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EXPLORACION DE LOS EFECTOS DE UNA NUEVA INMUNOTERAPIA
DIRIGIDA EN CELULAS INMUNITARIAS INFILTRANTES DE TUMORES
MEDIANTE SECUENCIACION DE ARN UNICELULAR (SCRNA-SEQ).

Los tumores rabdoides (RTs) corresponden a tumores infantiles altamente agresivos, car-
acterizados principalmente por la inactivaciéon de SMARCBI1, componente central del com-
plejo de remodelacién de cromatina SWI/SNF, y por poseer una carga mutacional baja.
Histéricamente se ha supuesto que los RTs son invisibles para el sistema inmunitario y, en
consecuencia, malos candidatos para la inmunoterapia. Sin embargo, en trabajos recientes
realizados en el Institut Curie y en otros estudios, se ha demostrado que los RTs son in-
munogénicos y que tanto los RTs humanos como los de ratéon estan altamente infiltrados
por células mieloides y células T CD8+. Mediante bloqueo de la via PD-1/PDL-1, también
conocido como tratamiento anti-PD1, se generé una disminusion en el crecimiento tumoral,
aunque no se logré eliminar por completo los tumores. Por ello hoy en dia se busca poten-
ciar la respuesta antitumoral combinando el tratamiento anti-PD1 con otras terapias para
eliminar estos tumores.

Mediante scRNA-Seq, se determiné un tratamiento que tedricamente podria estar dirigido
a poblaciones mieloides, induciendo un retraso significativo del crecimiento tumoral en los
ratones portadores de tumores tratados. Por ello El objetivo de este trabajo fue estudiar el
efecto de dicho tratamiento sobre lasmieloides utilizando scRNA-seq para comprender mejor
el mecanismo de accién subyacente. Para llevar a cabo este analisis, se concedié acceso a
conjuntos de datos de scRNA-seq de ratones tratados y no tratados generados en el Institut
Curie y se procesaron en R studio siguiendo pipelines bioinformaticos especializados.

Los resultados obtenidos mostraron que el tratamiento incrementa las poblaciones de gran-
ulocitos intratumorales a la vez que disminuye las poblaciones de células dendriticas, monoc-
itos y macréfagos totales. En concreto, se observé un aumento de macréfagos que expresan
Cxcl9, junto con una disminucién de las subpoblaciones de células dendriticas convencionales
(cDCs), indicando ambos un posible aumento del reclutamiento de células T, que fue confir-
mado mediante un estudio de poblaciones de células T CD8+. Al mismo tiempo, aumentaron
las subpoblaciones de células dendriticas tipo 3 (DC3) y de células Supresoras Granulociticas-
Mieloides (G-MDSCs), ambas de fenotipo inmunosupresor, lo que agotaria a las células T
reclutadas. Por ende, se recomienda aplicar este tratamiento junto con tratamientos que

eviten el agotamiento de las células T, como anti-PD1, para obtener un mejor efecto.
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Introduction

Rhabdoid Tumors (RTs) are a low-incidence but very aggressive type of pediatric tumor that
can develop both in the brain (called Atypical teratoid/rhabdoid tumor or AT/RT) and in
soft tissues throughout the body (Extra-cranial Malignant Rhabdoid Tumor or ECRT) [1].
It has been observed that they account for 1-2% of all pediatric brain tumors detected and,
in the case of infants under 3 years of age, this percentage may increase to 10-20%. There
is currently no established standard treatment, however, given the aggressiveness of these
tumors, they require intense treatments such as surgery, chemotherapy and radiotherapy
[1; 2], which are effective in a minority of patients and are frequently associated with severe
sequelae, a factor of utmost relevance given the age of most patients [3]. Therefore, there is
an urgent need to develop innovative treatments that are more efficient and generate fewer
adverse effects.

RTs present two main characteristics. First, they are characterized by being genomically
and genetically simple and presenting a biallelic inactivation of the gene coding for SMARCB1
(95% of cases) [4], which is a key protein of the SWI/SNF complex, responsible for remodelling
chromatin through an ATP-dependent system [5; 6]. In other words, in the absence of
SMARCBI, there are alterations in the chromatin state and deregulation of gene expression
that lead the formation of tumors. In the remaining 5% of cases, these tumors could be
formed by the inactivation of the SMARCA4 protein, another protein that is part of the
SWI/SNF [4] complex.

Secondly, RTs are characterized by being one of the tumors with the lowest mutational
load compared to all existing tumors [5]. This is relevant since the current paradigm of
cancer in adult tumors suggests that those with high mutational load, by presenting a high
expression of neoantigens by the tumor cells, can be recognized by the cells of the immune
system and, together with this, make them more susceptible to immunotherapy treatments
[7]. In the case of RTs, having a low mutational load, they have historically been considered

invisible to the immune system and a poor candidate for immunotherapy.



However, recently, it has been found that, despite their low mutational burden, these tu-
mors can be immunogenic and can respond to treatment with immunotherapy [5; 8]. Specif-
ically, it has been observed that the inactivation of SMARCBI1 in tumor cells generates a
deregulation of gene expression, due to SWI/SNF deficiencies, promoting the expression of
transposable elements such as endogenous retroviruses (ERVs). ERVs are normally silenced
in healthy cells but can be activated in cancer cells due to epigenetic changes, leading to the
generation of double-stranded RNA (dsRNA) within tumor cells, which can trigger an IFN
signalling pathway, simulating a viral infection and thus favoring the infiltration of immune
cells [3].

Immunotherapy based on the “immune checkpoints blockade” (ICB) such as CTLA-4 and
PD-1/PDL1 has demonstrated its efficacy in the treatment of multiple cancers in adults.
The host laboratory at Institut Curie demonstrated, using a well-established RT mouse
model [9], that blockade of the PD1/PDL1 pathway also favoured the control of growth
of this particular tumor, revealing RTs are indeed immunogenic and may be susceptible to
immunotherapy. However, this treatment was not strong enough to eliminate the tumor in all
cases [5]. For this reason, the current goal is to enhance the antitumor response by combining
anti-PD1/anti-PDL1 with other therapies to achieve the elimination of RTs. Due to their
high tumor-infiltration and pro-tumoral characteristics, myeloid cells present themselves as
a promising target for therapeutic interventions.

Myeloid cells comprise a diverse set of cell populations that play crucial roles in the
tumor microenvironment (TME). These are divided into mononuclear cells, which include
macrophages and dendritic cells (DCs), and polymorphonuclear cells, corresponding to gran-
ulocytes such as neutrophils and eosinophils. Their role is multifaceted and highly complex,
as they can have both “anti-tumor” effects by participating in the immune response, and “pro-
tumor” effects by generating an immunosuppressive environment [10]. The role that these
cells may play depends on the TME. Pro-tumoral effects encompass various mechanisms that
contribute to tumor cell growth and invasion, the promotion of tumor angiogenesis and T-
cell exhaustion [11]. On the other hand, they can also perform the exact opposite function,
participating in the direct elimination of tumor cells, the production of angiostatic factors
that inhibit the formation of new blood vessels, and the priming of T cells, bolstering the
immune response against cancer [10; 11]. The plasticity that myeloid cells have in response
to TME, change them in a good candidate for immunotherapy. In this work, we will evaluate
the direct effect of a new treatment on myeloid cells and how this change can affect the
recruitment and priming of cytotoxic T cells.

1.1. Objectives

Analyze the effects of novel targeted immunotherapy on tumor-infiltrating immune popula-
tions using scRNA-seq.



1.1.1. Specific objectives
* Determine the method for analysis of scRNA-seq data.

* Identify the different immune cell subpopulations present in the analysis, according to
the literature.

* Determine changes in cell subpopulations by comparing qualitative and quantitative
changes in the treated and untreated conditions.

* To analyze the correlation between changes in the size of tumor-infiltrating immune cell
subpopulations and the effects of therapy, and to determine their significance in terms

of response to treatment.

1.2. Limitations and Scope

The main focus of the study is exploring the impact of a novel immunotherapy in mouse
tumor-infiltrating immune cells, using scRNAseq datasets generated in Institut Curie. Due
to the characteristics of each immune compartment, it will be necessary to evaluate different
bioinformatic pipelines for a correct analysis of the data. For example, neutrophils are cells
that express a low numbers of genes, also known as features, and can be easily confused with
low-quality cells, so in the myeloid analysis, it will be necessary to exclude neutrophils before
removing low features cells. Also, to select a resolution and define the clusters, a combination
between supervised (comparing our cluster with genetic signatures previously identified in
the literature) and unsupervised analysis (analyzing the genetic signature of each cluster to
identified them) will be used. The analysis will be based on the pipeline used at the Institute
Curie and changes will be discussed with different institutional bioinformaticians for proper
data management.



2

State of the Art

2.1. Current treatments in Rhabdoid tumors

As previously mentioned, rhabdoid tumours are a rare but highly aggressive form of pediatric
cancer [1; 2]. These tumours are characterized by biallelic inactivation of SMARCBI, leading
to deficiency of the SWI/SNF chromatin remodelling complex and tumour formation in the
nervous system and soft tissues [2; 4; 5]. Despite their low incidence, RTs represent a major
clinical challenge due to their highly aggressive behaviour and resistance to conventional
therapies [1].

Currently, the treatment of rhabdoid tumours is based on multimodality therapeutic ap-
proaches, including surgery, chemotherapy and radiotherapy, however, the long-term survival
rate for RT patients remains low [1]. This is because existing therapies for rhabdoid tumours
have several limitations. On the one hand, the aggressiveness of these tumours makes them
difficult to treat by surgery due to local invasion and tendency to metastasize [1]. In addition,
RTs tend to be resistant to chemotherapy, a common feature in SWI/SNF-driven cancers,
limiting the efficacy of conventional treatment regimens [3]. Moreover, radiotherapy, despite
being potentially effective, can have significant side effects, especially in pediatric patients
[1]. These limitations highlight the urgent need to develop more effective and better-targeted
therapeutic approaches for rhabdoid tumours.

In this context, recent studies of the host laboratory have shown that rhabdoid tumours
are infiltrated by both T cells and myeloid cells, indicating the presence of an active immune
response. These findings open new opportunities for the development of immune therapies;
however, it is important to note that the focus of immunotherapeutic studies has been pri-
marily on T cells and their therapeutic potential in the treatment of rhabdoid tumours [5],
without delving into the effects of immunotherapies on myeloid cells.



2.2. Tumor infiltration of immune cells in Rhabdoid

tumors

Recent studies of the host laboratory have shown that rhabdoid tumours are infiltrated
by both T cells and myeloid cells, indicating the presence of an active immune response.
In the initial study, the focus of was to study the characteristics of the tumor-infiltrating
lymphocytes (TILs) and their therapeutic potential in the treatment of rhabdoid tumours
[5], without delving into the effects of those different immunotherapies on myeloid cells.

A multiparametric approach involving FACS, immunohistochemistry and scRNAseq al-
lowed the identification of at least three large group of human myeloid cells on AT /RTs:
Granulocytes, Monocyes/macrophages (MoMa) and dendritic cells (DCs). Currently the
role of myeloid cells in tumours is an active and complex area of research, as these cells
may have both cancer-promoting and cancer-suppressive functions, and their role may vary
depending on the tumour type and the local microenvironment [12].For example, in lung
adenocarcinoma, breast cancer and colorectal carcinoma, it has been observed that myeloid
cell abundance is associated with advanced cancer stage, decreased survival and worse clinical
outcomes [11], while in nasopharyngeal cancer or lung cancer the presence of mast cells or
granulocyte respectively were associated with a good prognosis. In this work, we will study in
depth the characteristics of the myeloid infiltrate to understand how a treatment can induce
changes in the different subpopulations, improving the control of tumor growth.

2.2.1. Monocytes and Macrophages

Monocytes, as implied by their name, are mononuclear cells comprising a heterogeneous
population circulating in the bloodstream. They can be categorized into two distinct groups
with different functions: resident monocytes (also known as non-classical monocytes) and
classical monocytes. Non-classical monocytes are characterized by a low expression of Ly6¢
in mice [13] and are CD14- CD16+ in humans [14]. This subpopulation resides in the blood
vessel lumen, henceforth called resident monocytes in mice, and has been described as a
patrolling population that senses and scans the endothelial surface for damage [13]. After
the recognition of damage signals, they produce inflammatory cytokines, participate in the
intravascular recruitment of neutrophils and can be involved in the clearance of debris after
an inflammatory process [15]. On the other hand, classical monocytes are characterized
by Ly6c high expression in mice [13] and CD14+ CD16- in humans [14]. These cells are
recruited to various organs and can act as precursors of peripheral mononuclear phagocytes
such as macrophages and dendritic cells, which in response to tissue environmental cues will
contribute to local inflammation or its resolution [13]. In steady state, some monocytes
can extravasate to tissues without totally differentiating in mononuclear phagocytes. These

5



cells are known as tissue monocytes or monocyte-derived cells and are characterized by the
expression of Ly6C+ MHC-II+ [16].

Previously it was believed that the homeostasis of tissue-resident macrophages relied
mostly on the constant recruitment of blood Monocytes, the reason why these two popula-
tions are studied together. However, according to recent studies monocytes do not contribute
to the maintenance of most peripheral tissue macrophage populations in adults in the steady
state, these macrophages are seeded before birth and can maintain themselves in adults by
self-renewal, independently of monocytes. According to these findings, monocyte-derived
macrophages and monocyte-derived dendritic cells, which were also believed to be generated
from monocytes in some cases, are now considered particular subpopulations between their
peers [13].

Tumor associated macrophages (TAMs) are a heterogenous cell population of the TME
that can account for up to 50% of solid tumors such as RTs [17]. The use of scRNAseq
has revealed the high plasticity of this population, which can be classified according to their
origin (monocyte-derived or yolk sac-derived), phenotypes (pro-tumoral, anti-tumoral) and
the function they developed [18].

At least two different ways have been used to classify macrophages according to their
phenotype in the context of cancer: M1/M2 classification or according to CXCL9/SPP1 ex-
pression. M1/M2 is a classic and simple classification to describe two major and opposing
activities of macrophages. M1 activity, associated to an anti-tumoral activity, inhibits cell
proliferation, causes tissue damage and is characterized by iNOS expression, while M2 ac-
tivity, associated to a pro-tumoral activity, promote cell proliferation, tissue repair and is
characterized by Arginase expression and IL-10 production [19; 20]. However, it has been
observed that macrophage phenotypes are more complex and have greater plasticity than
this simple definition would suggest [21]. The most updated studies have shown a new
classification according to the expression of Cxcl9, a chemokine that participle in T-cells
recruitment, or the expression of SPP1, an enzyme involved in tumor cell growth, migra-
tion and chemo-resistance. Therefore, evidence indicates that macrophages expressing Cxcl9
exhibit an anti-tumor phenotype, correlating with improved prognosis across various cancer
types. In contrast, SPP1 macrophages demonstrate a pro-tumor phenotype and are linked

to a poor prognosis [22].

According to their function, there are at least two types of macrophages present in all
tumors, which show totally opposite phenotypes: IFN-macrophages and myeloid regulatory
cells (mReg). IFN-macrophages are cells that, in response to interferon, promotes the pro-
duction of inflammatory cytokines that contribute to an enhanced anti-tumor response [23].
On the other hand, mRegs are a recently discovered pro-tumoral population with charac-



teristics in between monocytes and macrophages, that participle in the promotion of tumor
growth and the suppression of immune responses [24].

An exhaustive study of monocytes and macrophages in freshly collected samples from
patients with rhabdoid tumors unveiled the prominence of the MoMa subpopulation, sur-
passing other immune cell types. Moreover, this study identified the presence of all previ-
ously described populations (pro and anti-tumoral) [5]. Nevertheless, the alterations of these
populations in response to immunotherapy remains unexplored.

2.2.2. Dendritic cells

Just as monocytes and macrophages, dendritic cells correspond to mononuclear cells. They
are highly specialized antigen-presenting cells that are found in various tissues throughout
the body, including the skin, mucosal surfaces, and lymphoid organs [11]. Their current
classification is mostly based on function, tissue localization and developmental origin [11;
12; 25].

Plasmacytoid dendritic cells, also known as pDC, correspond to a CD123+ subtype [25],
characterized by their high interferon-a production in response to viral infection, activating
cells from both the innate and adaptive immune response, such as natural killer cells and T
cells [11]. On the other hand, dendritic cells that specialize in antigen sampling in tissues
and migration to lymph nodes to induce antigen-specific T cell immunity are known as
conventional dendritic cells [11]. These cells are further divided by the type of T cell they
activate, with type 1 corresponding to CD8+ and type 2 to CD4+. Conventional dendritic
cells type 1 (¢DC1) are characterized by the expression of IRF8 and have a specialized
function in the induction of CD8+ T cell responses. This enables them to initiate cytotoxic
immune responses against intracellular pathogens and cancer cells. In preclinical models,
c¢DC1 have also been shown to play a crucial role in the response to checkpoint blockade
therapies and has been associated with improved overall survival in cancer patients [26; 27].
Regarding type 2 (cDC2), these are characterized by IRF4 expression and are mainly involved
in CD4+ T cell activation, facilitating the generation of T helper cell responses that regulate
various aspects of the immune system [26; 27].

Aside from these three dendritic cells subtypes other populations of notice are the pre-
viously mentioned monocyte-derived dendritic cells (MoDC), which appear as derivate from
monocytes during inflammation [28; 29]. In cancer studies, MoDCs have proven to be difficult
to differentiate from cDC2 cells, as these present similar surface markers and phenotypes,
therefore, in various cases, these cell populations end up being grouped despite their dis-
tinct ontogeny [29]. Additionally, new DC subpopulations have been identified in both mice
and human samples, including a LAMP3+ subpopulation [5], CCR7+ subpopulations [30],



immunoregulatory dendritic cells (mregDC) [31; 32] and an “activated” subpopulation, that
has been observed in several studies, referred to as DC3 [21; 29; 33]

2.2.3. Granulocytes

Besides mononuclear immune cells, one can also find polymorphonuclear phagocytes, which
are referred to as granulocytes. Granulocytes are characterized by the presence of granules
in their cytoplasm, which contain various enzymes and proteins involved in immune defense.
They can be further classified into multiple populations or subpopulations such as neutrophils,
eosinophils, and basophils [11].

In the context of cancer studies, neutrophils are of particular interest due to their potential
for both pro-tumoral and anti-tumoral phenotype, similar to macrophages [11; 21; 34]. In the
past, tumour associated neutrophils (TANs) have been classified as N1/anti-tumorigenic and
N2 /protumorigenic. However, with the advancement of technologies like mass cytometry and
scRNA-seq, it has been discovered that there is a high plasticity and heterogeneity within
neutrophils in the context of cancer. As a result, recent studies suggest that a better way
to classify neutrophils would be based on their developmental stage [34]. Based on their

developmental stage, neutrophils can be classified as the following;:

» Common myeloid progenitors (CMP): CMPs are multipotent hematopoietic stem cells
that give rise to all myeloid lineages, including neutrophils, monocytes, and erythrocytes.

» Granulocyte-monocyte progenitors (GMP): GMPs are a subset of CMPs that are com-
mitted to the granulocyte and monocyte lineages. GMPs give rise to neutrophils,
eosinophils, and basophils.

* Pro-neutrophils stage 1 (proNeul) and stage 2 (proNeu2): Pro-neutrophils are a devel-
opmental stage of neutrophils that are intermediate progeny and do not expand during
emergency granulopoiesis.

* Neutrophil precursors (preNeu): Pre-neutrophils are highly proliferative, poorly motile

precursors that drive expansion within the spleen and bone marrow.

* Immature neutrophils (immNeu): Immature neutrophils are neutrophils that have been

released from the bone marrow but have not yet fully matured.

» Mature neutrophils (mNeu): Mature neutrophils are fully differentiated neutrophils that
are capable of phagocytosis and the release of neutrophil extracellular traps (NETs).

In certain diseases, such as cancer, another type of cell related to neutrophils may ap-
pear. These cells are called myeloid-derived suppressor cells or MDSCs. They are a type

8



of myeloid immune cell that has an immunosuppressive nature, with T cells being their pri-
mary target [35]. According to recent single-cell studies, this cell type may arise through an
abnormal neutrophil maturation process that only occurs in disease cases, giving them their

immunosuppressive properties [36].

2.3. Bioinformatic analysis of scRNA-seq

As can be seen, the use of single-cell RNA sequencing (scRNA-seq) has been fundamental
in the aforementioned studies. Before the emergence of scRNA-seq, bulk RNA sequencing
(Bulk RNAseq) was used, which consisted of processing millions of cells together and mixing
their RNA before sequencing. This implied that the result obtained corresponded to an
average of the population studied and did not allow the identification of the different cell
subpopulations present. The need to analyze these variations was the driving force behind
the development of the scRNA-seq technology [37]. This innovative technology enables the
detection and quantification of messenger RNAs present in a single cell at high resolution and
on a genomic scale. With scRNA-seq, it is possible to describe similarities and differences
between transcriptomes within a population of cells, revealing levels of heterogeneity that
previously could not be appreciated. In addition, this tool allows the identification and
characterization of cell subpopulations present in the analysis, which has transformed the
ability to characterize cellular states [38].

The performance of various methods for single-cell RN A-seq analysis has been assessed for
tasks such as normalization, feature selection, differential gene expression analysis, clustering,
and trajectory analysis [39]. One popular tool for scRNA-seq analysis is Seurat, an R package
specifically designed for quality control, analysis, and exploration of single-cell RNA-seq
data [40]. Seurat is widely used due to its comprehensive collection of single-cell analysis
algorithms and tasks within the R environment. Consequently, the subsequent analysis will
primarily focus on utilizing the methods available in Seurat, with particular attention to
evaluating the methods employed for normalization, integration, and clustering.

Normalization is a vital process in the analysis of gene expression data, as it aims to
adjust for technical differences between samples or characteristics (e.g. genes) that are not
biologically significant. In the context of scRNA-seq, normalization is used to mitigate dis-
crepancies in sequencing depth between cells, this is relevant since the differences in gene
expression between cells may be due to technical factors rather than biological ones. By ap-
plying normalization, it can be ensured that the observed variations in gene expression actu-
ally reflect biologically meaningful differences [41]. In the proposed pipelines for Seurat, there
are two main normalization methods: LogNormalize [40], which scales by the total number
of reads per cell and logarithmically transforms expression measurements, and SCTransform
[42], a regularized negative binomial regression model that normalizes and stabilizes data
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variance by estimating cell-specific factors. SCTransform is a highly recommended option
due to its ability to remove technical artifacts, avoid heuristic steps, and enhance downstream
analysis tasks, resulting in more accurate and meaningful results. Compared to LogNormal-
ize, SCTransform accurately models zero counts, reducing technical noise, and improving
downstream analysis. By employing a zero-inflated negative binomial model, SCTransform
effectively distinguishes between true zeros and dropout events, ensuring reliable normal-
ization and variance stabilization [42]. While there are alternative normalization methods
available such as BASiCS (Bayesian analysis of single-cell sequencing data) [43], SCnorm [44]
and scran [45], it is important to note that SCTransform also outperforms these methods in
terms of removing technical noise, accurately modeling zero counts, and preserving biological
heterogeneity [42].

As for clustering, unsupervised clustering corresponds to the process of grouping objects
based on similarity without any ground truth or labeled training data. In the context of
scRNA-seq, this technique has emerged as a powerful approach to defining cell types based
on transcriptome similarity. This is because it is an unbiased, data-driven method that can
be applied to any sample. Reliable unsupervised clustering methods are crucial for practical
use and represent a key computational challenge in cell atlas construction [46]

The most widely used method for clustering scRNA-seq data corresponds to the Louvain
algorithm, this method is also used in Seurat in combination with shared-nearest-neighbor
graphs [46]. Unlike other methods that use UMAP or t-SNE reduction in a lower dimensional
space, Seurat uses unsupervised clustering with PCA reduction [47]. This approach has the
advantage of providing a higher dimensional space for analysis. In addition, Seurat allows
users to adjust the "resolution" parameter, which determines the number of clusters, providing
flexibility to balance between too many and too few clusters. Thus, Seurat provides a valuable
starting point for clustering subpopulations of cells based on their phenotype [39].

Finally, integration is an important step in the analysis of single-cell data, as it corrects for
batch effects between samples, allowing the combined analysis of multiple data sets. However,
it should be noted that integration is not always necessary and should be evaluated based
on the presence of batch effects. If it is necessary, in deciding which integration method to
use the main criterion should be to select a method that effectively removes batch effects
while maintaining the biological variability present in the data [48]. It is also important to
consider practical aspects such as memory usage and run time. In addition, it is crucial
to assess whether the integrated results fit with previous biological knowledge and can be
validated. This validation step helps to ensure that the chosen integration method is suitable

for the specific data set and analysis objectives.

In Seurat, several integration methods are available. One commonly used method is
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canonical correlation analysis (CCA) [49] combined with the identification of mutual near-
est neighbor (MNN) [50], which allows the identification of shared subpopulations between
datasets. Another improved integration method, introduced in 2019, involves the identifica-
tion of pairwise correspondences between individual cells, known as “anchors”. This method
allows datasets to be transformed into a shared space, even in the presence of technical or
biological differences [38].
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3

Methodology and Materials

The data samples to analyze were provided by Institut Curie. These datasets have already
been preprocessed using the Cell Ranger program, which is utilized to align the readings,
generate barcode matrices, and perform initial quality control by filtering out empty or multi-
cell microspheres.

These processed scRNA sequencing data will be analyzed using R Studio software and
using as a basis the Seurat bioinformatics pipeline [51; 52|, designed specifically for this type
of data, which can be organized in several steps (see Figure 3.1). First, quality control is
performed to evaluate the raw data obtained from the single-cell analysis. This involves
evaluating sample quality metrics, such as the concentration of mitochondrial RNA present
[53]. Poor quality cells are then excluded from further analysis to ensure the reliability
of the results. After this filtering, the data undergoes several processing steps, including
normalization and scaling, to account for technical variations and improve comparability
between samples. Also, genes with higher variability are selected to focus on the most

informative features.

Once the data has been processed, linear and non-linear dimensionality reduction tech-
niques, such as principal component analysis (PCA) and uniform manifold approximation and
projection (UMAP), are applied to reduce the high-dimensional data into lower-dimensional
representations. Then, using clustering algorithms, cells with similar gene expression profiles
are grouped, forming distinct clusters that will be identified as a specific myeloid population
and saved as a separate file, facilitating further analysis, or removed from the analysis in case
they do not correspond to a myeloid population. In this case, the expected populations to
identify are dendritic cells, granulocytes, monocytes and macrophages, any other cell type
would be excluded before proceeding to the next step.

To identify the corresponding populations and subpopulations, several analyses will be
done such as analyzing the known markers of specific populations and subpopulations, also
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known as key genes, performing a differential gene expression analysis, analyzing the expres-
sion of previously described expression signatures for different cell types in the literature and
analyzing the trajectory of maturation and differentiation of the analyzed cells in some cases
to confirm their classification. For this last point, packages Monocle2 [54] and Monocle3 [55]

will be used instead of Seurat.

