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This Thesis at a Glance 

The focal point of this work is to discover and to establish biomarkers for cancer prognosis 
and prediction of treatment response. The major candidates studied in this thesis were (i) 
cytokines: providing and controlling inter-immune cells signalling, and (ii) the single nucleotide 
polymorphism (SNP) in cancer drug metabolic pathways. Three of the cohorts constituted 
breast cancer patients where cytokines were under study, and one cohort included 
osteosarcoma patients to investigate the role of genetic polymorphism in methotrexate 
metabolic pathways. This thesis concludes that serum cytokines can be used as biomarkers 
with predictive value for tumor microenvironment and in relation to other molecular 
characteristics of the tumor and clinical presentation, treatment response, and patient 
survival. The patient’s own genotype may help understand the treatment resistance and 
toxicity in cancer patients. 
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In this paper, we aimed to study the source of cytokine production, the correlations of 
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Following the initial findings from paper 1, we expanded our studies on the pre-treatment 
levels of serum cytokine levels in relation to the molecular and clinical features of the tumors 
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performed in the tumors of the patients and cytokine levels were studied in relation to those 
and other tumor characteristics, such as estrogen and progesterone receptor status, grade.  
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In this paper, we studied the effect of anti-angiogenic therapy on immune system modulation. 
We analysed the serum levels of the circulating cytokines in samples from locally advanced 
breast cancer patients receiving two sequential regimens of chemotherapy, randomised into 
one arm receiving bevacizumab in addition to the chemotherapy and another without. 
Analysis of circulating cytokine levels was performed before, and after each two types of 
chemotherapy in both arms. A strong effect of the treatment on cytokine levels as well as the 
composition of tumor infiltrating cells was observed. The immune profile in both the tumor 
and in circulation was shown to affect the degree of treatment response in the patients. 

4–Basal-like breast cancer engages tumor-supportive macrophages via secreted factors 
induced by extracellular S100A4 
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In this study we investigated the interaction between the metastasis- and inflammation-
associated microenvironmental factor S100A4, breast cancer cells (BCCs) of different 
subtypes, and myeloid cells. We demonstrated that extracellular S100A4 activates BCCs, 
particularly the basal-like subtype, to elevate secretion of pro-inflammatory cytokines. The 
secreted factors promoted conversion of monocytes to tumor-associated macrophages 
(TAM)-like cells that exhibited protumorigenic activities, including stimulated epithelial-
mesenchymal transition, proliferation, chemoresistance, and motility in cancer cells. The 
S100A4-BCC-TAM interaction cascade could be an important contributor to the aggressive 
behavior of basal-like BCCs. 
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variant in reduced folate carrier 1 (RFC1) gene had significantly better survival in comparison 
with patients having the alternative variant. These patients also had a lower frequency of 
metastasis. In addition, patients homozygous for another variant in the dihydrofolate 
reductase (DHFR) gene were more likely to have a metastasis. A third polymorphism, in the 
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1.0 INTRODUCTION 

1.1 Background 

An overview of cancer, particularly breast cancer and osteosarcoma, their treatment and 
possible causes of resistance to treatment are discussed below. Further, the involvement of 
immune cells in cancer microenvironment and their relation to circulatory immune-signaling 
molecule/cytokines, and impact of cytokines levels on tumor progression and regression and 
vice-versa are discussed. 

1.1.1 Cancer 
Cancer is a term for diseases in which abnormal cells start dividing without control and can 
invade nearby tissues, and other body parts through the blood and lymphatic systems. This 
abnormality may be initiated from stem cells as well as from non-stem cells (1, 2). Cancer cells 
often have defective, or lack of functional cell cycle checkpoint proteins, which results in 
ongoing mitotic cell cycles (3). Cancer is a heterogenic disease (4-6). On single cell level, cancer 
initiation and its related abnormalities can occur at any molecular level (table 1.1). The same 
type of alterations may cause cancer treatment resistance if they affect relevant metabolic 
pathways (7). Cancers can be classified into different types according to the tissue of origin: 

Carcinoma: Cancers of the skin and/or internal organs linings/ tissues exposed to external 
environment. 

Sarcoma: Cancers of bone, cartilage, fat, muscle, blood vessels, or other connective or 
supportive tissue. 

Leukemia: Cancers of blood-forming tissues, such as the bone marrow. 

Lymphoma and multiple myeloma: Cancers of the immune system cells. 

Glioma, glioblastoma. Central nervous system cancers of the brain and spinal cord. 

In this study, we have investigated two types of cancers: Breast carcinoma and Osteosarcoma 
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1.1.1.1 Breast Carcinoma 

Breast cancer (BC) is one of most life-threatening types of carcinoma in females worldwide 
(WHO 2013). In Norway five years mortality rate in breast cancer patients is 88% (cancer 
registry of Norway, 2014: www.kreftregisteret.no). It can be divided into different types  

Possible abnormalities in cell functions 

Epigenetic 
 and chromosomal 

 (7, 8) 

histone modifications/ methylation (7, 8) 
translocations (8, 9) 

 Ploidity (8) 

Genetic 
 (10, 11) 

gene copy number variation 
(10, 11) 

deletions (10, 11) 
amplifications(10, 11) 

genetic polymorphism 
(12) 

genetic Isoforms (13) 
single nucleotide polymorphism (14) 

