while still
ensuring its continued safety and effectiveness evaluation. In Europe,
CDS software should be compliant with the European Union Medical
Devices Regulation (MDR 2017/745), that sets the standards of
performance, quality, safety, and efficacy (79).

Embedding in routine workflows
The main constraints of AI-based tool implementation in clinical

practice are numerous, particularly related to a lack of clinical qual-
ification, but also to the complexity of conducting prospective clinical
trials that evaluate biomarkers. Moreover, advances in the field are
sometimes hampered by the reluctance of a part of the medical
community to embrace these technologies due to these potential users’
lack of confidence and their presumed resistance to the heavier
workload that high-throughput imaging analysis may involve. Impor-
tantly, the implementation of AI-based tools should not increase
physician workload but actually reduce and facilitate radiologists’ and
pathologists’ workflows, enabling standardized data reporting. There-
fore, efforts are necessary to integrate these software applications
within the clinical routine analysis platforms of radiology and pathol-
ogy departments. In this regard, all the stakeholders (i.e., manufac-
turers, researchers, clinicians, patients) involved in the development of
imaging AI-based tools should work together to accelerate the vali-
dation and implementation of these tools in clinical routine and truly
impact clinical practice. Imaging AI-based tools must be accessible,
user-friendly, rapid to compute and able to promote equality in
healthcare to be implemented in routine clinical practice. Finally, the
results must be considered as a decision support tool to assist phy-
sicians, rather than a substitute for expert physician decision-making.

Authors’ Disclosures
R. Perez-Lopez reports grants from AstraZeneca and Roche Pharma outside

the submitted work. J.N. Kather reports personal fees from Owkin, Panakeia, MSD,
Eisai, and Bayer outside the submitted work. No disclosures were reported by the
other authors.

Acknowledgments
R. Perez-Lopez is supported by La Caixa Foundation, a CRIS Foundation Talent

Award (TALENT19–05), the FERO Foundation, the Instituto de Salud Carlos III-
Investigacion en Salud (PI18/01395 and PI21/01019), and the Prostate Cancer
Foundation (18YOUN19). M. Ligero is supported by PERIS PIF-Salut Grant. J.N.
Kather is supported by the German Federal Ministry of Health (DEEP LIVER,
ZMVI1–2520DAT111) and the Max-Eder-Programme of the German Cancer Aid
(grant #70113864).

Received June 7, 2022; revised July 26, 2022; accepted August 29, 2022;
published first September 9, 2022.

References
1. Havel JJ, Chowell D, Chan TA. The evolving landscape of biomarkers for

checkpoint inhibitor immunotherapy. Nat Rev Cancer 2019;19:133–50.
2. Center for Drug Evaluation, Research. FDA approves pembrolizumab for adults

and children with TMB-H solid tumors. In:U.S. Food andDrug Administration.
17 Jun 2020 [cited 25 Apr 2022]. Available from: https://www.fda.gov/drugs/

drug-approvals-and-databases/fda-approves-pembrolizumab-adults-and-
children-tmb-h-solid-tumors.

3. PlanchardD, Popat S, Kerr K, Novello S, Smit EF, Faivre-Finn C, et al. Metastatic
non–small cell lung cancer: ESMO Clinical Practice Guidelines for diagnosis,
treatment, and follow-up. Ann Oncol 2018;29:iv192–237.

AI Biomarkers for Immunotherapy

AACRJournals.org Clin Cancer Res; 29(2) January 15, 2023 321

D
ow

nloaded from
 http://aacrjournals.org/clincancerres/article-pdf/29/2/316/3260159/316.pdf by SLU

B D
resden user on 18 D

ecem
ber 2023



4. Lee JS, Ruppin E. Multiomics prediction of response rates to therapies to inhibit
programmed cell death 1 and programmed cell death 1 ligand 1. JAMA Oncol
2019;5:1614–8.

5. Wiesweg M, Mairinger F, Reis H, Goetz M, Kollmeier J, Misch D, et al. Machine
learning reveals a PD-L1–independent prediction of response to immunother-
apy of non–small cell lung cancer by gene expression context. Eur J Cancer 2020;
140:76–85.

6. Benjamens S, Dhunnoo P, Mesk�o B. The state of artificial intelligence-based
FDA-approved medical devices and algorithms: an online database. NPJ Digit
Med 2020;3:118.

7. Aerts HJWL, Velazquez ER, Leijenaar RTH, Parmar C, Grossmann P,
Carvalho S, et al. Decoding tumor phenotype by noninvasive imaging using
a quantitative radiomics approach. Nat Commun 2014;5:4006.