Finally, a comparison will be made be-
tween subpopulations in different condi-
tions; treated and untreated. This com-
parison aims to assess the impact of treat-
ment on myeloid subpopulations. For this
purpose, the size of each subpopulation in
each condition will be determined and the
changes will be analyzed using visualization
tools such as cell density plots and the nu-
merical data itself. On the other hand, sta-
tistical methods, such as the calculation of
log2 fold change, will be used to identify
significant alterations. Referring to the ex-
isting literature, the implications of these
changes in the creation of a pro-tumor or
anti-tumor environment will be determined.
In this way, this analysis will provide infor-
mation on the dynamic response of myeloid
subpopulations and their potential role in
the formation of the tumour microenviron-

ment.

It should be noted that, during data
analysis, the various methods available in
the Seurat package will be carefully stud-
ied. If necessary, alternative approaches will
be explored based on the guidance of the
co-supervising teacher and relevant litera-
ture. Flexibility will be exercised in adapt-
ing the process to deal with problems that
may arise, ensuring that the most appropri-
ate methods are employed to obtain reliable
and meaningful results.

13

scRNA-seq data

l

Quality Control: Mitochondrial genes
and number of genes expressed

\/

Normalization ]
Y

Variable feature selection ]
\

Data scaling ]

\

[ Linear dimensionality redution: PCA ]

Y

Non-linear dimensionality redution:
UMAPItSNE

Y

Clusterization ]

Y

Cell type analysis: Differential gene
expression, key genes, gene signature,
trajectory analysis

Y

Assign cell type identity ]

Y

Cell type analysis: Differential gene
expression, key genes, gene signature,
trajectory analysis

\

Comparison between treated and
non-treated condition

Figure 3.1:
flowchart

scRNA-seq analysis



4

Results and Discussions

According to a previous study by the Curie Institute, the most abundant type of immune cells
in RTs corresponded to monocyte and macrophages [5], followed by granulocytes. Therefore,
the study focused on treatments that could affect these population, especially macrophages,
since it was observed that a depletion of this population caused a decrease of tumor volume,
but systemically depleting macrophages would be too risky. Considering this, several treat-
ments with different agents were analyzed, until it was observed that the immunotherapy
treatment to be analyzed in this case was able to reduce tumor growth. Since this treatment
was effective it is important to study the effects of it on myeloid populations to comprehend
why this happens. For more information on these results, please refer to Appendix A.

The methods utilized for the analysis of the scRNA-seq datasets correspond to the ones
that can be seen in figure 4.1. This corresponds to an adapted version of the typical Seurat
pipeline, starting from the quality control of the separated datasets and ending with the
separation of each myeloid population. A detailed explanation and the code used for this
pipeline can be found in appendix B.
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scRNA-seq data

[ Quality Control: Mitochondrial genes ]

A

Normalization, variable feature
selection and scaling: SCT
Normalization

\
[ Sample Merging ]

Y

Sample Integration: Seurat classical
integration
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[ PCA and UMAP reduction ]

A
[ Clusterization: Louvain algorithm ]
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contaminant
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[ Downsamplig per Condition ]
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Sample Integration: Seurat classical

integration
\
[ PCA and UMAP reduction ]
\
[ Key genes expression analysis ]

Y

Manual separation of cells by myeloid
population

Eliminate contaminant
cells

Figure 4.1: General data pipeline
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Usually, during quality control, cells with high mitochondrial gene expression and a low
number of genes expressed (nFeatures), are filtered out due to these being signs of cell damage
or low cell quality [53]. However, in this case, as granulocytes are included in the analysis,
the nFeature filter cannot be applied since these cell types, particularly neutrophils, tend
to exhibit a lower number of expressed features. Therefore, quality control was conducted
exclusively considering the percentage of mitochondrial genes present. Fach dataset’s con-
tent of mitochondrial genes was analyzed using scatter plots, both with the raw data and
logarithmic values (see figures 4.2 to 4.5).

Untreated sample 1:

a) Untreated sample 1 b) Untreated sample 1

percentmt
TogMT

0 2500 5000 7500 25 3.0 35 40
nFeature_ANA logFeatures

Figure 4.2: Scatter plots of mitochondrial gene content versus number of
features expressed for Untreated sample 1. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.
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Untreated sample 2:

a) Untreated sample 2 b) Untreated sample 2
100

percentmt
TogMT

0 2000 4000 6000 8000

25 30 35

nFeature_RNA logFeatures

Figure 4.3: Scatter plots of mitochondrial gene content versus number of
features expressed for Untreated sample 2. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.

Treated sample 1:

a) Treated sample 1 b) Treated sample 1

percent.mt

0 2000 4000 6000 8000 25 30 35
nFeature_RNA logFeatures

Figure 4.4: Scatter plots of mitochondrial gene content versus number of
features expressed for Treated sample 1. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.
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Treated sample 2:

a) Treated sample 2 b) Treated sample 2

logMT
&

0 2500 7500 25 35 40

5000 30
nFeature_RNA logFeatures

Figure 4.5: Scatter plots of mitochondrial gene content versus number of
features expressed for Treated sample 2. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.

In this case, different cut-off points were utilized for each sample. For Untreated samples
1 and 2, here forward mentioned as Untreatedl and Untreated2, both had a cut-off point of
10% mitochondrial gene content, i.e. all cells with a higher than 10% content of mitochondrial
genes were eliminated. In the case of Treated samples 1 and 2, here forward mentioned as
Treatedl and Treated2, cut-off points were 7% and 8 % respectively. The general strategy to
determine the cut-off point for each of the four samples was to cut above the principal cumulus
of cells that can be seen in the logarithmic values Scatter plots. In the case of Untreated
samples, this cumulus had a similar vertical distribution, resulting in both samples being cut
at the same percentage, while Treated samples generally were distributed in a lower vertical
position, resulting in lower cut-off points. These differences, more than being the result of the
applied treatment, are likely generated mostly due to batch effect in the process of obtaining
the data, so it is not an important difference to consider in the analysis of the effects of the

Treatment.

After quality control comes the normalization process. Each sample was normalized in-
dividually, using SCTransform. Initially, the number of variable features considered for the
normalization was 3000, as this is the default value that is normally used. However, in future
analyses, this number was increased to 5000 so that more genes would be considered. After
the normalization, the samples were merged to determine if it would be necessary to integrate
them. To visualize the result of the merging samples, both Principal Component Analysis
(PCA) and UMAP dimensionality reductions were used. To determine the number of princi-
pal components (PCs) to use for UMAP reduction, an Elbow plot was utilized. Based on the
plot, it was decided to use 40 PCs to generate the merged UMAP visualization (see Figure
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a) Elbow plot Merged data b), Merged UMAP divided by Condition Q, Merged UMAP divided by Sample

B

® Treated Treated2

el i i " X © Untreated
Jo T e ® Untreated2
............. ® Untreated ® Treated1

Figure 4.6: Merged data graphics. a) Elbow plot. b) UMAP divided by
Condition. ¢) UMAP divided by Samples.

In these figures, we can see that in some regions there are cells mostly from only one specific
sample, therefore, it is considered necessary to perform an integration of the samples. For
the integration, the method used was the classical Seurat integration (CCA + MNN). After
integration, in this case, according to the Elbow plot, 35 PC’s were used to generate the
integrated data UMAP (see Figure 4.7).

a) Elbow plot Integrated data b), Integrated UMAP divided by Condition ), Integrated UMAP divided by Sample

Standard Doviation

® Untreatedt
. o| ® Untreated2
................ ® Untreated © Treatedt
® Treated Treated2

Figure 4.7: Integrated data graphics. a) Elbow plot. b) UMAP divided by
Condition. ¢) UMAP divided by Samples.

In this new UMAP we don’t have groups of cells corresponding to only one sample,
therefore we can proceed with the analysis. The next step is to make sure that only myeloid
cells are present in the data, for this, we have to eliminate other contaminant cells. First, the
cells are divided into groups, or clusters, according to the similarity between them, using the
Louvain algorithm. To choose an appropriate resolution, the parameter which determines the
number of clusters formed, a Clustree graphic was used. In this case, the chosen resolution
was 0.1 (see Figure 4.8).
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Figure 4.8: Integrated data clustering. a) Integrated data UMAP resolution
0.1. b) Integrated data Clustree.
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Now that the cells are grouped, we look for specific marker genes to identify contaminants.

One of these possible contaminant populations are T cells, this group can be identified with
the marker gene Cd3e (see Figure 4.9). We can see that cluster 5 has a high expression
of gene Cd3e and is a separate group from other cells. This cluster was determined to be

contaminant T cells and was eliminated from the data. After this, the remaining cells were

re-integrated.

a) Cd3e b) Cd3e
3

Figure 4.9: Cd3e analysis. a) Cd3e expression level. b) Cd3e violin plot.

This process of identifying contaminant cells, eliminating them and re-integrating the
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remaining cells was repeated until it was considered that there were no contaminant cells.

For this, the principal gene analyzed was Ptprc, as this is a common myeloid and lymphoid

cells gene marker. Therefore, genes with low or negative expression of Ptprc were eliminated.

After this process, to ensure the equal representation of each condition in the analysis, a

downsampling process was performed so we had the same number of treated and untreated

cells, this being a total of 10968 cells per condition. For this final re-integration, the number

of genes used for normalization was augmented to 5000 genes and the number of PC’s used
was 50. This generated the new and final UMAP of myeloid cells (see Figure 4.10)

Standard Daviation

a)

Elbow plot Integrated data b), Integrated UMAP divided by Condition

\-.4~

® Treated
® Untreated

Q)|

Integrated UMAP divided by Sample

Figure 4.10: Integrated data graphics. a) Elbow plot. b) UMAP divided

by Condition. ¢) UMAP divided by Samples.

With this final UMAP, we analyze the expression of each myeloid population’s key genes:

Mmp9, Csfrl and F1t3, to identify the populations of granulocytes, monocyte/macrophages

and dendritic cells, respectively. According to the expression of these three genes the cells

were manually separated in their respective populations (see Figure 4.11).

a)

UMAP_2

10

Integrated UMAP divided by Population

|1

® Monocyte/Macrophages
® Dendritic cells
' % ® Granulocytes

UMAP_1

b)

Mmp9

5 0
UMAP_1

Figure 4.11: Myeloid cells classification. a) UMAP divided by populations.
b) Key genes expression analysis: Mmp9, Csflr and F1t3
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To ensure that this separation was done correctly, the expression of other key genes of
myeloid populations was analyzed using a Dotplot graphic (see Figure 4.12). This analysis

confirmed the validity of the separation.

Myeloid populations key genes

2
5 Dendritic cells L] L
3
Monocyte/Macrophages
g el N Xy © N
fe < 5 S & & ) X 5 o
S S 5 §F §F S R ;
SERERC R O R &

Features

Figure 4.12: Myeloid key genes Dotplot
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With this initial result, it can already seen that there are quantitative differences between
conditions. Under the treatment condition, the granulocyte proportion increased, whereas
both dendritic cells and monocyte/macrophage proportions decreased (see Figure 4.13). To
quantify these changes, the value of their log2 Fold Change (log2FC) was calculated (see
Appendix F), the results obtained were a log2FC of -0.05 for monocyte/macrophages, -0.67

for dendritic cells and 0.74 granulocytes.
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Figure 4.13: Myeloid populations changes analysis. a) Barplot of popu-
lations percentage divided by Condition. b) Myeloid populations UMAPs
divided by Sample.

These results indicate that only the granulocyte population increased. This is important
information to have in consideration, however, to fully comprehend the impact of the treat-
ment and the consequential qualitative changes, each population must be studied separately.
This way, the differences between the subpopulations that compose the populations in each
condition can be analyzed in more detail. Due to the different nature of each population, they
were all separated in the following steps so they don’t interfere with the analysis of the other.
It is important to note that, for both monocyte/macrophage population and dendritic cells,
a new quality control process was applied, since now, without the presence of granulocytes,
a feature expression filter could be applied. In both cases, the cut-off point was established
at 2.000, meaning that cells expressing fewer than 2.000 genes were eliminated.
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4.1. Dendritic cells

The specific methods used for dendritic cell analysis is depicted in Figure 4.14, while the

detailed code used for it can be found in Appendix C, in which process of the second quality
control is also included.

Dendritic cells data

l

Quality Control: number of genes
expressed

Y

Normalization, variable feature
selection and scaling: SCT
Normalization

Y

Sample Integration: Seurat classical
integration

\
PCA and UMAP reduction

Y
Clusterization: Louvain algorithm

Y
Gene signhature analysis

\/
Assign DC subpopulation type

Figure 4.14: Dendritic cells pipeline

Just as it was done in the previous section, the dendritic cell data was integrated by
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sample. Then, for UMAP reduction a total of 40 PC’s were used, generating the graphics on
Figure 4.15.

a) Elbow plot Integrated DC data b) Integrated DC UMAP divided by Condition <) Integrated DC UMAP divided by Sample
: o~ s

Sh ik,
Gt .
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Figure 4.15: Dendritic cells data graphics. a) Elbow plot. b) UMAP divided
by Condition. ¢) UMAP divided by Samples.

Next, for the clustering of the cells, the chosen resolution was 0.2, this was done by
analyzing the corresponding Clustree (see Figure 4.16), in which it is important to notice the
stability in the cluster membership between resolutions. This stability establishes that there
is a clear division between the different DC subpopulations.
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Figure 4.16: Dendritic cells clustering. a) Dendritic cells UMAP resolution
0.2. b) Dendritic cells Clustree.

Regarding the identification of the different subpopulations, as mentioned before, the di-
vision in dendritic cells subpopulations was thought to be a very established one, however,
recently there have been some issues with this, especially regarding subpopulation DC3.
There are currently two branches of DC classification using the name DC3 for two different

subsets of cells. On one hand, we have a DC3 population that is aligned with signatures, con-
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sisting of sets of most relevant genes, for mregDC and Cer7+ subsets [29; 31; 33|, which makes
this particular DC subpopulation characterized by a mature, active and immunoregulatory
profile. On the other hand, we have a DC3 subpopulation that will replace the previously
known MoDC subpopulation, as this DC3 subpopulation corresponds to a distinct lineage of
dendritic cells that arises from Ly6C+ monocyte-dendritic cell progenitors. As this subset
has been identified as an independent lineage of dendritic cells, not arising from the same
lineage of ¢DCs, it would replace the traditional MoDC classification [30]. It is important to
note that these DC3 subsets are not the same, as they have two distinct gene signatures and
functions. The second type of DC3 subset has a more active role in T helper cell recruitment,
without any noticeable immunoregulation function. According to this classification, there is
another subset with immunoregulation functions, referred to as mregDC, that coincides with
the DC3 subset of the first branch of classification. Since this is a problem related mostly to
the name used to categorize dendritic cells, it was decided to use the names of the branch
that has been in use for a longer time; the immunoregulatory DC3 branch.

With this in consideration, gene signatures, which consist of sets of genes, were utilized
to identify the various subpopulations present in the data (see Figure 4.17). In total 5
different populations were identified; ¢DC1 [21; 25-27; 29-33; 56, ¢cDC2 [21; 25-33; 56],
MoDC [28; 29; 31; 33], pDC [21; 25-27; 29; 30; 32; 33] and DC3 [21; 27; 29-33].

cDC1 Signatures comparison DC3 Signatures comparison

b) 9 PDC Signatures comparison
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Figure 4.17: Dendritic cells Heatmaps. a) ¢cDC1 signatures. b) DC3 signa-
ture. c¢) pDC signatures. d) cDC2 signatures. ¢) MoDC signatures.

Regarding this classification, one thing to notice is that the ¢cDC2 subpopulation was
separated from MoDC (see Figure 4.18). In this case, both clusters 0 and 3 exhibited high
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levels of expression for cDC2 and MoDC signatures. However, in the case of cluster 3 MoDC

signatures seemed to be more predominant, therefore this cluster was classified as a MoDC
cluster, even though it could also be considered as cDC2/MoDC. On the other hand, cluster
0 did not exhibit enough expression of MoDC signatures compared to the previous group and

was, therefore, only considered a cDC2 cluster.
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Figure 4.18: Dendritic cells subpopulations.

In regards to quantitative changes in subpopulations, in the Treated condition there was
an increase of MoDC and CD3 populations (see Figure 4.19), of 0.25 and 1.20 1og2FC re-
spectively, while the other three subpopulations decreased (see Appendix F.2).
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Figure 4.19: Dendritic cells subpopulations changes. a) Barplot of dendritic
cells subpopulations percent by Conditions. b) Untreated dendritic cells
density plots. ¢) Treated dendritic cells density plots
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In terms of qualitative changes, both ¢cDC1 and ¢cDC2 have the ability to recruit T cells [26;
27], they do this by migrating to the lymph nodes, where they engage in antigen presentation
and T cell activation [27], this migration might explain the decrease in the ¢cDC population
in the tumor. The recruitment of more T cells into the tumor microenvironment would have
a positive effect in terms of response to treatment since these cells are the primary focus in
several immunotherapeutic studies against tumors due to their anti-tumor activity [5]. On
the other hand, DC3 also have the ability to migrate to the lymph nodes, due to their high
expression of Cer7, but they can also remain within the tumor [21], which might be what
is happening in these cases, since that would explain why their population doesn’t decrease
like ¢cDC1 and ¢DC2. The increase in DC3 population is relevant regarding the effects of the
therapy because these cells express immunostimulatory molecules, that could both activate
CD8+ T cells [27; 29; 31; 33] and CD4+ T cells [31] responses. However, they also express
immunoregulatory genes such as PD-L1 and 114 (down regulator of interleukin-12 (IL-12)
production) [27; 31-33]. The expression of these genes can have a negative effect on the
response to the treatment, exhausting T cells [33] and contributing to immune suppression
[27]. Considering these, for a better response using this treatment it would be good to
combine it with immune checkpoint blockade treatments such as anti-PD1, which has had
good results in Rhabdoid Tumors treatment [5] so the recruited T cell, both by ¢DCs and

D(C3s, do not suffer from cell exhaustion.
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4.2.

As was done for dendritic cells, the monocyte/macrophages data was also subjected to a
second quality control based on the number of genes or features expressed. In this case,
the cut-off point was also established to be 2000 genes. The details regarding the selected
methods and the whole pipeline used for the analysis can be found in appendix D. The most
relevant divergence from the previously used pipeline is that, due to the high plasticity of
these cells, instead of using specific signatures a differential gene expression analysis was
performed, on this basis a key gene analysis and a trajectory analysis were also done to

Monocyte and Macrophages

complement the information obtained (see Figure 4.20).

Monocyte/Macrophages
cells data

!

Quality Control: number of genes
expressed
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PCA and UMAP reduction ]
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Clusterization: Louvain algorithm ]
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Key gene analysis ]

Are
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respective group
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Figure 4.20: Monocyte/Macrophages pipeline
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After the integration process, the PCA and UMAP reductions were performed, using 40
PC’s (see Figure 4.21).

a) Elbow plot Integrated MoMa data b) Integrated MoMa UMAP divided by Condition <) Integrated MoMa UMAP divided by Sample
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Figure 4.21: Monocyte/Macrophages data graphics. a) Elbow plot. b)
UMAP divided by Condition. ¢) UMAP divided by Samples.

Contrary to what was observed in dendritic cells, the monocyte and macrophages clustree
is constantly dividing between each resolution and interchanging cells between clusters. In
this case, the resolution that was considered to be the most stable and represented better

the division of the cells was resolution 0.7 (see Figure 4.22)
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Figure 4.22:  Monocyte/Macrophages clustering. a) Monocyte/-
Macrophages UMAP resolution 0.2. b) Monocyte/Macrophages Clustree.

At this resolution, to determine the most representative genes of each cluster, a differential
gene expression was performed analysis was performed (see Figure 4.23). Based on this data,
some genes were selected to test their gene expression level, alongside other key genes such
as Csflr, Ly6¢2, corresponding to classical monocyte marker Ly6C [13; 21]; Spn (CD43), for
resident monocytes [13]; histocompatibility type II gene H2-Aa and Apoe for macrophages;
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Ifit1 for interferon response macrophages (IFN); Mki67 for cycling macrophages; Hmox1 for
Mregs; Itgax and Flt3 for monocyte derived cells (see Figure 4.24).
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Figure 4.24: Key genes expression analysis

According to these gene expression patterns, monocytes subpopulations were identified to
be on right side of the cell group, while macrophages are on the left. On the bottom part of the
middle section, we have monocyte-derived DC (Flt3-) and monocyte-derived macrophages,
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which are monocyte cells that are differentiating into dendritic cells and macrophages respec-
tively. To prove this hypothesis Monocle 3 was used to generate a trajectory (see Figure 4.25).
With the pseudotime the maturation level of each cell can be evaluated since monocytes are
considered to be less mature than macrophages, and using the trajectory itself we can see
if the clusters named as monocyte-derived follow indeed the path to differentiating into the
other cells. In general, the hypothesis was proved, as we can see how the pseudotime increases
from right to left and we see a division at the bottom middle part, as some monocytes mat-
urate into macrophages, going up to the left side, while others take a monocyte-derive DC
profile going further down.
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Figure 4.25: Monocyte/Macrophages trajectory using Monocle3

It’s worth mentioning that Monocle2 was originally intended to be used for trajectory
analysis because Monocle3 requires manual assignment of an initial cluster to generate pseu-
dotime, whereas Monocle2 does it automatically and therefore gives a less biased result.
However, the computational cost for Monocle2 turned out to be much higher than expected,
as R Studio would crash each time it was attempted to create a trajectory with it. Therefore,
Monocle3 was used instead. Despite this, the results obtained with Monocle3 are consistent
with the genes studied, and as such, it is considered that the obtained results with are
sufficient to categorize the clusters.

Based on the information obtained with these analyses, the subpopulations identities were
assigned. Firstly, they were divided in monocyte, macrophages and monocyte-derived cells,
and then more specific details were added to each cluster. For more established groups such
as resident monocytes, Mregs, cycling and IFN macrophages these classifications were used,
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while other clusters were identified by their most relevant and differentially expressed genes,
like Cxcl9 macrophages or Sell monocyte (see Figure 4.26).
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Figure 4.26: Monocyte/Macrophages subpopulations

In terms of the quantitative changes observed between condition, the most substantial
difference is that under treatment condition monocyte populations seem to increase (see
Figure 4.27), with the most increase being that of subpopulation Resident monocytes, with
a log2FC of 2.20 (see Appendix F.3). However, the most interesting change, in terms of
qualitative effects, is the increase of macrophage subpopulation “Cxcl9 Mac”.
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Figure 4.27: Monocyte/Macrophages subpopulations changes. a) Barplot
of monocyte/macrophages subpopulations percent by Conditions. b) Un-
treated monocyte/macrophages density plots. ¢) Treated monocyte/-
macrophages density plots
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Cxcl9 currently is considered a marker gene for macrophage polarization, leaning towards a
more anti-tumoral phenotype of TAMs, it has even been observed that patients with a higher
expression level of CXCL9 have better clinical outcomes [22]. Considering this, macrophages
were analyzed by themselves to determine if this phenomenon was something exclusive to
this specific cluster or if Cxcl9 expression increased in general with this treatment. Sppl
expression was also tested, as this gene is supposed to be the polar opposite of Cxcl9, giving
a more pro-tumoral phenotype to TAMs[22]. According to this analysis, Sppl expression
decreased under treatment condition, while Cxcl9 increased through the macrophage clusters
(see Figure 4.28), showing a qualitative change towards an anti-tumoral phenotype. Not only
this but since Cxcl9 anti-tumour role comes from its function as a chemokine, this being the
activation and recruitment of T cells [22], other chemokine gene was also tested; Cxcl10.
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Figure 4.28: Cxcl9 and Sppl expression analysis in macrophages. a) Cxcl9
Expression in macrophages. b) Cxcl9 expression in Untreated macrophages.
c) Cxcl9 expression in Treated macrophages. d) Cxcl9 violin plots divided
by Condition. e) Sppl Expression in macrophages. f) Sppl expression in
Untreated macrophages. g) Sppl expression in Treated macrophages. h)
Sppl violin plots divided by Condition.

As a chemokine, Cxcl10 is responsible for attracting T cells to the site of inflammation
or infection [22]. The expression of this gene is also increased under treatment conditions,
as shown in Figure 4.29. Therefore, we can assume that a relevant treatment effect might
be the promotion of a shift in the TAMs phenotype towards a more anti-tumoral phenotype,
leading to an increase in the recruitment of T cells to the tumor microenvironment, just as
c¢DCs did in the previous analysis.
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Figure 4.29: Cxcll10 expression analysis in macrophages. a) Cxcl10 Expres-
sion in macrophages. b) Cxcll0 expression in Untreated macrophages. c)
Cxcl10 expression in Treated macrophages. d) Cxcll0 violin plots divided

by Condition

Another point of interest in the macrophage subsets is the Mreg cluster. As mentioned

earlier, this group of cells is known to have an immunosuppressive function and tends to

exhibit anti-tumoral properties. This is supported by the high expression of the Sppl gene

even under treatment conditions. However, a relevant qualitative change was also observed,

as this cluster showed the highest increase in the expression of the iNOS (Hmox1) gene under

treatment conditions. This is significant because this gene is often used to classify TAMs as

M1-like or antitumoral. Considering this, the most relevant pathways for this cluster were

studied, to understand what functions this cluster was fulfilling in each condition (see Figure

4.30).
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Figure 4.30: Mreg subpopulation analysis. a) Comparison of iNOS expres-
sion in each macrophage cluster under treated and untreated conditions. b)
Upregulated pathways in Mreg cluster under untreated conditions. ¢) Up-
regulated pathways in Mreg cluster after treatment condition in comparison
with the untreated condition.

In both cases, Mregs seem to be related to neutrophil recruitment or activation, which

could then lead to immunosuppression by neutrophil differentiation into MDSCs [35]. This

shows that, even under the effects of the therapy this specific cluster doesn’t change its

pro-tumoral phenotype and that iNOS expression isn’t necessarily a marker of pro-tumoral

phenotype.
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4.3. Granulocytes

For this analysis, no further quality control was performed for granulocytes. However, a
granulocytic cluster was identified between the monocyte/macrophage data. This cluster
was separated from the rest of the data and merged with the previous granulocyte dataset.
Then, just like in the previous analysis, the merged dataset was integrated by sample (see
Figure 4.31). The code utilized for this analysis with the detailed methods utilized can be
found in Appendix E.
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Figure 4.31: Granulocytes pipeline
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For PCA and UMAP reductions 40 PC’s were used (see Figure 4.21).

a) Elbow plot Integrated Granulocyte data b) Integrated Granulocyte UMAP divided by Condition N Integrated Granulocyte UMAP divided by Sample

Standard Doviaton
Unee 2
e 2

® Untreateds

® Untreated2

® Treated!
Treated2

® Untreated
® Treated 50

z 5 H 7 T -7 7 7 7 ¥
ec APt Pt

Figure 4.32: Granulocytes data graphics. a) Elbow plot. b) UMAP divided
by Condition. ¢) UMAP divided by Samples.

Analyzing the resulting clustree (see Figure 4.33), it can be seen that there is a clear
separation between three populations that do not mix with each other, starting even from

resolution 0.1.
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Figure 4.33: Granulocytes clustering. a) Granulocytes UMAP resolution
0.1. b) Granulocytes Clustree.