Transcriptional (15) 

transcription factor 
abnormalities (16)  co-factors variation/abnormalities (16) 

RNA variation (17) 
mRNA- altered length or amino acid 

switch (15) 
micRNA interference (18, 19) 

Translational 
(20) protein variation (21) 

synthesis abnormalities (20) 

wrong length splicing/ no splicing (22, 23) 

 edition (phos. other groups addition) (24) 

 transportation/ translocation abnormalities (25) 

folding/ metabolism/ interactions abnormalities (26, 27) 

Protein/enzyme 
activation 
 (24, 27) 

activating elements malfunction 
(28) 

receptors/ ligands/ enzymes/ micRNA/ 
 other factors (24, 27-31) 

co-activator malfunction (31) receptors/ ligands/ enzymes/ micRNA/ 
other factors (24, 27-31) 

degradation malfunction 
(29, 30) 

receptors/ ligands/ enzymes/ micRNA/ 
other factors (24, 27-31) 

Table1.1. Molecular alterations as possible causes of cancer initiation. Abnormalities in one set of 
factors can cause cancer initiation, while within a different factor, or a set of factors may result in 
cancer therapy resistance. 

Molecular subtypes of breast cancer 

Luminal A ER+ and/or PgR+, HER2-, low levels of Ki-67, low-grade, grow slowly 

Luminal B ER+ and/or PgR+, HER2+/-, high Ki-67, grow slightly faster than luminal A 
Triple-negative/ 
basal-like ER-, PgR-, HER2- : may relate to BRCA1 gene mutations 

HER2-enriched ER-, PgR-, HER2+ : grow fast 
Table 1.2. Breast cancer molecular subtypes 
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according to location of initiation in the breast (figure 1.1), and can be categorized into 
subtypes according to molecular makeup of the tumors (Table 1.2). 

1.1.1.2 Osteosarcoma 
Osteosarcoma, also called osteogenic sarcoma, is a malignant tumor of the bone, composed 
of anaplastic cells derived from mesenchyme. It is the most common type of primary 
malignant bone tumor (32). It occurs most often in the distal femur (figure 1.2) but also at, 
proximal tibia, proximal humerus (shoulder joint), less commonly in flat bones, facial, pelvic, 
scapula, spine, short bones. Metastasis to the lung occurs more often in males than in females, 
tumor cells also invade lymph nodes and other bones. Prognosis is usually very poor, can be 
better if 95% of the tumor is necrotic. 

Osteosarcoma can be divided into sub-classes: 

Osteoblastic osteosarcoma: Emanating from or pertaining to an osteoblast, describes any 
region of increased radiographic bone density, in particular, metastases that stimulate 
osteoblastic activity. 

Figure 1.1: Types of breast cancer (approval granted for use of the image). 
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Chondroblastic osteosarcoma: A subtype of central medullary, which arises de novo in 
younger patients and is characterized by rapid growth. 

Parosteal osteosarcoma: A variant consisting of a slowly growing tumor resembling 
cancellous bone but arising from the cortex of the bone and slowly growing outward to 
surround the bone. 

Small-cell osteosarcoma: A variant of osteosarcoma resembling Ewing's sarcoma, with areas 
of osteoid and sometimes chondroid formation. 

Other subtypes of osteosarcoma include: 

Fibroblastic (osteofibrosarcoma), 

Central osteosarcoma (conventional 

central osteosarcoma, medullary 

osteosarcoma),  

Intracortical osteosarcoma, and 

Telangiectatic osteosarcoma 

1.1.2 Cancer Treatment 
Tumor cells and their microenvironment have some characteristics, which separate them from 
normal cells and normal cell microenvironment that can be used to treat the cancers (3). For 
example, in some cancers like breast carcinoma, molecular hormone receptors act as 
oncogenic drivers. Estrogen, progesterone, and human epidermal growth factor play an 
important role to assist breast tumor cells in providing endocrine stimuli to proliferate and 
divide, which can be inhibited using anti-hormonal receptor drugs (33). 

Hematopoietic, tissue regenerative stem cells, and  immune cells may share some of cancer 
cells characteristics (34). Cancer treatments targeting one or more such of characteristics 
harm these normal stem cells, causing toxicities and injuries to organs or tissues (35, 36). The 
causes of toxicities may include drug transportation (like heart and arteries), drug 
accumulation (like in kidney and bladder), degradation (in liver), and removal (veins, excretion 
system organs) (37). 

There are more than 200 drugs registered by NIH to treat the cancers (www.cancer.gov). 
Most common cancer treatments include multiple approaches. Here is a summarized list: 

Primary treatments: Primary treatments include surgery and/or radiation. 

Surgery: Surgery is usually a part of cancer treatment, combined with other types of therapies. 
Solid tumors or organs with tumors (like breast and ovary) are removed by surgery. In breast 
cancer it can be a form of mastectomy (removal of breast), lumpectomy (removal of diseased 
part), quadrantectomy (removal of 1/4 of breast), partial mastectomy (removal of tumoral + 
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adjacent breast tissue), or segmental mastectomy (same as partial mastectomy + removal of 
under arm lymph nodes). 

Transplantation: Some cancer treatment involves tissue transplantation, like bone marrow 
stem cells transplantation in the treatment of leukemia. 

Radiotherapy: Radiotherapy breaks down DNA in dividing cells, both in cancer and normal 
stem cells. 