8. Li Z, Zhong Q, Zhang L,WangM, XiaoW, Cui F, et al. Computed tomography–
based radiomics model to preoperatively predict microsatellite instability status
in colorectal cancer: a multicenter study. Front Oncol 2021;11:666786.

9. Pei Q, Yi X, Chen C, Pang P, Fu Y, Lei G, et al. Pretreatment CT-based radiomics
nomogram for predicting microsatellite instability status in colorectal cancer.
Eur Radiol 2022;32:714–24.

10. Cao Y, Zhang G, Zhang J, Yang Y, Ren J, Yan X, et al. Predicting microsatellite
instability status in colorectal cancer based on triphasic enhanced computed
tomography radiomics signatures: a multicenter study. Front Oncol 2021;11:
687771.

11. He B, Dong D, She Y, Zhou C, Fang M, Zhu Y, et al. Predicting response to
immunotherapy in advanced non–small cell lung cancer using tumormutational
burden radiomic biomarker. J Immunother Cancer 2020;8:e000550.

12. Veeraraghavan H, Friedman CF, DeLair DF, Nin�cevi�c J, Himoto Y, Bruni SG,
et al. Machine learning–based prediction of microsatellite instability and high
tumor mutation burden from contrast-enhanced computed tomography in
endometrial cancers. Sci Rep 2020;10:17769.

13. Liu E-T, Zhou S, Li Y, Zhang S, Ma Z, Guo J, et al. Development and
validation of an MRI-based nomogram for the preoperative prediction of
tumor mutational burden in lower-grade gliomas. Quant Imaging Med Surg
2022;12:1684–97.

14. Sun R, Limkin EJ, Vakalopoulou M, Dercle L, Champiat S, Han SR, et al. A
radiomics approach to assess tumor-infiltrating CD8 cells and response to anti–
PD-1 or anti–PD-L1 immunotherapy: an imaging biomarker, retrospective
multicohort study. Lancet Oncol 2018;19:1180–91.

15. Chen S, Feng S, Wei J, Liu F, Li B, Li X, et al. Pretreatment prediction of
immunoscore in hepatocellular cancer: a radiomics-based clinical model based
on Gd-EOB-DTPA-enhanced MRI imaging. Eur Radiol 2019;29:4177–87.

16. Liao H, Zhang Z, Chen J, Liao M, Xu L, Wu Z, et al. Preoperative radiomic
approach to evaluate tumor-infiltrating CD8þ T cells in hepatocellular carci-
noma patients using contrast-enhanced computed tomography.Ann SurgOncol
2019;26:4537–47.

17. Mu W, Jiang L, Shi Y, Tunali I, Gray JE, Katsoulakis E, et al. Noninvasive
measurement of PD-L1 status and prediction of immunotherapy response using
deep learning of PET/CT images. J Immunother Cancer 2021;9:e002118.

18. Iwatate Y, Hoshino I, Yokota H, Ishige F, Itami M, Mori Y, et al. Radiogenomics
for predicting p53 status, PD-L1 expression, and prognosis with machine
learning in pancreatic cancer. Br J Cancer 2020;123:1253–61.

19. Tang C, Hobbs B, Amer A, Li X, Behrens C, Canales JR, et al. Development of an
immune-pathology informed radiomics model for non–small cell lung cancer.
Sci Rep 2018;8:1922.

20. Zhang W, Yin H, Huang Z, Zhao J, Zheng H, He D, et al. Development and
validation of MRI-based deep learning models for prediction of microsatellite
instability in rectal cancer. Cancer Med 2021;10:4164–73.

21. Trebeschi S, Drago SG, Birkbak NJ, Kurilova I, Călin AM, Delli Pizzi A, et al.
Predicting response to cancer immunotherapy using noninvasive radiomic
biomarkers. Ann Oncol 2019;30:998–1004.

22. Ligero M, Garcia-Ruiz A, Viaplana C, Villacampa G, Raciti MV, Landa J, et al. A
CT-based radiomics signature is associated with response to immune checkpoint
inhibitors in advanced solid tumors. Radiology 2021;299:109–19.

23. Dercle L, Zhao B, G€onen M, Moskowitz CS, Firas A, Beylergil V, et al. Early
readout on overall survival of patients with melanoma treated with immuno-
therapy using a novel imaging analysis. JAMA Oncol 2022;8:385–92.

24. Alban TJ, Chan TA. Immunotherapy biomarkers: the long and winding road.
Nature reviews. Nat Rev Clin Oncol 2021;18:323–4.

25. Echle A, Rindtorff NT, Brinker TJ, Luedde T, Pearson AT, Kather JN. Deep
learning in cancer pathology: a new generation of clinical biomarkers. Br J
Cancer 2021;124:686–96.