Considering the above, for the identification of the different subpopulations, the expression
of a Neutrophil signature was studied [21], as this is one of the most common granulocyte
populations. According to this result, cluster number 0 seemed to be the principal neutrophil
cluster, however, cluster 2 also had a mild expression of the Neutrophil signature (see Figure
4.34).
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Figure 4.34: Zilionis mNeutrophils signature analysis. a) mNeutrophils
signature expression level. b) mNeutrophils signature violin plot

To better understand each cluster, a differential gene expression analysis was conducted
(see Figure 4.35). Cluster 2 is very interesting as its most relevant genes correspond to

ribosomal genes, something quite particular.
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Figure 4.35: Granulocytes resolution 0.1 Dotplot

Through more bibliographical research, it was discovered that the observed characteristics
of cluster 2 could aligned with a specific type of neutrophils known as Transcriptionally active
neutrophils [36]. The signature for this type of neutrophils was analyzed and the results
indicated that cluster 2 indeed exhibited a high expression for this particular signature (see
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Figure 4.36). Therefore, the cluster was classified as such.
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Figure 4.36: Alshetaiwi Transcriptionally active neutrophils signature anal-
ysis. a) Transcriptionally active neutrophils signature expression level. b)
Transcriptionally active neutrophils signature violin plot

For the final cluster, cluster number 1, an eosinophil signature, composed by known
eosinophil markers Siglecf, Il5ra, Ccr3 and Epx [57]. Cluster 1 had indeed a high expres-
sion for this signature 4.37, therefore this cluster was classified as eosinophils. It is important
to note that a particular sector of Cluster 0, which corresponds to neutrophils, also showed
a high expression for the eosinophil signature. Upon further investigation, it was discovered
that certain subsets of neutrophils exhibit eosinophil markers, and some eosinophils can also
express Neutrophil markers [58]. Considering the divisions observed in the clustree, it was
determined that this group of cells were most likely neutrophils expressing eosinophil mark-
ers, since cluster 1 stays as an isolated cluster from other cells, without dividing itself or
mixing with other clusters, while cluster 0 in higher resolutions divides itself into different
subsets. Therefore it is more probable that these cells correspond to a subset of neutrophils
rather than eosinophils.
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Figure 4.37: Gurtner eosinophils key genes signature analysis. a)
Eosinophils key genes expression level. b) Eosinophils key genes violin plot

With this final analysis all subpopulations were identified now (see Figure 4.38). In the
matter of quantitative changes, generally, all three populations increased under the treatment
condition (see Figure 4.39), with Translationally active neutrophils being the highest, with
a 1.25 log2FC (see Appendix F.4).
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More important than the changes at this level, was to analyze what was happening with
the neutrophils in therm of maturation and if MDSCs, more specifically granulocytic MDSCs
(G-MDSCs), were present in this group. In order to do this, the Neutrophil cluster was
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separated from the other cells and re-integrated. For this re-integration, some modifications
were necessary due to the low quantity of cells and the tendency for neutrophils to express
fewer genes. Specifically, the analysis methods had to be adjusted by reducing the number of
genes used for normalization was reduced to 2000 and the number of PCs used was 30 (see
Figure 4.40)
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Figure 4.40: Neutrophils data graphics. a) Elbow plot. b) UMAP divided
by Condition. ¢) UMAP divided by Samples.

One advantage of working with a lower number of cells was that it was possible to construct
a Monocle2 trajectory. For this, first, it was necessary to determine a resolution stable enough
to use as the basis for the trajectory. In this case, the chosen resolution was 0.7 (see Figure
4.41)
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Figure 4.41: Neutrophils clustering. a) Neutrophils UMAP resolution 0.1.
b) Neutrophils Clustree.

The resulting trajectory shows a group of cells in an initial state, referred to as State 1 by
Monocle, which then branches into two different states (refer to Figure 4.42). This indicates
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that there is not only one maturation path of neutrophils, but also an alternative maturation
path that could correspond to G-MDSCs. The cells in State 2, suspected G-MDSCs, have a
lower Pseudotime than State 3, indicating that they are a less mature group of cells. This
aligns with what has been observed between G-MDSCs and neutrophils, with the latter being
the more mature of the two [36].
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Figure 4.42: Neutrophil trajectory using Monocle 2. a) Neutrophils trajec-
tory colored by State. b) Neutrophils trajectory colored by Pseudotime. c)
Neutrophils trajectory colored by Seurat Clusters. d) Neutrophils trajec-
tory divided by Seurat Clusters.
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Using a mice signature for G-MDSCs [36], it was possible to verify that indeed State
corresponded to this population, as it was the only one with a high expression of it. In

Seurat’s UMAP, this population corresponds to the lower left side of the group (see Figure
4.43).
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Figure 4.43: Alshetaiwi mouse G-MDSCs signature analysis. a) Mouse G-

MDSCs expression level. b) Mouse G-MDSCs expression level on Monocle2
trajectory graphic

When translating the information obtained through Monocle2 to Seurat, it was decided
that, instead of using clusters to identify the different subpopulations, Monocle States would
be used instead. This decision was made because the most distinguishing characteristic
of this group of cells corresponds to their different maturation states. Furthermore, when
viewing the Monocle2 data in UMAP, the division done by Monocle was understandable in
this graphic too, with the three States clearly located in different positions inside the UMAP,
alongside the distribution of the Pseudotime (see Figure 4.44).
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Figure 4.44: Monocle2 data on UMAP. a) Neutrophils Monocle2 States. b)
Neutrophils Monocle2 Pseudotime

With the division decided, the only thing left was to classify the different States. Based
on the analysis done, State 2 would correspond to G-MDSCs, while 1 and 3 to neutrophils
states with different levels of maturation. Considering this, a Progenitor neutrophil signature
was analyzed, however, no specific State or section of the UMAP presented a high enough
level of expression for a Progenitor neutrophil signature to be considered as such (see Figure
4.45). This does make sense since none of the samples analyzed corresponded to cells from
bone marrow, where progenitor cells like Progenitor neutrophils tend to be found [36].
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Figure 4.45: Alshetaiwi Progenitor neutrophil signature analysis. a) Pro-
genitor neutrophil expression level. b) Progenitor neutrophil expression
level on Monocle2 trajectory graphic

Considering the above, it was decided to classify States 1 and 3 based on their respective
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maturation levels. Since State 3 was determined to be more mature than State 1, it was
classified as Mature neutrophils. State 1, on the other hand, was only classified as neutrophils,
indicating that they are not fully mature, but not progenitor cells either (see Figure 4.46).
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Figure 4.46: Neutrophils subpopulations

The observed quantitative changes between conditions are very drastic, with both neu-
trophils and G-MDSCs increasing their proportion by around 5 log2FC in treated condition,
while Mature neutrophils had a decrease of -2.97 in their number (see Appendix F.5). Based
on the obtained trajectory, it appears that in untreated or normal conditions, neutrophils
tend to mature more into the Mature neutrophil state and only a few of them differentiate
into G-MDSCs. However, when treated, a significant number of cells remain at the neutrophil
state and those that do mature further tend to differentiate into G-MDSCs instead of Mature
neutrophils (see Figure 4.47).
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Figure 4.47: Neutrophils subpopulations changes. a) Barplot of neutrophils
subpopulations percent by Conditions. b) Untreated neutrophils density
plots. ¢) Treated neutrophils density plots

In terms of qualitative changes, an increase in the population of G-MDSCs results in a rise
in the immunosuppressive phenotype of TME. Based on the findings of previous sections, the
increase in both G-MDSCs and DC3 contributes to the immunosuppression of other immune
cells, particularly T cells. Regarding the significance of this in terms of response to treatment,
these changes may be a response of the immune system to the increased recruitment of T cells
to the tumor microenvironment by ¢DCs and Cxcl9 TAMs. Under normal circumstances,
this would maintain a balance between the interacting immune cells. However, in cases such
as Rhabdoid tumors, this immunosuppression leads to the exhaustion of T cells, making
them ineffective in fighting tumor cells. Therefore, as mentioned in previous sections, for the
treatment to function correctly, it should be coupled with treatments aimed at preventing
the exhaustion of T cells, such as anti-PD1 [5].

Considering that most changes are related to T cell recruitment, previous results of In-
stitut Curie studies were consulted. It was observed that, under treatment conditions, the
population of CD8+ T cells indeed increased. Based on these findings, the results of an anal-
ysis, previously conducted in collaboration with Institut Curie, regarding changes in CD8+
cell subpopulations were examined. This analysis showed that a specific type of CD8+ sub-
population, known as progenitor-exhausted T cells, increased with the treatment [59]. This
observation is very relevant as this subpopulation is identified as one of the primary targets
for anti-PD1 treatment, reinforcing the hypothesis that a combined treatment approach with
anti-PD1 can yield favourable outcomes. Both the T cell increase results and the CD8+
subset analysis can be found in appendix G.
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5

Conclusions

In the present study the effects of a novel targeted immunotherapy on tumor-infiltrating
immune populations were analysed using single-cell RNA sequencing. This specific therapy
was selected for the analysis since in previous studies done by Institut Curie it was observed
that it was capable of decreasing tumor growth. For the present study, appropriate methods
for the analysis of the scRNA-seq data were determined, this was done by designing different
pipelines to use for the myeloid populations encountered, with Seurat’s pipeline being used
as a basis. Details on the pipelines were adjusted accordingly to the type of cells studied,
including the number of genes used for normalization, the number of principal components
(PCs) and strategies used to identify each subpopulation.

Firstly, the present myeloid populations were classified using key genes Csflr, Flt3, and
Mmp9 for monocytes/macrophages, dendritic cells, and granulocytes, respectively. The
changes under treated conditions were evaluated, and it was determined that only the granulo-
cyte population increased, while both dendritic cells and monocytes/macrophages decreased.

Next, subpopulation changes were analyzed for each population, identifying them using
as a basis the previously known subpopulations. In the case of dendritic cells due to the
consistency in dendritic cell subpopulation classification, gene signatures were used to identify
each of them. The most relevant changes in the subpopulations were an increase in the
immunoregulatory DC3 subpopulation and a decrease in the ¢cDCs subpopulations, which
was attributed to the migration of these cells to the lymph nodes for T cell recruitment.

For monocytes/macrophages, key gene expression analysis and a trajectory analysis were
done to classify the subpopulations. Additionally, via a differential gene expression analysis
a specific macrophage subpopulation with increased expression of Cxcl9 gene was identified
and it was determined that this subpopulation increased under treated conditions. Further
analyzing the macrophage subsets, it was observed that under treatment conditions, TAMs,
excluding the Mreg subset, had an increased anti-tumoral phenotype, distinguished by a
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higher expression of chemokines that would participate in the recruitment of T cells.

Finally, for the granulocyte population, three distinctive subpopulations were identified:
neutrophils, Translationally active neutrophils and Eosinophils. The neutrophil population
was then further analyzed using Monocle2 for a cell trajectory analysis, in which three dif-
ferent states were recognized. It was observed that neutrophils were taking two different
pathways of maturation, which were classified as Mature neutrophils and G-MDSCs, while
the less mature state was named neutrophils. Under treatment conditions, the alternative
G-MDSC pathway seemed to be preferred over the Mature neutrophil pathway, suggesting
an increase in immunosuppressive phenotype in the tumor microenvironment.

Regarding the correlation between changes in the immune populations and the effects
of the therapy, given the increased expression of the Cxcl9 gene in macrophages and the
decrease in cDC1 and ¢cDC2 dendritic cell subpopulations, it is highly likely that the treatment
leads to increased recruitment of T cells to the tumor microenvironment, this being its most
important effect. However, with the increase in both DC3 and G-MDSC populations, there
is also an increase in immunosuppressive functions, which leads to the exhaustion of T cells
and consequently loss of function. Therefore, for better responses to the treatment, it is
recommended to apply it in conjunction with other treatments that prevent T cell exhaustion,
such as anti-PD1.

50



6

Future Developments

This research has several opportunities for future developments and further exploration. One
way to better understand the underlying effects of this immunotherapy is to characterize the
main metabolic pathways that define each of the identified subpopulations in detail. This
approach can provide a more complete and precise understanding of the quantitative changes
in the subpopulations

Moreover, there is potential to expand and refine the analysis of the granulocyte population
done in this work, especially in the case of neutrophils. While the research mainly focused on
the G-MDSC population, studying other subpopulations, such as the ones of neutrophils and
eosinophils, could reveal additional aspects that are relevant to the overall understanding of
the effects of this therapy and the possible responses to the treatment.

To further validate the clinical applicability of these findings, it is suggested to extend the
research to human cells. This additional step would allow determining whether the effects
observed in the present study also manifest in humans.

Additionally, given the promising results obtained so far, it is highly recommended to
conduct a study on the possible impacts of combined treatment with the current therapy
and anti-PD1 therapy.
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ANNEXES

Annex A. Previous results

Previous studies of mice engrafted Rhabdoid tumors done by Curie Institute, using single-cell
RNA-seq and bioinformatics tools, have shown that the most common myeloid population
present in the tumor microenvironment corresponds to Monocyte and Macrophages (see

Figure A.1).
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Figure A.1: Analysis of immune populations in the tumor microenviron-
ment. Information provided by Institute Curie

Considering this result, the effects of
depleting the Macrophage population were
studied (see Figure A.2). The results in-
dicate that depleting the TAMs led to a
decrease in tumor growth. However, com-
pletely depleting the Macrophage popula-
tion would pose a significant risk to the pa-
tient. Therefore, instead of depleting this
population, the focus would be on alter-
ing the Macrophages’ phenotype to an anti-
tumoral one.
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For this, several druggable targets were examined to determine which immune populations
could be affected by each target. For the selected target, referred to as “Target x”, it was
known that a new immunotherapy affected said target, so a study was conducted to analyse
the effect it would have on mice tumor growths (see Figure A.3). The results of the study
showed that this treatment helped reduce tumor growth. This immunotherapy corresponds
to the therapy analysed in this work, which is why it was chosen for further analysis to
determine its effect on the myeloid population.
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Figure A.3: Analysis of possible druggable targets and study of treatment
effect in tumor growth. Information provided by Institute Curie
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Annex B. Mice datasets analysis code

Cédigo B.1: R studio code extract — Load required package and establish
seed and colors to use

#---- Preparation ----#
#lLoad required packages
library (Seurat)

library (clustree)
library (dplyr)

library (scales)

library (ggpubr)

library (stringr)
library (cowplot)
library (ggplot2)
library (openxlsx)
library (reshape?2)
library (SeuratWrappers)
library (monocle3)
library (dittoSeq)
library (monocle)
library (DDRTree)
library (pheatmap)

#set random number generator seed for reproductibility
set.seed (123)

#set colors

my colors=c("darkviolet" ,"lightseagreen", "dodgerblue3", 6 "¢
— goldenrodl", "deeppink", "green3", "darkorangel",6 "<«
< cadetblued", "mediumvioletred" ,6 "brownl", "blued", "cornsilk4<—
— ", "salmon4", "darkred",6"aquamarine2", "bisquel")
Cédigo B.2: R studio code extract — Load data and create Seurat objects
###--- LOAD DATA AND CREATE SEURAT OBJECTS ---###
#- Load Data -#
Untreatedl.data <- ReadlO0OX(data.dir = "~/Escritorio/Titulo/NGS19+>
< -2007/CellRangerCount_Untreated3")
Untreated2.data <- Readl0X(data.dir = "~/Escritorio/Titulo/NGS19¢>
— -2007/CellRangerCount__Untreated4")
Treatedl .data <- Readl0X(data.dir = "~/Escritorio/Titulo/NGS19+
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— -2007/CellRangerCount__Treated3")
Treated2.data <- ReadlOX(data.dir = "~/Escritorio/Titulo/NGS19¢+
— -2007/CellRangerCount_Treated4")

#- Create Seurat objects -#

Untreatedl <- CreateSeuratObject(counts = Untreatedl.data, project«
— ="Untreatedl", min. cells=0, min.features=200)

Untreated2 <- CreateSeuratObject(counts = Untreated2.data, project<+
«— ="Untreated2", min. cells=0, min. features=200)

Treatedl <- CreateSeuratObject(counts = Treatedl.data, project="<«
« Treatedl", min. cells=0, min.features=200)

Treated2 <- CreateSeuratObject(counts = Treated2.data, project="<

— Treated2", min. cells=0, min.features=200)

Cédigo B.3: R studio code extract — Add Treatment Condition information
to the samples

#- Add "Treatment" info -#

Untreatedl [[ " Treatment"]] <- "Untreated"
Untreated2 [[ " Treatment"]] <- "Untreated"
Treatedl [[ " Treatment"]] <- "Treated"
Treated2 [[ " Treatment"]] <- "Treated"

#- First save -#

saveRDS(Untreatedl, "Untreatedl.rds")
saveRDS(Untreated2, "Untreated2.rds")
saveRDS(Treatedl, "Treatedl.rds")
saveRDS(Treated2, "Treated2.rds")

Cédigo B.4: R studio code extract — Quality Control of Samples

#- Untreated 1 -#

#Calculate mitochondrial percent of genes

Untreatedl [["percent .mt"]] <- PercentageFeatureSet(Untreatedl, ¢
— pattern=""mt-")

#Logarithmic data
logMT <-FetchData(Untreatedl, vars=c("percent.mt"))

nFeature <-FetchData(Untreatedl , vars=c("nFeature RNA"))

Untreatedl [[ "logMT"]] <- logl0(logMT)
Untreatedl [[ "logFeature"]] <- loglO(nFeature)
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#Scatter plots

pl <- FeatureScatter(Untreatedl, featurel="nFeature RNA", feature2<
— ="percent .mt") + geom hline(yintercept=10) + ggtitle ('«
— Untreated sample 1)

p2 <- FeatureScatter (Untreatedl , featurel="logFeatures", feature2=¢«
— "logMT") + geom_hline(yintercept=1) + ggtitle(’Untreated <
— sample 1)

pl+p2

#Create subset with new data
Untreatedl <- subset(Untreatedl, subset = logMT < 1)

#- Untreated 2 -#

#Calculate mitochondrial percent of genes

Untreatedl [[ "percent .mt"]] <- PercentageFeatureSet(Untreatedl , <
— pattern=""mt-")

#Logarithmic data
logMT <-FetchData(Untreatedl , vars=c("percent.mt"))
nFeature <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl [["logMT"]] <- logl0(logMT)
Untreatedl [["logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Untreated2, featurel="nFeature RNA", feature2<
— ="percent.mt") + geom hline(yintercept=10) + ggtitle ('«
< Untreated sample 2°)

p2 <- FeatureScatter (Untreated2, featurel="logFeatures", feature2=¢«
— "logMT") + geom_hline(yintercept=1) + ggtitle(’ Untreated <
— sample 2’)

pl+p2

#Create subset with new data
Untreated2 <- subset(Untreated2, subset = logMT < 1)

#- Treated 1 -#

#Calculate mitochondrial percent of genes

Untreatedl [[ "percent .mt"]] <- PercentageFeatureSet(Untreatedl , <
— pattern=""mt-")
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#Logarithmic data
logMT <-FetchData(Untreatedl, vars=c("percent.mt"))
nFeature <-FetchData(Untreatedl , vars=c("nFeature RNA"))

Untreatedl [[ "logMT"]] <- logl0 (logMT)
Untreatedl [[ "logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Treatedl, featurel="nFeature RNA", feature2="+«
— percent.mt") + geom_ hline(yintercept=7) + ggtitle(’Treated <«
— sample 1)

p2 <- FeatureScatter (Treatedl, featurel="logFeatures", feature2="«
— logMT") + geom hline(yintercept=0.85) + ggtitle(’Treated <«
— sample 1)

pl+p2

#Create subset with new data

Treatedl <- subset(Treatedl, subset = logMT < 0.85)

#- Treated 2 -#

#Calculate mitochondrial percent of genes

Untreatedl [[ "percent .mt"]] <- PercentageFeatureSet(Untreatedl, ¢
— pattern=""mt-")

#Logarithmic data
logMT <-FetchData(Untreatedl, vars=c("percent.mt"))
nFeature <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl [[ "logMT"]] <- logl0(logMT)
Untreatedl [["logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Treated2, featurel="nFeature RNA", feature2="<«
— percent.mt") + geom hline(yintercept=8) + ggtitle (' Treated <
— sample 2’)

p2 <- FeatureScatter(Treated2, featurel="logFeatures", feature2="<
— logMT") + geom_ hline(yintercept=0.9) + ggtitle(’ Treated <«
— sample 2’)

pl+p2

#Create subset with new data

Treated2 <- subset(Treated2, subset = logMT < 0.9)
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#- Save samples -#

saveRDS(Untreatedl, "Untreatedl1Flt.rds")
saveRDS(Untreated2, "Untreated2FIlt.rds")
saveRDS (Treatedl, "TreatedlFlt.rds")
saveRDS(Treated2, "Treated2Flt.rds")
a) Untreated sample 1 b) Untreated sample 1
Figure B.1: Scatter plots of mitochondrial gene content versus number of
features expressed for Untreated sample 1. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.
a)mo Untreated sample 2 b) Untreated sample 2
75 .E‘::..
g
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Figure B.2: Scatter plots of mitochondrial gene content versus number of
features expressed for Untreated sample 2. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.
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a) Treated sample 1 b) Treated sample 1
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Figure B.3: Scatter plots of mitochondrial gene content versus number of
features expressed for Treated sample 1. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.

a) Treated sample 2 b) Treated sample 2
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Figure B.4: Scatter plots of mitochondrial gene content versus number of
features expressed for Treated sample 2. a) Scatter plot with raw data
values. b) Scatter plot with logarithmic values.

Cédigo B.5: R studio code extract — SCT normalization of the Samples

#--- SCT NORMALIZATION ---#

Untreatedl <- SCTransform(object = get("Untreatedl"), vars.to.&
> regress = "percent.mt", verbose = FALSE, variable.features.n¢>
— = 3000)

Untreated2 <- SCTransform(object = get("Untreated2"), vars.to.<
> regress = "percent.mt", verbose = FALSE, variable.features.n¢>
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Treatedl <- SCTransform(object = get("Treatedl"), vars.to.regress <
— = "percent.mt", verbose = FALSE, variable.features.n = 3000)
Treated2 <- SCTransform(object = get("Treated2"), vars.to.regress <
— = "percent.mt", verbose = FALSE, variable.features.n = 3000)

#- Save normalized samples -#

saveRDS (Untreatedl, "UntreatedlFltNorm.rds")
saveRDS(Untreated2, "Untreated2FltNorm .rds")
saveRDS(Treatedl, "TreatedlFltNorm.rds")
saveRDS(Treated2, "Treated2F1ltNorm .rds")

Cédigo B.6: R studio code extract — Merging of Samples

## --- MERGE ---##
samplesMerge <- merge(Untreatedl , y=c(Untreated2, Treatedl, <
— Treated2), add.cell.ids=c("Untreatedl", y = c("Untreated2", <«

<~ "Treatedl", "Treated2")), project="Myeloids")

samplesMerge <- SCTransform(object = samplesMerge, vars.to.regress+<>
— = "percent.mt", verbose = FALSE, variable.features.n = ¢
— 3000)

saveRDS (samplesMerge, "samplesMerge.rds")

Cédigo B.7: R studio code extract — Data linear reduction

#- PCA reduction -#
samplesMerge <- RunPCA(samplesMerge, npcs = 50, verbose=F)

#Elbow plot

ElbowPlot (samplesMerge, ndims = 50, reduction = "pca") + ggtitle ("«
— Elbow plot Merged data")
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Figure B.5: Elbow plot Merged data

Cédigo B.8: R studio code extract — Data non-linear reduction

#- UMAP Reduction -#
samplesMerge <- RunUMAP(samplesMerge, dims=1:40, verbose=F)

DimPlot (samplesMerge, reduction = "umap", group.by = ’Treatment’, ¢
— pt.size = 1.5) + ggtitle ("Merged UMAP divided by Condition")«
< 4+ scale_color_manual(labels = c("Treated", "Untreated"), <«

— values = c("#00bfc4 ", "#F8766D"))

DimPlot (samplesMerge, reduction = "umap", group.by = ’orig.ident’ , ¢
— pt.size = 1.5) + ggtitle("Merged UMAP divided by Sample") +¢
< scale_color_manual(labels = c("Treatedl", "Treated2",k "<
— Untreatedl" ,"Untreated2"), values = c("dodgerblue3",6 "<
— goldenrodl" ,"darkviolet" ,"lightseagreen"))
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Figure B.7: UMAP of Merged data divided by Sample
Codigo B.9: R studio code extract — Samples Integration
#--- Re-Integration ---#

samplesSample. list <- list (Untreatedl , Untreated2, Treatedl, <«
— Treated?2)

#- Normalice samples -#
sampleList <- list (Untreatedl, Untreated2, Treatedl, Treated2)
sampleList <- lapply(X = samplelList, FUN = function(x) {
x <- SCTransform(object = x, vars.to.regress = "percent.mt", ¢
— verbose = FALSE, variable.features.n = 3000)
D)

#- Select integration features and prepare for integration -#

features <- SelectlntegrationFeatures(object.list = samplelList)
sampleList <- PrepSCTIntegration(object.list = sampleList, anchor.<¢
— features = features)
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#- Select integration anchors -#

data.anchors <- FindIntegrationAnchors(object.list = sampleList, <«
< normalization .method = "SCT", anchor.features = features)

save(data.anchors, file=file .path("~/","samplesinteg.anchors.rdata<+"
(SN ||))

#- Integrate -#
sample.integrated <- IntegrateData(anchorset = data.anchors, <
< normalization .method = "SCT")

saveRDS(sample.integrated , "sample.integrated .rds")

Cédigo B.10: R studio code extract — Data linear reduction

#- PCA reduction -#
sample.integrated <- RunPCA(sample.integrated , npcs = 50, verbose=F¢
— )

#Elbow plot

ElbowPlot (sample.integrated , ndims = 50, reduction = "pca") + ¢«
— ggtitle ("Elbow plot Integrated data")
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Figure B.8: Elbow plot Integrated data

Cédigo B.11: R studio code extract — Data non-linear reduction

#- UMAP Reduction -#
sample.integrated <- RunUMAP(sample.integrated , dims=1:35, verbose=¢

— F)
DimPlot (sample.integrated , reduction = "umap", group.by = ’orig.<
— ident’, pt.size = 1.5, cols = my colors) + ggtitle("+
— Integrated UMAP divided by Sample") + scale_color_manual(«+
<~ labels = c("Untreatedl" ,"Untreated2", "Treatedl", "Treated2"<«
— ), values = my colors)
DimPlot (sample.integrated , reduction = "umap", group.by = ’'<°
— Treatment’, pt.size = 1.5) + ggtitle("Integrated UMAP <
— divided by Condition") + scale_color_manual(labels = c("+
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Figure B.10: UMAP of Integrated data divided by Condition
Cédigo B.12: R studio code extract — Cells clustering
#--- Clustering ---#
DefaultAssay(object = sample.integrated) <- "integrated"

sample.integrated <- FindNeighbors(sample.integrated , dims = 1:35,¢
— verbose = FALSE)

sample.integrated <- FindClusters(sample.integrated , resolution =
< c(0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0))

clustree (sample.integrated)
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Figure B.11: Integrated data Clustree