Adjuvant or neo-adjuvant: Adjuvant therapy is used after primary treatment, such as surgery 
or radiation. Adjuvant therapy given before the main treatment is called neoadjuvant therapy. 
Adjuvant/neoadjuvant therapy may include one or more of the following: 

Hormone therapy: Anti- hormonal drugs to treat hormone receptor positive cancers, e.g. 
tamoxifen is estrogen receptor inhibitor, used to cure estrogen receptor positive breast cancer 
patients. Aromatase inhibitors are administered to prevent estrogen production and thus 
combat the estrogen receptor activity through sequestration of its ligand. 

Immunotherapy: Immunotherapeutic stimulate an effective anti- cancer immune response by 
activating the immune cells or preventing the tumor cells to create protecting shield against 
the immune system. For example PD-L1 (programmed death ligand-1) is one such factor. 
When expressed on cancer cells it binds to PD-1 (programmed death-1) to prevent destruction 
by the immune cell. Anti PD-1 and anti PD-L1 drugs make tumor cells exposed to the tumor 
infiltrating immune cells (TILs) (38). 

Targeted therapy (other than hormonal and immunotherapy): Drugs that target to inhibit a 
function or a specific pathway or one specific molecule. For example bevacizumab directly 
binds vascular endothelial growth factor (VEGF) and inhibits its pro-angiogenic function, thus 
preventing tumor progression and metastasis (39). 

Chemotherapy: The most common type of cancer treatment. The chemotherapy drugs either 
inhibit DNA replication and cell division, damage the actin or the mitotic spindle, or inhibit 
other functions in growing and dividing cells. Chemotherapy affects both cancerous and 
normal stem cells and are called cytotoxic drugs. These drugs cause toxicities to normal tissues 
and may cause severe side effects. There are rules for how much drug can be administered 
into a patient for how long period (40). 

Cytotoxic drugs: 
1- Anthracycline antibiotics 
2- Alkylating agents 
3- Cytoskeletal disruptors (Taxane)  
4- Epothilones 
5- Histone Deacetylase Inhibitors  
6 - Inhibitors of Topoisomerase I 
7- Inhibitors of Topoisomerase II  

8- Kinase inhibitors 
9 - Nucleotide analogs/ precursor analogs 
10- Peptide antibiotics 
11 - Platinum-based agents 
12 - Retinoid 
13 - Vinca alkaloids and derivative
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1.1.2.1 Therapies/drugs used in this work 
All types of treatment types described above, surgery, radiation, and chemotherapy were 
applied to the patient populations used in our studies. The most prominent drugs and/or 
combination of drugs used are described below. 

FEC (5-fluorouracil, epidoxorubicin and cyclophosphamide) 

Well-known chemotherapeutic agent FEC is combination of three drugs. F stands for 5- 
Fluorouracil (5-FU), which incorporates flourouridine triphosphate (FUTP) into RNA, 
flourodeoxyuridine triphosphate (FdTUP) into DNA and inhibits synthesis of thymidylate 
synthase (TS) by flourodeoxyuridine monophosphate (FdTMP). TS is enzyme that synthesizes 
the pyrimidine, thymidine, nucleoside required for DNA synthesis. Mainly, 5-FU halts DNA 
synthesis (41). E in FEC stands for Epidoxorubicin, which is an Anthracycline analog, its 
mechanism of action involves the iron complex inducing oxidative stress in order to yield 
formaldehyde. Formaldehyde then covalently attaches to G-bases of DNA, crosslinking the 
DNA, leading apoptosis (42). Whereas, C stands for Cyclophosphamide, which is a nitrogen 
mustard, an alkylating agent that attacks guanine base in DNA to damage the DNA and triggers 
apoptosis. It is an immunosuppressive agent (43). Together these three drugs (known as FEC) 
attack dividing cancerous cells, but also the normal stem cells. 

Taxane (paclitaxel or Taxol) 

Drugs originated from the plant Taxus- the taxane block cell cycle progression through 
centrosome impairment. They achieve the blockage by inducing abnormal spindle formation 
and by suppressing the spindle microtubule dynamics. The mitotic arrest at this stage triggers 
apoptosis. The development of fluorescent derivatives of paclitaxel played an important role 
to locate spindle pole microtubules and centrosomes as main sub-cellular targets of cytotoxic 
taxoids in living cells (44). 

Methotrexate (MTX) 

Methotrexate is a folate/ folic acid (vitamin B) analogue. Folate is essential for the de novo 
synthesis of methionine from homocysteine, which is further involved in DNA methylation and 
other essential cell functions like lipid metabolism. It is also essential for the conversion of 
serine to glycine. The production of methionine through the folate cycle can be oncogenic if it 
is hyper active (45). After injected into the body, methotrexate competes with folate to enter 
the cells using RFC1 or SLC19A1 cell membrane pump. By blocking the function of the 
enzymes, which are major substrates of folate metabolism, dihydrofolate reductase (DHFR), 
methylenetetrahydrofolate reductase (MDHFR), and  thymidylate synthase (TYMS), 
Methotrexate block the folate cycle (figure 1.3). 

Methotrexate is a drug constituting chemotherapy against a number of cancers including skin 
cancers, head and neck, or lung cancers, certain lymphomas, breast cancer, and  for 
osteosarcomas (46). It is also used to treat severe psoriasis and rheumatoid arthritis. The lack  
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of efficient intake and retention of methotrexate in the cancer cells may contribute to drug 
resistance in different cancers (46, 47). Other causes of less or no efficiency of methotrexate 
in cancer treatment can be increased levels of its competent DHFR, or decreased levels of 
polyglutamylation (48). 