26. Kleppe A, Skrede O-J, De Raedt S, Liestøl K, Kerr DJ, Danielsen HE.
Designing deep learning studies in cancer diagnostics. Nat Rev Cancer
2021;21:199–211.

27. Skrede O-J, De Raedt S, Kleppe A, Hveem TS, Liestøl K, Maddison J, et al. Deep
learning for prediction of colorectal cancer outcome: a discovery and validation
study. Lancet 2020;395:350–60.

28. Cifci D, Foersch S, Kather JN. Artificial intelligence to identify genetic alterations
in conventional histopathology. J Pathol 2022;257:430–44.

29. Hondelink LM, H€uy€uk M, Postmus PE, Smit VTHBM, Blom S, von der
Th€usen JH, et al. Development and validation of a supervised deep learning
algorithm for automated whole-slide programmed death-ligand 1 tumor
proportion score assessment in non–small cell lung cancer. Histopathology
2022;80:635–47.

30. Liu J, Zheng Q, Mu X, Zuo Y, Xu B, Jin Y, et al. Automated tumor proportion
score analysis for PD-L1 (22C3) expression in lung squamous cell carcinoma.
Sci Rep 2021;11:15907.

31. Kapil A,Meier A, ZurawA, Steele KE, RebelattoMC, Schmidt G, et al. Deep semi
supervised generative learning for automated tumor proportion scoring on
NSCLC tissue needle biopsies. Sci Rep 2018;8:17343.

32. Wu J, Liu C, Liu X, Sun W, Li L, Gao N, et al. Artificial intelligence–assisted
system for precision diagnosis of PD-L1 expression in non–small cell lung
cancer. Mod Pathol 2022;35:403–11.

33. WangX, Chen P,DingG, Xing Y, TangR, PengC, et al. Dual-scale categorization
based deep learning to evaluate programmed cell death ligand 1 expression in
non–small cell lung cancer. Medicine 2021;100:e25994.

34. Hendry S, Salgado R, Gevaert T, Russell PA, John T, Thapa B, et al. Assessing
tumor-infiltrating lymphocytes in solid tumors: A practical review for pathol-
ogists and proposal for a standardized method from the International Immuno-
oncology biomarkers Working Group: Part 2: TILs in melanoma, gastrointes-
tinal tract carcinomas, non–small cell lung carcinoma and mesothelioma,
endometrial and ovarian carcinomas, squamous cell carcinoma of the head and
neck, genitourinary carcinomas, and primary brain tumors. Adv Anat Pathol
2017;24:311–35.

35. Yu Y, Zeng D, Ou Q, Liu S, Li A, Chen Y, et al. Association of survival and
immune-related biomarkers with immunotherapy in patients with non–small
cell lung cancer: a meta-analysis and individual patient-level analysis.
JAMA Netw Open 2019;2:e196879.

36. Galon J, Costes A, Sanchez-Cabo F, Kirilovsky A, Mlecnik B, Lagorce-Pag�es C,
et al. Type, density, and location of immune cells within human colorectal
tumors predict clinical outcome. Science 2006;313:1960–4.

37. Schirris Y, Engelaer M, Panteli A, Horlings HM, Gavves E, WeakSTIL TJ, et al.
Weak whole-slide image level stromal tumor-infiltrating lymphocyte scores are
all you need. arXiv [eess.IV]. 2021. Available from: http://arxiv.org/abs/
2109.05892.

38. Shaban M, Khurram SA, Fraz MM, Alsubaie N, Masood I, Mushtaq S, et al. A
novel digital score for abundance of tumor infiltrating lymphocytes predicts
disease-free survival in oral squamous cell carcinoma. Sci Rep 2019;9:13341.

39. Kather JN, H€orner C, Weis C-A, Aung T, Vokuhl C, Weiss C, et al. CD163þ

immune cell infiltrates and presence of CD54þ microvessels are prognostic
markers for patients with embryonal rhabdomyosarcoma. Sci Rep 2019;9:9211.

40. Kather JN, Suarez-Carmona M, Charoentong P, Weis C-A, Hirsch D,
Bankhead P, et al. Topography of cancer-associated immune cells in human
solid tumors. eLife 2018;7:36967.

41. Kather JN, Pearson AT, Halama N, J€ager D, Krause J, Loosen SH, et al. Deep
learning can predict microsatellite instability directly from histology in gastro-
intestinal cancer. Nat Med 2019;25:1054–6.