Cédigo B.13: R studio code extract — Contaminant Cd3e analysis

#- Chosen resolution -#

sample.integrated <- FindClusters(sample.integrated , resolution = ¢«
— 0.1)

DimPlot (sample.integrated , reduction = "umap", pt.size = 1.5, cols¢
— = my colors) + ggtitle(’Integrated UMAP Resolution 0.17)

#- Cd3e expression analysis -#

7



7 DefaultAssay(object = sample.integrated) <- "SCT"

8 FeaturePlot(sample.integrated, features=c("Cd3e"), min.cutoff
— pt.size = 1.5, cols = c("royalblue", "brown2"))

9 VIinPlot(sample.integrated , features = c("Cd3e"), pt.size = 0,

— = my colors)

Integrated UMAP Resolution 0.1

UMAP_2

Figure B.12: Integrated data UMAP resolution 0.1
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Figure B.13: Cd3e expression level
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Figure B.14: Cd3e violin plot

Cédigo B.14: R studio code extract — Extraction of contaminant cells and

generation of new samples
#Extract contaminant cluster

sample.integrated <- subset(sample.integrated , idents
— = TRUE)

#- Save new samples -#
sampleList <- SplitObject(sample.integrated, split.by
— ident")

Untreatedl <- sampleList [[1]]
saveRDS(Untreatedl, "UntreatedlV1Flt.rds")

Untreated2 <- sampleList [[2]]
saveRDS(Untreated?2, "Untreated2V1Flt.rds")
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Treatedl <- sampleList [[3]]
saveRDS(Treatedl, "TreatedlV1Flt.rds")

Treated2 <- sampleList [[4]]
saveRDS(Treated2, "Treated2V1Flt.rds")

Cédigo B.15: R studio code extract — Downsampling by
#-- Merging of samples by Condition --#

#- Merging Untreated samples -#

Merge Untreated <- merge(Untreatedl_filt , y=Untreated2_filt , add.<¢
— cell.ids = c("Untreatedl_filt", "Untreated2_filt"), project <«
— = "Untreated")

#number of cells:16.318

#- Merging of Treated samples -#

Merge Treated <- merge(Treatedl_filt , y=Treated2_filt , add.cell .
— ids = c("Treatedl_filt", "Treated2_filt"), project = "<
— Treated")

#number of cells:10.985

#Downsampling:

slctCellsUntreated <- sample(rownames(Merge Untreated@meta.data), <
— 10985)

Merge Untreated <- subset(Merge Untreated, cells=¢«
— slctCellsUntreated)

#Save
saveRDS (Merge Untreated , "Merge Untreated_V1.rds")
saveRDS (Merge Treated, "Merge Treated_ V1.rds")

#- Merging Condition samples for integration -#

samplesMerge <- merge(Merge Untreated, y=Merge Treated, add.cell .+
— ids=c("Merge_Untreated", y = "Merge_Treated"), project="<
— Myeloids")

Cédigo B.16: R studio code extract — Samples Integration
#--- Re-Integration ---#
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#- Normalice samples -#

sampleList <- SplitObject(samplesMerge, split.by = "orig.ident")
sampleList <- lapply(X = sampleList, FUN = function(x) {
x <- SCTransform(object = x, vars.to.regress = "percent.mt", <
5 verbose = FAILSE, variable.features.n = 3000)
D)

#- Select integration features and prepare for integration -#

features <- SelectlntegrationFeatures(object.list = samplelList)
sampleList <- PrepSCTIntegration(object.list = sampleList, anchor.<¢
— features = features)

#- Select integration anchors -#

data.anchors <- FindIntegrationAnchors(object.list = samplelList, <«
< normalization.method = "SCT", anchor.features = features)

save(data.anchors, file=file.path("~/","sampleslnteg.anchors.rdata<+
[N n))

#- Integrate -#
sample.integrated <- IntegrateData(anchorset = data.anchors, ¢
— normalization.method = "SCT")

saveRDS(sample.integrated , "sample.integrated .rds")

Cédigo B.17: R studio code extract — Data linear reduction

#- PCA reduction -#
sample.integrated <- RunPCA(sample.integrated , npcs = 50, verbose=F«
= )

#Elbow plot

ElbowPlot (sample.integrated , ndims = 50, reduction = "pca") +
— ggtitle ("Elbow plot Integrated data")
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Figure B.15: Elbow plot Integrated data

Cédigo B.18: R studio code extract — Data non-linear reduction

#- UMAP Reduction -#
sample.integrated <- RunUMAP(sample.integrated , dims=1:35, verbose=¢

— F)
DimPlot (sample.integrated , reduction = "umap", group.by = ’orig.<
— ident’, pt.size = 1.5, cols = my colors) + ggtitle("+
— Integrated UMAP divided by Sample") + scale_color_manual(«+
<~ labels = c("Untreatedl" ,"Untreated2", "Treatedl", "Treated2"<«
— ), values = my colors)
DimPlot (sample.integrated , reduction = "umap", group.by = '
— Treatment’, pt.size = 1.5) + ggtitle("Integrated UMAP <+
— divided by Condition") + scale_color_manual(labels = c("+

83



UMAP_2

<« Untreated", "Treated"), wvalues = c("#F8766D", "#00bfc4"))

Integrated UMAP divided by Sample

® Unireated1

® Untreated2

® Treated1
Treated2

UMAP_1

Figure B.16: UMAP of Integrated data divided by Sample
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Figure B.17: UMAP of Integrated data divided by Condition
Cédigo B.19: R studio code extract — Cells clustering
#--- Clustering ---#
DefaultAssay(object = sample.integrated) <- "integrated"
sample.integrated <- FindNeighbors(sample.integrated , dims = 1:25,¢
— verbose = FALSE)

sample.integrated <- FindClusters(sample.integrated , resolution =

~ c(0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0))
clustree (sample.integrated)
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Figure B.18: Integrated data Clustree

Codigo B.20: R studio code extract — Myeloid marker Ptprc analysis

1 DefaultAssay(object = samplesIintegrated) <- "SCT"
2 FeaturePlot(samplesintegrated, features=c("Ptprc"), min.cutoff = «
— 0, pt.size = 1, cols = c("royalblue", "brown2"))
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Figure B.19: Ptprc expression level
Cédigo B.21: R studio code extract — Generation of higher resolution clus-
ters to get Ptprc- cells isolated
DefaultAssay(object = samplesIintegrated) <- "integrated"
samplesIntegrated <- FindNeighbors(samplesIintegrated , dims = «
— 1:25, verbose = FALSE)
#- Chosen resolution -#
samplesIintegrated <- FindClusters(samplesintegrated , resolution = ¢«
— 6.9)
DimPlot(samplesIntegrated , reduction = "umap", label = TRUE, pt.<+

— size = 1) + ggtitle(’Resolution 6.9)
#- Ptprc check -#
DefaultAssay(object = samplesIntegrated) <- "SCT"

VinPlot(samplesIntegrated , features = c("Ptprc"), pt.size = 0)

#Contaminant cluster: 80
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Cédigo B.22: R studio code extract — Extraction of contaminant cells and
generation of new samples
#Extract contaminant cluster
sample.integrated <- subset(sample.integrated, idents = 80, invert«
— = TRUE)

#- Save new samples -#
sampleList <- SplitObject(sample.integrated, split.by = "orig.«
— ident")

Untreatedl <- sampleList [[1]]
saveRDS(Untreatedl, "UntreatedlV1FIlt.rds")

Untreated2 <- sampleList [[2]]
saveRDS(Untreated2, "Untreated2V1Flt.rds")

Treatedl <- sampleList [[3]]
saveRDS(Treatedl, "TreatedlV1Flt.rds")

Treated2 <- sampleList [[4]]
saveRDS(Treated2, "Treated2V1Flt.rds")

Cédigo B.23: R studio code extract — Downsampling by
#-- Merging of samples by Condition --#

#- Merging Untreated samples -#

Merge Untreated <- merge(Untreatedl_filt , y=Untreated2_filt , add.<¢
— cell.ids = c("Untreatedl_filt", "Untreated2_filt"), project <
— = "Untreated")

#number of cells:10.974

#- Merging of Treated samples -#

Merge_Treated <- merge(Treatedl_filt , y=Treated2_ filt , add.cell.+
— ids = c("Treatedl_filt", "Treated2_ filt"), project = "<
— Treated")

#number of cells:10.968

#Downsampling :

slctCellsUntreated <- sample(rownames(Merge Untreated@meta.data), <
— 10.968)

Merge_Untreated <- subset(Merge _Untreated, cells=¢
— slctCellsUntreated)
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#Save
saveRDS (Merge_Untreated , "Merge Untreated_V2.rds")
saveRDS (Merge Treated, "Merge Treated_V2.rds")

#- Merging Condition samples for integration -#

samplesMerge <- merge(Merge Untreated, y=Merge_ Treated, add.cell .
— ids=c("Merge_Untreated", y = "Merge_Treated"), project="<
<~ Myeloids")

Cédigo B.24: R studio code extract — Samples Integration
#--- Re-Integration ---#

#- Normalice samples -#

sampleList <- SplitObject(samplesMerge, split.by = "orig.ident")
sampleList <- lapply(X = sampleList, FUN = function(x) {
x <- SCTransform(object = x, vars.to.regress = "percent.mt", ¢
— verbose = FALSE, variable.features.n = 5000)
b

#- Select integration features and prepare for integration -#

features <- SelectIntegrationFeatures(object.list = sampleList)
sampleList <- PrepSCTIntegration(object.list = sampleList, anchor.<
— features = features)

#- Select integration anchors -#

data.anchors <- FindIntegrationAnchors(object.list = samplelList, <«
< normalization .method = "SCT", anchor.features = features)

save(data.anchors, file=file.path("~/","sampleslnteg.anchors.rdata<+
(SN n))

#- Integrate -#
sample.integrated <- IntegrateData(anchorset = data.anchors, <«
<~ normalization .method = "SCT")

saveRDS(sample.integrated , "sample.integrated .rds")

Coédigo B.25: R studio code extract — Data linear reduction

#- PCA reduction -#
sample.integrated <- RunPCA(sample.integrated , npcs = 50, verbose=F¢«
— )
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4 #Elbow plot

5 ElbowPlot(sample.integrated , ndims = 50, reduction = "pca") +
— ggtitle ("Elbow plot Integrated data")
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Figure B.22: Elbow plot Integrated data

Cédigo B.26: R studio code extract — Data non-linear reduction

1 #- UMAP Reduction -#

2 sample.integrated <- RunUMAP(sample.integrated , dims=1:35, verbose=¢
— F)

3

4 DimPlot(sample.integrated , reduction = "umap", group.by = ’orig.<
— ident’, pt.size = 1.5, cols = my colors) + ggtitle("+

— Integrated UMAP divided by Sample") + scale_color_manual(«+
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— labels = c("Untreatedl" ,"Untreated2", "Treatedl", "Treated2"<«

< ), values = my colors)

)

6 DimPlot(sample.integrated , reduction = "umap", group.by = '«
— Treatment’, pt.size = 1.5) + ggtitle("Integrated UMAP <«
< divided by Condition") + scale_color_manual(labels = c("+
— Untreated", "Treated"), values = c("#F8766D", "#00bfc4"))
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Figure B.23: UMAP of Integrated data divided by Sample
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Figure B.24: UMAP of Integrated data divided by Condition

Cédigo B.27: R studio code extract — Key genes analysis
DefaultAssay(object = samplesIintegrated) <- "SCT"

#- Granulocytes: -Mmp9
FeaturePlot(samplesintegrated , features=c("Mmp9"), min.cutoff = 0,
— pt.size = 1.5, cols = c("royalblue", "brown2"))

#- Mono/Macro: Csflr
FeaturePlot(samplesintegrated , features=c("Csflr"), min.cutoff = «
— 0, pt.size = 1.5, cols = c("royalblue", "brown2"))

#- DCs: Flt3 -#

FeaturePlot (sampleslntegrated , features=c("Flt3"), min.cutoff = 0,+
— pt.size = 1.5, cols = c("royalblue", "brown2"))
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Figure B.27: Flt3 expression level
Cédigo B.28: R studio code extract — Key genes analysis: Dotplot

DefaultAssay(object = samplesIintegrated) <- "integrated"
key_genes = c("Csf3r", "Mmp9", "Gata2", "Ccr3", "Cxcl2", "S100a8",¢

~ "S100a9", "Duspl", "Xcrl", "Adamll", "Cd209d", "Spib", "H2-¢

— Oa", "Klrdl", "Bcllla", "FI1lt3", "Ace", "Ccr2", "Lyz2", "Apoet

(% n R n Ctsb n R n Mafb "n R "Clqa" , "n CtSS")
DotPlot(samplesintegrated , features = key_genes, cols = c("«

— royalblue", "brown2")) + RotatedAxis() + ggtitle(’Myeloid

< populations key genes’)
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Figure B.28: Myeloid key genes Dotplot

Cédigo B.29: R studio code extract — Manual selection: Granulocytes

## --- Manual selection ---##

plot <- DimPlot(samplesIintegrated , reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors)

plot

#- Sell selection -#

select . cells <- CellSelector(plot = plot)

Idents(samplesIintegrated, cells = select.cells) <- "Granulocytes"

plot <- DimPlot(samplesIintegrated , reduction = "umap", label = «
— TRUE, pt.size = 1)

#- Subset -#

samplesIntegrated_Granulocytes <- subset(samplesintegrated, idents<+
— = "Granulocytes")

DimPlot(samplesIntegrated__Granulocytes, reduction = "umap", pt.<+
— size = 1.5, cols = "dodgerblue3", group.by = "integrated_snn<>
<~ _res.0") + ggtitle(’Granulocytes’)

DimPlot(samplesintegrated_Granulocytes, reduction = "umap", label ¢
— = FALSE, pt.size = 1.5, group.by = ’Treatment’) + ggtitle(’«

— Granulocytes by Treatment’)

#- Save data -#
saveRDS(samplesIntegrated_Granulocytes, "samplesintegrated_<—
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Figure B.31: Granulocytes divided by Condition

Cédigo B.30: R studio code extract — Manual selection: Dendritic cells

#- Sell selection -#
select .cells <- CellSelector(plot = plot)

Idents(samplesIintegrated , cells = select.cells) <- "Dendritic <«
— cells"
plot <- DimPlot(samplesIintegrated , reduction = "umap", label = ¢

— TRUE, pt.size = 1)

#- Subset -#
samplesIntegrated DC <- subset(samplesIintegrated , idents = "<
— Dendritic cells")

DimPlot(samplesintegrated_DC, reduction = "umap", pt.size = 1.5, &
— cols = "lightseagreen", group.by = "integrated_snn_res.0") +<¢
— ggtitle(’Dendritic cells’)

DimPlot(samplesIntegrated_DC, reduction = "umap", label = FALSE, <«
— pt.size = 1.5, group.by = ’Treatment’) + ggtitle(’Dendritic <
— cells by Treatment’)
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13 #- Save data -#
14 saveRDS(samplesIntegrated_DC, "samplesintegrated_DCSelect.rds")

UMAP_1

Figure B.32: Dendritic cells manual selection
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Figure B.34: Dendritic cells divided by Condition

Cédigo B.31: R studio code extract — Manual selection: Monocyte/-
Macrophages

#- Sell selection -#

select . cells <- CellSelector(plot = plot)

Idents(samplesintegrated, cells = select.cells) <- "Monocyte/<«
— Macrophages"

select . cells <- CellSelector(plot = plot)
Idents(samplesIintegrated , cells = select.cells) <- "Monocyte/<«>
— Macrophages"

plot <- DimPlot(samplesIintegrated , reduction = "umap", label = «
— TRUE, pt.size = 1)

#- Subset -#
samplesIintegrated_MoMa <- subset(samplesIintegrated, idents = "<«
— Monocyte/Macrophages")

DimPlot(samplesIintegrated_MoMa, reduction = "umap", pt.size = 1.5,¢
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— cols = "darkviolet", group.by = "integrated_snn_res.0") + ¢«
— ggtitle (’Monocyte/Macrophages’)

DimPlot(samplesIntegrated_MoMa, reduction = "umap", label = FALSE, ¢+
— pt.size = 1.5, group.by = ’Treatment’) + ggtitle (’Monocyte/<
— Macrophages by Treatment’)

#- Save data -#
saveRDS(samplesIntegrated_MoMa, "samplesintegrated_MoMaSelect.rds")
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Figure B.35: Monocyte/Macrophages manual selection part 1
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Figure B.36: Monocyte/Macrophages manual selection part 2
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Figure B.37: Monocyte/Macrophages
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Figure B.38: Monocyte/Macrophages divided by Condition

Cédigo B.32: R studio code extract — Population assignment

identity -#

samplesIntegrated [[ "Population"]] <-

— ident

5 #- Final UMAP -#

6

7 DimPlot(samplesIntegrated, reduction

— size

1.5,

cols

my_colors ,

107

samplesIntegrated®@active .«

= "umap", label = TRUE, pt.<+
group.by = "Population")
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Figure B.39: Classified populations UMAP

Cédigo B.33: R studio code extract — Density plots

#--- Density plot ---#
DefaultAssay(object = samplesIintegrated) <- "SCT"

sampsList <- SplitObject(samplesIintegrated , split.by = "Treatment"<

— )

Sample_ Untreated <-sampsList [[1]]
Sample Treated <-sampsList [[2]]

saveRDS (Sample Untreated , "Sample_Untreated.rds")
saveRDS (Sample_Treated , "Sample Treated.rds")

#- Normal -#
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p <-DimPlot(samplesIintegrated , group.by = "Treatment", reduction =¢
—  "umap")

#Prepare data

data <- data.frame(samplesintegrated@meta.data)
data$UMAPl <- Embeddings(samplesintegrated , "umap")[,1]
data$UMAP2 <- Embeddings(samplesIntegrated , "umap")|[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat_density_2d(aes(fill = stat(level)), geom = "polygon", bins<«
— =25) +
scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢«
— darkolivegreen3",6 "goldenrodl" ,6"red")) +
xlim(c(-15, 10)) + ylim(c(-10, 12)) +
#facet_wrap(~Treatment, ncol=3)+
theme_classic () + ggtitle ("Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<¢
— text(size = 14))
density_plot
#- density 2: Untreated -#

#Prepare data

data <- data.frame(Sample Untreated@meta.data)
data$UMAPl <- Embeddings(Sample Untreated, "umap")/[,1]
data$UMAP2 <- Embeddings(Sample Untreated, "umap")|[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot_2 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins«+
— =25) +
scale_fill_gradientn(colors = c("#4169E100","royalblue", "<
— darkolivegreen3",6 "goldenrodl" ,f "red")) +
xlim(c(-10, 10)) + ylim(c(-12, 10)) +
facet_wrap(~Treatment, ncol=3)+
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theme_classic () + ggtitle("Untreated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<-
— text(size = 14))

density_plot_2
#- density 3: Untreated -#

#Prepare data

data <- data.frame(Sample Treated@meta.data)
data$UMAP1l <- Embeddings(Sample Treated, "umap")[,1]
data$UMAP2 <- Embeddings(Sample Treated, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.
data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot
density_plot_3 <- ggplot(data, aes(x=UMAP1l, y=UMAP2)) +

geom_ point (colour="#00000000") +

stat_density_2d(aes(fill = stat(level)), geom = "polygon", bins+
— =25) +

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢«

< darkolivegreen3",6"goldenrodl" ,6"red")) +

xlim (c(-10, 10)) + ylim(c(-12, 10)) +

facet_wrap(~Treatment, ncol=3)+

theme classic () + ggtitle("Treated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_ <
— text(size = 14))

density_plot_3

plot_grid(p, density_plot, density_plot_2, density_plot_3, ncol=2)
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Figure B.40: Density plots
Cédigo B.34: R studio code extract — Myeloid data Barplot
1
2 samplesintegrated [[ "Subpopulation"]] <- samplesintegrated@active.<+
— ident
3 dittoBarPlot(object = samplesintegrated, scale = "percent", var = ¢
— "Subpopulation", group.by = "Treatment", color.panel = my <
— colors, x.labels = c("Untreated", "Treated"), xlab = "<«
— Condition", main = "")
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Figure B.41: Barplots of myeloid cells populations number by Condition

Cédigo B.35: R studio code extract — Myeloid data populations divided by

Sample
1 DimPlot(samplesIintegrated , reduction = "umap", split.by = ’orig.<+
— ident’, pt.size = 1.5, ncol = 2, cols = my colors)
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Figure B.42: UMAPs of myeloid cells populations divided by Sample
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Annex C. Dendritic cells mice analysis code

Cédigo C.1: R studio code extract — Quality Control Dendritic cells Part 1
H------ Dendritic cells analysis ----- #

#- Separate cell by sample -#

samplesintegrated_DC. list <- SplitObject(sampleslntegrated_DC, <
<~ split.by = "orig.ident")

Untreatedl <-samplesintegrated_DC. list [[1]]

Untreated2<-samplesIintegrated _DC. list [[2]]

Treatedl <-sampleslntegrated _DC. list [[3]]

Treated2<-samplesintegrated_DC. list [[4]]

#- Check nFeature distribution with Histograms -#
Untreatedl <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl %% ggplot () + geom_histogram (aes(x=nFeature_ RNA), bins<+
— =100) + geom_vline(xintercept = 2000) + ggtitle(’Untreatedl '«

— )

Untreated?2 <-FetchData(Untreated2, vars=c("nFeature RNA"))

Untreated2 %% ggplot() + geom histogram (aes(x=nFeature_RNA), bins«
< =100) + geom_vline(xintercept = 2000) + ggtitle(’Untreated2 <«

— )

Treatedl <-FetchData(Treatedl, vars=c("nFeature RNA"))
Treatedl %% ggplot () + geom histogram (aes(x=nFeature_RNA), bins«
— =100) + geom_vline(xintercept = 2000) + ggtitle(’Treatedl’)

Treated2 <-FetchData(Treated2, vars=c("nFeature RNA"))

Treated2 %% ggplot () + geom histogram (aes(x=nFeature_RNA), bins<«
— =100) + geom_vline(xintercept = 2000) + ggtitle(’Treated2’)
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Figure C.1: Histogram of the number of features expressed vs number of
cells for Dendritic cells Untreated sample 1
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Figure C.2: Histogram of the number of features expressed vs number of
cells for Dendritic cells Untreated sample 2

115



Treated1

count

2000

4000 6000
nFeature_ RNA

Figure C.3: Histogram of the number of features expressed vs number of
cells for Dendritic cells Treated sample 1
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Figure C.4: Histogram of the number of features expressed vs number of
cells for Dendritic cells Treated sample 2
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Cédigo C.2: R studio code extract — Quality Control Dendritic cells Part 2

#- Quality Control with Scatter plots -#
Untreatedl <-samplesintegrated_DC. list [[1]]
Untreated2<-samplesintegrated_DC. list [[2]]
Treatedl <-samplesintegrated_DC.list [[3]]
Treated2<-sampleslntegrated _DC. list [[4]]

#- Untreated 1 -#

#Logarithmic data

logMT <-FetchData(Untreatedl, vars=c("percent.mt"))
nFeature <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl [[ "logMT"]] <- logl0(logMT)
Untreatedl [[ "logFeature"]] <- loglO(nFeature)

#Scatter plots
pl <- FeatureScatter (Untreatedl, featurel="nFeature RNA", feature2<«

— ="percent.mt", group.by = "orig.ident") + geom_hline (¢
— yintercept=10) + ggtitle(’Untreatedl’) + geom_ vline (+
— xintercept = 2000)
p2 <- FeatureScatter(Untreatedl, featurel="logFeature", feature2="«
— logMT", group.by = "orig.ident") + geom_ hline(yintercept=1)

— + ggtitle(’Untreatedl’) + geom vline(xintercept = 3.301)
plt+p2

#Create subset with new data
Untreatedl <- subset(Untreatedl, subset = nFeature RNA > 2000)

#- Untreated 2 -#

#Logarithmic data

logMT <-FetchData(Untreated2, vars=c("percent.mt"))
nFeature <-FetchData(Untreated2, vars=c("nFeature RNA"))

Untreated2 [[ "logMT"]] <- logl0(logMT)
Untreated2 [[ "logFeature"]] <- loglO(nFeature)

#Initial Scatter plots
pl <- FeatureScatter (Untreated2, featurel="nFeature RNA", feature2<«

— ="percent.mt", group.by = "orig.ident") + geom hline (&
— yintercept=10) + ggtitle(’Untreated2’) + geom_ vline (+
— xintercept = 2000)

p2 <- FeatureScatter (Untreated2, featurel="logFeature", feature2="«
— logMT", group.by = "orig.ident")+ geom_ hline(yintercept=1) +«
— ggtitle(’Untreated2’) + geom vline(xintercept = 3.301)
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pl+p2

#Create subset with new data

Untreated2 <- subset(Untreated2, subset = nFeature RNA > 2000)

#- Treated 1 -#

#Logarithmic data

logMT <-FetchData(Treatedl, vars=c("percent.mt"))
nFeature <-FetchData(Treatedl, vars=c("nFeature RNA"))

Treatedl [[ "logMT"1] <- logl0 (logMT)
Treatedl [[ "logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Treatedl, featurel="nFeature RNA", feature2="<
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— percent.mt", group.by = "orig.ident") + geom_ hline (+
— yintercept=7) + ggtitle( Treatedl’) + geom_ vline(xintercept <
— = 2000)

p2 <- FeatureScatter (Treatedl, featurel="logFeature", feature2="<«
— logMT", group.by = "orig.ident") + geom_ hline(yintercept+«
— =0.85) + ggtitle(’Treatedl’) + geom vline(xintercept = ¢
— 3.301)

pl+p2

#Create subset with new data
Treatedl <- subset(Treatedl, subset = nFeature RNA > 2000)

#- Treated 2 -#

#Log graphics

logMT <-FetchData(Treated2, vars=c("percent.mt"))
nFeature <-FetchData(Treated2, vars=c("nFeature RNA"))

Treated2 [[ "logMT"]] <- logl0 (logMT)
Treated2 [["logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Treated2, featurel="nFeature RNA", feature2="+«

< percent.mt", group.by = "orig.ident") + geom hline (+

— yintercept=8) + ggtitle(’Treated2’) + geom vline(xintercept <«

— = 2000)

p2 <- FeatureScatter(Treated2, featurel="logFeature", feature2="«

— logMT", group.by = "orig.ident") + geom hline(yintercept+«
— =0.9) + ggtitle(’Treated2’) + geom vline(xintercept = 3.301)
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69 pl+p2

70

71 #Create subset with new data

72 Treated2 <- subset(Treated2, subset = nFeature RNA > 2000)

Untreated1 b) Untreated1

logMT

a)

10
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nFeature_RNA logFeature.

Figure C.5: Scatter plot of Dendritic cells Untreated sample 1 of mitochon-
drial gene content versus number of features expressed. a) Scatter plot with
raw data values. b) Scatter plot with logarithmic values.
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Figure C.6: Scatter plot of Dendritic cells Untreated sample 2 of mitochon-
drial gene content versus number of features expressed. a) Scatter plot with
raw data values. b) Scatter plot with logarithmic values.
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Figure C.7: Scatter plot of Dendritic cells Treated sample 1 of mitochondrial
gene content versus number of features expressed. a) Scatter plot with raw
data values. b) Scatter plot with logarithmic values.
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Figure C.8: Scatter plot of Dendritic cells Treated sample 2 of mitochondrial
gene content versus number of features expressed. a) Scatter plot with raw
data values. b) Scatter plot with logarithmic values.