1.1.3 Cancer Therapy Resistance 
Cancer therapies targeting any particular pathway or molecule may confront functional 
resistance due to the absence of anticipated functions or the replacement of the blocked 
functions under target with other with similar effect. Tumors are heterogeneous on cellular 
level, and may differ partly from the anticipated qualities used to target the therapy (6, 49). 
Cancerous cell growth is believed to initiate from abnormalities in one immortal cell, and 
progeny of that very cell may inherit those abnormalities. However, under continuous growth 
and division, daughter cells add to these abnormalities/mutations to one or more of their 
cellular anatomy or physiology, which may happen at any of the stages mentioned in table .1. 
For example anti- hormonal therapy against hormone positive tumors may block oncogenesis 
by targeting hormonal receptor positive tumor cells but not their daughter cells with 
functionally inactivated hormonal receptors (50). Such cancerous progeny adopts different 
survival and proliferating strategies and the tumor may escape the impact of the drug (6). That 
may also be observed in cancer resistance to drugs targeting a metabolic pathway, like 
methotrexate targeting the folate metabolic pathway. If a tumor is hyperactive in production/ 

Figure 1.3 Methotraxate in action within a cell. Abbreviations: ATIC: 5-amino-4-
imidazolecarboxamide ribonucleotide transformylase/IMP cyclohydrolase; DHFR: dihydrofolate 
reductase; TYMS: thymidylate synthase; ITPA: inosine triphosphate pyrophosphatase; RFC1: 
reduced folate carrier 1; SCL19A1: gene for RFC1 protein; FPGS: folylpoly-gamma-glutamate 
synthetase; ABCs: ATP-binding cassette; ITP: inosine triphosphate; IMP: inosine monophosphate; 
AMP: adenosine monophosphate. 
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or induction of production of a particular growth factor, it may need higher doses of therapy, 
which may lead to life- threatening toxicities for the patient and may also appear as drug 
resistance (51-53). For example, the effective dose of anti- VEGF-A may vary from patient to 
patient due to possible polymorphic variants of VEGF-A (54). Treating patients with a same 
dose, where one patient may produce VEGF-A with higher ratio compared to another, may 
result in different therapy efficacy (55, 56). Similarly, we studied the phenomenon of 
methotrexate therapy resistance in osteosarcoma patients at genetic level, as a result of the 
effect of single nucleotide polymorphism (SNPs). 
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1.2 Tumor Microenvironment, Immunity, and Cytokines 

The tumor microenvironment surrounding the tumor cells consists of tumor infiltrated 
lymphocytes (TILs), fibroblasts, myofibroblasts, neuroendocrine cells, adipose cells, epithelial 
cells, dendritic cells (DCs), lymphocytes and other immune cells like monocytes and 
macrophages etc., secreting growth factors, interleukins and chemokine etc. (cytokines), and 
blood and lymphatic vascular networks figure 1.4) (57, 58). 

The tumor composition of cells from both the innate and adaptive immune system was 
studied here. 

Innate immunity plays a major role in fighting invading microorganisms. The innate leukocytes 
include natural killer cells (NK), mast cells, granulocytes (neutrophils, eosinophils, and 
basophils), and the phagocytic cells including monocyte, macrophages, neutrophils, and 
dendritic cells (DCs) called myeloid cells. 

Cells of adaptive immunity, lymphocytes develop in the central or primary lymphoid organs, 
the thymus (T cells) and bone marrow (B cells). The newly formed (näive) lymphocytes migrate 
from these primary organs to peripheral or secondary lymphoid organs—lymph nodes and 
spleen, where they can react with foreign antigens. Phagocytes and other antigen presenting 
cells (APC) engulf and present the foreign antigen or lipopolysaccharide (LPS) to activate naïve 
adaptive lymphocytes cells in peripheral lymphatic organs, which results in activation of 
adaptive immunity (59-61). The adaptive immune cells include natural killer T (NKT) cells, 
cluster of differentiation (CD) 4 T cells, CD 8 T cells, and B cells. 

1.2.1 Adaptive Immunity and Tumor Microenvironment 
The enhanced proliferative capacity and inhibition of apoptosis are major features of 
cancerous growth. Tumor cells acquire and accumulate mutations (which might result in 
molecules foreign to the immune system). Further, microbial DNA can be integrated into 
human DNA and recent studies observed bacterial DNA segments in human cancer cells. (62-
64). Upon treatment, some tumor cells die through necrosis and release DNA fragments of 
foreign nature, including these microbial or microbial analogues incorporated into the human 
DNA. This triggers host immune responses. Exposure to necrotic tumor cells induces the 
maturation of immune stimulatory dendritic cells (DCs) (65). Matured DCs and other antigen 
presenting cells recruit and activate the immune cells including NKT, CD4T cell, CD8T cells, B 
cells (65-67). 

