
Citation: Mestrallet, G. Predicting

Resistance to Immunotherapy in

Melanoma, Glioblastoma, Renal,

Stomach and Bladder Cancers by

Machine Learning on Immune

Profiles. Onco 2024, 4, 192–206.

https://doi.org/10.3390/

onco4030014

Academic Editors: Michael

Nishimura, Constantin N. Baxevanis

and Graham P. Pawelec

Received: 3 June 2024

Revised: 5 August 2024

Accepted: 15 August 2024

Published: 20 August 2024

Copyright: © 2024 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Article
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Glioblastoma, Renal, Stomach and Bladder Cancers by Machine
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Division of Hematology and Oncology, Hess Center for Science & Medicine, Tisch Cancer Institute, Icahn School
of Medicine at Mount Sinai, New York, NY 10029, USA; guillaume.mestrallet@mssm.edu

Simple Summary: This study addresses the limitations of immune checkpoint inhibitors (ICBs) in
cancer therapy, where over 38% of patients show resistance and disease progression. Analyzing
diverse cancer types (melanoma, clear cell renal carcinoma, glioblastoma, bladder, and stomach
cancers) undergoing ICB treatment, we identified several resistance mechanisms, including impaired
macrophage and T cell responses, defective antigen presentation, and elevated levels of immuno-
suppressive molecules. Using these insights, we developed 20 machine learning models to predict
responses and resistances to ICBs based on immune profiles. These models, which achieved accura-
cies between 0.79 and 1, leverage patient-specific immune profiles to forecast treatment outcomes.
The study underscores the potential for personalized immunotherapy approaches, integrating com-
putational models to tailor treatments based on individual immune characteristics and enhance the
efficacy of ICBs in cancer care.

Abstract: Strategies for tackling cancer involve surgery, radiotherapy, chemotherapy, and immune
checkpoint inhibitors (ICB). However, the effectiveness of ICB remains constrained, prompting the
need for a proactive strategy to foresee treatment responses and resistances. This study undertook
an analysis across diverse cancer patient cohorts (including melanoma, clear cell renal carcinoma,
glioblastoma, bladder, and stomach cancers) subjected to various immune checkpoint blockade
treatments. Surprisingly, our findings unveiled that over 38% of patients demonstrated resistance
and persistent disease progression despite undergoing ICB intervention. To unravel the intricacies
of resistance, we scrutinized the immune profiles of cancer patients experiencing ongoing disease
progression and resistance post-ICB therapy. These profiles delineated multifaceted defects, including
compromised macrophage, monocyte, and T cell responses, impaired antigen presentation, aber-
rant regulatory T cell (Tregs) responses, and an elevated expression of immunosuppressive and G
protein-coupled receptor molecules (TGFB1, IL2RA, IL1B, EDNRB, ADORA2A, SELP, and CD276).
Building upon these insights into resistance profiles, we harnessed machine learning algorithms to
construct models predicting the response and resistance to ICB and developed the accompanying
software. While previous work on glioblastoma with only one type of algorithm had an accuracy
of 0.82, we managed to develop 20 models that provided estimates of future events of resistance or
response in five cancer types, with accuracies ranging between 0.79 and 1, based on their distinct
immune characteristics. In conclusion, our approach advocates for the personalized application of
immunotherapy in cancer patients based on patient-specific attributes and computational models.

Keywords: immune checkpoint; glioblastoma; melanoma; stomach cancer; renal cancer; bladder
cancer; PD-L1; RandomForestClassifier; GradientBoostingClassifier

1. Introduction

A total of 1,918,030 new cancer cases and 609,360 cancer deaths are projected to occur
in the United States every year, and much more worldwide, underscoring the pressing
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need for innovative research and therapeutic strategies [1]. Therapeutic options include
surgery, chemotherapy, radiotherapy, and immune checkpoint blockade (ICB). However,
most of the patients remain resistant to ICB in the adjuvant settings, except for patients
with mismatch repair deficiency [2,3].

