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ABSTRACT

In the last decade, immunotherapies targeting immune checkpoint inhibitors have been extremely
effective in eiminating subsets of some cancers in some patients. Multi-modal immune and
non-immune factors that contribute to clinical outcomes have been utilized for predicting
response to therapies and developing diagnostics. However, these data analytic methods involve
a combination of complex mathematical data analytics, and even-more complex biological
mechanistic pathways. In order to develop a method for data analytics of transcriptomics data
sets, we have utilized an explainable machine learning (ML) model to investigate the genes
involved in the signaling pathway of T-cell-immunoreceptor with immunoglobulin and ITIM
domain (TIGIT). TIGIT isareceptor on T, NK, and T-regulatory cells, that has been classified
as a checkpoint inhibitor due to its ability to inhibit innate and adaptive immune responses. We
extracted gene whole genome sequencing data of 1029 early breast cancer patient tumors, and
adjacent normal tissues from the TCGA and UCSC Xena Data Hub public databases. We
followed a workflow which involved the following steps. i) data acquisition, processing, and
visualization followed by ii) developed of a predictive prognostic model using input (gene
expression data) and output (survival time) parameters iii) modd interpretation was performed
by calculating SHAP (Shapely-Additive-exPlanations); iv) the application of the model involved
a Cox-regresson model, trained with L-2 regularization and optimization using 5 fold cross
validation. The model identified gene signatures associated with TIGIT that predicted survival
outcome with a test set with a score of 0.601. In summary, we have utilized this case study of
TIGIT-mediated signaling pathways to develop a roadmap for biologists to harness ML methods

effectively.
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INTRODUCTION

Immunotherapy for cancer. In the past decade, there has been a significant decrease in desth
rates in 11 of the 18 major cancers among men, and 14 of the 20 among women [1-3]. These
advances have been attributed to the development and approval of therapiesthat activate immune
pathways [4, 5]. The large effect sizes have been largely due to advances in early detection and
more effective treatments. Diagnosis and treatment of cancers has also been transforming from
one-size-fits-all (cut-burn-poison) to targeted therapies to more recently algorithm-assisted
precision therapies [6]. One of the most significant developments in cancer immunotherapy has
been the clinical efficacy of targeting immune checkpoint inhibitors (ICl) such as CTLA-4 and
PD-1. However, only 10-30% of patients respond to immunotherapies [7-10]. The limited
efficacy has been attributed to several factors, some of which include variability of overall
immune health of the patient, varying expression levels of immune checkpoint inhibitors on the
tumor and immune cells, differential tumor mutational burden, diversity of immune-modulatory
(regulatory, suppressive, and stimulatory) cells and cytokine secretion patterns, genetic and
epigenetic factors in both tumor and immune cells, and more recently the microbiome of an
individual [11-13]. These results prompt the identification of better biomarkers that can predict
immunotherapy response in patients. Therefore, a multi-modal approach to precision
immunotherapy is necessary to identify biomarker signatures and improve response to
immunotherapy. Such approaches require an analysis of a wide range of data including gene
expression analysis, single-cell technologies, imaging modalities [11, 13]. Analysis of these

multi-modal data to identify biomarkers requires using ML-based based methods [14].
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Technological advances in data collection and machine-learning based analysis. Advances in
technologies have enabled ultra-high throughput data generation, collection, and analysis [15,
16]. Supplementary Table 1 (available upon request) lists some of the technological advances
for collection of data, ML-based algorithms used to analysis the datasets and biomarkers, and
multi-modal biomarker signatures identified that correlate with clinical outcomes. Machine
learning models such as Support Vector Machines (SVMs), Random Forests, Deep Neural
Networks can incorporate several diverse patient characteristics such as clinical attributes,
demographics, molecular and immune profiles to generate treatment response models. In
addition, tumor characteristics associated with response can also be identified using techniques
such as Computer Vision-Aided Radiomics (CVAR) and image analysis to extract tumor features
such as size, shape, and heterogeneity. Tumor microenvironments can also be analyzed to
determine immune infiltration patterns, spatial distributions and their impact on tumor behavior

and treatment response.