1.2.1.1 Anti-tumorigenic Immunity 

Tumor microenvironment may either assist or inhibit the proliferation of cancer cells, 
depending on the presence or absence of certain immune cell populations and immune 
signaling molecules. For example, tissue-resident macrophages are a heterogeneous 
population that fulfills tissue-specific and niche-specific functions- like homeostatic functions,  
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such as clearance of cellular debris and iron processing; tissue immune surveillance; response 
to infection; and the resolution of inflammation (68). There are many theories about how 
tumor microenvironment may support or terminate tumor progression. There is evidence that 
the presence (and amounts) of adenosine triphosphate (ATP) in the tumor microenvironment 
as a result of cell necrosis, along with some other factors may shape the pro- or anti- 
tumorigenic function of the tumor microenvironment (68-70). For example, presence of 
bacterial lipopolysaccharides (LPS) and interferon (IFN), and absence of ATP may result in anti-
tumoric microenvironment (65, 69-77). Presence of LPS (from DNA of necrotic tumor cells) 
and type 1 IFN (produced by innate immune cells) and a cascade of events contributes to the 
activation of Batf3-lineage DCs, which appear to be central to anti-tumor immunity (78). The 
DNA from necrotic tumor cells may activate IFN genes pathway STING in DCs, triggering 
expression and production of IFN-beta (β). IFN- β then induces the activation of T cells which 
have anti-tumor function by release of chemokine which recruits Batf3 DCs to the tumor site 
(78). 

TH1 and Cell Mediated Anti-Tumor Immunity 

Further, it is suggested that the presence of LPS, CD40L leukocytes (naïve TH cells), 
granulocyte-macrophage colony-stimulating factor (GM-CSF), interleukin (IL)-1, tumor 
necrosis factor alpha (TNF-α), IL-3, and  IL-6 triggers expression of IL-12 by type1 macrophages 
(M1) and IL-4 by type 2 macrophages (M2) (73, 79-81). IL-10 down regulates IL12 production. 
Consequently, in the absence of IL-10, production of IL-12 by classical type 1 M1 macrophages 

Figure 1.4  An illustration of tumor microenvironment (with approval from Cui and Guo, 2016: 
PMID: 27869779) 
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results in TH1 dominant immunity (73, 80, 82). TH1 mediated immunity may destroy cancer 
cells through activation and recruitment of cells that can kill or engulf cancer cells. TH1 cells 
produce interferon gamma (IFN-γ) which triggers the production of IP-10 (Interferon gamma 
induced protein 10), which recruits NK and NKT cells to the tumor sight (80, 81). TH1 cells also 
produce IL-2 and tumor necrosis factor (TNF)-beta, which in presence of IFN- γ, activates 
macrophages are responsible phagocyte-dependent immunity (83) (figure 1.5). 

1.2.1.2 Pro-tumorigenic immunity 
There is wide experimental evidence that, the tumor microenvironment may also support 
tumor growth. The presence of adenosine triphosphate (ATP) and absence of LPS in the tumor 
microenvironment may support tumor progression (69, 70). Tumor cell necrosis may release 
small amounts of ATP, which may induce maturation of DCs in pro-tumorigenic manner (69, 
70). Further, the absence of CD40L T cells in the tumor microenvironment may result in tumor 
cells survival due to the lack of the chemokine that triggers Batf3 DCs recruitment (69, 70). 

TH2 and Humoral Pro-Tumoric Immunity 

If the maturation of DCs occurs without LPS- and in the absence of CD40L leucocytes and in 
the presence of IL-1 receptor antagonist (IL-1ra) and IL-10, the result is classical type 2 
macrophage (M2) dominant immunity, where IL-4, IL-10, and  macrophage colony-stimulating 
factor (M-CSF) dominate the tumor microenvironment. Mature DCs exposed to ATP showed 
an impaired ability to initiate TH1 responses. IL-10 downregulates IL12 production, in its 
presence IL-4 production increases, resulting in TH2 dominant immunity (73, 80). M2 activates 
TH2 and B cells, which results in the dominance of humoral immunity and inflammation. 
Humoral immunity includes B cells maturation, antibody production, recruitment of 
granulocytes (eosinophil and basophils), and phagocytes, and memory cell generation. It also 
includes up-regulation of TH2, and down regulation of TH1 cell related immunity (84). These 
conditions result in immune surveillance escape, release of growth factors and 
neoangiogenesis. For cancer cells, it means access to nutrition and chances to invade to other 
sites. The T regulatory cells (IL10 producing Treg) also inhibit the IL-12 expression and diminish 
the levels of TH1 effector cells (73, 82, 85) (figure 1.5). 

To conclude, the activation of naïve CD4 ligand expressing (CD40L) into T helping and T-reg 
cells occurs by activated antigen presenting cells, either in the presence of IL-4 and IL-10, or 
IL-12. Presence of some other molecules like IL6, TGF beta, and  IL-23 also decides the fate of 
CD4 maturation (figure 1.5) (79, 81). The ratio of pro- and anti- tumorigenic elements decides 
the fate of cancer cells. 
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1.3 What are Cytokines? 

The immune cells communicate with each other through cytokines. Cytokines are also the 
connection between immune cells and other body cells like endothelial, epithelial, 
hematopoietic, and  nerve cells. Circulating cytokines may represent a picture of overall 
immune activity levels in a body, and blood can be immediate and easily accessible source of 
these cytokines. These are small proteins secreted by cells, which include lymphokine- 
produced by lymphocytes, monokine- produced by monocytes, chemokine- cytokines with 
chemotactic activities, and interleukins – produced by leukocytes, which act as signaling 
molecules between the leukocytes. Cytokines may act in autocrine, paracrine or/and in some 
instances in endocrine fashion. Just as the cells that produce them, cytokines can act both in 
a pro-inflammatory and anti-inflammatory manner (86). 