Cancer cells can develop various mechanisms to evade or resist the immune response
triggered by ICB. It can be due to the infiltration of immunosuppressive cells, such as
regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs), in the tumor
microenvironment (TME) [4]. Cancer cells may also lose the expression of antigens recog-
nized by T cells, rendering them invisible to the immune system [5]. Moreover, the loss
of MHC-I expression or defects in antigen processing and presentation can hinder T cell
recognition [6,7]. Tumors with low mutational burden may have fewer neoantigens for
T cells to target, reducing the efficacy of ICB [8]. The overexpression of other immune
checkpoints, such as TIM-3, LAG-3, or VISTA, can also inhibit T cell function even when
PD-1 or CTLA-4 is blocked [2,9]. The production of immunosuppressive cytokines like
TGFB and IL-10 may also create an immunosuppressive environment in the TME [10].
Physical or functional barriers could prevent T cells from infiltrating the tumor, known as
“cold tumors” [11]. In addition, some tumors, such as melanoma, are inherently resistant to
ICB due to their unique molecular and genetic characteristics [12]. Epigenetic modifications
in tumor cells may alter gene expression patterns and immune recognition [13]. Tumors
are often heterogeneous, and different subclones may have varying responses to ICB [14].
Finally, alterations in cancer cell metabolism can create an immunosuppressive TME and
promote resistance to ICB [15].

Understanding and addressing these resistance mechanisms is critical for developing
more effective immunotherapies and combination treatments that can overcome these chal-
lenges and improve the response rates of cancer patients to immune checkpoint blockade.

Thus, conducting a meta-analysis of cancer patient cohorts will be instrumental in
characterizing the mechanisms underpinning the response and resistance to ICB. These
cohorts were selected because information about patient responses to immunotherapy
and immune profiles were available on the CRI iAtlas website. Meta-analysis of data
from multiple cohorts may also facilitate the identification of optimal targets to develop
combination therapies and improve patient outcomes. The development of software
using machine learning approaches will enhance the precision of response and resistance
prediction to ICB. Machine-learning approaches showed promising results in predicting
patient outcomes in gliomas and lung and gastric cancers [16–20]. While previous work
using RandomForest in glioblastoma with only one type of algorithm had an accuracy of
0.82, we aim to develop more models that will predict response and resistance in five cancer
types with better accuracy. This will improve the diagnosis and subsequent therapeutic
strategies according to patient-specific characteristics.

We aim to identify immune features associated with either resistance or positive re-
sponse to therapy. These identified features will serve as the input for training machine
learning algorithms (RandomForestClassifier, GradientBoosting, SupportVectorMachine,
and LogisticRegression algorithms), enabling the development of personalized predic-
tion models tailored to individual patients based on their unique immune profiles. This
approach aims to refine treatment decisions, ultimately improving outcomes for cancer
patients undergoing immunotherapy, even if the size of glioblastoma, melanoma, and
stomach cancer cohorts may be a limitation.

2. Material and Methods

We selected multiple patient cohorts with immune profiles and response status to
immunotherapy.

2.1. RNAseq Datasets and Selection of Cohorts

Patient cohorts were selected using the CRI iAtlas Portal [21] (Table 1). We selected
the following RNAseq datasets for GBM patients: Zhao 2019—GBM, PD-1, Prins 2019—
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GBM, and PD-1 [22,23]. We used the following group filters: Progression, Drug, and GBM.
Non-Progressors are defined as patients with mRECIST of Partial Response, Complete
Response, or Stable disease, whereas Progressors are those with Progressive Disease. We
selected the following RNAseq datasets for SKCM patients: Gide 2019—SKCM, PD-1 +/−
CTLA4, Hugo 2016—SKCM, PD-1, Liu 2019—SKCM, PD-1, Riaz 2017—SKCM, PD-1, Van
Allen 2015—SKCM, CTLA-4, Chen 2016—SKCM, Anti-CTLA4, Prat 2017—HNSC, LUAD,
LUSC, SKCM, and Anti-PD-1 [23–29]. We used the following group filters: Responder,
Drug, and SKCM. Responders are defined as patients with mRECIST of Partial Response or
Complete Response, whereas Non-Responders are those with Progressive Disease or Stable
Disease. We selected the following RNAseq datasets for KIRC metastatic patients: Choueiri
2016—KIRC, PD-1, IMmotion150—KIRC, PD-L1 and Miao 2018—KIRC, PD-1 +/− CTLA4,
and PD-L1 [30–32]. We used the following group filters: Responder, Drug, Target, and
modified Response Evaluation Criteria in Solid Tumors (mRECIST Response). Responders
are defined as patients with mRECIST of Partial Response or Complete Response, whereas
Non-Responders are those with Progressive Disease or Stable Disease. We selected the
following RNAseq datasets for STAD patients: KIM 2018—STAD and PD-1 [33]. We used
the following group filters: Responder, Drug, Target, and modified Response Evaluation
Criteria in Solid Tumors (mRECIST Response). Responders are defined as patients with
mRECIST of Partial Response or Complete Response, whereas Non-Responders are those
with Progressive Disease or Stable Disease. We selected the following RNAseq datasets
for BLCA patients: IMVigor210 2018—BLCA and PD-L1 [10,34]. We used the following
group filters: Responder, Drug, Target, and modified Response Evaluation Criteria in Solid
Tumors (mRECIST Response). Responders are defined as patients with mRECIST of Partial
Response or Complete Response, whereas Non-Responders are those with Progressive
Disease or Stable Disease. Then, we used the ICI Analysis Modules. The current version of
the iAtlas Portal was built in R using code hosted at https://github.com/CRI-iAtlas/iatlas-
app (accessed on 1 March 2024). Assayed samples were collected prior to immunotherapy.