Cédigo C.3: R studio code extract — Dendritic cell Integration
_—

<- list (Untreatedl , Untreated2, Treatedl,

Treated2<+

#- Normalice samples -#
samplesDC . list <-
x <- SCTransform(object

— verbose = FALSE,

#- Select
samplesDC . features
— samplesDC. list )

<-

=X,

vars.to.regress = "percent.mt",

variable.features.n = 5000)})
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samplesDC.list <- PrepSCTIntegration(object.list = samplesDC.list ,¢

<~ anchor.features = samplesDC.features)

#- Select integration anchors -#

samplesDC . anchors <- FindIntegrationAnchors(object.list = ¢
<~ samplesDC.list , normalization.method = "SCT", anchor.<+
— features = samplesDC.features)

save (samplesDC.anchors, file=file .path("~/","samplesDC.anchors.<>
— rdata"))

#- Integrate -#

samplesintegFltDC <- IntegrateData(anchorset = samplesDC.anchors, <
< normalization .method = "SCT")

saveRDS (samplesintegFltDC , "samplesintegFltDC .rds")

Cédigo C.4: R studio code extract — Dendritic cell linear reduction
#- PCA reduction -#
samplesintegFltDC <- RunPCA(samplesIntegF1ltDC, npcs = 50, verbose=F¢«
— )

#Elbow plot

ElbowPlot (samplesIintegFltDC , ndims = 50, reduction = "pca") + ¢«
— ggtitle ("Elbow plot Integrated DC data")
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Figure C.9: Elbow plot Dendritic cells

Cédigo C.5: R studio code extract — Dendritic cell non-linear reduction

#- UMAP Reduction -#
samplesintegFltDC <- RunUMAP(samplesintegFltDC, dims=1:40, verbose=¢

— F)

#IMAP by Condition

DimPlot (samplesintegFltDC, reduction = "umap", group.by = '
< Treatment’, pt.size = 1.5) + ggtitle("Integrated DC UMAP <~
— divided by Condition") + scale_color_manual(labels = c("<«
— Untreated", "Treated"), wvalues = c("#F8766D", "#00bfcd4"))

#IMAP by Sample
DimPlot (samplesintegFltDC, reduction = "umap", group.by = ’orig.<
— ident’, pt.size = 1.5) + ggtitle("Integrated DC UMAP divided<«
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— Dby Sample") + scale_color_manual(labels = c("Untreatedl",6 "<«

— Untreated2", "Treatedl", "Treated2"), values = my colors)
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Figure C.10: UMAP of Dendritic cells divided by Condition

123



Integrated DC UMAP divided by Sample

o diges ettt =
d b “r ."'"I'i{a
PR AT RO Dokl
* '.-.. .
e =
- L "'.’L'. ®,
o A S .
ALY P gkt 22
4 & ot .... ;e s -l-.';n -
-‘: \.:.-::.- '.:..-., Sy ) 5 ~ ., » wtate @ .“:-: I'.".-...
AR o plt. X . ATy
o PR R 0 5o S80S ~5he
o] g . s gman >
E| memb e Tt
- 3 R e R e S
. .' S.:.s'. .5, . L b
O T <. A :
"N g 23" &
o:t-' #'-l. »
0, of L] .
AR :
e % .-.'
s
pIST ® Untreatedi
- . -
S3 o o ® Untreated?2
. e Tipeny o
PR &y ® Treated1
oLy Ta e
Tlews @ Treated?
5 0 5

umap_1

Figure C.11: UMAP of Dendritic cells divided by Sample

Cédigo C.6: R studio code extract — Manual filter of low feature cells

#--- Get rid of low feature cells manually ---#
samplesintegFltDC <- subset(samplesintegFltDC, idents = "Low <
— features", invert = TRUE)
FeaturePlot (samplesintegFltDC, features = ’'nFeature_SCT’, min.<
— cutoff = 0, pt.size = 1.5, cols = c("royalblue", "brown2"))
plot <- FeaturePlot(samplesintegFltDC, features = ’nFeature_SCT’, ¢
< min.cutoff = 0, pt.size = 1)
select . cells <- CellSelector(plot = plot)
Idents (samplesIntegFltDC, cells = select.cells) <- "Low features"
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Figure C.12: UMAP of Dendritic cells level of feature expression
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Figure C.13: Manual selection of low features cells

Codigo C.7: R studio code extract — Dendritic cell Integration
#--- Re-Integration ---#

samplesDC . list <- list (Untreatedl, Untreated2, Treatedl, Treated2<«
— )

#- Normalice samples -#

samplesDC. list <- lapply (X= samplesDC.list , FUN = function (x){
x <- SCTransform(object = x, vars.to.regress = "percent.mt", ¢
— verbose = FALSE, variable.features.n = 5000)})

#- Select integration features and prepare for integration -#
samplesDC . features <- SelectIntegrationFeatures(object.list = «
— samplesDC.list )
samplesDC . list <- PrepSCTIntegration(object.list = samplesDC.list ,<
— anchor.features = samplesDC.features)

#- Select integration anchors -#

samplesDC . anchors <- FindIntegrationAnchors(object.list = ¢
<~ samplesDC.list , normalization.method = "SCT", anchor.<+>
— features = samplesDC.features)
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save (samplesDC . anchors, file=file.path("~/","samplesDC.anchors.<>
— rdata"))

#- Integrate -#

samplesintegFltDC <- IntegrateData(anchorset = samplesDC.anchors, <
— normalization.method = "SCT")

saveRDS (samplesintegFltDC , "samplesintegFltDC .rds")

Cédigo C.8: R studio code extract — Dendritic cell linear reduction
#- PCA reduction -#
samplesintegFltDC <- RunPCA(samplesintegFltDC, npcs = 50, verbose=F«
— )

#Elbow plot

ElbowPlot (samplesIintegFltDC , ndims = 50, reduction = "pca") + ¢«
— ggtitle ("Elbow plot Integrated DC data")
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Figure C.14: Elbow plot Dendritic cells

Cédigo C.9: R studio code extract — Dendritic cell non-linear reduction

#- UMAP Reduction -#
samplesintegFltDC <- RunUMAP(samplesintegFltDC, dims=1:40, verbose=¢

— F)

#IMAP by Condition

DimPlot (samplesintegFltDC, reduction = "umap", group.by = '
< Treatment’, pt.size = 1.5) + ggtitle("Integrated DC UMAP <~
— divided by Condition") + scale_color_manual(labels = c("<«
— Untreated", "Treated"), wvalues = c("#F8766D", "#00bfcd4"))

#IMAP by Sample
DimPlot (samplesintegFltDC, reduction = "umap", group.by = ’orig.<

>

ident’, pt.size = 1.5) + ggtitle("Integrated DC UMAP divided+«
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— Dby Sample") + scale_color_manual(labels
— Untreated2",

"Treatedl", "Treated2"), values

c("Untreatedl" 6 "<«

my_ colors)
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Figure C.15: UMAP of Dendritic cells divided by Condition
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Figure C.16: UMAP of Dendritic cells divided by Sample
Cédigo C.10: R studio code extract — Dendritic cell clustering
#--- New clustering ---#

DefaultAssay(object = sampleslntegFltDC) <- "integrated"

samplesintegFltDC <- FindNeighbors(samplesIintegF1tDC, dims = 1:50,¢

<% verbose = FAILSE)

samplesintegFltDC <- FindClusters(samplesIintegF1tDC, resolution

— 0)
DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.
— size = 1, cols = my colors) + ggtitle(’Resolution 0 <

< Dendritic cells ?’)

samplesIntegFltDC <- FindClusters(samplesintegFltDC, resolution
— 0.1)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.
— size = 1, cols = my colors) + ggtitle(’Resolution 0.1 <«
— Dendritic cells ’)
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samplesintegFltDC <- FindClusters(samplesintegFltDC, resolution
— 0.2)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt
— size = 1, cols = my colors) + ggtitle(’Resolution 0.2 <
— Dendritic cells’)

samplesintegFltDC <- FindClusters(samplesintegFltDC, resolution
— 0.3)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.

— size = 1, cols = my colors) + ggtitle(’Resolution 0.3 ¢
— Dendritic cells’)

samplesintegFltDC <- FindClusters(samplesIintegF1ltDC, resolution
— 0.4)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.

— size = 1, cols = my colors) + ggtitle(’Resolution 0.4 <«
— Dendritic cells’)

samplesIntegFltDC <- FindClusters(samplesIintegFltDC, resolution
— 0.5)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt
— size = 1, cols = my colors) + ggtitle(’Resolution 0.5 <
— Dendritic cells’)

samplesintegFltDC <- FindClusters(samplesintegFltDC, resolution
— 0.6)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.

— size = 1, cols = my colors) + ggtitle(’Resolution 0.6 <
— Dendritic cells’)

samplesintegFltDC <- FindClusters(samplesIintegF1tDC, resolution
— 0.7)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.

<~ size = 1, cols = my colors) + ggtitle(’Resolution 0.7 <
— Dendritic cells’)

samplesintegFltDC <- FindClusters(sampleslntegFltDC, resolution
— 0.8)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.

— size = 1, cols = my colors) + ggtitle(’Resolution 0.8 <
— Dendritic cells ’)

samplesintegFltDC <- FindClusters(samplesIintegF1tDC, resolution
— 0.9)

DimPlot (samplesIntegFltDC, reduction = "umap", label = TRUE, pt.
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— size = 1, cols = my colors) + ggtitle(’Resolution 0.9 <«
— Dendritic cells’)

samplesintegFltDC <- FindClusters(samplesIlntegFltDC, resolution = ¢«
— 1.0)

DimPlot (samplesintegFltDC, reduction = "umap", label = TRUE, pt.<¢
— size = 1, cols = my colors) + ggtitle(’Resolution 1.0 <
— Dendritic cells ’)

clustree (samplesintegFl1tDC)
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Cédigo C.11: R studio code extract — Dendritic cell density plot
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#--- Density plot ---#
DefaultAssay(object = samplesintegFltDC) <- "SCT"

sampsList <- SplitObject(samplesintegFltDC, split.by = "Treatment"<

— )

DC Untreated <-sampsList [[1]]
DC Treated<-sampsList [[2]]

saveRDS(DC_Untreated , "DC_Untreated .rds")
saveRDS(DC_Treated , "DC_Treated .rds")

#- Normal -#

p <-DimPlot(samplesintegFltDC, group.by = "Treatment",

(_) n umap n )

#Prepare data
data <- data.frame(samplesIintegFltDC®@meta.data)

data $UMAP1 <- Embeddings(samplesintegFIltDC, "umap")[,1]
data$UMAP2 <- Embeddings(samplesIintegF1tDC, "umap")[,2]

#Create a data frame that doesn’t contain a "sample"

reduction =¢

column .

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_ point (colour="#00000000") +
stat_density_2d(aes(fill = stat(level)), geom = "polygon", bins¢+
— =25) +
scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "<
< darkolivegreen3","goldenrodl","red")) +
xlim(c(-10, 10)) + ylim(c(-12, 10)) +
#facet_wrap(~Treatment, ncol=3)+
theme_classic () + ggtitle("Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<-
— text(size = 14))
density_plot
#- density 2: Untreated -#

#Prepare data

data <- data.frame(DC _Untreated@meta.data)
data$UMAP1l <- Embeddings(DC_Untreated, "umap")[,1]
data$UMAP2 <- Embeddings(DC Untreated, "umap")[,2]
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#Create a data frame that doesn’t contain a "sample" column.
data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot

density_plot_2 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat_density_2d(aes(fill = stat(level)), geom = "polygon", bins<«
— =25) +
scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢«
— darkolivegreen3",6"goldenrodl" , 6 "red")) +
xlim(c(-10, 10)) + ylim(c(-12, 10)) +
facet_wrap(~Treatment, ncol=3)+
theme_classic () + ggtitle (" Untreated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<
— text(size = 14))

density_plot_2

#- density 3: Untreated -#

#Prepare data

data <- data.frame(DC Treated@meta.data)
data$UMAPl <- Embeddings(DC_Treated, "umap")[,1]
data$UMAP2 <- Embeddings(DC_Treated , "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot

density_plot_3 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins«+
— =25) +
scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢
— darkolivegreen3",6 "goldenrodl" ,6"red")) +
xlim(c(-10, 10)) + ylim(c(-12, 10)) +
facet_wrap(~Treatment, ncol=3)+
theme classic () + ggtitle("Treated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<«
— text(size = 14))

density_plot_3
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Figure C.18: Dendritic cells density plots
Cédigo C.12: R studio code extract — Dendritic cell signature analysis
#--- Signature analysis ---#

DefaultAssay(object = samplesintegFltDC) <- "integrated"

#Chosen resolution:

samplesintegFltDC <- FindClusters(samplesintegFltDC, resolution = ¢

— 0.2)
DimPlot (samplesIntegFltDC, reduction = "umap", label = FALSE, pt.<
— size = 2, cols = my colors) + ggtitle(’Resolution 0.2 <

< Dendritic cells’)
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Figure C.19: Integrated Dendritic cells UMAP resolution 0.2

Cédigo C.13: R studio code extract — Dendritic cell signature analysis:
cDC1

#-- cDCl --#

DefaultAssay(object = samplesintegFltDC) <- "SCT"

#Load data
data_cDCl<-read.xlsx ("DCSignatures. xlsx", sheet = "cDC1")

Zilionis .mDCl <- data_cDC1[,1]

LiuSpleen .DC1 <- data_cDC1][,2]

Maier .DC1 <- data_cDC1][, 3]

DelPrete .DC1 <- data_cDC1][,4]

Marmonti .DC1l <- data_ cDC1/[,5]

Gerhard .cDC1 <- data_cDC1][,6]

Villani .DCICD141CLEC9A <- data_cDC1[,7]

Ma. Cluster2 <- data_cDC1/[,8]

Marciscano .cDC1 <- data_cDC1][,9]

Bosteels . NonMigratorycDC1 <- data_cDC1[,11]
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#Top most repeated genes
data_DCl Top<- c(Zilionis .mDCl, LiuSpleen.DCl, Maier.DC1l, DelPrete<+
— .DC1l, Marmonti.DCl, Gerhard.cDC1l, Villani.DCICD141CLEC9A,
Ma. Cluster2, Marciscano.cDC1l, Bosteels.<+
— NonMigratorycDC1)
sort(table(data_DCl Top) ,decreasing=TRUE) [1:20] #at least repeated<
— b times

#Gene list

Zilionis .mDCl <- list (Zilionis .mDC1)

LiuSpleen .DC1 <- 1list (LiuSpleen .DC1)

Maier .DC1 <- list (Maier.DC1)

DelPrete .DC1l <- list (DelPrete.DC1)

Marmonti .DC1l <- list (Marmonti.DC1)

Gerhard .cDC1 <- list (Gerhard.cDC1)
Villani.DCI1CD141CLEC9A <- list (Villani .DC1CD141CLEC9A)
Ma. Cluster2 <- list (Ma.Cluster?2)

Marciscano .cDC1l <- list (Marciscano.cDC1)

Bosteels . NonMigratorycDC1 <- list (Bosteels.NonMigratorycDC1)

#Calculate expression level
DefaultAssay(object = samplesintegFltDC) <- "SCT"
samplesIntegFltDC <- AddModuleScore(object = samplesintegFltDC, <

— features = Zilionis .mDCl, name = ’Zilionis .mDC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = LiuSpleen .DCl, name = ’LiuSpleen.DC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Maier .DCl, name = ’Maier .DC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
— features = DelPrete .DC1l, name = ’'DelPrete.DC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <+
— features = Marmonti.DC1l, name = ’Marmonti.DC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
<« features = Gerhard.cDC1l, name = ’Gerhard.cDC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslintegFltDC,
— features = Villani.DCICD141CLEC9A, name = ’Villani.<+
— DCI1CD141CLEC9A ")
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
— features = Ma. Cluster2, name = ’'Ma. Cluster2’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
— features = Marciscano.cDC1l, name = ’'Marciscano.cDC1’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Bosteels.NonMigratorycDC1l, name = ’'Bosteels .«

— NonMigratorycDC1 )
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#Save in new assay

samplesintegFltDC [[ ’cdmodule’]] <- CreateAssayObject(data = t(x = «
— FetchData(object = samplesIntegFltDC, vars = c("Zilionis .«
— mDCI11", "LiuSpleen .DC11", "Maier .DC11", "DelPrete.DCI11", "<
— Marmonti.DC11", "Gerhard.cDC1l1", "Villani.DCICD141CLEC9Al", ¢
«— "Ma. Cluster21", "Marciscano.cDC11l", "Bosteels .«

< NonMigratorycDC11"))))

combined_averages <- AverageExpression(samplesintegFltDC, return.<¢

Ll

’integrated_snn_res.0.2’, assays = ’cdmodule’)

seurat = FALSE, features = c("Zilionis .mDC11", "LiuSpleen.<
DC11", "Maier.DC11", "DelPrete.DC11l", "Marmonti.DC11", "<+
Gerhard.cDC11", "Villani.DCI1CD141CLEC9A1", "Ma. Cluster21",
Marciscano.cDC11", "Bosteels.NonMigratorycDC11"), group.by =&

||<_)

write.csv(combined_averages,"~/cDClSignature.csv", row.names=IRUE)

#Generate normalized data
Datos<-read.xlsx("~/DCSignatureExpression. xlsx", sheet = "¢«
<~ cDC1lSignature")

data_new <- Datos[ , unlist(lapply(Datos, is.numeric))]
data_new

str (data_new)

data <- t(scale(t(data_new) ,center=T, scale=T))
datal <- melt(data)

head (datal)

colnames(datal) <- c("Signature", "Cluster", "value")
write.csv(datal,"~/cDC1lSignatureNorm.csv", row.names=ITRUE)
datal<-read.xlsx("~/DCSignatureExpression.xlsx", sheet = "¢

< cDCl1SignatureNorm")

ggplot (datal, aes(x = Cluster, y = Signature, fill = value)) +
geom tile () +

labs(title = "cDCl Signatures comparison",

x = "Cluster",

y = "Signature")+
guides (fill = guide_colourbar(title = "Expression level"))+
scale_fill_gradient2 (high = "brown2", mid = "lemonchiffon",
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— = "royalblue") +

81 theme(axis.text=element_ text(size=16, face="bold"),

82 axis.title=element_text(size=13,face="bold"), title = ¢«
< element_text(size=18,face="bold"))

cDC1 Signatures comparison
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Villani.DC1CD141CLEC9A1 -
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Expression level
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Bosteels.NonMigratorycDC11- -

Cluster 0 Cluster1 Cluster2 Cluster3 Cluster 4
Cluster

Figure C.20: Heatmap c¢DC1 Signatures

Cédigo C.14: R studio code extract — Dendritic cell signature analysis:
cDC2

1 #-- cDC2 --#

2

3 #Load data

4 data_cDC2<-read.xlsx("DCSignatures. xlsx", sheet = "cDC2")
5

6 Zilionis .mDC2 <- data_cDC2[,1]

7 LiuSpleen.DC2 <- data_cDC2[,2]

8 Maier .DC2 <- data_cDC2[, 3]

9 DelPrete.DC2 <- data_cDC2][,4]

10 Marmonti.DC2 <- data_cDC2I[,5]
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Gerhard
Gerhard
Villani
Villani

.cDC2 <- data_cDC2][,6]

.cDC2MoDC <- data_cDC2[,7]
.DC2CDICA <- data_cDC2][,8]
.DC3CDICB <- data_cDC2[,9]

Ma. Cluster3 <- data_cDC2[,10]
Marciscano .cDC2 <- data_cDC2[,11]
Backer .cDC2A <- data_cDC2[,12]
Backer .cDC2B <- data_cDC2[,13]
Backer .InfcDC2 <- data_cDC2[,14]

Bosteels . NonMigratorycDC2 <-

data_cDC2[,15]

Bosteels .InfcDC2 <- data_cDC2[,16]

#Top most repeated genes

data_DC2 Top <- c(Zilionis .mDC2, LiuSpleen .DC2,
— DelPrete .DC2, Marmonti.DC2, Gerhard.cDC2,

— Villani .DC2CDI1CA,

Villani .DC3CDICB, Ma. Cluster3,
— Backer .cDC2A, Backer.cDC2B, Backer.InfcDC2,

— MigratorycDC2, Bosteels.InfcDC2)

sort(table (data_DC2 Top),

— repeated 5 times

#Gene list

Zilionis .mDC2 <- list (Zilionis .mDC2)
LiuSpleen .DC2 <- list (LiuSpleen .DC2)
Maier .DC2 <- list (Maier.DC2)
DelPrete.DC2 <- list (DelPrete.DC2)
Marmonti.DC2 <- list (Marmonti.DC2)

Gerhard
Gerhard
Villani
Villani

.cDC2 <- 1list (Gerhard.cDC2)

.cDC2MoDC <- list (Gerhard .cDC2MoDC)
.DC2CDICA <- list(Villani.DC2CDICA)
.DC3CDICB <- list (Villani.DC3CDICB)

Ma. Cluster3 <- list (Ma.Cluster3)
Marciscano .cDC2 <- list (Marciscano .cDC2)
Backer .cDC2A <- list (Backer.cDC2A)
Backer .cDC2B <- list (Backer.cDC2B)
Backer .InfcDC2 <- list (Backer.InfcDC2)

Bosteels. NonMigratorycDC2 <-

Bosteels .InfcDC2 <- list (Bosteels.InfcDC2)

#Calculate expression level

Maier .DC2, <+
Gerhard .cDC2MoDC, <«

Marciscano .cDC2,
Bosteels .«

decreasing=TRUE) [1:20] #at least <

list (Bosteels . NonMigratorycDC2)

DefaultAssay(object = samplesintegFltDC) <- "SCT"

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
5 features = Zilionis .mDC2, name = ’Zilionis .mDC2’)

samplesIntegFltDC <- AddModuleScore(object = sampleslntegFltDC, <«

141



20

o1

92

93

54

95

o6

o7

o8

99

60

61

62

63
64

65
66

67

—

features = LiuSpleen .DC2, name = ’LiuSpleen .DC2’)

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,

— features = Maier .DC2, name = ’Maier .DC2’)
samplesIntegFltDC <- AddModuleScore(object = samplesIintegFltDC, <
s features = DelPrete.DC2, name = ’'DelPrete . DC2’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Marmonti.DC2, name = ’Marmonti.DC2’)
samplesIntegFltDC <- AddModuleScore(object = sampleslintegFltDC, <
s features = Gerhard.cDC2, name = ’Gerhard.cDC2’)
samplesintegFltDC <- AddModuleScore(object = sampleslintegFltDC,
«» features = Gerhard .cDC2MoDC, name = ’Gerhard .cDC2MoDC’)
samplesIntegFltDC <- AddModuleScore(object = samplesintegFltDC, <«
— features = Villani DC2CDICA, name = ’Villani.DC2CDICA’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
5 features = Villani DC3CDICB, name = ’Villani.DC3CDICB’)
samplesIntegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Ma.Cluster3, name = ’'Ma. Cluster3’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <«
— features = Marciscano.cDC2, name = ’'Marciscano.cDC2’)
samplesintegFltDC <- AddModuleScore(object = samplesIintegFltDC,

>

features = Backer.cDC2A, name = ’Backer.cDC2A’)

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <

—

features = Backer.cDC2B, name = ’Backer.cDC2B’)

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,

>

features = Backer.InfcDC2, name = ’Backer.InfcDC2’)

samplesIntegFltDC <- AddModuleScore(object = samplesIintegFltDC, <

(SN
>

features = Bosteels.NonMigratorycDC2, name = ’'Bosteels.<>
NonMigratorycDC2’)

samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC, ¢

— features =Bosteels.InfcDC2, name = ’'Bosteels.InfcDC2’)

#Save in new assay

samplesintegFltDC [[ 'cdmodule’]] <- CreateAssayObject(data = t(x =
— FetchData(object = sampleslntegFltDC, vars = c(" Zilionis .«
— mDC21", "LiuSpleen .DC21", "Maier .DC21", "DelPrete.DC21", "<
— Marmonti.DC21", "Gerhard.cDC21", "Gerhard.cDC2MoDC1", "<
<~ Villani . DC2CDICAl", "Villani .DC3CDICB1", "Ma.Cluster31", "<«
— Marciscano.cDC21", "Backer.cDC2A1", "Backer.cDC2B1", "Backer<
— .InfcDC21", "Bosteels.NonMigratorycDC21", "Bosteels.InfcDC21<>
— "))))

combined_averages <- AverageExpression(samplesintegFltDC, return.<¢
— seurat = FALSE, features = c("Zilionis .mDC21", "LiuSpleen.<
— DC21", "Maier .DC21", "DelPrete.DC21", "Marmonti.DC21", "¢
<~ Gerhard.cDC21", "Gerhard.cDC2MoDC1", " Villani.DC2CDICAl", "<
— Villani .DC3CDICB1", "Ma.Cluster31", "Marciscano.cDC21", "<«
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— Bosteels.NonMigratorycDC21", "Bosteels.InfcDC21"), group.by <«
— = ’integrated_snn_res.0.2’, assays = ’cdmodule’)
write.csv(combined_averages,"~/cDC2Signature.csv", row.names=IRUE)

#Generate normalized data
Datos<-read.xlsx("~/DCSignatureExpression. xlsx", sheet
<~ cDC2Signature")

data_new <- Datos[ , unlist(lapply (Datos, is.numeric))]

data_new
str (data_new)

data <- t(scale(t(data_new) ,center=T, scale=T))
datal <- melt(data)

head (datal)

colnames(datal) <- c("Signature", "Cluster", "value")
write.csv(datal,"~/cDC2SignatureNorm.csv", row.names=ITRUE)
datal<-read.xlsx("~/DCSignatureExpression.xlsx", sheet

< cDC2SignatureNorm")

ggplot (datal, aes(x = Cluster, y = Signature, fill = value)) +

geom tile () +

labs(title = "cDC2 Signatures comparison",

x = "Cluster",

y = "Signature")+
guides (fill = guide_colourbar(title = "Expression level"))+
scale_fill_gradient2 (high = "brown2", mid = "lemonchiffon",
— = "royalblue") +

theme(axis.text=element_text(size=16, face="bold"),

axis.title=element text(size=13,face="bold"), title

> element text(size=18,face="bold"))
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Figure C.21: Heatmap c¢DC2 Signatures

Cédigo C.15: R studio code extract — Dendritic cell signature analysis: DC3
#-- DC3 --#

#Load data
data_DC3<-read.xlsx ("DCSignatures. xlsx", sheet = "DC3")

Zilionis .mDC3 <- data_DC3[,1]
LiuBlood .CCR7DC <- data_DC3][, 2]
LiuSpleen .CCR7DC <- data_DC3][,3]
Maier .mregDC <- data_DC3][,4]
DelPrete .mregDC <- data_DC3[,5]
Marmonti.mregDC <- data_DC3][,6]
Gerhard .DC3 <- data_DC3[,7]
Marciscano .DC3 <- data_DC3[,8]