Figure 1.5 Tumor progression or tumor inhibition depends on tumor microenvironment: amount of 
ATP released after tumor cells necrosis, and concentrations of particular cytokines from innate 
immune system, tumor cells, fibroblasts and epithelial cells. 
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1.3.1 Cytokines and Metastasis 
Both tumor cells and tumor infiltrating immune cells produce growth factors like vascular 
endothelial growth factor (VEGF) and platelet derived growth factor (PDGF). Siedlecki et al., 
2017 studied the effect of combined inhibition of VEGF and PDGF in neovascular formation by 
using endothelial cells and pericytes resulting in the sequestration of capillary formation (87). 
When tumors grow to form solid tumors, hypoxic conditions prevail. VEGF-A production is 
triggered by hypoxia. VEGF-A recruits endothelial cells for the formation of new blood vessels, 
thus triggering angiogenesis and lymphogenesis (88). PDGF beta has been also shown to 
trigger lymphogenesis in tumors (85, 89). One of the characteristics of the tumor cells is that 
they can be easily detached from each other, making them moveable to new sites in the body 
through the new emerging blood vessels. 

1.3.2 Cytokines in the Studies 
Four of five studies, included in this thesis, involved quantitative analysis of 27 cytokines, listed 
in table 1.3, including their protein names and symbols, their gene names and symbols, and 
the receptors they bind. 
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Table 1.3. List of 27 cytokines assessed in the three studies with names, genes names, their symbols 
and receptors they bind. 
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1.4 Function Based Classification of Cytokines 

Cytokines are molecule with multiple functions and they interact with multiple types of cells. 
However, on basis of their functionality, some cytokines can be grouped together. Table 1.4 
shows some functional classes for the 27 cytokines studied here. This is a rough classification 
because some cytokines may belong to more than one class shown here in the table. For 
example, IP10 is a chemokine but also a proinflammatory cytokine. 

1.4.1 Chemokines 
These light molecular weight proteins are chemo attractants for immune cells which express 
their receptors. The human chemokine superfamily currently includes at least 46 ligands, 
which bind to 18 functionally signaling G-protein-coupled receptors and at least three “silent” 
receptors, DARC, D6, and  CCX CKR (90, 91). Some chemokines are included in our analysis, 
which are defined as following: 

IL-8 (CXCL8): Interleukin-8, or CXC ligand 8, IL-8/CXCL8, is a chemo-attractant cytokine 
produced by a variety of tissues and blood cells including macrophages, epithelial, airway 
smooth muscle cells and endothelial cells. IL-8 attracts neutrophils to inflammatory regions 
resulting in the release of granule enzymes (92). 

IP-10 (CXCL10): Interferon (IFN)-γ inducible protein or CXC ligand 10, IP10/ CXCl10, is a 
member of the CXC chemokine family. It is a pleiotropic molecule with multiple biological 
functions and is produced by monocytes, fibroblasts, and  endothelial cells after stimulation 
by IFN-γ. It is a chemo-attractant for Treg cells, NK, and  NKT cells. It has a biological function 
in the regulation and maturation of T-cells, bone marrow progenitor cells and adhesion 
molecules (93). This chemokine has been proposed to be a key link between inflammation and 
angiogenesis (94). 

MCP-1 (CCL2): The Monocyte Chemo-attractant Protein 1 or Chemokine (C-C motif) Ligand 2, 
MCP-1/CCL2, is a small cytokine that belongs to the CC chemokine family. It is produced by 
monocytes, macrophages, DCs, endothelial, epithelial, fibroblasts, and  smooth muscle cells. 
CCL2 recruits monocytes, memory T cells, and dendritic cells to the sites of inflammation 
produced by either tissue injury or infection (90). 

Table 1.4. Cytokines roughly classified into groups on base of their functions. 
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MIP-1a (CCL3): Macrophage Inflammatory Protein 1-alpha or Chemokine (C-C motif) Ligand 3, 
MIP-1a/CCL3, is a chemo-attractant for neutrophils. It is produced by macrophages and 
neutrophils after bacterial endotoxin (BE) stimulation. It is a macrophage and dendritic cells 
derived inflammation mediator, which also negatively regulates the proliferation of 
hematopoietic stem/progenitor cells (HSPCs). It is also a recruiter of CD8+ T-cells (90-92). 

MIP-1b (CCL4): Macrophage Inflammatory Protein 1-beta or Chemokine (C-C motif) Ligand 4, 
MIP-1b/CCL4, produced by activated dendritic and CD4+ T cells, macrophages, and 
neutrophils. Its binding to CCL3/CCL4–CCR5 promotes CD8+ T- cells accumulation (91). 

RANTES (CCL5): Regulated on Activation, Normal T cell Expressed and Secreted (RANTES), or 
Chemokine (C-C motif) ligand 5 (CCL5), is a cytokine released by human subcutaneous adipose 
tissue and by neutrophils after stimulation by LPS and BE. It is chemotactic for T cells, 
eosinophils, and basophils, and plays an active role in recruiting leukocytes into inflammatory 
sites (90). 