Table 1. Responses of patients with cancer to immune checkpoint blockade.

Drug Ipilimumab and
Pembrolizumab Pembrolizumab Pembrolizumab Atezolizumab Atezolizumab

Cancer type SKCM GBM STAD BLCA KIRC

Target CTLA4 and PD1 PD1 PD1 PDL1 PDL1

Responders (number) 20 15
(Non-progressors) 12 68 48

Non-responders
(number) 12 19

(Progressors) 33 230 117

Responders (%) 62.5 44 27 23 29

Non-responders (%) 37.5 56 73 77 71

2.2. Clinical Description of Patients

Datasets merged according to drug therapy and cancer type are described in Table 1.
For GBM patients that received Pembrolizumab, targeting PD1, there were 15 (44%) non-
progressors and 19 (56%) progressors. For KIRC patients that received Atezolizumab,
targeting PD-L1, there were 48 (29%) responders and 117 (71%) non-responders. For
SKCM patients that received Ipilimumab and Pembrolizumab, targeting PD1 and CTLA4,
there were 12 (37.5%) non-responders and 20 (62.5%) responders. For STAD patients that
received Pembrolizumab, targeting PD-1, there were 12 (27%) responders and 33 (73%)
non-responders. For BLCA patients that received Atezolizumab, targeting PD-L1, there
were 68 (23%) responders and 230 (77%) non-responders.

https://github.com/CRI-iAtlas/iatlas-app
https://github.com/CRI-iAtlas/iatlas-app
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2.3. Statistics

Statistical significance of the observed differences was determined using both inde-
pendent Wilcoxon and t-tests. All data are presented as mean ± SEM. Standard error of the
mean (SEM) measures how far the sample mean (average) of the data is likely to be from
the true population mean. The difference was considered as significant when the p value
was below 0.05. *: p < 0.05 for both tests. These tests are the only ones available on the CRI
iAtlas portal.

2.4. Software Development to Predict Personalized Response to Immune Checkpoint Blockade

Patients from multiple cohorts received immune checkpoint blockade following cancer.
After pooling the cohorts, the response was calculated according to the drug used for ther-
apy. There were 34 GBM patients treated with Pembrolizumab, 32 SKCM patients treated
with Ipilimumab and Pembrolizumab, 45 STAD patients treated with Pembrolizumab,
298 BLCA patients treated with Atezolizumab, and 165 KIRC patients treated with Ate-
zolizumab. The software, coded using python, html, css, mysql, and django, allows the
registered clinician to diagnose a new patient or access the diagnosis of a registered pa-
tient by indicating their medical identifier in a form, as we previously described in other
studies [35,36]. The software calculates the probability of patients to respond to immune
checkpoint blockade, after form completion, according to cancer type and immune features.

2.5. Machine Learning Approaches to Predict Personalized Response to Immune
Checkpoint Blockade

To predict the cancer patient response to immune checkpoint blockade, we trained
different machine-learning algorithms, including RandomForestClassifier, GradientBoost-
ing, SupportVectorMachine, and LogisticRegression, on BLCA, STAD, KIRC, GBM, and
SKCM immune features differentially expressed between responders and non-responders
to immunotherapy. Each dataset was partitioned into 5 subsets and further categorized into
training (80%) and testing (20%) groups. The accuracy of a model indicates the percentage
of correctly predicted Response status in the test set. The classification report provides
more detailed performance metrics, including precision, recall, and F1-score for each class
(‘Non-responder’ and ‘Responder’). Precision measures the accuracy of positive predic-
tions. Recall measures the ability of the model to identify all relevant instances of a class.
The F1-score is the harmonic mean of precision and recall and provides a balance between
the two. Support represents the number of samples in each class in the test set. Parameter
optimization was performed independently for each model using methods such as grid
search or random search. Hyperparameters were fine-tuned to enhance model performance
based on appropriate evaluation metrics.
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3. Results

We aim to identify immune features associated with either resistance or positive
response to therapy.