#Top most repeated genes
data_DC3 Top<- c(Zilionis .mDC3, LiuBlood .CCR7DC, LiuSpleen .CCR7DC,
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— Maier . mregDC, DelPrete.mregDC, Marmonti.mregDC, Gerhard . DC3¢>
< , Marciscano .DC3)

sort(table(data_DC3 Top),decreasing=TRUE) [1:20] #at least repeated<
— b5 times

#Gene list

Zilionis .mDC3 <- list (Zilionis .mDC3)
LiuBlood .CCR7DC <- list (LiuBlood .CCR7DC)
LiuSpleen .CCR7DC <- list (LiuSpleen .CCR7DC)
Maier .mregDC <- list (Maier.mregDC)
DelPrete .mregDC <- list (DelPrete.mregDC)
Marmonti.mregDC <- list (Marmonti.mregDC)
Gerhard .DC3 <- list (Gerhard.DC3)
Marciscano .DC3 <- list (Marciscano .DC3)

#Calculate expression level
DefaultAssay(object = samplesintegFltDC) <- "SCT"

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <«
— features = Zilionis .mDC3, name = ’Zilionis .mDC3’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = LiuBlood .CCR7DC, name = ’LiuBlood .CCR7DC’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
— features = LiuSpleen .CCR7DC, name = ’LiuSpleen .CCR7DC’)
samplesintegFltDC <- AddModuleScore(object = sampleslintegFltDC,
— features = Maier . mregDC, name = ’Maier .mregDC’)
samplesIntegFltDC <- AddModuleScore(object = samplesIintegFltDC, <
— features = DelPrete.mregDC, name = ’DelPrete.mregDC’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Marmonti.mregDC, name = ’Marmonti.mregDC"’)
samplesIntegFltDC <- AddModuleScore(object = sampleslntegFltDC, <
— features = Gerhard .DC3, name = ’Gerhard .DC3’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
<« features = Marciscano.DC3, name = ’Marciscano.DC3’)

#Save in new assay
samplesintegFltDC [[ ’cdmodule’]] <- CreateAssayObject(data = t(x = «

— FetchData(object = samplesintegFltDC, vars = c(" Zilionis .+
— mDC31", "LiuBlood.CCR7DC1", "LiuSpleen . CCR7DCl", "Maier.<>
— mregDC1", "DelPrete.mregDC1l", "Marmonti.mregDC1", "Gerhard.<>
— DC31", "Marciscano.DC31"))))

combined_averages <- AverageExpression(samplesintegFltDC, return.<
— seurat = FALSE, features = c("Zilionis .mDC31", "LiuBlood .«
— CCR7DC1", "LiuSpleen .CCR7DC1", "Maier .mregDCl", "DelPrete.<
— mregDC1", "Marmonti.mregDC1", "Gerhard.DC31", "Marciscano.<>
— DC31"), group.by = ’integrated_snn_res.0.2’, assays = ’'¢
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write.csv(combined_ averages,"~/DC3Signature.csv", row.names=IRUE)

#Generate normalized data
Datos<-read.xlsx("~/DCSignatureExpression. xlsx", sheet
— DC3Signature")

data_new <- Datos[ , unlist(lapply (Datos, is.numeric))]

data_new
str (data_new)

data <- t(scale(t(data_new) ,6center=T, scale=T))
datal <- melt(data)

head(datal)

colnames(datal) <- c("Signature", "Cluster", "value")
write.csv(datal,"~/DC3SignatureNorm.csv", row.names=IRUE)
datal<-read.xlsx("~/DCSignatureExpression. xlsx", sheet

— DC3SignatureNorm")

ggplot(datal, aes(x = Cluster, y = Signature, fill = value)) +

geom_ tile () +

labs(title = "DC3 Signatures comparison",

x = "Cluster",

y = "Signature")+
guides(fill = guide_colourbar(title = "Expression level"))+
scale_fill_gradient2(high = "brown2", mid = "lemonchiffon",
— = "royalblue") +

theme(axis.text=element text(size=16, face="bold"),

axis.title=element_ text(size=13,face="bold"), title

> element_text(size=18,face="bold"))
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Figure C.22: Heatmap DC3 Signatures

Cédigo C.16: R studio code extract — Dendritic cell signature analysis: pDC
#-- pDC --#

#Load data
data_pDC<-read . xlsx ("DCSignatures. xlsx", sheet = "pDC")

Zilionis .mpDC <- data_pDCI[,1]
LiuBM.pDC <- data_pDCI ,2]
LiuBlood .pDC <- data_pDC], 3]
LiuSpleen .pDC <- data_pDC]I ,4]
Maier .pDC <- data_pDCI[,5]
DelPrete .pDC <- data_pDC]I,6]
Gerhard .pDC <- data_pDC[, 8]
Villani.DC6pDC <- data_pDCI,9]
Marciscano .pDC <- data_pDC/[,10]
Bosteels .pDC <- data_pDC[,11]
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#Top most repeated genes

data_pDC _Top<- c(Zilionis .mpDC, LiuBM.pDC, LiuBlood.pDC, LiuSpleen<
— .pDC, Maier.pDC, DelPrete.pDC, Gerhard.pDC, Villani.DC6pDC, <
— Marciscano .pDC, Bosteels .pDC)

sort(table(data_pDC_Top) ,decreasing=TRUE) [1:20] #at least repeated<—
— 6 times

#Gene list

Zilionis .mpDC <- list (Zilionis .mpDC)

LiuBM.pDC <- list (LiuBM.pDC)

LiuBlood .pDC <- list (LiuBlood .pDC)
LiuSpleen .pDC <- list (LiuSpleen .pDC)
Maier .pDC <- list (Maier.pDC)

DelPrete .pDC <- list (DelPrete.pDC)
Gerhard .pDC <- list (Gerhard .pDC)
Villani .DC6pDC <- list (Villani.DC6pDC)
Marciscano .pDC <- list (Marciscano .pDC)
Bosteels .pDC <- list (Bosteels .pDC)

#Calculate expression level
DefaultAssay(object = samplesintegFltDC) <- "SCT"

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features = Zilionis .mpDC, name = ’Zilionis .mpDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = LiuBM.pDC, name = ’LiuBM.pDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = LiuBlood .pDC, name = ’LiuBlood.pDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = LiuSpleen .pDC, name = ’LiuSpleen .pDC’)
samplesIntegFltDC <- AddModuleScore(object = samplesIintegFltDC,
— features = Maier .pDC, name = ’Maier.pDC"’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = DelPrete.pDC, name = ’DelPrete.pDC’)
samplesIntegFltDC <- AddModuleScore(object = samplesintegFltDC,
< features = Gerhard.pDC, name = ’Gerhard .pDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = Villani.DC6pDC, name = ’Villani .DC6pDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC,
— features = Marciscano.pDC, name = ’Marciscano .pDC”’)
samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC,
— features =Bosteels .pDC, name = ’Bosteels .pDC’)
#Save in new assay
samplesIntegFltDC [[ ’cdmodule’]] <- CreateAssayObject(data = t(x =
— FetchData(object = sampleslntegFltDC, vars = c(" Zilionis .«
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— mpDC1", "LiuBM.pDC1l", "LiuBlood.pDC1l", "LiuSpleen.pDC1l",
— Maier .pDC1", "DelPrete.pDCl", "Gerhard.pDCl", "Villani

— DC6pDC1", "Marciscano.pDC1l", "Bosteels.pDC1"))))

l|<_,

L

combined_averages <- AverageExpression(samplesintegFltDC, return.<

— seurat = FALSE, features = c("Zilionis .mpDC1", "LiuBM.pDCl", ¢+

N
s
s
(SN

assays = ’cdmodule’)

#Generate normalized data

Datos<-read.xlsx("~/DCSignatureExpression. xlsx", sheet = "¢
— pDCSignature")

data_new <- Datos[ , unlist(lapply (Datos, is.numeric))]

data_new

str (data_new)

data <- t(scale(t(data_new) ,center=T, scale=T))

datal <- melt(data)

head(datal)

colnames(datal) <- c("Signature", "Cluster", "value")

write.csv(datal,"~/pDCSignatureNorm.csv", row.names=IRUE)

datal<-read.xlsx("~/DCSignatureExpression.xlsx", sheet = "«

— pDCSignatureNorm" )

geom_tile () +

theme(axis.text=element text(size=16, face="bold"),

axis.title=element_text(size=13,face="bold"), title
> element text(size=18,face="bold"))
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"Bosteels .pDC1"), group.by = ’integrated_snn_res.0.2’,

labs(title = "pDC Signatures comparison",

x = "Cluster",

y = "Signature")+
guides(fill = guide_colourbar(title = "Expression level"))+
scale_fill_gradient2 (high = "brown2", mid = "lemonchiffon",
— = "royalblue") +

"LiuBlood .pDC1", "LiuSpleen.pDC1", "Maier.pDCl", "DelPrete.<>
pDC1", "Gerhard.pDC1", " Villani.DC6pDC1", "Marciscano.pDC1l" , <«

<_‘:

.csv (combined_averages ,"~/pDCSignature.csv", row.names=ITRUE)

ggplot (datal, aes(x = Cluster, y = Signature, fill = value)) +

low <«

H
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Figure C.23: Heatmap pDC Signatures

Cédigo C.17: R studio code extract — Dendritic cell signature analysis:

MoDC
#-- MoDC --#

#lL.oad data

data_MoDC<-read . xlsx ("DCSignatures. xlsx", sheet =

Marmonti .moDC <- data_MoDC] , 2]
Gerhard .cDC2MoDC <- data_ MoDC]| , 3]
Marciscano .MoDC <- data_MoDC]| , 4]
Backer .MoDC <- data_MoDC]I ,5]

#Top most repeated genes

n MODC n )

data_MoDC Top<- c(Marmonti.moDC, Gerhard.cDC2MoDC, Marciscano .MoDC«

< , Backer .MoDC)

sort(table(data_MoDC Top) ,decreasing=TRUE) [1:10] #at least <

— repeated 2 times
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#Gene list

Marmonti . moDC <- list (Marmonti.moDC)
Gerhard .cDC2MoDC <- list (Gerhard .cDC2MoDC)
Marciscano .MoDC <- list (Marciscano .MoDC)
Backer .MoDC <- list (Backer.MoDC)

#Calculate expression level
DefaultAssay(object = samplesintegFltDC) <- "SCT"

samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC

— features = Marmonti.moDC, name = ’Marmonti.moDC’)

samplesintegFltDC <- AddModuleScore(object = sampleslntegFltDC
<« features = Gerhard .cDC2MoDC, name = ’Gerhard .cDC2MoDC’)
samplesintegFltDC <- AddModuleScore(object = samplesintegFltDC

— features = Marciscano.MoDC, name = ’Marciscano.MoDC’)

samplesIntegFltDC <- AddModuleScore(object = sampleslntegFltDC

s features = Backer .MoDC, name = ’Backer .MoDC’)

#Save in new assay

samplesIntegFltDC [[ ’cdmodule’]] <- CreateAssayObject(data
< FetchData(object = sampleslntegFltDC, vars = c("Marmonti.<>
"Backer. <+

— moDC1", "Gerhard.cDC2MoDC1", "Marciscano .MoDC1",
— MoDC1"))))

combined_averages <- AverageExpression(samplesintegFltDC,

—» seurat = FALSE, features = c("Marmonti.moDC1", "Gerhard.<>

— cDC2MoDC1", "Marciscano.MoDC1l", "Backer.MoDCl"), group.by

— ’integrated_snn_res.0.2’, assays = ’cdmodule’)
write.csv(combined_averages ,"~/MoDCSignature.csv", row.names=ITRUE)

#Generate normalized data
Datos<-read.xlsx("~/DCSignatureExpression. xlsx", sheet
— MoDCSignature")

data_new <- Datos[ , unlist(lapply (Datos, is.numeric))]
data_new

str (data_new)

data <- t(scale(t(data_new) ,center=T, scale=T))
datal <- melt(data)

head(datal)

colnames(datal) <- c("Signature", "Cluster", "value")
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write.csv(datal,"~/MoDCSignatureNorm.csv", row.names=IRUE)

datal<-read.xlsx("~/DCSignatureExpression. xlsx",

— MoDCSignatureNorm" )

sheet

“P

ggplot (datal, aes(x = Cluster, y = Signature, fill = value)) +

geom tile () +

labs(title = "MoDC Signatures comparison",

x = "Cluster",

y = "Signature")+
guides(fill = guide_colourbar(title = "Expression level"))+
scale_fill_gradient2(high = "brown2", mid = "lemonchiffon", low <
— = "royalblue") +

theme(axis.text=element_ text(size=16, face="bold"),

axis.title=element_text(size=13,face="bold"),
<~ element_text(size=18,face="bold"))
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Figure C.24: Heatmap MoDC Signatures
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Cédigo C.18: R studio code extract — Dendritic cell subpopulation division
1 #-- New classification --#

2 samplesintegF1ltDC <- Renameldents(object = samplesIintegFltDC, 0 = «
— cDC2, 1 = DC3, 2 = cDC1l, 3 = MoDC, 4 = pDC)

3

4

DimPlot (samplesIntegFltDC,

reduction = "umap", label = FALSE, pt.<¢
— size = 1.5, cols =

my_ colors, label.size = 6) + ggtitle ('«
— Dendritic cells subpopulations’)

Dendritic cells subpopulations
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Figure C.25: Dendritic cells subpopulations
Cédigo C.19: R studio code extract — Dendritic cells Barplot
1
2 samplesIntegFltDC [[ " Subpopulation"]] <- samplesintegFltDC®@meta.<+
— data$integrated_snn_res.0.2
3 dittoBarPlot(object = sampleslntegFltDC, scale = "percent", var = ¢
— "Subpopulation", group.by = "Treatment", color.panel = my <>
5 colors, x.labels = c("Untreated", "Treated"), xlab = "<«
— Condition", main = "")
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Annex D. Monocyte/Macrophages mice analysis code

Cédigo D.1: R studio code extract — Quality Control Monocyte/-
Macrophages Part 1

H------ Monocyte/Macrophages analysis ----- #

#- Separate cell by sample -#

samplesIntegrated_MoMa. list <- SplitObject(samplesintegrated_MoMa,
— split.by = "orig.ident")

Untreatedl <-samplesIintegrated_MoMa. list [[1]]

Untreated2<-samplesIntegrated_MoMa. list [[2]]

Treatedl <-samplesIntegrated_MoMa. list [[3]]

Treated2<-samplesIntegrated_MoMa. list [[4]]

#- Check nFeature distribution with Histograms -#

Untreatedl <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl %% ggplot () + geom_ histogram (aes(x=nFeature_RNA), bins¢+
— =100) + geom_vline(xintercept = 2000) + ggtitle(’Untreatedl '«
— )

Untreated2 <-FetchData(Untreated2, vars=c("nFeature_ RNA"))

Untreated2 %% ggplot () + geom_ histogram (aes(x=nFeature RNA), bins<+
< =100) + geom_vline(xintercept = 2000) + ggtitle(’Untreated?2 <>
— )

Treatedl <-FetchData(Treatedl, vars=c("nFeature RNA"))
Treatedl %% ggplot () + geom_ histogram (aes(x=nFeature_RNA), bins<
— =100) + geom_vline(xintercept = 2000) + ggtitle(’Treatedl’)

Treated2 <-FetchData(Treated2, vars=c("nFeature RNA"))

Treated2 %% ggplot () + geom histogram (aes(x=nFeature_RNA), bins«
— =100) + geom_vline(xintercept = 2000) + ggtitle( Treated2’)
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Figure D.1: Histogram of the number of features expressed vs number of
cells for Monocyte/Macrophages Untreated sample 1
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Figure D.2: Histogram of the number of features expressed vs number of
cells for Monocyte/Macrophages Untreated sample 2
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Figure D.3: Histogram of the number of features expressed vs number of
cells for Monocyte/Macrophages Treated sample 1
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Figure D.4: Histogram of the number of features expressed vs number of
cells for Monocyte/Macrophages Treated sample 2
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Cédigo D.2: R studio code extract — Quality Control Monocyte/-
Macrophages Part 2

#- Quality Control with Scatter plots -#
Untreatedl <-samplesintegrated_MoMa. list [[1]]
Untreated2<-samplesIntegrated_MoMa. list [[2]]
Treatedl <-samplesIntegrated_MoMa. list [[3]]
Treated2<-samplesIntegrated_MoMa. list [[4]]

#- Untreated 1 -#

#Logarithmic data

logMT <-FetchData(Untreatedl, vars=c("percent.mt"))
nFeature <-FetchData(Untreatedl, vars=c("nFeature RNA"))

Untreatedl [[ "logMT"]] <- logl0(logMT)
Untreatedl [[ "logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Untreatedl , featurel="nFeature RNA", feature2+«
— ="percent.mt", group.by = "orig.ident") + geom_ hline (+
— yintercept=10) + ggtitle(’Untreatedl’) + geom_ vline (+
— xintercept = 2000)

p2 <- FeatureScatter(Untreatedl , featurel="logFeature", feature2="+«
— logMT", group.by = "orig.ident") 4+ geom_ hline(yintercept=1) «
— + ggtitle(’Untreatedl’) + geom_ vline(xintercept = 3.301)

pl+p2

#Create subset with new data
Untreatedl <- subset(Untreatedl, subset = nFeature RNA > 2000)

#- Untreated 2 -#

#Logarithmic data

logMT <-FetchData(Untreated2, vars=c("percent.mt"))
nFeature <-FetchData(Untreated2, vars=c("nFeature RNA"))

Untreated2 [[ "logMT"]] <- logl0(logMT)
Untreated2 [[ "logFeature"]] <- loglO(nFeature)

#Initial Scatter plots

pl <- FeatureScatter (Untreated2, featurel="nFeature RNA", feature2+«
— ="percent.mt", group.by = "orig.ident") + geom hline (&
— yintercept=10) + ggtitle(’Untreated2’) + geom_ vline (+
— xintercept = 2000)

p2 <- FeatureScatter(Untreated2, featurel="logFeature", feature2="+«
— logMT", group.by = "orig.ident")+ geom_hline(yintercept=1) ++
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— ggtitle(’Untreated2’) + geom vline(xintercept = 3.301)

pl+p2

#Create subset with new data

Untreated2 <- subset(Untreated2, subset = nFeature RNA > 2000)

#- Treated 1 -#

#Logarithmic data

logMT <-FetchData(Treatedl, vars=c("percent.mt"))
nFeature <-FetchData(Treatedl, vars=c("nFeature RNA"))

Treatedl [[ "logMT"]] <- logl0 (logMT)
Treatedl [[ "logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter (Treatedl, featurel="nFeature RNA", feature2="+«
<~ percent.mt", group.by = "orig.ident") + geom_ hline (+
— yintercept=7) + ggtitle(’ Treatedl’) + geom_ vline(xintercept <
— = 2000)

p2 <- FeatureScatter(Treatedl, featurel="logFeature", feature2="«
— logMT", group.by = "orig.ident") + geom hline(yintercept+«
— =0.85) + ggtitle(’Treatedl’) + geom_ vline(xintercept = ¢
— 3.301)

pl+p2

#Create subset with new data

Treatedl <- subset(Treatedl, subset = nFeature RNA > 2000)

#- Treated 2 -#

#Log graphics

logMT <-FetchData(Treated2, vars=c("percent.mt"))

nFeature <-FetchData(Treated2, vars=c("nFeature RNA"))

Treated2 [[ "logMT"]] <- loglO (logMT)

Treated2 [["logFeature"]] <- loglO(nFeature)

#Scatter plots

pl <- FeatureScatter(Treated2, featurel="nFeature RNA", feature2="<
— percent.mt", group.by = "orig.ident") + geom_ hline (+
< yintercept=8) + ggtitle(’ Treated2’) + geom vline(xintercept <«
— = 2000)

p2 <- FeatureScatter(Treated2, featurel="logFeature", feature2="«
— logMT", group.by = "orig.ident") + geom_hline(yintercept+«
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— =0.9) + ggtitle( Treated2’) + geom_ vline(xintercept = 3.301)
pl+p2

#Create subset with new data

Treated2 <- subset(Treated2, subset = nFeature RNA > 2000)

a) Untreated1 b) Untreated1

Identity 3
+ Untreated1 ~

Identity
* Untreated1

05

[] 2500 5000 7500 25 30 35 a0
nFeature_RNA logFeature

Figure D.5: Scatter plot of Monocyte/Macrophages Untreated sample 1 of
mitochondrial gene content versus number of features expressed. a) Scatter
plot with raw data values. b) Scatter plot with logarithmic values.
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Figure D.6: Scatter plot of Monocyte/Macrophages Untreated sample 2 of
mitochondrial gene content versus number of features expressed. a) Scatter
plot with raw data values. b) Scatter plot with logarithmic values.
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Figure D.7: Scatter plot of Monocyte/Macrophages Treated sample 1 of
mitochondrial gene content versus number of features expressed. a) Scatter
plot with raw data values. b) Scatter plot with logarithmic values.
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Figure D.8: Scatter plot of Monocyte/Macrophages Treated sample 2 of
mitochondrial gene content versus number of features expressed. a) Scatter
plot with raw data values. b) Scatter plot with logarithmic values.

Codigo D.3: R studio code extract — Monocyte/Macrophages Integration

#Ho-- o #

Integration

samplesMoMa. list <-

s Treated?2)

list (Untreatedl, Untreated2, Treatedl,6 <

#- Normalice samples -#

samplesMoMa. list <- lapply(X= samplesMoMa.list , FUN = function (x){

x <- SCTransform(object X, vars.to.regress = "percent.mt", <
< verbose = FALSE, variable.features.n = 5000)1})
#- Select integration features and prepare for integration -#
samplesMoMa. features <- SelectIntegrationFeatures(object.list = ¢«

< samplesMoMa. list )
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samplesMoMa. list <- PrepSCTIntegration(object.list = samplesMoMa.<

< list , anchor.features = samplesMoMa. features)

#- Select integration anchors -#

samplesMoMa. anchors <- FindIntegrationAnchors(object.list = ¢«
— samplesMoMa.list , normalization.method = "SCT", anchor.<
— features = samplesMoMa. features)
save (samplesMoMa . anchors, file=file .path("~/",6 "samplesMoMa.anchors<>

— .rdata"))

#- Integrate -#

samplesintegFltMoMa <- IntegrateData(anchorset = samplesMoMa. <+
5 anchors, normalization.method = "SCT")

saveRDS (samplesintegFltMoMa , "samplesIintegFltMoMa .rds")

Cédigo D.4: R studio code extract — Monocyte/Macrophages linear reduc-
tion
#- PCA reduction -#
samplesintegFltMoMa <- RunPCA(samplesintegFltMoMa, npcs = 50, <«
< verbose=F)

#Elbow plot

ElbowPlot (samplesIntegFltMoMa , ndims = 50, reduction = "pca") + &
— ggtitle ("Elbow plot Integrated MoMa data")
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Figure D.9: Elbow plot Monocyte/Macrophages

Cédigo D.5: R studio code extract — Monocyte/Macrophages non-linear

reduction

#- UMAP Reduction -#
samplesintegFltMoMa <- RunUMAP(samplesIintegFltMoMa, dims=1:40, ¢«

< verbose=F)

#IMAP by Condition

DimPlot (samplesintegFltMoMa, reduction = "umap", group.by = '+
< Treatment’, pt.size = 1.5) + ggtitle("Integrated MoMa UMAP <
< divided by Condition") + scale_color_manual(labels = c("<«>
— Untreated", "Treated"), values = c("#F8766D", "#00bfc4"))

#IMAP by Sample
DimPlot (samplesIntegFltMoMa, reduction = "umap", group.by = ’orig.<
— ident’, pt.size = 1.5) + ggtitle("Integrated MoMa UMAP <
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— divided by Sample") + scale_color_manual(labels = c("«
— Untreatedl" ,"Untreated2", "Treatedl", "Treated2"), values
<~ my_colors)

Integrated MoMa UMAP divided by Condition

® Untreated
® Treated

5 0 5
UMAP_1

Figure D.10: UMAP of Monocyte/Macrophages divided by Condition
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Figure D.11: UMAP of Monocyte/Macrophages divided by Sample

Cédigo D.6: R studio code extract — Monocyte/Macrophages clustering

1 #--- Clustering ---#

2 DefaultAssay(object = samplesintegFltMoMa) <- "integrated"

3

4 samplesintegFltMoMa <- FindNeighbors(samplesIintegFltMoMa, dims = ¢«
— 1:50, verbose = FALSE)

)

6 samplesintegFltMoMa <- FinMoMalusters(samplesIntegFltMoMa, ¢
— resolution = 0)

7 DimPlot(samplesIintegFltMoMa, reduction = "umap", label = TRUE, pt.<+
< size = 1, cols = my colors) + ggtitle(’Resolution 0 Monocyte«
< /Macrophages’)

8

9 samplesintegFltMoMa <- FinMoMalusters(samplesIntegFltMoMa, ¢
— resolution = 0.1)

10 DimPlot(samplesintegFltMoMa, reduction = "umap", label = TRUE, pt.<¢
— size = 1, cols = my colors) + ggtitle(’Resolution 0.1 <«

— Monocyte/Macrophages’)

11
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samplesintegFltMoMa <- FinMoMalusters(samplesintegFltMoMa , <

— resolution = 0.2)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’Resolution 0.2 <

— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(samplesintegFltMoMa , <

— resolution = 0.3)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’Resolution 0.3 ¢

— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(samplesintegFltMoMa , <

— resolution = 0.4)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’Resolution 0.4 <«

< Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(sampleslntegFltMoMa , <

<~ resolution = 0.5)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’Resolution 0.5 <

— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(samplesintegFltMoMa, <

— resolution = 0.6)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’ Resolution 0.6 <

— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(sampleslntegFltMoMa , <

— resolution = 0.7)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
<~ size = 1, cols = my colors) + ggtitle(’ Resolution 0.7 <

— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(samplesIintegFltMoMa, <

— resolution = 0.8)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
— size = 1, cols = my colors) + ggtitle(’Resolution 0.8 <

— Monocyte/Macrophages’)
samplesintegFltMoMa <- FinMoMalusters(samplesIintegFltMoMa, <

— resolution = 0.9)
DimPlot (samplesIintegFltMoMa, reduction = "umap", label = TRUE,
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— size = 1, cols = my colors) + ggtitle(’Resolution 0.9 <«
— Monocyte/Macrophages’)

samplesintegFltMoMa <- FinMoMalusters(samplesIintegFltMoMa, <

— resolution = 1.0)
DimPlot (samplesintegFltMoMa, reduction = "umap", label = TRUE, pt.<¢
— size = 1, cols = my colors) + ggtitle(’Resolution 1.0 <

— Monocyte/Macrophages’)

clustree (samplesIintegFltMoMa)
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Figure D.12: Monocyte/Macrophages Clustree

Cédigo D.7: R studio code extract — Remosion of contaminant Granulocytes

1

2 #-- Remove granulocyte contaminants --#

3 samplesintegFltMoMa <- FindClusters(samplesintegFltMoMa, <
— resolution = 0.7)

4 DimPlot(samplesIintegFltMoMaNew , reduction = "umap", label = FALSE, ¢+
— pt.size = 1, cols = my colors) + ggtitle(’Resolution 0.7 <«
— Monocyte/Macrophages cells ’)