1.4.2 Growth Factors 
Growth factors are widely expressed in the body and are involved in the regeneration and 
repair of body tissues. Growth factors provide stimuli for cell cycle progression through 
protein kinase B/AKt and cyclin dependent kinase activation (95). They may operate both in a 
paracrine and autocrine manner. These are organized into families dependent on the 
structures and receptors they bind (96). Examples of growth factor families include Epidermal 
Growth Factor (EGF) Family, Insulin Family, Hepatocyte Growth Factor (HGF) Family, 
Neurotrophin Family, Fibroblast Growth Factor (FGF) Family, Platelet-Derived Growth Factor 
(PDGF) Family and Vascular Endothelial Growth Factor (VEGF) Family. There were three 
cytokines included in the growth factors under these studies: FGF-basic, PDGF-bb, and VEGF-
A. 

FGF-basic: Basic fibroblast growth factor, also known FGF-β and FGF2, is present in the 
basement membranes and in the sub-endothelial extracellular matrix of blood vessels, which 
becomes activated during tissue repair and tumor progression (97). It is produced by 
adipocytes, normal, and tumor cells. FGF-2 may stimulate hematopoiesis and may have a role 
in differentiation of nervous system, eye, and  skeleton (98). 

PDGF-BB: Platelet-derived growth factor-BB is a major stimulant for smooth muscle cell 
migration, proliferation, and angiogenesis (99, 100). Activated platelets, macrophages, 
endothelial and muscle cells produce it. It transactivates the fibroblast growth factor receptor 
to induce proliferation in human smooth muscle cells (101). PDGF-BB also promotes early 
endothelial cell differentiation (102). PDGF-BB induces lymphogenesis and promotes 
lymphatic metastasis (89). Its receptor PDGFR-β is expressed on pericytes and vascular smooth 
muscle cells. Endothelial secreted PDGF-BB mediates recruitment of these cells to newly 
formed vessels (103). Breast cancer tissue expresses higher levels of PDGF-BB, which has a 
paracrine role in malignant and benign breast epithelial cell proliferation (104). 
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VEGF-A: Vascular endothelial growth factor A (VEGF-A), also known as VEGF, is a member of 
family which has members nominated from A- to F. VEGF-A is produced by normal and tumor 
cells under hypoxic conditions. There are different splicing variants of VEGF-A (VEGF-A 121, 
165, 189, and 206), which correspond in amino acid length to the four known isoforms. VEGF-
A 121 and 165 are free circulating forms, whereas, VEGF-A 189 and 206 appear to be bound 
tightly to the cell surface heparin-like molecules of producing cells (105). VEGF-A has a variety 
of functions, including pro-angiogenic activity, vascular permeability activity, and the 
stimulation of cell migration in macrophage lineage and endothelial cells (106). VEGF-A binds 
receptors, VEGF-R1 and VEGFR-2. VEGFR-1 negatively regulates embryonic vasculogenesis and 
is involved in tumor angiogenesis through activation of monocytes and macrophages. VEGFR-
2 is also involved in both embryonic vasculogenesis and tumor angiogenesis (107). VEGF 
signaling through VEGFR-2 is the major angiogenic pathway, and blockage of VEGF / VEGFR-2 
signaling is an anti-angiogenic strategy for cancer therapy (108). 

1.4.3 Pro-Inflammatory and Other Cytokines 
Cytokines are regulators of host responses to infection, immune responses, inflammation, and 
trauma. Some cytokines act to enhance the immune response, called pro inflammatory, (109). 
These may include: 

IL-2: Interleukin-2 (IL-2) stimulates the differentiation of CD4+ T cells and CD8+ T cells into 
defined effector subsets following antigen-mediated activation. It is produced by activated T 
cells, activated DCs. It is crucial for the maintenance of regulatory T (Treg) cells, thus favoring 
either immune stimulation or suppression (110). 

IL-6: Interleukin-6 (IL-6) is produced by mononuclear phagocytes, T cells, and fibroblasts under 
infection, burns, trauma/stress (released proteases after necrosis/apoptosis) etc. It is not only 
involved in inflammation and infection responses but also in the regulation of metabolic, 
regenerative, and neural processes. Furthermore, IL-6 is involved in liver regeneration and in 
the metabolic control of the body (111). Initially in acute inflammation, pro-inflammatory 
cytokines promote neutrophil accumulation and the release of IL-6 (112). 

IL-7: Interleukin-7 (IL-7) is a non-hematopoietic cell-derived cytokine with a central role in the 
adaptive immune system (113). It is produced by bone marrow and thymic stromal cell, DCs, 
keratinocytes, hepatocytes, neurons, and  epithelial cells. It is important for the organogenesis 
of lymph nodes. Interleukin 7 is essential for the survival of naive T lymphocytes and for the 
maintenance of activated T cells recruited into the secondary lymphoid organs (114, 115). 