42. Echle A, Grabsch HI, Quirke P, van den Brandt PA, West NP, Hutchins GGA,
et al. Clinical-grade detection of microsatellite instability in colorectal tumors by
deep learning. Gastroenterology 2020;159:1406–16.

43. Bilal M, Raza SEA, Azam A, Graham S, Ilyas M, Cree IA, et al. Development
and validation of a weakly supervised deep learning framework to predict the
status of molecular pathways and key mutations in colorectal cancer from
routine histology images: a retrospective study. Lancet Digit Health 2021;3:
e763–72.

44. Yamashita R, Long J, Longacre T, Peng L, Berry G, Martin B, et al. Deep learning
model for the prediction of microsatellite instability in colorectal cancer: a
diagnostic study. Lancet Oncol 2021;22:132–41.

45. Muti HS, Heij LR, Keller G, Kohlruss M, Langer R, Dislich B, et al. Development
and validation of deep learning classifiers to detect Epstein–Barr virus and
microsatellite instability status in gastric cancer: a retrospective multicenter
cohort study. The Lancet Digital Health 2021;3:e654–64.

Ghaffari Laleh et al.

Clin Cancer Res; 29(2) January 15, 2023 CLINICAL CANCER RESEARCH322

D
ow

nloaded from
 http://aacrjournals.org/clincancerres/article-pdf/29/2/316/3260159/316.pdf by SLU

B D
resden user on 18 D

ecem
ber 2023



46. Echle A, Laleh NG, Schrammen PL, West NP, Trautwein C, Brinker TJ, et al.
Deep learning for the detection of microsatellite instability from histology
images in colorectal cancer: a systematic literature review. ImmunoInfor-
matics 2021;3–4:100008.

47. Schrammen PL, Laleh NG, Echle A, TruhnD, Schulz V, Brinker TJ, et al.Weakly
supervised annotation-free cancer detection and prediction of genotype in
routine histopathology. J Pathol 2022;256:50–60.

48. Kather JN, Heij LR, Grabsch HI, Loeffler C, Echle A, Muti HS, et al. Pan-cancer
image-based detection of clinically actionable genetic alterations. Nature Cancer
2020;1:789–99.

49. Schmauch B, Romagnoni A, Pronier E, Saillard C, Maill�e P, Calderaro J, et al. A
deep learning model to predict RNA-seq expression of tumors from whole slide
images. Nat Commun 2020;11:3877.

50. Echle A, Laleh NG, Quirke P, Grabsch HI, Muti HS, Saldanha OL, et al. Artificial
intelligence for detection of microsatellite instability in colorectal cancer—a
multicentric analysis of a prescreening tool for clinical application. ESMOOpen
2022;7:100400.

51. Jain MS, Massoud TF. Predicting tumor mutational burden from histopatho-
logical images using multiscale deep learning. bioRxiv 2020:.2020.06.15.153379.

52. Xu H, Park S, Lee SH, Hwang TH. Using transfer learning on whole slide images
to predict tumor mutational burden in bladder cancer patients. bioRxiv
2019:554527.

53. Chen S, Xiang J, Wang X, Zhang J, Yang S, Huang J, et al. Pan-cancer
computational histopathology reveals tumor mutational burden status through
weakly supervised deep learning. arXiv [cs.CV]. 2022. Available from: http://
arxiv.org/abs/2204.03257.

54. Niu Y, Wang L, Zhang X, Han Y, Yang C, Bai H, et al. Predicting tumor
mutational burden from lung adenocarcinoma histopathological images using
deep learning. Front Oncol 2022;12:927426.

55. Sha L, Osinski BL, Ho IY, Tan TL, Willis C, Weiss H, et al. Multi-field-of-view
deep learning model predicts non–small cell lung cancer programmed death-
ligand 1 status from whole-slide hematoxylin and eosin images. J Pathol Inform
2019;10:24.

56. Ebert MP, Meindl-Beinker NM, Gutting T, Maenz M, Betge J, Schulte N, et al.
Second-line therapy with nivolumab plus ipilimumab for older patients with
esophageal squamous cell cancer (RAMONA): a multicenter, open-label, phase
II trial. The Lancet Healthy Longevity 2022;3:e417–27.

57. Zeng Q, Klein C, Caruso S, Maille P, Laleh NG, Sommacale D, et al. Artificial
intelligence predicts immune and inflammatory gene signatures directly from
hepatocellular carcinoma histology. J Hepatol 2022;77:116–27.

58. Shen C, Schlager C, Rajan D, Pouryahya M, Lin M, Mountain V, et al. Abstract
1922: Application of an interpretable graph neural network to predict gene
expression signatures associated with tertiary lymphoid structures in histopath-
ological images. Cancer Res 2022;82:1922.