3.1. Response and Overall Survival of Cancer Patients According to Immune Checkpoint Blockade

We calculated the response and overall survival of cancer patients who underwent
immune checkpoint therapy. The response status was not available for GBM; the only status
available for GBM was the progression in the CRI iAtlas dataset. Non-Progressors are de-
fined as patients with mRECIST of Partial Response, Complete Response or Stable disease,
whereas Progressors are those with Progressive Disease. Responders are defined as patients
with mRECIST of Partial Response or Complete Response, whereas Non-Responders are
those with Progressive Disease or Stable Disease. For GBM patients that received Pem-
brolizumab, targeting PD1, there were 15 (44%) non-progressors and 19 (56%) progressors
(Table 1). Among SKCM patients who received Ipilimumab and Pembrolizumab, target-
ing PD1 and CTLA4, there were 12 (37.5%) non-responders and 20 (62.5%) responders
(Table 1). Among KIRC patients who received Atezolizumab, targeting PDL1, there were
117 (71%) non-responders and 48 (29%) responders (Table 1). Among STAD patients who
received Pembrolizumab, targeting PD1, there were 33 (73%) non-responders and 12 (27%)
responders (Table 1). Among BLCA patients who received Atezolizumab, targeting PDL1,
there were 230 (77%) non-responders and 68 (23%) responders (Table 1). For GBM patients
receiving monotherapy, targeting PD1, with disease progression, the overall survival re-
mained below 30% (Figure 1). Conversely, GBM non-progressors following Pembrolizumab
exhibited an overall survival rate of around 60%. SKCM patients receiving combination
therapy targeting PD1 and CTLA4 without response displayed an overall survival rate of
around 50% (Figure 1). In contrast, SKCM patients responding to combination therapy
demonstrated an overall survival rate of around 100%. KIRC patients receiving anti-PDL1
therapy without response displayed an overall survival rate of around 10% (Figure 1). In
contrast, KIRC patients responding to immunotherapy demonstrated an overall survival
rate of around 60%. STAD patients receiving anti-PD1 therapy without response displayed
an overall survival rate of around 15% (Figure 1). In contrast, STAD patients responding
to immunotherapy demonstrated an overall survival rate of around 90%. BLCA patients
receiving anti-PDL1 therapy without response displayed an overall survival rate of around
10% (Figure 1). In contrast, BLCA patients responding to immunotherapy demonstrated
an overall survival rate of around 90%. Overall, 60% of patients with GBM, 30% to 40% of
SKCM patients, 70% of KIRC patients, 73% of STAD patients, and 77% of BLCA patients
exhibited resistance to immune checkpoint combination therapy.

3.2. Immune Response and Resistance in Cancer Patients Following Immune Checkpoint Blockade

We investigated the immune features associated with response and resistance to
immune checkpoint therapy in cancer patients. When analyzing immune response using the
CRI iAtlas in patients who received immunotherapy, we observed that BLCA responders
to Atezolizumab and STAD responders to Pembrolizumab had more CD8, M1, T cell
follicular helpers, and CD4 Memory activated compared to non-responders (Figure 2). GBM
non-progressors to Pembrolizumab had more monocytes and T follicular helpers, while
progressors had more macrophages, especially M0, and Tregs. We also observed that SKCM
responders had more M1 and Th1 response and less CD4 compared to non-responders to
Ipilimumab and Pembrolizumab. KIRC responders to Atezolizumab had more CD8 and
less macrophages compared to non-responders. No differences were observed for the other
immune subsets.
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Figure 1. Overall survival of cancer patients according to immune checkpoint blockade. Overall
survival was calculated in all cohorts. There were 298 BLCA patients treated with Atezolizumab (A),
165 KIRC patients treated with Atezolizumab (B), 32 SKCM patients treated with Ipilimumab and
Pembrolizumab (C), 34 GBM patients treated with Pembrolizumab (D) and 45 STAD patients treated
with Pembrolizumab (E).