In this paper, we chose to work on TIGIT (T-cell immunoreceptor with Ig and ITIM domains) in
primary breast cancer datasets, since this receptor is an emerging ICI that has been shown to be
significantly upregulated in primary breast cancer tumor tissues [17-19]. TIGIT binding ligands
include CD155 and CD112. High TIGIT expression was positively correlated with tumor stage
and negatively correlated with progression free survival (PFS) and overal survival (OS) [20]. In
an attempt to identify prognostic biomarkers linked with TIGIT, we selected gene sets from
public databases. Using protein-protein-interaction (PPl) and network-based computational
methods performed network proximity and pathway analysis[14]. We provide a “how-to-guide’
of data analytics using machine learning to perform network-biology based identification of gene

modules that associated with TIGIT. We have listed activities for data collection, visualization,
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analysis, interpretation, and application. The conclusion from this analysis is specific to this
dataset obtained from the public domain and is intended to be reviewed only for methodology of

the data anal ytics process.

METHODS.

Case study. Identifying TIGIT linked genes influencing overall survival in breast cancer

patients. Figure 1 depicts the stepsinvolved in the data collection, analysis, interpretation.

Data Sets. Genome Data Commons (GDC), The-Cancer-Genome-Atlas (TCGA) and Breast
cancer transcriptomics and overall survival datasets were downloaded from UCSC-Xena data
hub [21]. _From that cohort of patients, the “HTSegq— FPKM” (High-throughput-sequence -
Fragments Per Kilo Base Million) data file was downloaded. The expression value for each gene

in a given patient was converted from log, (FPKM +1) to FPKM.

Protein-Protein interaction (PPI) analysis. Using the STRING protein-protein interaction data
[22], which was in the form of a list of interacting pairs (protein pairs with interaction score >

700 were only chosen), a graph was constructed for nearly 16k genes using NetworkX package

in Python.

Gene Ranking. The page rank algorithm (link to the code written by netbio on github) was
applied to estimate the relative importance of proteins with respect to TIGIT as the central
protein of interest. The score quantifying the importance is called propagation score. The top 5
percentile of proteins in the list of proteins sorted by propagation score were taken further for
analysis. These proteins are members of a sub network relevant to TIGIT function. Nearly 746

were chosen.
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Training the algorithm. Every patient in the survival data set was labeled as "Good surviving”
or "Poor surviving" using their overall survival time. The cutoff survival time was chosen in such
a manner that the difference between the numbers of dead patients between the resulting two

groupsis minimal. These labels are to be taken as the ground truth class labels from now on.

The train-test split was done stratified by the survival label given previously (“Good surviving”
vs “Poor surviving”) with 20 percent in test set 80 percent in the training set. Using the train set
survival times and dead patient flag, the train data set was split into two sub-groups "Good

Prognosis’ and "Poor-Prognosis’ in amanner similar to the method mentioned previously.

Feature Selection. For feature sdection a vearsion of the “minimum redundance Maximum

Relevance” (mrMR) algorithm was implemented as follows: (Figure 2)

1. Using the Good Prognosis and Poor prognosis data subsets derived from the training
data, maximum relevance score for each gene feature was computed as the F-statistic

computed over the two data subsets.

2. The Redundance score for a gene (Gene_ ) is estimated using the following formula:

Redundance_score = (3 |Corr ( Gene_j,Gene_k) |)/n_k

Where the summation is over the set of all genes selected already till the current iteration.

3. A gene is chosen if it maximizes the ratio of Relevance score to Redundance score at

each iteration till 50 genes are selected in total.

Cox Regression Analysis. The Cox regression method was analyzed for evaluating the effect of
the input transcriptomics data sets, to the overall survival events. This analysis was used to find

the datistical correlation of TIGIT-associated gene(s) with higher survival. The datistical
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correlation of proportional hazard ratio with clinical outcome of overall survival for each of the

genes was determined by Wilcoxon test.

RESULTS:

Visualization of the data set. Figure 3 shows two different methods to visualize the data set.
Visualization of large complex data sets in multiple ways is an important first step in the data
analysis process. Several resources to enable data visualization are available in the public

domain [23, 24].

Testing the mrMR algorithm. The mrMR algorithm was used to identify a 50 gene panel.
This was done using the "Good-Prognosis’ vs “Poor-Prognosis’ sub-groups of the training data
(Figure 4a). Then a Logistic regression model with L-2 penalty was trained on the ground truth
labels of patients as determined previously using the mrMR selected 50 genes as predictors. 5
fold grid search cross validation was done to optimize the hyper-parameters of each of these

models and the best model was saved.