59. Rosenberg JE, Hoffman-Censits J, Powles T, van der Heijden MS, Balar AV,
Necchi A, et al. Atezolizumab in patients with locally advanced and metastatic
urothelial carcinoma who have progressed following treatment with platinum-
based chemotherapy: a single-arm, multicenter, phase II trial. Lancet 2016;387:
1909–20.

60. Woerl A-C, Eckstein M, Geiger J, Wagner DC, Daher T, Stenzel P, et al. Deep
learning predicts molecular subtype of muscle-invasive bladder cancer from
conventional histopathological slides. Eur Urol 2020;78:256–64.

61. Kather JN, Schulte J, Grabsch HI, Loeffler C, Muti H, Dolezal J, et al. Deep
learning detects virus presence in cancer histology. bioRxiv 2019:690206.

62. Kim RH, Nomikou S, Coudray N, Jour G, Dawood Z, Hong R, et al. Deep
learning and pathomics analyses reveal cell nuclei as important features for
mutation prediction of BRAF-mutated melanomas. J Invest Dermatol 2022;
142:1650–8.

63. Wolchok JD, Chiarion-Sileni V, Gonzalez R, Rutkowski P, Grob J-J, Cowey CL,
et al. Overall survival with combined nivolumab and ipilimumab in advanced
melanoma. N Engl J Med 2017;377:1345–56.

64. Hu J, Cui C, Yang W, Huang L, Yu R, Liu S, et al. Using deep learning to predict
anti–PD-1 response in melanoma and lung cancer patients from histopathology
images. Transl Oncol 2021;14:100921.

65. Xie C, Vanderbilt C, Feng C, Ho D, Campanella G, Egger J, et al. Computational
biomarker predicts lung ICI response via deep learning-driven hierarchical
spatial modelling from H&E. Research Square. 2022.

66. Madabhushi A, Wang X, Barrera C. Predicting response to immunotherapy
using computer extracted features of cancer nuclei from hematoxylin
and eosin (HandE) stained images of non–small cell lung cancer (NSCLC).
US Patent 11,055,844. 2021. Available: https://patents.google.com/patent/
US11055844B2/en.

67. Sch€omig-Markiefka B, Pryalukhin A, Hulla W, Bychkov A, Fukuoka J,
Madabhushi A, et al. Quality control stress test for deep learning-based
diagnostic model in digital pathology. Mod Pathol 2021;34:2098–108.

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

69. Yamashita R, Long J, Banda S, Shen J, Rubin DL. Learning Domain-
agnostic visual representation for computational pathology using medically
irrelevant style transfer augmentation. IEEE Trans Med Imaging 2021;40:
3945–54.

70. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in
an algorithm used to manage the health of populations. Science 2019;366:
447–53.

71. Sounderajah V, Ashrafian H, Golub RM, Shetty S, De Fauw J, Hooft L, et al.
Developing a reporting guideline for artificial intelligence–centered diagnostic
test accuracy studies: the STARD-AI protocol. BMJ Open 2021;11:e047709.

72. Collins GS, Dhiman P, Navarro CLA, Ma J, Hooft L, Reitsma JB, et al. Protocol
for development of a reporting guideline (TRIPOD-AI) and risk of bias tool
(PROBAST-AI) for diagnostic and prognostic predictionmodel studies based on
artificial intelligence. BMJ Open 2021;11:e048008.

73. Zwanenburg A, Valli�eresM, AbdalahMA, Aerts HJWL, Andrearczyk V, Apte A,
et al. The image biomarker standardization initiative: standardized quantitative
radiomics for high-throughput image-based phenotyping. Radiology 2020;295:
328–38.

74. Lambin P, Leijenaar RTH, Deist TM, Peerlings J, de Jong EEC, van Timmeren J,
et al. Radiomics: the bridge betweenmedical imaging and personalizedmedicine.
Nat Rev Clin Oncol 2017;14:749–62.

75. U.S. Food and Drug Administration. Good machine learning practice for
medical device development: guiding principles. Available from: https://www.
fda.gov/medical-devices/software-medical-device-samd/good-machine-learning-
practice-medical-device-development-guiding-principles.

76. Park Y, Kim MJ, Choi Y, Kim NH, Kim L, Hong SPD, et al. Role of mass
spectrometry-based serumproteomics signatures in predicting clinical outcomes
and toxicity in patients with cancer treated with immunotherapy. J Immunother
Cancer 2022;10:e003566.

77. Wei C, Wang M, Gao Q, Yuan S, Deng W, Bie L, et al. Dynamic peripheral
blood immune cell markers for predicting the response of patients with
metastatic cancer to immune checkpoint inhibitors. Cancer Immunol
Immunother 2022.