)
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DefaultAssay(object = sampleslntegFltMoMa) <- "SCT"
VinPlot (samplesIintegFltMoMa, features = "Mmp9", pt.size = 0, cols ¢

— = my colors)

ContaminantGranu <- subset(sampleslntegFltMoMa, idents= 12, invert+
— =FALSE)

samplesintegFltMoMa <- subset (samplesintegFltMoMa, idents= 12, <
— invert=TRUE)

saveRDS (ContaminantGranu, "ContaminantGranu.rds")

saveRDS (samplesintegFltMoMa , "samplesIintegFltMoMaNoCont .rds")

DimPlot (samplesintegFltMoMa, reduction = "umap", label = FALSE, pt<«
— .size = 1, cols = my colors) + ggtitle(’Resolution 0.7 <
— Monocyte/Macrophages cells ’)

DimPlot (ContaminantGranu, reduction = "umap", label = FALSE, pt.<«

— size = 1, cols = "salmon4") + ggtitle (’Contaminant <
< Granulocytes’)

#New Clustree
clustree (samplesIintegFltMoMa)
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Figure D.13: Integrated Monocyte/Macrophages cells UMAP resolution 0.7
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Figure D.14: Mmp9 violin plot
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Figure D.15: Contaminant granulocytes clusters
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Resolution 0.7 Monocyte/Macrophages cells
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Figure D.16: New integrated Monocyte/Macrophages cells UMAP resolu-
tion 0.7 without contaminants
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Figure D.17: New Monocyte/Macrophages Clustree without contaminants

Cédigo D.8: R studio code extract — Monocyte/Macrophages density plot

#--- Density plot ---#
DefaultAssay(object = samplesIintegFltMoMa) <- "SCT"

sampsList <- SplitObject(samplesIntegFltMoMa, split
— Treatment")

MoMa Untreated <-sampsList [[1]]
MoMa Treated <-sampsList [[2]]
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saveRDS (MoMa_Untreated , "MoMa_Untreated .rds")
saveRDS (MoMa_Treated , "MoMa_ Treated .rds")

#- Normal -#
p <-DimPlot(samplesintegFltMoMa, group.by = "Treatment", reduction+<
— = "umap")

#Prepare data

data <- data.frame(samplesIintegFltMoMa®@meta.data)
data$UMAP1l <- Embeddings(samplesintegFltMoMa, "umap")[,1]
data$UMAP2 <- Embeddings(samplesintegFltMoMa, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_ point (colour="#00000000") +
stat_density_2d(aes(fill = stat(level)), geom = "polygon", bins+
— =25) +
scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢«
< darkolivegreen3",6"goldenrodl" ,6"red")) +
xlim (c(-10, 10)) + ylim(c(-10, 10)) +
#facet_wrap(~Treatment, ncol=3)+
theme classic () + ggtitle("Density") +
theme(plot.title = element_text(hjust = 0.5), text = element_ <
— text(size = 14))
density_plot
#- density 2: Unreated -#

#Prepare data

data <- data.frame(MoMa Untreated@meta.data)
data$UMAP1l <- Embeddings(MoMa Untreated , "umap")[,1]
data $UMAP2 <- Embeddings(MoMa Untreated , "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot_2 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins<«
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— =25) +

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "¢

< darkolivegreen3",6"goldenrodl","red")) +

xlim(c(-10, 10)) + ylim(c(-12, 10)) +

facet_wrap(~Treatment, ncol=3)+

theme classic () + ggtitle("Untreated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<¢
— text(size = 14))

density_plot_2
#- density 3: Treated -#

#Prepare data

data <- data.frame(MoMa Treated@meta.data)
data$UMAP1 <- Embeddings(MoMa Treated, "umap")[,1]
data$UMAP2 <- Embeddings(MoMa Treated, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.
data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot
density_plot_3 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +

geom_point (colour="#00000000") +

stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins«+
— =25) +

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue", "<

— darkolivegreen3",6 "goldenrodl" ,f "red")) +

xlim(c(-10, 10)) + ylim(c(-12, 10)) +

facet_wrap(~Treatment, ncol=3)+

theme classic () + ggtitle("Treated Density plot") +
theme(plot.title = element_text(hjust = 0.5), text = element_<+
— text(size = 14))

density_plot_3

plot_grid(p, density_plot, density_plot_2, density_plot_3, ncol=2)
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Figure D.18: Monocyte/Macrophages density plots

Cédigo D.9: R studio code extract — Monocyte/Macrophages differential
gene expression analysis

DefaultAssay(object = samplesIintegFltMoMa) <- "integrated"

samplesintegFltMoMa <- FindClusters(samplesintegFltMoMa, ¢
— resolution = 0.7)

samplesintegFltMoMa . markers<- FindAllMarkers(sampleslntegFltMoMa, <
— only.pos = TRUE, min.pct = 0.25, logfc.threshold = 0.25)

toplOMarkers <- samplesintegFltMoMa .markers %% group_by(cluster) <«
— %% top_n(n=10, wt=avg_log2FC)

top_10<- unique(toplOMarkers$gene)

DotPlot(samplesIintegFltMoMa, features = top_10, cols=c("royalblue"«
< , "brown2")) 4+ RotatedAxis() + ggtitle(’Resolution 0.7 <
— markers’)

write.csv (samplesIntegFltMoMa . markers, "~/samplesintegFltMoMa .+
<~ markers.csv", row.names=ITRUE)

177



10

11

12

13

14

15

16

Resolution 0.7 markers

Defaul

pl <-
[SEEN
< -
SN
< -
N
< -
N
N
< -
SN
< -
[SEEN
< -
SN
< -
N
p9 <-

N
plo <-

—
pll <-

—
pl2 <-

—
pl3 <-

SN
pld <-

—

p2

p3

p4

p6

p7

P8

¢ «.000000000c0 . .. .
ce@esesc-coe © 8. 000000000000 cc0e s 0sccnc c0sasec 00

S Y S )
Qﬁﬁ*%@@%@%§§@§§3&ﬁ¢§$

Figure D.19: Monocyte/Macrophages resolution 0.7 Dotplot

Cédigo D.10: R studio code extract — Monocyte/Macrophages gene expres-

sion analysis

tAssay(object = samplesintegFltMoMa) <- "SCT"
FeaturePlot (samplesintegFltMoMa, features = ’Csflr’, min.<+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Ly6c2’, min.<«
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Spn’, min.<+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Rps8’, min.<«
cutoff = 3.2, pt.size = 2, max.cutoff = 10, cols = c("+
royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Ednrb’, min.<
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesintegFltMoMa, features = ’Sell’, min.<+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = 'H2-Aa’, min.<«
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesintegFltMoMa, features = ’Apoe’, min.<
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Hmoxl’, min.<
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Fcrls’, min.<+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesIintegFltMoMa, features = ’'Cxcl9’, min.<«
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesintegFltMoMa, features = ’'Pdgfc’, min.+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesintegFltMoMa, features = ’Ifitl’, min.+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
FeaturePlot (samplesintegFltMoMa, features = ’'Mki67’, min.+
cutoff = 0, pt.size = 2, cols = c("royalblue", "brown2"))
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pl5 <- FeaturePlot(samplesIintegFltMoMa,

— cutoff = 0,

— cutoff = 0,

plot_grid (pl, p2,

— pl4, pl5, pl6,

Csfir

pt.size = 2,
plé <- FeaturePlot(samplesintegFltMoMa,
pt.size = 2,

p4, pb5,
ncol=4)

Ly6c2

cols

cols

p7,

features

features

P9,

Spn

"Itgax

c("royalblue",

c("royalblue",

pll,

, min.<&>
"brown2"))

'F1t3
"brown2"))

min . <
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Figure D.20: Caption

[]
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Cédigo D.11: R studio code extract — Monocyte/Macrophages trajectory

analysis using Monocle 3

#--- MONOCLE 3 Trajectory ---#

#Transform Seurat object to Monocle object

monocle_object <- as.cell_data_set (samplesintegFltMoMa)

179



© 00 3 O

10

12
13

14
15
16
17
18
19
20
21
22

23
24
25
26
27
28
29
30
31
32
33

34
35
36
37

38
39
40
41
42

43
44

#-- Retrieve Seurat information --#
#get cell metadata
colData(monocle_object)

#get gene metadata
fData(monocle_object)
rownames (fData(monocle_object)) [1:10]

fData (monocle_object)$gente_short_name <- rownames(fData(monocle_ <

<> object))
fData(monocle_object)

#get counts

counts (monocle_object)
#-- Retrive clusterization from Seurat ---#

#assign partitions
recreate . partition <- c(rep(l,length(monocle <
— object@colData®@rownames)))
names(recreate . partition) <- monocle_object@colData®@rownames
recreate. partition <- as.factor(recreate.partition)

monocle_object@clusters$UMAP$ partitions <- recreate.partition
#assign cluster info from Seurat

list_cluster <-sampleslntegFltMoMaQactive.ident
monocle_object@clusters $UMAP$ clusters <- list_cluster
#assign UMAP coordinate - cell embedings
monocle_object@int_colData®listData$reducedDims$UMAP <- <

— samplesintegFltMoMa®reductions$umap®@cell . embeddings

#-- Learn trajectory graph --#

monocle_object <- learn_graph(monocle_object, use_partition = TRUE:

— )

#-- Order cells in pseudo-time --#

#assign begining of timeline

monocle_object <- order_cells(monocle _object, reduction_method =
— UMAP’, root_cells = colnames(monocle_object[, clusters (<
< monocle_object)==4]))

#plot by pseudo-time
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45 plot_cells (monocle object, color_cells_by = ’pseudotime’, label_ <

46

47

— groups_by_cluster = FALSE,

label_branch_points= FALSE, label_roots = FALSE, label_ <>
— leaves = FALSE ,

cell_size = 1.5, trajectory_graph_color = "black", <«
— trajectory_graph_segment_ size = 1.5) + scale_color_gradient2+«
— (high="brown2", low = "white")
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Figure D.21: Monocyte/Macrophages trajectory using Monocle3

Cédigo D.12: R studio code extract — Monocyte/Macrophages subpopula-
tion division

New classification --#

2 samplesintegFltMoMa <- Renameldents(object = samplesintegFltMoMa, <
<~ 0= Monocyte-Derived Mac,1=Rps8 Mono, 2=Ednrb Mono, 3=Fcrls <

— Mac, 4=Sell Mono,

3 5= Cycling Mac,6=Cxcl9 Mac, 7=+
— Monocyte-Derived DC (F1t3-), 8=Pdgfc Mac, 9=IFN Mac,

4 10=Mreg, ll=Resident Mono)

)

6 DimPlot(samplesintegFltMoMa, reduction = "umap", label = FALSE, pt«+
<~ .size = 1.5, cols = my colors, label.size = 6) + ggtitle(’«

— Monocyte/Macrophages subpopulations’)
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Figure D.22: Monocyte/Macrophages subpopulations

o

Codigo D.13: R studio code extract — Monocyte/Macrophages Barplots

1

2 samplesintegFltMoMa [[ "Subpopulation"]]

— .data$integrated_snn_res.0.7

3 dittoBarPlot(object = samplesintegFltMoMa,
~ = "Subpopulation", group.by = "Treatment",
— colors, x.labels = c("Untreated",
— Condition", main = "")
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Figure D.23: Barplot of Monocyte/Macrophages subpopulations percentage
by Conditions

Cédigo D.14: R studio code extract — Macrophage subset separation

2 #- Macrophage subset -#
3 samplesIintegFltMa <- subset(samplesintegFltMoMa, idents=c("«

<~ Monocyte- Derived Mac", "Fcrls Mac", "Cycling Mac","Cxcl9 Macs>
< " ,"Pdgfc Mac", "IFN Mac","Mreg"), invert=FALSE)

4

5 my colorsMa=c("darkviolet",6"goldenrodl", "green3", "darkorangel"',6 <+
— "mediumvioletred" ,"brownl", "blued4")

6

7 DimPlot(samplesintegFltMa, reduction = "umap", label = FALSE, pt.<+
— size = 1.5, cols = my colorsMa, label.size = 6) + ggtitle(’«
— Macrophages subpopulations’)

8

9 #- Divided by Condition -#
10 samplesIntegFltMa.list <- SplitObject(samplesintegFltMa, split.by <
— = "Treatment")
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Ma Untreated <-samplesIntegFltMa. list [[1]]

Ma Treated <-samplesIintegFltMa . list [

[2]]

saveRDS(Ma_ Untreated , "Ma Untreated.rds")
saveRDS(Ma_Treated ,"Ma Treated.rds")
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Figure D.24: Macrophages subpopulations

Cédigo D.15: R studio code extract — Macrophages Spppl expression anal-

ysis
DefaultAssay(object = samplesintegFl

#- All macrophages -#

tMa) <- "SCT"

FeaturePlot (samplesintegFltMa , features = ’'Sppl’, min.cutoff = 0, ¢

— pt.size = 2, cols = c("royalbl

#- Untreated -#

ue", "brown2"))

FeaturePlot(Ma Untreated, features = ’Sppl’, min.cutoff = 0, pt.+

— size = 2, cols = c("royalblue"
< Untreated Sppl")

#- Treated -#

FeaturePlot (Ma Treated, features =

, "brown2")) + ggtitle ("«

"Sppl’, min.cutoff = 0, pt.size<+

— = 2, cols = c("royalblue", "brown2")) + ggtitle("Treated <
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— Sppl")

#- Comparison -#
VinPlot (samplesintegFltMa, features = "Sppl", group.by = "¢«
< Treatment", pt.size = 0) +
scale_x_discrete(labels = c("Untreated" = "Untreated",
"Treated" = "Treated"))

UMAP_2

Figure D.25: Sppl expression level in Macrophages
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Figure D.26: Sppl expression level in untreated Macrophages
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Figure D.27: Sppl expression level in treated Macrophages
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Figure D.28: Macrophages Sppl violin plot by Condition

Cédigo D.16: R studio code extract — Macrophages Cxcl9 expression anal-
ysis
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DefaultAssay(object = sampleslntegFltMa) <- "SCT"

#- All macrophages -#
FeaturePlot(samplesIntegFltMa, features = Cxcl9’, min.cutoff = 0,

— pt.size = 2, cols = c("royalblue", "brown2"))

#- Untreated -#

FeaturePlot(Ma Untreated, features = ’'Cxcl9’, min.cutoff = 0, pt.+
— size = 2, cols = c("royalblue", "brown2")) + ggtitle ("«
— Untreated Cxcl9")

#- Treated -#

FeaturePlot(Ma Treated, features = ’'Cxcl9’, min.cutoff = 0, pt.<+
— size = 2, cols = c("royalblue", "brown2")) + ggtitle ("
— Treated Cxcl9")

#- Comparison -#

VinPlot (samplesintegFltMa, features = "Cxcl9", group.by = "<«
< Treatment", pt.size = 0) +
scale_x_discrete(labels = c("Untreated" = "Untreated",
"Treated" = "Treated"))
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Figure D.29: Cxcl9 expression level in Macrophages
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Figure D.30: Cxcl9 expression level in untreated Macrophages
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Figure D.31: Cxcl9 expression level in treated Macrophages
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Figure D.32: Macrophages Cxcl9 violin plot by Condition

Cédigo D.17: R studio code extract — Macrophages Cxcl10 expression anal-
ysis
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DefaultAssay(object = sampleslntegFltMa) <- "SCT"

#- All macrophages -#
FeaturePlot(samplesIntegFltMa, features = 'Cxcll0’, min.cutoff = «
— 0, pt.size = 2, cols = c("royalblue", "brown2"))

#- Untreated -#

FeaturePlot(Ma Untreated, features = ’'Cxcll0’, min.cutoff = 0, pt.¢
— size = 2, cols = c("royalblue", "brown2")) + ggtitle ("«
— Untreated Cxcll0")

#- Treated -#

FeaturePlot(Ma Treated, features = ’'Cxcll0’, min.cutoff = 0, pt.+
— size = 2, cols = c("royalblue", "brown2")) + ggtitle ("
«— Treated Cxcll0")

#- Comparison -#

VinPlot (samplesintegFltMa, features = "Cxcll0", group.by = "<
< Treatment", pt.size = 0) +
scale_x_discrete(labels = c("Untreated" = "Untreated",
"Treated" = "Treated"))
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Figure D.33: Cxcl10 expression level in Macrophages
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Figure D.34: Cxcl10 expression level in untreated Macrophages
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Figure D.35: Cxcl10 expression level in treated Macrophages
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Figure D.36: Macrophages Cxcl10 violin plot by Condition
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Annex E. Granulocyte cells mice analysis code

Cédigo E.1: R studio code extract — Merge of both granulocyte objects
H------ Granulocytes analysis ----- #

#-- Merge --#

#Merging previous granulocyte file with the extracted granulocytes<
— of the MoMa dataset

samplesMrg <- merge(samplesintegFltGranulocyteslocytes, y = «
s ContaminantGranu, add.cell.ids=c("<«>
— samplesintegFltGranulocyteslocytes", y = "ContaminantGranu")<«+
— , project="scRNA-seq")

samplesMrg <- SCTransform(object = samplesMrg, vars.to.regress = "¢
— percent.mt", verbose = FALSE, variable.features.n = 5000)

Cédigo E.2: R studio code extract — Granulocytes Integration
#--- Integration ---#

samplesGranu. list <- list (Untreatedl, Untreated2, Treatedl,6 <«
— Treated?2)

#- Normalice samples -#

samplesGranu.list <- lapply(X= samplesGranu.list , FUN = function (x¢
— ){
x <- SCTransform(object = x, vars.to.regress = "percent.mt", ¢
5 verbose = FAILSE, variable.features.n = 5000)1})

#- Select integration features and prepare for integration -#

samplesGranu. features <- SelectIntegrationFeatures(object.list = <
— samplesGranu. list )

samplesGranu.list <- PrepSCTIntegration(object.list = samplesGranu+<
< .list , anchor.features = samplesGranu.features)

#- Select integration anchors -#

samplesGranu.anchors <- FindIntegrationAnchors(object.list = ¢
— samplesGranu.list , normalization.method = "SCT", anchor.<>
— features = samplesGranu.features)

save (samplesGranu.anchors, file=file.path("~/",6 "samplesGranu.<>

<% anchors.rdata"))

#- Integrate -#
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samplesIntegFltGranulocytes <- IntegrateData(anchorset = <«
— samplesGranu.anchors, normalization.method = "SCT")
saveRDS(samplesIntegFltGranulocytes , "samplesIntegFltGranulocytes .+«
— rds")
Cédigo E.3: R studio code extract — Granulocytes linear reduction
#- PCA reduction -#
samplesIintegFltGranulocytes <- RunPCA(samplesintegFltGranulocytes, <
— npcs = 50, verbose=F)
#Elbow plot
ElbowPlot (samplesIntegFltGranulocytes , ndims = 50, reduction = "<

Standard Deviation

— pca") + ggtitle ("Elbow plot Integrated Granu

data")

Elbow plot Integrated Granulocyte data

0 10

PC

Figure E.1: Elbow plot Granulocytes
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Cédigo E.4: R studio code extract — Granulocytes non-linear reduction
#- UMAP Reduction -#

samplesintegFltGranulocytes <- RunUMAP(samplesIintegFltGranulocytes ,<
~ dims=1:40, verbose=F)

#IMAP by Condition
DimPlot(samplesIntegFltGranulocytes , reduction = "umap", group.by ¢
= ’Treatment’, pt.size = 1.5) + ggtitle("Integra
Granulocyte UMAP divided by Condition") 4+ scale

manual(labels = c("Untreated", "Treated"), wvalues = c("#<
F8766D", "#00bfc4"))

—>

(_)
(_>
>

#IMAP by Sample

ted <«

__color_«

DimPlot(samplesIntegFltGranulocytes , reduction = "umap", group.by ¢
= ’orig.ident’, pt.size = 1.5) + ggtitle("Integr
Granulocyte UMAP divided by Sample") + scale_color_manual(+
= c("Untreatedl" ,"Untreated2", "Treatedl"
), values = my colors)

UMAP_2

{

(%
s
>

labels

ated <«

, "Treated2"<

Integrated Granulocyte UMAP divided by Condition

UMAP_1

Figure E.2: UMAP of Granulocytes divided by Condition
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Figure E.3: UMAP of Granulocytes divided by Sample
Cédigo E.5: R studio code extract — Granulocytes clustering
#--- Clustering ---#
DefaultAssay(object = samplesintegFltGranulocytes) <- "integrated"

samplesIintegFltGranulocytes <- FindNeighbors (¢
— samplesIintegFltGranulocytes, dims = 1:50, verbose = FALSE)

samplesintegFltGranulocytes <- FinGranulusters (4
— samplesintegFltGranulocytes, resolution = 0)

DimPlot (samplesIntegFltGranulocytes , reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle (’Resolution 0+
<~ Granulocytes’)

samplesIntegFltGranulocytes <- FinGranulusters (+
— samplesintegFltGranulocytes, resolution = 0.1)
DimPlot(samplesIintegFltGranulocytes, reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
— 0.1 Granulocytes’)
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samplesintegFltGranulocytes <- FinGranulusters (+
— samplesintegFltGranulocytes, resolution = 0.2)
DimPlot(samplesIintegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
— 0.2 Granulocytes’)

samplesIntegFltGranulocytes <- FinGranulusters (4
— samplesIintegFltGranulocytes, resolution = 0.3)
DimPlot(samplesIntegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
— 0.3 Granulocytes’)

samplesIintegFltGranulocytes <- FinGranulusters (>
— samplesintegFltGranulocytes, resolution = 0.4)
DimPlot(samplesIintegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
< 0.4 Granulocytes’)

samplesIntegFltGranulocytes <- FinGranulusters (+
— samplesintegFltGranulocytes, resolution = 0.5)
DimPlot(samplesIintegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
— 0.5 Granulocytes’)

samplesIintegFltGranulocytes <- FinGranulusters (¢
— samplesIintegFltGranulocytes, resolution = 0.6)
DimPlot(samplesIntegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
— 0.6 Granulocytes’)

samplesintegFltGranulocytes <- FinGranulusters (>
— samplesintegFltGranulocytes, resolution = 0.7)
DimPlot(samplesIntegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
< 0.7 Granulocytes’)

samplesIntegFltGranulocytes <- FinGranulusters (¢«
— samplesintegFltGranulocytes, resolution = 0.8)

DimPlot (samplesIintegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution
— 0.8 Granulocytes’)

samplesintegFltGranulocytes <- FinGranulusters (+

— samplesIntegFltGranulocytes, resolution = 0.9)

DimPlot (samplesIintegFltGranulocytes, reduction = "umap", label =
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35
36

37

38
39

— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
<~ 0.9 Granulocytes’)

samplesIintegFltGranulocytes <- FinGranulusters (¢«

— samplesintegFltGranulocytes, resolution = 1.0)
DimPlot(samplesIintegFltGranulocytes , reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <

— 1.0 Granulocytes’)

clustree (samplesintegFltGranulocytes)
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Cédigo E.6: R studio code extract — Granulocytes density plot

#--- Density plot ---#

DefaultAssay(object = samplesintegFltGranulocytes) <-

sampsList <- SplitObject(samplesintegFltGranulocytes,

< Treatment")

Granu_Untreated <-sampsList [[1]]
Granu_Treated <-sampsList [[2]]
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10
11
12
13

14
15
16
17
18
19
20
21
22
23
24
25
26

27

28
29
30
31

32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

saveRDS (Granu_Untreated , "Granu_Untreated .rds")
saveRDS (Granu_Treated , "Granu_Treated .rds")

#- Normal -#

p <-DimPlot(samplesIintegFltGranulocytes, group.by = "Treatment", ¢
— reduction = "umap")
#Prepare data

data <- data.frame(samplesIintegFltGranulocytes@meta.data)
data$UMAP1l <- Embeddings(samplesIintegFltGranulocytes, "umap")/[,1]
data$UMAP2 <- Embeddings(samplesIintegFltGranulocytes, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_ point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins«
— =25) +
scale_fill_gradientn (colors = c("#4169E100" ,"royalblue", "¢«
< darkolivegreen3",6"goldenrodl" ,6"red")) +
xlim(c(-10, 10)) + ylim(c(-10, 10)) +
#facet_wrap(~Treatment, ncol=3)+
theme classic () + ggtitle ("Density") +
theme(plot.title = element_text(hjust = 0.5), text = element_ <
— text(size = 14))
density_plot
#- density 2: Unreated -#

#Prepare data

data <- data.frame(Granu_ Untreated@meta.data)
data$UMAP1 <- Embeddings(Granu_Untreated , "umap")[,1]
data $UMAP2 <- Embeddings(Granu_Untreated, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot_2 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins<+
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57
o8
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66
67
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72
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76
77
78
79
80

— =25) +

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue",
< darkolivegreen3",6"goldenrodl","red")) +

10)) + ylim(c(-12, 10)) +
~Treatment, ncol=3)+

xlim(c(-10,

facet_wrap(

theme classic () + ggtitle("Untreated Density plot") +
0.5), text = element <

theme(plot.

title = element_text(hjust =
— text(size = 14))

density_plot_2

#- density 3:

#Prepare data

Treated -#

data <- data.frame(Granu_ Treated@meta.data)

data$UMAP1 <- Embeddings(Granu_Treated ,
data$UMAP2 <- Embeddings(Granu_Treated ,

"umap") [, 1]
"umap") [, 2]

IIH

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot

density_plot_3 <- ggplot(data,

geom_point (colour="#00000000") +
stat__density_2d(aes(fill

— =25) +

= stat(level)),

aes (x=UMAP1, y=UMAP2)) +

geom = "polygon"

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue",
— darkolivegreen3",6 "goldenrodl" ,f "red")) +

10)) + ylim(c(-12, 10)) +
~Treatment, ncol=3)+
theme classic () + ggtitle("Treated Density plot") +
0.5), text = element_ <

xlim(c(-10,

facet_wrap(

theme(plot.

title = element_text(hjust =
— text(size = 14))

density_plot_3

plot_grid (p,

density_ plot,

density_plot_2,
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Figure E.5: Granulocytes density plots

Cédigo E.7: R studio code extract — Granulocytes signature analysis

#--- Signature analysis ---#

DefaultAssay(object = samplesintegFltGranulocytes) <- "integrated"

#Chosen resolution:

samplesIntegFltGranulocytes <- FinGranulusters (+
— samplesintegFltGranulocytes, resolution = 0.1)

DimPlot(samplesIntegFltGranulocytes , reduction = "umap", label = ¢
— FALSE, pt.size = 2, cols = my colors) + ggtitle(’Resolution <«
— 0.1 Granulocytes’)

#-- Neutrophil signature --#
DefaultAssay(object = sampleslntegFltGranulocytes) <- "SCT"

Datos_Granu_Zilionis <-read.xlsx (" GranuSignatures.xlsx", sheet = "¢
— Zilionis")

Genes. mNeutrophils <- Datos_Granu Zilionis [,1]
mNeutrophils <- list (Genes.mNeutrophils)
samplesIintegFltGranulocytes <- AddModuleScore(object = ¢«

— samplesIntegFltGranulocytes , features = mNeutrophils, name =<
— 'mNeutrophils’)
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18 FeaturePlot(samplesintegFltGranulocytes, features = 'mNeutrophilsl«