The average absolute SHAP value of each gene feature in the model was computed using
the test set (Figure 4b). This score isameasure of the average impact on the model output
magnitude. This was then used to rank order genes by their relative importance in contributing to
its model's predictive performance. To estimate the variance of the average absolute SHAP value
of each gene feature, the metric was estimated 10 times while keeping the test set constant and
summary statistics of the 10 trials were recorded. The top 80 percentile of the genes from the list

of 50 genes sorted in descending order by the average absolute SHAP value were used to
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perform the Gene ontology enrichment analysis for biological process ontology terms using the
clusterProfiler package in R. The top ontologies represented in the list were visualized as a dot
plot. (Figure 4c) The model identified gene signatures associated with TIGIT that predicted

survival outcome with atest set with a score of 0.601 (Figure 4d).

Cox Regresson analyss for identification of the top 10 gene sequences in the signatures
associated with TIGIT signaling pathway. The top 10 genes that were associated with better
survival in the TIGIT pathway included HSPAB, SYNJ2, ARAF, TBP, IL2, MAPKS8, PBRL4,
GNGT1, RPS27A, E2R (Figure 5). Based on this data set of input parameters and output
outcomes, the model found that the SYNJ2 gene had a significantly increased in the subjects that

had a higher survival outcome.

DISCSSION

In this study, we developed a methodol ogy to evaluate a network-based biomarker(s) that can
predict immunotherapy treatment. For conducting this analysis, we used whole genome
expression dataset, and survival time data of breast cancer patients from public databases. We
focused the analysis on the TIGIT-targeting gene signatures to answer and describe a workflow
and methodology to aid biologists collaborating with data scientists.

TIGIT receptors expressed on activated T, NK, T-follicular helper (T-FH) and T-
regulatory cells participate in the immunological synapse by interacting with several ligands,
e.g., CD112, CD155 (Palio-virus-receptor, PVR, PVRL2)[17, 19, 25]. Several diverse

functional responses have been reported upon TIGIT ligation, including cell-adhesion, signal
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amplification, activation of reactive oxygen species dependent DNA damage responses [26].
TIGIT” mice do not develop spontaneous autoimmunity (unlike CTLA4” mice) but develop
more severe experimental autoimmune encephalitis (EAE), establishing its function as a check-
point inhibitor. Signal transduction through TIGIT is mediated through its ITIM and ITT
cytoplasmic domain. The cascade of events include modulation of phosphorylation-
dephosphorylation equilibrium of proteins such as Grb2, b-arrestin2, phosphatase SHIP-1,
inhibiting phosphorylation of ZAP70/Syk, ERK1/3 kinases. These membrane-cytoplasmic
events lead to regulation of transcription factors. Engagement of TIGIT — and its ligands has
been shown to inhibit immune responses by decreasing IL12 secretion, increased IL-10, reduce
the cytolytic capacity of NK cells.

Blockade of TIGIT with PD1 exerts synergistic check-point inhibition that regul ates anti-
tumor activities. Several anti-TIGIT monoclonal antibody therapeutics arein clinical
development. Etigilimab (OMP-313M32), and tiragolumab (MTIG7192A, RG-6058) arein late
stage clinical trials. Recently, tiragolumab in combination with atezolizumab demonstrated an
improvement objective response rate and progression-free survival compared with placebo plus
atezolizumab in patients with recurrent or metastatic non-small cell lung cancer (NSCLC) [27].

Using the protein-protein interaction STRING database, we identified alist of nearly 16K
genes and by assigning a propagation score, defined 746 genes that were used for further
analyses. Findly, that analysis of SHAP scores identified the top 80 genes which were assigned
based on the closest interactive proteinsto TIGIT. The top 10 genes included HSPAB, SYNJ2,
ARAF, TBP, IL2, MAPKS8, PBRL4, GNGT1, RPS27A, E2R. Kong et a [14] have previously
utilized a similar approach to identify PD-1 related gene signatures for bladder, gastric and

melanoma tumors. Several of these gene signatures are involved in various aspects of immune
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regulation such as those for innate immune responses, T cell activation genes, genes involved in
signal transduction. Several of these genes have been previously associated with TIGIT

mediated signaling pathways.

Mapping the functions of the gene signature associated with TIGIT-mediated signaling pathways
will require experimental evidence by obtaining immune and tumor cells from patients treated
with anti-TIGIT therapies. Additionally, evaluating this gene signature in patients with breast
cancer may provide insights into identifying responder populations. Interestingly, SYNSJ2
(synaptojanin 2), an intracellular protein that participates in membrane trafficking and
endocytosis processes, has been associated with turnover of T cell receptor expression [28].
Understanding the roles of these genes may provide clues to development of diagnostics and

therapiesin for enabling patients’ specific precision medicine.