78. Kato S, Li B, Adashek JJ, Cha SW, Bianchi-Frias D,QianD, et al. Serial changes in
liquid biopsy-derived variant allele frequency predict immune checkpoint
inhibitor responsiveness in the pan-cancer setting. Oncoimmunology 2022;
11:2052410.

79. European Union. Regulation (EU) 2017/745 of the European Parliament and
of the Council of 5 April 2017 on medical devices, amending Directive 2001/
83/EC, Regulation (EC) No 178/2002 and Regulation (EC) No 1223/2009 and
repealing Council Directives 90/385/EEC and 93/42/EEC (Text with EEA
relevance). Available from: https://eur-lex.europa.eu/legal-content/EN/TXT/
PDF/?uri¼CELEX:32017R0745.

80. Klein S, Quaas A, Quantius J, L€oser H, Meinel J, Peifer M, et al. Deep learning
predicts HPV association in oropharyngeal squamous cell carcinomas and
identifies patients with a favorable prognosis using regular H&E stains.
Clin Cancer Res 2021;27:1131–8.

81. Sirinukunwattana K, Domingo E, Richman SD, Redmond KL, Blake A, Verrill C,
et al. Image-based consensus molecular subtype (imCMS) classification of
colorectal cancer using deep learning. Gut 2021;70:544–54.

AACRJournals.org Clin Cancer Res; 29(2) January 15, 2023 323

AI Biomarkers for Immunotherapy
D

ow
nloaded from

 http://aacrjournals.org/clincancerres/article-pdf/29/2/316/3260159/316.pdf by SLU
B D

resden user on 18 D
ecem

ber 2023



Enhancing immunotherapy response prediction via multimodal integration of
radiology and pathology deep learning models

APPENDIX C

Enhancing immunotherapy response

prediction via multimodal integration of

radiology and pathology deep learning models

Reference:

Ligero M., El Nahhas O., Prior O. et al. Enhancing immunotherapy response prediction via

multimodal integration of radiology and pathology deep learning models

Annals of Oncology (ESMO Abstract) 2023

173



Interests, Institutional, Advisory Board: BMS, Takeda, Novartis; Financial Interests, Personal, Invited
Speaker: Roche, Incyte; Financial Interests, Institutional, Research Grant: Bayer, Chugai, BMS, Incyte.
K. Pantel: Financial Interests, Personal, Advisory Board: Menarini/Silicon Biosystems. All other au-
thors have declared no conflicts of interest.

https://doi.org/10.1016/j.annonc.2023.09.2898

175P Radiomic biomarker of vessel tortuosity for monitoring
treatment change: Preliminary findings in prospective
evaluation of ECOG-ACRIN EA5163

P. Mutha1, F. Duan2, V.S. Viswanathan1, M. Khorrami1, N. An3, V. Velcheti4,
A. Gupta5, S.S. Ramalingam6, K. Kelly7, K. Sandler8, H. Borghaei9, A. Madabhushi1

1Wallace H. Coulter Department of Biomedical Engineering at Emory University and
Georgia Tech, Emory University, Atlanta, GA, USA; 2Department of Biostatistics, Brown
University, Providence, RI, USA; 3Center for Statistical Sciences, Brown University,
Providence, RI, USA; 4Thoracic Oncology, NYU Langone Medical Center and School of
Medicine, New York, NY, USA; 5Department of Radiology, Case Western Reserve
University / University Hospitals, Cleveland, OH, USA; 6Department of Hematology and
Medical Oncology, Winship Cancer Institute, Emory University School of Medicine,
Atlanta, GA, USA; 7Hematology Oncology Department, UC Davis Comprehensive
Cancer Center, Sacramento, CA, USA; 8Department of Radiology, Vanderbilt University
Medical Center, Nashville, TN, USA; 9Hematology/Oncology Department, Fox Chase
Cancer Center - Main Campus, Philadelphia, PA, USA

Background: EA5163 is a phase 3 randomized trial investigating first-line mono
immunotherapy (IO) or IO with chemotherapy in advanced non-small cell lung cancer
(NSCLC). Previous work has retrospectively validated a CT based radiomic signature of
tumor associated quantitative vessel tortuosity (QVT) for prognosticating outcomes in
IO treated NSCLC (Alilou et al. Sci Adv 2022 ). In this study, we report initial results of
evaluating QVT in assessing IO related treatment changes in EA5163, specifically
associating changes in QVT (D-QVT) with changes in tumor volume (D-TV) between
baseline (B) and 6 week post-treatment scans (TP1).