When examining the expression of immunomodulatory molecules, we found that
GBM progressors following Pembrolizumab expressed more MHC molecules (HLA-DRB1,
HLA-DQA1, HLA-DRB5, and HLA-DQB1) compared to non-progressors (Figure 3). Sur-
prisingly, we observed an upregulation of ITG2B, a gene related to T cell adhesion, in
progressors following Pembrolizumab, suggesting that T cell responses are not sufficient to
promote a response. Importantly, progressors following Pembrolizumab expressed more
immunosuppressive molecules such as TGFB, IL2RA and CD276. No differences were
observed in the expression of other immunoregulatory molecules and immune checkpoints
(including PD1, TIGIT, TIM3, LAG3, EDNRB, TLR4, VSIR, CD40, TNFRSF, CD28, ICOS,
VTCN1, CD70, CX3CL1, ENTPD1, GXMA, HMGB1, ICOSLG, VEGF, KIR, IFN genes,
interleukins, MICA, and other HLA genes).

SKCM responders to Pembrolizumab expressed more MHC and costimulatory molecules
(HLA-DRA, HLA-A, HLA-B, HLA-DRB1, HLA-DQA2, HLA-DQA1, HLA-DPA1, and
CD80) compared to non-responders (Figure 3). This suggests that antigen presentation
plays a crucial role in the anti-tumor immune response. Responders also exhibited a higher
expression of PD1 and TIGIT, indicating a potential increase in T cell exhaustion. We
observed upregulation of genes related to T cell activation (BTN3A2), adhesion (ITGB2 and
ICAM1), cytotoxicity (PRF1), regulation (SLAMF7 and IDO1), and maintenance (CD27) in
responders. Additionally, responders showed an increased expression of PD1 ligands PDL1
and PDL2, TNF signaling genes (TNFSF4 and TNFSF9), and cytokines attracting T cells
and other immune cells (CCL5, CXCL9, and CXCL10). No differences were observed in
the expression of other immunoregulatory molecules and immune checkpoints (including
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TIM3, LAG3, EDNRB, TLR4, ARG1, VSIR, CD40, TNFRSF, CD28, ICOS, VTCN1, CD70,
CX3CL1, ENTPD1, GXMA, HMGB1, ICOSLG, VEGF, KIR, IFN/TGFB genes, interleukins,
MICA, and other HLA genes).
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Figure 2. Immune response in cancer patients according to response following immune checkpoint
blockade. All immune cell scores were statistically different between responders/non-progressors
and non-responders/progressors to immunotherapy in multiple cancer cohorts. Immune cell scores
were measured using CRI iAtlas; p < 0.05, Wilcoxon t-test; (A) n = 298 for BLCA and Atezolizumab;
(B) n = 165 for KIRC and Atezolizumab; (C) n = 34 for Pembrolizumab and GBM; (D) n = 32 for
Ipilimumab and Pembrolizumab and SKCM; and (E) n = 45 for Pembrolizumab and STAD.

BLCA responders to Atezolizumab expressed more cytokines attracting T cells and
other immune cells (CCL5, CXCL9, and CXCL10) (Figure 3). They also expressed more
KIR2DL3, IFNG, HMGB1, LAG3, and CD274 but less TGFB1 and MICA compared to non-
responders. No differences were observed in the expression of other immunoregulatory
molecules.

STAD responders to Pembrolizumab expressed more MHC and costimulatory molecules
(HLA-DRA, HLA-A, HLA-B, HLA-C, MICB, HLA-DPA1, HLA-DPB1, HLA-DRB1, HLA-
DQB1, and CD40) compared to non-responders (Figure 3). They expressed more cytokines
attracting T cells and other immune cells (CCL5, CXCL9, and CXCL10). They also expressed
more PD1, PDL2, TIGIT, PRF1, IL13, IL2RA, IFNA1, ICAM1, IFNG, HMGB1, LAG3, CTLA4,
TNF genes, GZMA, ICOS, TIM3, and CD274 but less EDNRB and SELP compared to non-
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responders. No differences were observed in the expression of other immunoregulatory
molecules.
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Figure 3. Immunomodulatory molecule expression in cancer patients according to response following
immune checkpoint blockade. Immunoregulatory gene expression in cancer patients according
to response following immune checkpoint blockade. All immune gene scores were statistically
different between responders/non-progressors and non-responders/progressors to immunotherapy
in multiple cancer cohorts. Immune gene scores were measured using CRI iAtlas; p < 0.05, Wilcoxon
t-test; (A) n = 298 for BLCA and Atezolizumab; (B) n = 165 for KIRC and Atezolizumab; (C) n = 34 for
Pembrolizumab and GBM; (D) n = 32 for Ipilimumab and Pembrolizumab and SKCM; and (E) n = 45
for Pembrolizumab and STAD.