Taken together, we have described a methodology of data analytics that can be used by
biologists to analyze genome sequencing data with clinical outcomes, in order to identify
biomarker signature. These signatures could be utilized to devel op target-specific diagnostics of
disease progression, or companion-diagnostics to monitor effectiveness of immunotherapies and

contribute to precision oncology


https://doi.org/10.1101/2023.12.05.570321

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.05.570321; this version posted December 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Acknowledgement. NC thanks late Jaideep Khare, who had started the work on this manuscript

dueto hisinterest and experience in machine learning in drug development.


https://doi.org/10.1101/2023.12.05.570321

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.05.570321; this version posted December 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References.

1. Dobosz P, Dziecigtkowski T: The Intriguing History of Cancer Immunotherapy. Front Immunol
2019, 10:2965.

2. Zhang Y, Zhang Z: The history and advances in cancer immunotherapy: understanding the

characteristics of tumor-infiltrating immune cells and their therapeutic implications. Cell Mol
Immunol 2020, 17(8):807-821.

3. Xia C, Dong X, Li H, Cao M, Sun D, He S, Yang F, Yan X, Zhang S, Li N et al: Cancer statistics in
China and United States, 2022: profiles, trends, and determinants. Chin Med J (Engl) 2022,
135(5):584-590.

4. Debela DT, Muzazu SG, Heraro KD, Ndalama MT, Mesele BW, Haile DC, Kitui SK, Manyazewal T:
New approaches and procedures for cancer treatment: Current perspectives. SAGE Open Med
2021, 9:20503121211034366.

5. Liu C, Yang M, Zhang D, Chen M, Zhu D: Clinical cancer immunotherapy: Current progress and
prospects. Front Immunol 2022, 13:961805.

6. Mukherjee S: Emperor of All Maladies: Schniber; 2010.

7. Wang DR, Wu XL, Sun YL: Therapeutic targets and biomarkers of tumor immunotherapy:
response versus non-response. Signal Transduct Target Ther 2022, 7(1):331.

8. Sharma P, Goswami S, Raychaudhuri D, Siddiqui BA, Singh P, Nagarajan A, Liu J, Subudhi SK,

Poon C, Gant KL et al: Immune checkpoint therapy-current perspectives and future directions.
Cell 2023, 186(8):1652-1669.

9. [lumuna: Decoding the signs of response to cancer immunotherapy. Nature Portfolio 2022,
https://www.nature.com/articles/d42473-019-00064-0.

10. Sharma P, Hu-Lieskovan S, Wargo JA, Ribas A: Primary, Adaptive, and Acquired Resistance to
Cancer Immunotherapy. Cell 2017, 168(4):707-723.

11. Roelofsen LM, Kaptein P, Thommen DS: Multimodal predictors for precision immunotherapy.
Immunooncol Technol 2022, 14:100071.

12. Guram K, Kim SS, Wu V, Sanders PD, Patel S, Schoenberger SP, Cohen EEW, Chen SY, Sharabi AB:
A Threshold Model for T-Cell Activation in the Era of Checkpoint Blockade Immunotherapy.
Front Immunol 2019, 10:491.

13. Norton KA, Gong C, Jamalian S, Popel AS: Multiscale Agent-Based and Hybrid Modeling of the
Tumor Immune Microenvironment. Processes (Basel) 2019, 7(1).

14. Kong J, Ha D, Lee J, Kim I, Park M, Im S-H, Shin K, Kim S: Network-based machine learning
approach to predict immunotherapy response in cancer patients. Nature Communications
2022, 13(1):3703.

15. Yang X, Kui L, Tang M, Li D, Wei K, Chen W, Miao J, Dong Y: High-Throughput Transcriptome
Profiling in Drug and Biomarker Discovery. Front Genet 2020, 11:19.

16. Ashok G, Ramaiah S: A critical review of datasets and computational suites for improving
cancer theranostics and biomarker discovery. Medical Oncology 2022, 39(12):206.

17. Chu X, Tian W, Wang Z, Zhang J, Zhou R: Co-inhibition of TIGIT and PD-1/PD-L1 in Cancer
Immunotherapy: Mechanisms and Clinical Trials. Mol Cancer 2023, 22(1):93.

18. Rousseau A, Parisi C, Barlesi F: Anti-TIGIT therapies for solid tumors: a systematic review.
ESMO Open 2023, 8(2):101184.

19. Zhao J, Li L, Yin H, Feng X, Lu Q: TIGIT: An emerging immune checkpoint target for
immunotherapy in autoimmune disease and cancer. Int Immunopharmacol 2023, 120:110358.