<~ ’, min.cutoff = 0, pt.size = 1.5, cols = c("royalblue", "<«
— brown2"))

19 VinPlot(samplesIntegFltGranulocytes, features = c("mNeutrophilsl")+
— , pt.size = 0, cols = my colors)

Resolution 0.1 Granulocytes

5.01

251
N e 0
g 00 ® 1
2
® 2
-2.54

-5.01

UMAP_1

Figure E.6: Integrated Granulocytes UMAP resolution 0.1
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Figure E.7: Zilionis mNeutrophils signature expression level
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Figure E.8: Zilionis mNeutrophils signature violin plot

Cédigo E.8: R studio code extract — Granulocytes differential gene expres-
sion analysis
#-- Differential gene expression analysis --#

DefaultAssay(object = samplesintegFltGranulocytes) <- "integrated"

samplesIintegFltGranulocytes . markers<- FindAllMarkers (<
— sampleslntegFltGranulocytes, only.pos = TRUE, min.pct =
— 0.25, logfc.threshold = 0.25)

toplOMarkers<- samplesIintegFltGranulocytes.markers %% group_by(+
— cluster) %% top_n(n=10, wt=avg_ log2FC)

top_10<- unique(toplOMarkers$gene)

DotPlot(samplesintegFltGranulocytes, features = top_10, cols=c("«
— royalblue", "brown2")) + RotatedAxis() + ggtitle( '«
— Resolution 0.1 markers’)
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Cédigo E.9: R studio code extract — Granulocytes Translationally active

Neutrophiles signature analysis

#- Alshetaiwi
DefaultAssay(object =

-#
samplesIntegFltGranulocytes) <-

Monocle States

n SCT n

Datos_Granu_Alshetaiwi<-read.xlsx("GranuSignatures. xlsx", sheet = ¢
<~ "AlshetaiwiMonocle")
Genes. TranslationallyAct <- Datos_Granu_Alshetaiwi[,5]
TranslationallyAct <- list (Genes. TranslationallyAct)
samplesintegFltGranulocytes <- AddModuleScore(object = ¢«
— samplesIintegFltGranulocytes, features = TranslationallyAct , <
— name = ’TranslationallyAct’)
FeaturePlot (samplesintegFltGranulocytes, features = ’'<¢°
— TranslationallyActl’, min.cutoff = 0, pt.size = 1.5, cols = ¢
— c("royalblue", "brown2"))
VinPlot(samplesIintegFltGranulocytes , features = c("+
— TranslationallyActl"), pt.size = 0, cols = my colors)
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Figure E.11: Alshetaiwi Translationally active Neutrophiles signature violin
plot

Cédigo E.10: R studio code extract — Granulocytes Eosinophils key gene
signature expression analysis

Eosinophils_ Gurtner <- list(c("Siglecf", "Ilbra", "Ccr3", "Epx"))

samplesIintegFltGranulocytes <- AddModuleScore(object = ¢«

— samplesIntegFltGranulocytes , features = Eosinophils_Gurtner , <«
— mname = ’'Eosinophils_Gurtner’,)

FeaturePlot (samplesIintegFltGranulocytes, features = ’Eosinophils_+
— Gurtnerl’, min.cutoff = 0, pt.size = 2, cols = c("royalblue"«+
— , "brown2"))

VinPlot(samplesIntegFltGranulocytes , features = c("Eosinophils_+
— Gurtnerl"), pt.size = 0, cols = my colors)
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Figure E.12: Gurtner Eosinophils key genes signature expression level
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Figure E.13: Gurtner Eosinophils key genes signature violin plot

Cédigo E.11: R studio code extract — Granulocytes subpopulation division

#-- New classification --#
samplesIntegFltGranulocytes <- Renameldents(object = «

— samplesIintegFltGranulocytes, 0 = Neutrophils, 1 = ¢

— FEosinophils, 2 = Translationally active Neutrophiles)
DimPlot(samplesIntegFltGranulocytes , reduction = "umap", label = ¢

— FALSE, pt.size

1.5,

cols = my colors, label.size = 6) + «

— ggtitle (Granulocytes subpopulations’)
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Figure E.14: Granulocytes subpopulations

Cédigo E.12: R studio code extract — Granulocytes Barplots

<-

samplesintegFltGranulocytes [[ " Subpopulation"]]

2

— samplesIintegFltGranulocytes@meta.data$integrated_snn res.0.1

3 dittoBarPlot(object

<o

scale

samplesintegFltGranulocytes ,

<+

"Treatment" ,
"Treated "<

c("Untreated",

group .by =

"Subpopulation",

var

— percent",

x.labels

my_colors ,

— color .panel

— ),

")

"Condition", main =

xlab
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Codigo E.13: R studio code extract — Neutrophil subset re-integration

samplesintegFltNeutrophils <- subset(samplesintegFltGranulocytes,

— idents=c(Neutrophils), invert=FALSE)

DimPlot (samplesintegFltNeutrophils, reduction = "umap", label

— TRUE, pt.size = 1, cols = my colors)

samplesintegrated_Neutrophils.list <- SplitObject (+
— samplesIntegFltNeutrophils, split.by = "orig.ident")

Untreatedl <-samplesintegrated_Neutrophils.list [[1]]
Untreated2<-samplesintegrated_Neutrophils.list [[2]]
Treatedl <-sampleslntegrated_Neutrophils.list [[3]]
Treated2<-samplesintegrated_Neutrophils.list [[4]]

samplesNeutrophils. list <- list (Untreatedl, Untreated2, Treatedl ,h <«

— Treated?2)
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13 samplesNeutrophils.list <- lapply(X= samplesNeutrophils.list , FUN <
— = function (x){

14 x <- SCTransform(object = x, vars.to.regress = "percent.mt", ¢

> verbose = FALSE, variable.features.n = 2000)1})

15

16 #Features

17 samplesNeutrophils.features <- SelectlntegrationFeatures(object.«+
— list = samplesNeutrophils.list )

18 samplesNeutrophils.list <- PrepSCTIntegration(object.list = ¢

— samplesNeutrophils.list , anchor.features =

— samplesNeutrophils. features)

19

20 #Anchors

21 samplesNeutrophils.anchors <- FindIntegrationAnchors(object.list =¢
— samplesNeutrophils.list , normalization.method = "SCT", <«

— anchor.features = samplesNeutrophils.features)

22 save(samplesNeutrophils.anchors, file=file.path("~/",6 "<

— samplesNeutrophils.anchors.rdata"))

23

24 #Integration

25 samplesIintegFltNeutrophils <- IntegrateData(anchorset = «

— samplesNeutrophils.anchors, normalization.method = "SCT")

26 saveRDS(samplesintegFltNeutrophils , "samplesintegFltNeutrophils.rds<
— ")

Cédigo E.14: R studio code extract — Neutrophils linear reduction

1 #- PCA reduction -#

2 samplesIintegFltNeutrophils <- RunPCA(samplesIintegFltNeutrophils, <
< npcs = 50, verbose=F)

3

4 #Elbow plot

5 ElbowPlot(samplesIintegFltNeutrophils, ndims = 50, reduction = "pca+<+

— ")
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Figure E.16: Elbow plot Neutrophils

Cédigo E.15: R studio code extract — Neutrophils non-linear reduction

#- UMAP Reduction -#
samplesintegFltNeutrophils <- RunUMAP(samplesIintegFltNeutrophils, <

<~ dims=1:30, verbose=F)

#IMAP by Condition

DimPlot(samplesIintegFltNeutrophils, reduction = "umap", group.by =¢
— 'Treatment’, pt.size = 1.5) + ggtitle("Integrated <«
— Neutrophils UMAP divided by Condition") 4+ scale_color_<
<~ manual(labels = c("Untreated", "Treated"), wvalues = c("#<
— F8766D", "#00bfc4"))

#IMAP by Sample
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", group.by =
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manual (<
"Treated2 "<«

color

"Treatedl",

1.5) + ggtitle("Integrated <

pt.size
my_colors)

.ident ’,

values

Integrated Neutrophils UMAP divided by Condition

‘orig

. .ut-l‘nr i lf-.
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umap_1
Figure E.17: UMAP of Neutrophils divided by Condition
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Figure E.18: UMAP of Neutrophils divided by Sample
Cédigo E.16: R studio code extract — Neutrophils clustering
1 #--- Clustering ---#
2 DefaultAssay(object = samplesintegFltNeutrophils) <- "integrated"
3
4 samplesintegFltNeutrophils <- FindNeighbors (<
— samplesIintegFltNeutrophils, dims = 1:30, verbose = FALSE)
)

6 samplesintegFltNeutrophils <- FindClusters («
— samplesIintegFltNeutrophils, resolution = 0)

7 DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label =
— TRUE, pt.size = 1, cols = my colors) + ggtitle (’Resolution 0«
— Neutrophils’)

8
9 samplesintegFltNeutrophils <- FindClusters (>
— samplesIintegFltNeutrophils, resolution = 0.1)
10 DimPlot(samplesintegFltNeutrophils, reduction = "umap", label = ¢«

— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
— 0.1 Neutrophils’)
11
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25

26

27

28

29

30

31

32

33

34

samplesIntegFltNeutrophils <- FindClusters (+

— samplesIintegFltNeutrophils, resolution = 0.2)
DimPlot(samplesintegFltNeutrophils, reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
— 0.2 Neutrophils’)
samplesIintegFltNeutrophils <- FindClusters (+
— samplesIntegFltNeutrophils, resolution = 0.3)
DimPlot(samplesintegFltNeutrophils, reduction = "umap", label = «

— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <«

— 0.3 Neutrophils’)

samplesintegFltNeutrophils <- FindClusters (+

— samplesIintegFltNeutrophils, resolution = 0.4)
DimPlot(samplesIntegFltNeutrophils, reduction = "umap", label = «
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
— 0.4 Neutrophils’)
samplesIntegFltNeutrophils <- FindClusters (+
— samplesIintegFltNeutrophils, resolution = 0.5)
DimPlot(samplesintegFltNeutrophils, reduction = "umap", label = ¢«
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <«
— 0.5 Neutrophils’)
samplesIintegFltNeutrophils <- FindClusters (+
— samplesIntegFltNeutrophils, resolution = 0.6)
DimPlot(samplesintegFltNeutrophils, reduction = "umap", label = «
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <«
— 0.6 Neutrophils’)
samplesintegFltNeutrophils <- FindClusters (+
— samplesIintegFltNeutrophils, resolution = 0.7)
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
< 0.7 Neutrophils’)
samplesIntegFltNeutrophils <- FindClusters (+
— samplesIintegFltNeutrophils, resolution = 0.8)
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
— 0.8 Neutrophils’)
samplesIintegFltNeutrophils <- FindClusters (+
— samplesIntegFltNeutrophils, resolution = 0.9)
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label = ¢
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35
36

37

38
39

— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <
<~ 0.9 Neutrophils’)

samplesIntegFltNeutrophils <- FindClusters (+

— samplesIintegFltNeutrophils, resolution = 1.0)
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label = ¢
— TRUE, pt.size = 1, cols = my colors) + ggtitle(’Resolution <

— 1.0 Neutrophils’)

clustree(samplesintegFltNeutrophils)
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Figure E.19: Neutrophils Clustree
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Cédigo E.17: R studio code extract — Neutrophils density plot

#--- Density plot ---#

DefaultAssay(object = samplesintegFltGranulocytes) <-

sampsList <- SplitObject(samplesintegFltGranulocytes,

< Treatment")

Granu_Untreated <-sampsList [[1]]
Granu_Treated <-sampsList [[2]]

225

500

1000

1500

2000

n SCT n

split .by =

II(_)



10
11
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16
17
18
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21
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23
24
25
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38
39
40
41
42
43
44
45
46
47
48

saveRDS (Granu_Untreated , "Granu_Untreated .rds")
saveRDS (Granu_Treated , "Granu_Treated .rds")

#- Normal -#

p <-DimPlot(samplesIintegFltGranulocytes, group.by = "Treatment", ¢
— reduction = "umap")
#Prepare data

data <- data.frame(samplesIintegFltGranulocytes@meta.data)
data$UMAP1l <- Embeddings(samplesIintegFltGranulocytes, "umap")/[,1]
data$UMAP2 <- Embeddings(samplesIintegFltGranulocytes, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_ point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins«
— =25) +
scale_fill_gradientn (colors = c("#4169E100" ,"royalblue", "¢«
< darkolivegreen3",6"goldenrodl" ,6"red")) +
xlim(c(-10, 10)) + ylim(c(-10, 10)) +
#facet_wrap(~Treatment, ncol=3)+
theme classic () + ggtitle ("Density") +
theme(plot.title = element_text(hjust = 0.5), text = element_ <
— text(size = 14))
density_plot
#- density 2: Unreated -#

#Prepare data

data <- data.frame(Granu_ Untreated@meta.data)
data$UMAP1 <- Embeddings(Granu_Untreated , "umap")[,1]
data $UMAP2 <- Embeddings(Granu_Untreated, "umap")[,2]

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]
#Plot
density_plot_2 <- ggplot(data, aes(x=UMAP1, y=UMAP2)) +
geom_point (colour="#00000000") +
stat__density_2d(aes(fill = stat(level)), geom = "polygon", bins<+
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— =25) +

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue",
< darkolivegreen3",6"goldenrodl","red")) +

10)) + ylim(c(-12, 10)) +
~Treatment, ncol=3)+

xlim(c(-10,

facet_wrap(

theme classic () + ggtitle("Untreated Density plot") +
0.5), text = element <

theme(plot.

title = element_text(hjust =
— text(size = 14))

density_plot_2

#- density 3:

#Prepare data

Treated -#

data <- data.frame(Granu_ Treated@meta.data)

data$UMAP1 <- Embeddings(Granu_Treated ,
data$UMAP2 <- Embeddings(Granu_Treated ,

"umap") [, 1]
"umap") [, 2]

IIH

#Create a data frame that doesn’t contain a "sample" column.

data_bg <- datal,-(which(colnames(data)=="Sample"))]

#Plot

density_plot_3 <- ggplot(data,

geom_point (colour="#00000000") +
stat__density_2d(aes(fill

— =25) +

= stat(level)),

aes (x=UMAP1, y=UMAP2)) +

geom = "polygon"

scale_fill_gradientn(colors = c("#4169E100" ,"royalblue",
— darkolivegreen3",6 "goldenrodl" ,f "red")) +

10)) + ylim(c(-12, 10)) +
~Treatment, ncol=3)+
theme classic () + ggtitle("Treated Density plot") +
0.5), text = element_ <

xlim(c(-10,

facet_wrap(

theme(plot.

title = element_text(hjust =
— text(size = 14))

density_plot_3

plot_grid (p,

density_ plot,

density_plot_2,
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Figure E.20: Neutrophils density plots

Cédigo E.18: R studio code extract — Chosen resolution for Neutrophil

analysis

#- Chosen resolution -#

samplesintegFltNeutrophils <- FindClusters (+

— samplesintegFIltNeutrophils ,

— FALSE, pt.size = 2, cols =
<~ 0.7 Neutrophils’)

resolution = 0.1)
DimPlot (samplesIntegFltNeutrophils ,
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reduction = "umap", label =

level
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level
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H
my colors) + ggtitle(’Resolution <+



10
11

Resolution 0.7 Neutrophils

umap_2
(=)
o
[
o
Y
e
L]
%
L ]
.Q.
@
L)

. .
&
oMb WN=O

Figure E.21: Integrated Neutrophils UMAP resolution 0.7

Cédigo E.19: R studio code extract — Neutrophils trajectory analysis using

Monocle2 part 1

samplesIntegFltNeutrophils <- FindClusters (+

— samplesintegFltNeutrophils ,

DimPlot ( samplesIntegFltNeutrophils ,

— TRUE, pt.size = 1, cols =
< 0.7 Neutrophils’)

resolution = 0.7)

reduction = "umap",

label =

my_ colors) + ggtitle(’Resolution <

data <- as(as.matrix(samplesIintegFltNeutrophils@assays$SCT®@data), <«

— ’sparseMatrix’)

pd <- new(’AnnotatedDataFrame’,

data

<o

— samplesIntegFltNeutrophils@meta.data)

fData <- data.frame(gene_short_name

<« row.names(data))

fd <- new(’AnnotatedDataFrame’,

#Construct monocle cds

data
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monocle cds <- newCellDataSet(data,
phenoData = pd,
featureData = fd,
lowerDetectionLimit = 0.5,
expressionFamily = negbinomial.size<«

— ()

monocle_cds <- estimateSizeFactors(monocle_ cds)

monocle_cds <- estimateDispersions(monocle_cds)

expressed_genes <- row.names(samplesintegFltNeutrophils)
diff_test_res <- differentialGeneTest(monocle cds[expressed_genes<
— ,1,
fullModelFormulaStr = "~
— seurat_clusters")

ordering genes <- row.names (subset(diff_test_res, qval < 0.01))

monocle_cds <- setOrderingFilter (monocle_cds, ordering_ genes)
plot_ordering_ genes(monocle_cds)

monocle_cds <- reduceDimension(monocle_cds, max components = 2,
method = DDRTree’)

monocle _cds <- orderCells(monocle cds)

#- Monocle State graphic trajectory -#

plot_cell_trajectory (monocle_cds, color_by = "State")

#- Monocle Pseudotime graphic trajectory -#

plot_cell_ trajectory (monocle_cds, color_by = "Pseudotime")

#- Monocle graphic trajectory using Seurat Clusters -#
plot_cell_trajectory (monocle_cds, color_by = "seurat_clusters") + <

— scale_color_manual(values=my colors)
plot_cell_trajectory (monocle_cds, color_by = "seurat_clusters") + ¢

— facet_wrap(~seurat_clusters, nrow = 1) + scale_color_manual(+

— values=my colors)
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Figure E.22: Monocle2 Neutrophils trajectory colored by State
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Figure E.23: Monocle2 Neutrophils trajectory colored by Pseudotime
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Figure E.25: Monocle2 Neutrophils trajectory divided by Seurat Clusters

Cédigo E.20: R studio code extract — Neutrophils trajectory analysis using
Monocle2 part 2

#- States -#

samplesIintegFltNeutrophils$State <- monocle_cds$State
DimPlot(samplesIintegFltNeutrophils, reduction = "umap", label = ¢
— FALSE, pt.size = 1.5, group.by = "State")

#- Pseudotime -#
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samplesIntegFltNeutrophils$Pseudotime <- monocle_cds$Pseudotime

7

P

"brown2")<«>

’Pseudotime’,

features

8 FeaturePlot(samplesIintegFltNeutrophils,

c("royalblue",

= 2, cols =

pt.size

0,

«— min.cutoff =

— )

1

um.

Figure E.26: Neutrophils UMAP divided by Monocle2 States
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Figure E.27: Pseudotime in Neutrophils UMAP
Cédigo E.21: R studio code extract — Alshetaiwi’s Mouse G-MDSC’s signa-
ture analysis
1 #- Alshetaiwi -#
2 DefaultAssay(object = samplesintegFltGranulocytes) <- "SCT"
3 Datos Granu Alshetaiwi<-read.xlsx (" GranuSignatures. xlsx", sheet = ¢«
— "Alshetaiwi")
4
5 Genes.MouseGMDSC <- Datos_Granu_ Alshetaiwil[,1]
6 MouseGMDSC <- list (Genes.MouseGMDSC)
7
8 samplesintegFltGranulocytes <- AddModuleScore(object = «
— samplesIntegFltGranulocytes , features = MouseGMDSC, name = ’'<°
— MouseGMDSC )
9
10 #- Feature plot UMAP -#
11 FeaturePlot(samplesintegFltGranulocytes, features = ’'MouseGMDSC1l’ , <

— min.cutoff = 0, pt.size = 1.5, cols = c("royalblue", "¢
<~ brown2"))
12
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13
14
15
16

#- Monocle trajectory -#

monocle_cds$MouseGMDSC1 <- samplesintegFltNeutrophils$MouseGMDSC1

plot_cell_trajectory (monocle_cds,

umap_2

color_by = "MouseGMDSC1")
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Figure E.28: Alshetaiwi’s Mouse G-MDSC signature expression on UMAP
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Figure E.29: Alshetaiwi’s Mouse G-MDSC signature expression on Monocle

trajectory

Cédigo E.22: R studio code extract — Alshetaiwi’s progenitor Neutrophil

signature

#- Alshetaiwi Monocle -#
DefaultAssay(object = samplesintegFltNeutrophils) <- "SCT"

Datos_Granu_Alshetaiwi<-read.xlsx("GranuSignatures. xlsx",
— "AlshetaiwiMonocle")

Genes.ProgenitorNeu <- Datos_Granu_Alshetaiwil,h 4]

ProgenitorNeu <- list (Genes.ProgenitorNeu)

samplesIntegFltNeutrophils <- AddModuleScore(object = <«
— samplesintegFIltNeutrophils, features = ProgenitorNeu

236
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sheet
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name =<



— ’ProgenitorNeu’)

11
12 #- Feature plot UMAP -#
13 FeaturePlot(samplesIintegFltNeutrophils, features = ’ProgenitorNeul+«

— ', min.cutoff = 0, pt.size = 1.5, cols = c("royalblue", "<«
< brown2"))

14 #- Monocle trajectory -#

15 monocle_cds$ProgenitorNeul <- samplesintegFltNeutrophils$<«

— ProgenitorNeul
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Figure E.30: Alshetaiwi’s Progenitor Neutrophil signature expression on
UMAP
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Figure E.31: Alshetaiwi’sProgenitor Neutrophil signature expression on
Monocle trajectory

Cédigo E.23: R studio code extract — Neutrophils subpopulation division
#-- New classification --#
samplesintegFltNeutrophils@active.ident <- <«
— samplesintegFltNeutrophils$State

samplesintegFltNeutrophils <- Renameldents(object = ¢
— samplesIntegFltNeutrophils, 1 = Neutrophils, 2 = G-MDSC, 3 =¢

— Mature Neutrophils)

DimPlot(samplesIntegFltNeutrophils, reduction = "umap", label = «
— FALSE, pt.size = 2) + ggtitle(’Neutrophils subpopulations’)
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Neutrophils subpopulations
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Figure E.32: Neutrophils subpopulations

Cédigo E.24: R studio code extract — Neutrophils Barplots

1
2 samplesintegFltNeutrophils [[ "Subpopulation"]] <- ¢
<~ samplesIntegFltNeutrophils@active.ident

3 dittoBarPlot(object = samplesIintegFltNeutrophils, scale = "percent<
— ", var = "Subpopulation", group.by = "Treatment", x.labels =
— c("Untreated", "Treated"), xlab = "Condition", main = "")
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Figure E.33: Barplot of Neutrophils subpopulations percentage by Condi-
tions
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Annex F. Log2 Fold Change

To better quantify differences between conditions, the value of the log2 Fold Change for each
population and subpopulation was calculated using the following equation:

logs(Treated)

log FIC =
0g21'C logs(Untreated)

(F.1)
F.1. General myeloid data

Table F.1: Number of cells in the different myeloid populations under un-
treated and treated conditions, alongside their log2FC value.

Untreated | Treated | Log2FC
Monocyte/Macrophages | 9056 8769 -0.05
Dendritic cells 973 613 -0.67
Granulocytes 939 1568 0.74

After analyzing the Monocyte/Macrophage population and identifying the granulocytic con-
taminant cluster, these numbers change to:

Table F.2: Number of cells in the different myeloid populations under un-

treated and treated conditions, alongside their log2FC value.

Untreated | Treated | Log2FC
Monocyte/Macrophages | 9056 8748 -0.05
Dendritic cells 973 613 -0,67
Granulocytes 939 1589 0.76

F.2. Dendritic cell data

Table F.3: Number of cells in the different dendritic cells subpopulations
under untreated and treated conditions, alongside their log2FC value.

Untreated | Treated | Log2FC
cDC2 283 211 -0.42
DC3 59 136 1.20
cDC1 160 26 -2.62
MoDC | 84 100 0.25
pDC 94 64 -0.55
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F.3.

F.4.

F.5.

Monocyte and Macrophages data

Table F.4: Number of cells in the different monocyte and macrophage sub-
populations under untreated and treated conditions, alongside their log2FC

value.
Untreated | Treated | Log2FC
Monocyte-Derived Mac 1069 1227 0.20
Rps8 Mac 736 1156 0.65
Ednrb Mono 612 1246 1.03
Fcrls Mac 670 432 -0.63
Sell Mono 302 732 1.28
Cycling Mac 746 217 -1.78
Cxcl9 Mac 350 602 0.78
Monocyte-Derived DC (F1t3-) | 467 407 -0.20
Pdgfc Mac 400 336 -0.25
IFN Mac 243 386 0.67
Mreg 249 333 0.42
Resident Mono 86 396 2.20

Granulocytes data
Table F.5: Number of cells in the different granulocyte subpopulations under
untreated and treated conditions, alongside their log2FC value.
Untreated | Treated | Log2FC
Neutrophils 841 1414 0.75
Eosinophils 56 93 0.73
Translationally active Neutrophils | 42 100 1.25

Neutrophils data

Table F.6: Number of cells in the different neutrophil subpopulations under
untreated and treated conditions, alongside their log2FC value.

Untreated | Treated | Log2FC
Neutrophils 19 929 5.61
G-MDSC 11 378 5.10
Mature Neutrophils | 805 103 -2.97
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Annex G. CDS8+4 T cell subsets analysis

Concerning T cell changes in the tumor microenvironment, it was observed that, under
treatment conditions, there was an increase of CD8+ T cells in vivo (see Figure G.1).
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Figure G.1: Analysis of T cell population changes under untreated and
treated conditions. Information provided by Institute Curie

Considering this, a study was done in collaboration with Institut Curie, where CD8+
datasets under treated and untreated conditions were analysed. Similar to the work done
in the present work, R studio was used to analyse this data and determine the changes in
subpopulations. This analysis determined that a total of 12 subpopulations were present,
which can be grouped into three main categories; Naive and central memory (CM), effectors
and exhausted. Unter treatment condition, an increase in naive/CM cells was observed,
while exhausted cells decreased. More importantly, a particular subset, known as progenitor
exhausted CD8+ was observed to increase in treatment condition (see Figure G.2). This
type of cell gives rise to exhausted T cells and is the main target of treatments that prevent

cell exhaustion.
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Figure G.2: CD8+ subpopulations change analysis under untreated and
treated conditions

This observation was further confirmed by studies done by Institut Curie, in which it was
observed that in vivo Tpex (progenitor exhausted T cells) increased under treated conditions
(see Figure G.3).

2 =
Untreated Treated 3 TD;! 3 Te.x
: m -m - : 0+ . : 100~ r-—ll.
. g - 4 8 ¢ £8 B .
= - o
e ' - i - i i 8- 3o
2 2 W' 199 -0 Lo -
Q & . b o0 2
o ; L ! L - 20- -
2 '] A% |~ A% 298 -z 2 S
w U F o wl el W 1@ Egon.. Eg._ °
et - — T
m i Untreated Treated E Untreated Treated
£ E

Figure G.3: Progenitor exhausted (Tpex) and terminally exhausted
(Tex) CD8+ T cells change analysis under untreated and treated condi-
tions.Information provided by Institute Curie
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