KIRC responders to Atezolizumab expressed more cytokines attracting T cells and
other immune cells (CCL5, CXCL9, and CXCL10) (Figure 3). They also expressed more
BTN3A, IDO1, MICB, CD27, PRF1, TIGIT, CTLA4, BTLA, LAG3, TNF genes, CD28, ICOS,
PD1, CD70, GZMA IFNG, KIR2DL3, CD274, and SLAMF7 but less IL1B and ADORA2A
compared to non-responders. No differences were observed in the expression of other
immunoregulatory molecules.

Overall, patients with response/non-progression to immunotherapy expressed more
genes related to antigen presentation and the production of cytokines attracting immune
cells. Patients with resistance/progression following immunotherapy were characterized
by defects in macrophage, monocyte, and T cell responses, impaired antigen presenta-
tion, Tregs response, and immunosuppressive molecule and G protein-coupled receptor
expression (TGFB1, IL2RA, IL1B, EDNRB, ADORA2A, SELP, and CD276).

All immune gene scores were statistically different between responders/non-progressors
and non-responders/progressors to immunotherapy in multiple cancer cohorts. Immune
gene scores were measured using CRI iAtlas; p < 0.05, Wilcoxon t-test; n = 34 for Pem-
brolizumab and GBM; n = 32 for Ipilimumab and Pembrolizumab and SKCM; n = 45 for
Pembrolizumab and STAD; n = 298 for BLCA and Atezolizumab; and n = 165 for KIRC
and Atezolizumab.
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3.3. Personalized Prediction of Cancer Patient Response to Immune Checkpoint Blockade

To predict the personalized response of patients with cancer to immune checkpoint
blockade, we trained several RandomForestClassifier, GradientBoosting, SupportVector-
Machine, and LogisticRegression algorithms on BLCA, STAD, KIRC, GBM, and SKCM
immune features differentially expressed between responders and non-responders to im-
munotherapy identified in Figure 3. The accuracy of a model indicates the percentage of
correctly predicted Response statuses in the test set. The classification report provides
more detailed performance metrics, including the precision, recall, and F1-score for each
class (‘Non-responder’ and ‘Responder’). Precision measures the accuracy of positive
predictions. Recall measures the ability of the model to identify all relevant instances of a
class. The F1-score is the harmonic mean of precision and recall and provides a balance
between the two. Support represents the number of samples in each class in the test set.
Parameter optimization was performed independently for each model using methods such
as grid search or random search. Hyperparameters were fine-tuned to enhance model
performance based on appropriate evaluation metrics. Each dataset was partitioned into
five subsets and further categorized into training (80%) and testing (20%) groups.

For KIRC, the best performance was obtained with the RandomForestClassifier and
LogisticRegression algorithms. These algorithms had an overall accuracy of 79%, which
means that they correctly predicted the response status for about 79% of the patients in the
test set (Table 2). For ‘Non-responder’, the precision was around 79 and 81%, indicating
that 80% of the positive predictions for this class were accurate. For ‘Responder’, the
precision was between 67 and 75%. For ‘Non-responder’, the recall was between 92 and
96%, meaning that the vast majority of actual ‘Non-responder’ instances were correctly
identified. For ‘Responder’, the recall was between 33 and 47%, indicating that only 40%
of the actual ‘Responder’ instances were correctly identified. For ‘Non-responder’, the
F1-score was between 0.87 and 0.92, and for ‘Responder’, it was between 0.46 and 0.53. For
‘Non-responder’, there were 24 samples, and for ‘Responder’, there were 9 samples in the
test set. For GBM, the best performance was obtained with the RandomForestClassifier
algorithm. This algorithm had an overall accuracy of 82%, which means that it correctly
predicted the Progression status for about 82% of the patients in the test set (Table 2). For
‘Non-progressor’, the precision was 100%, indicating that 100% of the positive predictions
for this class were accurate. For ‘Progressor’, the precision was 80%. For ‘Non-progressor’,
the recall was 33%, meaning that only 33% of actual ‘Non-progressor’ instances were
correctly identified. For ‘Progressor’, the recall was 100%, indicating all actual ‘Progressor’
instances were correctly identified. For ‘Non-progressor’, the F1-score was 0.50, and
for ‘Progressor’, it was 0.89. For ‘Non-progressor’, there were three samples, and for
‘Progressor’, there were eight samples in the test set.