Methods: CT scans from 29 patients enrolled in EA5163 with measurable lung lesions
at B and TP1 were included. Vasculature was automatically segmented in a 25mm
region around manually annotated tumors in CT using MATLAB R2022b. 84 QVT
features measuring tortuosity, curvature and angle statistics were extracted. No in-
formation on outcomes, survival, or treatment arm assignment was available due to
the ongoing nature of the trial. Spearman correlation and false discovery rate cor-
rected p-values were computed to associate D-QVT with D-TV in an unsupervised
setting. A risk score (QRS) was generated as the output of a classifier previously
trained on 5 D-QVT features prognostic of RECIST v1.1 response.

Results: 14 D-QVT features were significantly (p<0.05) correlated with D-TV with an
absolute range of 0.45 and 0.76. 4 features in the QRS signature were significantly
correlated with D-TV (Table). QRS based stratification showed net decrease in TV in
low risk patients, whereas a net increase in high-risk patients at TP 1 (p<0.001). The
D-QVT features were not associated with baseline tumor volume.

Conclusions: This study demonstrated an association between CT derived radiomic
biomarker D-QVT and D-TV in an ongoing prospective clinical trial. Validation of these
results upon interim analyses or trial completion is warranted.

Clinical trial identification: NCT03793179.

Legal entity responsible for the study: The authors.

Funding: This study was coordinated by the ECOG-ACRIN Cancer Research Group
(Peter J. O’Dwyer, MD and Mitchell D. Schnall, MD, PhD, Group Co-Chairs) and
supported by the National Cancer Institute (NCI) of the National Institutes of Health
(NIH) under the following award numbers: U10CA180820, U10CA180794,
UG1CA233234, UG1CA233270, and UG1CA233247. This study was also supported by
an NCI grant NIH 1 R01CA257612-01A1. The content is solely the responsibility of the
authors and does not necessarily represent the official views of the National Institutes
of Health.

Disclosure: V. Velcheti: Financial Interests, Personal, Advisory Board: ITeos Therapeutics, Bristol
Myers Squibb, Merck, AstraZeneca/MedImmune, GSK, Amgen, Elevation Oncology, Merus, Taiho
Oncology; Financial Interests, Institutional, Research Funding: Genentech, Trovagene, Eisai, OncoPlex
Diagnostics, Alkermes, NantWorks, Genoptix, Altor BioScience, Merck, Bristol Myers Squibb, Atreca,
Heat Biologics, Leap Therapeutics, RSIP Vision, GSK. A. Gupta: Financial Interests, Personal, Other,
Consultancy for future development of AI tools on chest radiographs: GE Healthcare; Financial In-
terests, Personal, Stocks/Shares, Own shares of the company presently valued at 56 dollars: Picture
Health; Financial Interests, Institutional, Funding, Research support for ongoing AI projects around
chest radiography: GE Healthcare. S.S. Ramalingam: Financial Interests, Personal, Other, Editor in
Chief, Cancer journal: American Cancer Society; Financial Interests, Research Grant: Merck, Astra-
Zeneca, Advaxis, BMS, Amgen, Takeda, Genmab, GSK. K. Kelly: Financial Interests, Personal, Roy-
alties, Primary reviewer for the small cell lung cancer chapter: UPTODATE. H. Borghaei: Financial

Interests, Personal, Advisory Board: BMS, Genentech, Eli Lilly, Merck, EMD-serono, AstraZeneca,
Novartis, Genmab, Regeneron, Amgen, Takeda, PharmaMar, Jazz Pharma, Mirati, Daiichi, Guardant,
Natera, Oncocyte, BeiGene, iTeo, Boehringer Ingelheim, Puma, BerGenbio, Janssen; Financial In-
terests, Personal, Other, Training discussion: Pfizer; Financial Interests, Personal, Other, DSMB:
Novartis; Financial Interests, Institutional, Other, Clinical trial support: BMS, Amgen; Financial In-
terests, Personal, Stocks/Shares, Options for scientific advisory role: Sonnetbio; Financial Interests,
Personal, Stocks/Shares, Options for scientific advisory board: Nucleai, Inspira (Rgenix); Financial
Interests, Institutional, Trial Chair, Investigator initiated trial support: BMS; Financial Interests,
Institutional, Coordinating PI, Investigator initiated trial support: Amgen, Lilly; Financial Interests,
Personal and Institutional, Trial Chair, Chair steering committee: Miratti; Financial Interests, Personal
and Institutional, Steering Committee Member: Amgen, AstraZeneca; Financial Interests, Personal,
Steering Committee Member, Also trial support: BMS; Other, DSMB: Novartis, Takeda, Incyte,
Springworks. A. Madabhushi: Financial Interests, Personal, Advisory Board, Serve on SAB and con-
sult: SimbioSys; Financial Interests, Personal, Advisory Board: Aiforia, Picture Health; Financial In-
terests, Personal, Full or part-time Employment: Picture Health; Financial Interests, Personal,
Ownership Interest: Picture Health, Elucid Bioimaging, Inspirata Inc; Financial Interests, Personal,
Royalties: Picture Health, Elucid Bioimaging; Financial Interests, Institutional, Funding: AstraZeneca,
Bristol Myers Squibb, Boehringer Ingelheim, Eli Lilly. All other authors have declared no conflicts of
interest.