20. Xiao K, Xiao K, Li K, Xue P, Zhu S: Prognostic Role of TIGIT Expression in Patients with Solid
Tumors: A Meta-Analysis. J Immunol Res 2021, 2021:5440572.



https://doi.org/10.1101/2023.12.05.570321

bioRxiv preprint doi: https://doi.org/10.1101/2023.12.05.570321; this version posted December 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

21. UCSC-Xena Data Hub [https://xenabrowser.net/datapages/]

22. STRING [https://string-db.org/)]

23. Casey F, Negi S, Zhu J, Sun YH, Zavodszky M, Cheng D, Lin D, John S, Penny MA, Sexton D et al
OmicsView: Omics data analysis through interactive visual analytics. Computational and
Structural Biotechnology Journal 2022, 20:1277-1285.

24. Nusrat S, Harbig T, Gehlenborg N: Tasks, Techniques, and Tools for Genomic Data Visualization.
Comput Graph Forum 2019, 38(3):781-805.

25. Qin S, Xu L, Yi M, Yu S, Wu K, Luo S: Novel immune checkpoint targets: moving beyond PD-1
and CTLA-4. Molecular Cancer 2019, 18:155.

26. Chauvin JM, Zarour HM: TIGIT in cancer immunotherapy. / Immunother Cancer 2020, 8(2).

27. Cho BC, Rodriguez Abreu D, Hussein M, Cobo M, Patel A, Secen N, Lee K-H, Massuti B, Hiret S,
Yang JC-H et al: Tiragolumab plus atezolizumab versus placebo plus atezolizumab as a first-line
treatment for PD-L1-selected non-small-cell lung cancer (CITYSCAPE): primary and followup
analyses of a randomised, double-blind, phase 2 study. Lancet Oncol 2022, 23:781-792.

28. Hou W, Li G-S, Gao L, Lu H-P, Zhou H-F, Kong J-L, Chen G, Xia S, Wei H-Y: SYNJ2 is a novel and
potential biomarker for the prediction and treatment of cancers: from lung squamous cell
carcinoma to pan-cancer. BMC Medical Genomics 2022, 15(1):114.



https://doi.org/10.1101/2023.12.05.570321

Gene 1
Gene 2
Gene 3

Gene 50

Rank features
W using SHAP score

|||||_"
0 | =exr'x

] X

SHAP

Logistic Regression
with survival data

Identify enriched
GO terms.


https://doi.org/10.1101/2023.12.05.570321

Gene-j

Good Survival Group ANOVA ( H i)

is summarized by F
statistic.

Find jwhich maximizes :

Ji

Y.i |Corr (Gene_j, Gene_k) | /n_k

k sums over all genes
Poor Survival Group already selected.



https://doi.org/10.1101/2023.12.05.570321

TIGIT log,(TPM + 1)

e
|

v
|

o
1

Stage |

n=182

Stage Il

n=628

Stage Il

n=250

Stage IV

n=20



https://doi.org/10.1101/2023.12.05.570321

Tue Positive Rate

mrMR selected immune genes as predictors - # genes =50
10 -

0.8 -

0.6 -

0.4 -

0.2 -

0.0 - - example estimator (AUC = 0.60)

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate


https://doi.org/10.1101/2023.12.05.570321

Genes Ranked by avg(SHAP) value

$:o T
faidesdiad. ui

§SEE .9
=Aipedd

$88iany:

5

iﬁai;!;

e
e
Rk

0.02 0.04 0.06 0.08

mean(|SHAP value|)
(average impact on model output magnitude)



https://doi.org/10.1101/2023.12.05.570321

homotypic cell-cell adhesion -

regulation of homotypic
cell-cell adhesion

response to ischemia-
platelet aggregation -
muscle cell apoptotic process -

natural killer cell activation -

interferon-gamma-mediated _
signaling pathway

positive regulation of |
interleukin-17 production

regulation of platelet
aggregation

negative regulation of |

helicase activity

&
&
&
©
0.05 0.07 0.09 0.11 0.13

GeneRatio

Count
® >

Bow

w

p.adjust
0.006

0.005
0.004
0.003
0.002
0.001


https://doi.org/10.1101/2023.12.05.570321

Cox-PH regression: Summary

KELRCT =—

ILK ==

MEDT =

SWHJZ -

MAFKE =

RAETIE =

ARAF =

HIPAG =—

MAPZKE =

IRFZ =

GNGTT -

-02 00 02 04
log10(HR)



https://doi.org/10.1101/2023.12.05.570321