Table 2. Performance of the algorithms predicting cancer patient response to immune checkpoint
blockade.

Cancer Type Random Forest
Accuracy

Gradient Boosting
Accuracy

Logistic Regression
Accuracy

Support Vector
Machine Accuracy

Melanoma (SKCM) 1 0.88 0.63 0.88
Stomach cancer (STAD) 1 0.89 0.78 0.78
Glioblastoma (GBM) 0.82 0.73 0.73 0.55
Renal cancer (KIRC) 0.79 0.76 0.79 0.67
Bladder cancer (BLCA) 0.9 0.85 0.9 0.87
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For STAD, the best performance was obtained with the RandomForestClassifier al-
gorithm. This algorithm had an overall accuracy of 100%, which means that it correctly
predicted the response status for 100% of the patients in the test set (Table 2). For ‘Non-
responder’, the precision was 100%, indicating that 100% of the positive predictions for this
class were accurate. For ‘Responder’, the precision was also 100%. For ‘Non-responder’,
the recall was 100%, meaning that all actual ‘Non-responder’ instances were correctly
identified. For ‘Responder’, the recall was also 100%, indicating that all the actual ‘Re-
sponder’ instances were correctly identified. For ‘Non-responder’, the F1-score was 1,
and for ‘Responder’, it was also 1. For ‘Non-responder’, there were five samples, and for
‘Responder’, there were four samples in the test set.

For SKCM, the best performance was obtained with the RandomForestClassifier al-
gorithm. This algorithm had an overall accuracy of 100%, which means that it correctly
predicted the response status for 100% of the patients in the test set (Table 2). For ‘Non-
responder’, the precision was 100%, indicating that 100% of the positive predictions for this
class were accurate. For ‘Responder’, the precision was also 100%. For ‘Non-responder’,
the recall was 100%, meaning that all actual ‘Non-responder’ instances were correctly
identified. For ‘Responder’, the recall was also 100%, indicating that all the actual ‘Re-
sponder’ instances were correctly identified. For ‘Non-responder’, the F1-score was 1, and
for ‘Responder’, it was also 1. For ‘Non-responder’, there were three samples, and for
‘Responder’, there were five samples in the test set.

For BLCA, the best performance was obtained with the RandomForestClassifier and
LogisticRegression algorithms. These algorithms had an overall accuracy of 90%, which
means that they correctly predicted the response status for about 90% of the patients in the
test set (Table 2). For ‘Non-responder’, the precision was around 93 and 94%, indicating
that 94% of the positive predictions for this class were accurate. For ‘Responder’, the
precision was between 62 and 67%. For ‘Non-responder’, the recall was between 94 and
96%, meaning that the vast majority of actual ‘Non-responder’ instances were correctly
identified. For ‘Responder’, the recall was between 50 and 62%, indicating that only 62%
of the actual ‘Responder’ instances were correctly identified. For ‘Non-responder’, the
F1-score was 0.94, and for ‘Responder’, it was between 0.57 and 0.62. For ‘Non-responder’,
there were 52 samples, and for ‘Responder’, there were eight samples in the test set.

Overall, our models managed to successfully predict the response status of 79% of
the KIRC patients to Atezolizumab, 82% of the GBM patients to Pembrolizumab, 100%
of the STAD patients to Pembrolizumab, 100% of the SKCM patients to Ipilimumab and
Pembrolizumab, and 90% of the BLCA patients to Atezolizumab.

In accordance with the methods outlined in the study, we conducted predictions
regarding the response of a hypothetical STAD patient to Pembrolizumab (Figure 4). Based
on her immune characteristics, the four algorithms predicted that the STAD patient will
be a responder to Pembrolizumab. Thus, it may be beneficial to choose this therapy for
this patient.