https://doi.org/10.1016/j.annonc.2023.09.2899

176P Enhancing immunotherapy response prediction via
multimodal integration of radiology and pathology deep
learning models

M. Ligero1, O.S.M. El Nahhas2, O. Prior Palomares1, V. Navarro3, I. Sansano4,
G. Serna5, S. Mauchanski5, R.D.A. Toledo6, R. Dienstmann7, S. Ramon y Cajal4,
E. Garralda8, P.G. Nuciforo5, J.N. Kather2, R. Perez Lopez9

1Radiomics Group, Vall d’Hebron Institute of Oncology, Barcelona, Spain; 2Clinical AI,
EKFZ - Else Kröner Fresenius Zentrum für Digitale Gesundheit, Dresden, Germany;
3Oncology Data Science (ODysSey) Group, Vall d’Hebron Institute of Oncology (VHIO)-
Cellex Center, Barcelona, Spain; 4Pathology Department, Vall d’Hebron University
Hospital, Barcelona, Spain; 5Molecular Oncology Group, Vall d’Hebron Institute of
Oncology (VHIO)-Cellex Center, Barcelona, Spain; 6Medical Oncology Department, Vall
d’Hebron Institute of Oncology (VHIO)-Cellex Center, Barcelona, Spain; 7Oncology Data
Science (ODysSey) Group group, Vall d’Hebron Institue of Oncology, Barcelona, Spain;
8Early Drug Development Unit, Hospital Universitario Vall d’Hebron, Barcelona, Spain;
9Radiomics Group, Vall d’Hebron Institute of Oncology (VHIO)-Cellex Center, Barce-
lona, Spain

Background: The growing need for better predictive biomarkers in immunotherapy
has driven the development of AI models across various fields. Despite this progress,
most studies focus on single modalities, such as pathology or radiology. This study
emphasizes the importance of multimodal biomarkers, combining radiology and pa-
thology data, to optimize treatment outcomes and advance personalized medicine in
immunotherapy.

Methods: We developed weakly-supervised deep learning (DL) models for CT and
PDL1-stained immunohistochemistry (IHC) images. We trained a CT-based model to
predict immunotherapy clinical benefit (PFS > 5 months) in a pan-cancer cohort from
VHIO(n¼369). Simultaneously, we trained a DL method to predict PD-L1 status from
IHC images in an open source NSCLC cohort (n¼233), validated in a pan-cancer cohort
from VHIO (n¼106). The model predictions of both modalities were aggregated and
utilized for patient stratification in immunotherapy response. In the overlapping
subset with both modalities’ data (n¼75), we explored the association between PFS
and the combination of predicted clinical benefit by CT and predicted PDL1 status by
IHC using Cox regression and log-rank test.

Results: The CT-based and IHC-based DL models exhibited effective performance in
predicting PFS for immunotherapy response in the pan-cancer cohort, with hazard
ratios (HR) of 0.62 [95% CI 0.5-0.78], p <0.05 and 0.66 [95% CI 0.44-1], p <0.05,
respectively. In the multi-modal data subsets, patients classified as clinical benefit
prediction by the CT-based model and PDL1 high by the IHC-based model (n ¼ 20)
exhibited better immunotherapy response (HR 0.44 [0.25-0.78], p <0.05) with longer
PFS (median PFS 4.08 [2.70-10.91] months) compared to the rest (median PFS 1.81
[1.68-2.96] months).

Conclusions: Integrating radiology and pathology data improves response prediction
compared to single modality models, emphasizing the potential of a multimodal
approach for better patient stratification in immunotherapy.
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Table: 175P

Feature Correlation p-value

Vessel volume 0.71 <0.001
1st bin of tortuosity histogram 0.65 0.002
12th bin of angles histogram 0.61 0.004
2nd bin of curvature histogram 0.65 0.002
Vessel volume to tumor volume ratio -0.48 0.053
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