The STAD patient data collection form is shown in Figure 4: personalized predictions
of the STAD patient response to Pembrolizumab based on her immune characteristics.
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4. Discussion

By analyzing the response of patients following ICB in multiple cohorts, we observed
that 38 to 77% of patients with BLCA, STAD, KIRC, GBM, and SKCM cancer exhibited
resistance to immune checkpoint blockade therapy. Patients with cancer progression fol-
lowing immunotherapy were characterized by defects in macrophage, monocyte, and T
follicular helper responses, impaired antigen presentation, Tregs response, and immuno-
suppressive molecule and G protein-coupled receptor expression (TGFB, IL2RA, IL1B,
EDNRB, ADORA2A, SELP, and CD276). CD276 regulates cell proliferation, invasion, and
migration in cancers [37]. A high expression of IL2RA, the alpha chain of the interleukin
2 receptor complex expressed on the surface of mature T cells, predicted worse survival
outcomes in patients with pancreatic ductal adenocarcinoma [38]. IL1B was associated
with resistance in KIRC and breast cancer models [39,40]. TGFB is a key mediator of many
biological processes and was also associated with resistance to immunotherapy [41]. On
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the contrary, patients with response to immunotherapy expressed more genes related to
antigen presentation (HLA genes) and the production of cytokines attracting immune cells
(CCL5, CXCL9, and CXCL10). CXCL9 stimulates cytokine production by T cells and fosters
the proliferation of Th1 cells [42]. CXCL10, an inflammatory chemokine, facilitates immune
responses by activating and recruiting T cells, eosinophils, monocytes, and NK cells [43].
CCL5 plays a pivotal role in recruiting various leukocytes to inflammatory sites, including
T cells, macrophages, eosinophils, and basophils [44].

To better predict the ICB response of patients with cancer, we developed machine
learning approaches, as it has been performed in other cancer models [16–18]. We suc-
cessfully trained RandomForestClassifier, GradientBoosting, SupportVectorMachine, and
LogisticRegression algorithms on BLCA, STAD, KIRC, GBM, and SKCM CRI iAtlas datasets,
based on the features that we identified as differentially expressed between responders
and non-responders to immune checkpoint blockade. While previous work on glioblas-
toma with only one type of algorithm had an accuracy of 0.82, we managed to develop
20 models that predicted the response and resistance in five cancer types with accuracies
between 0.79 and 1, meaning that our models managed to successfully predict the response
status of 79 to 100% of the patients. These models appear to have good precision and
recall for both ‘Responder’ and ‘Non-responder’ classes in most of the cohorts, suggesting
that it can effectively identify ‘Responder’ and ‘Non-responder’ cases. However, there
is room for improvement in identifying ‘Responder’ GBM and KIRC cases, as indicated
by the lower recalls for these classes. Increasing the size of the training dataset would
help to improve the predictions of the model. It may also be beneficial to use multiple
algorithms to maximize the probability to correctly predict the response status of these
patients. Other machine learning approaches have shown promising results for predicting
patient outcomes in gliomas, lung, and gastric cancers [16–20] but not in melanoma and
bladder and renal cancers, and none with immune features as we did in this study. The
first machine learning approach for lung cancer was a risk prediction model combining
Clinical + DeepRadiomics [16] and the second used nCounter RNA expression data [17].
Another on gastric cancer used bulk and single cell RNA seq [18]. Finally, we have also
previously developed algorithms using the tumor mutational profile in glioma [20]. These
approaches are very different compared to the one we used here with immune features.

Finally, we developed software to predict patient response to immune checkpoint
blockade that incorporated our machine learning approach. This software computes the
probability of being a responder or a non-responder to immune checkpoint blockade
based on the patient’s specific immune characteristics. Developing such machine learning
approaches based on patient characteristics may help provide more relevant treatment to
each patient.

Overall, to unravel the intricacies of resistance, we scrutinized the immune profiles of
cancer patients experiencing ongoing disease progression and resistance post-ICB therapy.
These profiles delineated multifaceted defects, including compromised macrophage, mono-
cyte, and T cell responses, impaired antigen presentation, aberrant regulatory T cell (Tregs)
responses, and an elevated expression of immunosuppressive and G protein-coupled re-
ceptor molecules (TGFB1, IL2RA, IL1B, EDNRB, ADORA2A, SELP, and CD276). Building
upon these insights into resistance profiles, we harnessed machine learning algorithms to
construct models predicting the response and resistance to ICB and developed the accom-
panying software. While previous work on glioblastoma with only one type of algorithm
had an accuracy of 0.82, we managed to develop 20 models that provided estimates of
future events of resistance or response in five cancer types, with accuracies ranging between
0.79 and 1, based on their distinct immune characteristics. In conclusion, our approach
advocates for the personalized application of immunotherapy in cancer patients based on
patient-specific attributes and computational models.
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5. Conclusions

Our approach advocates for the personalization of immunotherapy in cancer patients.
By harnessing patient-specific immune attributes and computational predictions, we offer
a promising avenue for the enhancement of clinical outcomes following immunotherapy.
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