IL-15: Interleukin-15 (IL-15) is a pleiotropic cytokine (structurally related to IL-2) that plays an 
important role in both the innate and adaptive immune system. Monocytes, epithelial cells, T 
lymphocytes and fibroblasts under bacterial infections excrete IL-5. Unlike IL-2, IL-15 plays a 
certain role in bone resorption that leads to failed joint prostheses (116, 117). IL-15 promotes 
the activation of neutrophils and macrophages, and is critical to the function of DCs, NK cells, 
NK T cells and CD8+ T cells (116). 
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IL-17A: The interleukin-17 (IL-17) family includes six members, IL17-A to –F, which are 
identified into a family based on amino acids sequence homology. IL17 family cytokines plays 
a crucial role in in the host defense against microbial pathogens invasions and they are strong 
inducers of inflammation. However, they also contribute to the tissue destruction that occurs 
in chronic inflammatory and autoimmune diseases such as psoriasis, rheumatoid arthritis, and 
multiple sclerosis. TH17, CD4+, CD8+, gamma-delta T (γδ-T), invariant NKT, and innate 
lymphoid cells (ILCs), in the presence of IL6 and IL23, excrete IL-17A. It induces pro-
inflammatory cytokines such as TNF-α, IL-1β, and IL-6 from cartilage, macrophages, 
osteoblasts (bone cells), and synoviocytes (A form of fibroblast cell that occurs in the synovial 
(lubricating fluid in joints) membrane) (117). IL-17A also stimulates the production of multiple 
chemokines, which recruit neutrophils, macrophages, and lymphocytes to the site of 
inflammation, thereby enhancing the inflammation (118). 

G-CSF (CSF3): Granulocyte colony stimulating factor (G-CSF) or protein of colony stimulating 
factor number 3 (CSF3) is a glycoprotein, which is produced by monocytes, T cells, fibroblasts 
and endothelial cells, and  macrophages in the presence of IL-1 and TNF (119). It has a central 
role in the production of neutrophils in health and diseased states and is used as therapeutic 
agent to increase the neutrophil numbers, which may dramatically decrease in response to 
infection or cytotoxic chemotherapy (119). G-CSF induces neurogenesis to increase the 
neuroplasticity and may counteract apoptosis (120). G-CSF can act as an immune regulator 
molecule that induces tolerogenic (tol-) DCs (121). 

GM-CSF (CSF2): Granulocyte-macrophage colony-stimulating factor (GM-CSF) or protein of 
colony stimulating factor 2 (CSF2) is produced by monocytes, T cells, fibroblasts, mast cells, 
NK cells, endothelial cells, and  macrophages. A pluripotent cytokine, which regulates normal 
and malignant hemopoiesis and immunity by increasing DCs maturation and activity of 
macrophages (122). It can act on circulating neutrophils, monocytes, and lymphocytes in a 
paracrine fashion. It is used clinically to treat neutropenia after chemotherapy bone marrow 
transplantation (123). 

IL-1B: Interleukin (IL)-1β is a member of the interleukin 1 family of cytokines, which is 
produced by macrophages and TH1 cells after TLR/LPS/C3a/ATP-mediated P2X7 activation. 
This proinflammatory cytokine is an important mediator of the inflammatory response, and 
other cellular activities like cell proliferation, differentiation, and apoptosis (124). 

1.4.4 Immunosuppressive Cytokines 
Immunosuppressive or anti-inflammatory cytokines function to terminate and balance the 
inflammatory immune functions in the body. These include transforming growth factor-beta, 
IL10 and IL1Ra, the last two were included in our panel of cytokines analysis. 

IL-1RA: The interleukin-1 receptor antagonist (IL-1Ra) is a member of the IL-1 family that binds 
to IL-1 receptors to halt the intracellular response. It is produced by epithelial, leukocytes, and 
adipocytes. Adherent IgG, other cytokines, and bacterial or viral components stimulate its 
production (125). 



19 

IL-10: Interleukin-10 (IL-10) has a central role in infection by limiting the immune response to 
pathogens and thereby preventing damage to the host. It is produced by monocytes, 
macrophages, dendritic cells, TH1, TH2, TH17, and  Treg in presence of G-CSF, IL-6, and 
bacterial or viral components (126, 127). IL-10 has an autocrine effect on DC and macrophages 
for more production of IL-10 by Treg. IL-10 down regulates the expression of TH1 cytokines, 
MHC class II antigens, and co-stimulatory molecules on macrophages. It also enhances B cells 
proliferation and antibody production (128). 

1.4.5 T Helping Cells Type 1 (TH1) Related Cytokines 
Adaptive immune responses are characterized by the activation and differentiation of CD4+ T 
cells into distinct effector T helper (TH) cell subsets: TH1, TH2, TH9 or TH17; and induced 
regulatory T cells (iTregs) (129, 130). The DCs matured with high doses of LPS or CgG 
oligonucleotides in the presence of IL-12p70 lead to induction of TH1 cells (130). TH1 cells 
mostly produce IFN gamma and TNF alpha. 

IL-12 (p70): Interleukin 12 (IL-12) is a heterodimer, a cytokine encoded by two separate genes, 
IL-12A (p35), and  IL-12B (p40). Thus, IL-12 (p70) is a heterodimer of the products of both 
genes. Its protein is expressed by monocytes/macrophages and dendritic cells. The major 
function of IL-12 (p70) is the proliferation of TH0 (naïve T precursor cells) and their maturation 
into TH1 type of cells including the stimulation of TH1 to produce IFN gamma (131). Its other 
functions include stimulation of growth and cytotoxicity of activated NK cells, CD8+, and  CD4+ 
T cells (131, 132). This results in enhancement of cell dependent immunity at the site of 
disease. IL-12 can suppress the production of Ig E and enhance the production of Ig G from 
the B cells (132). 

IFN -gamma: Interferon are ubiquitous cytokines with three major classes of interferon, type 
II or immune interferon includes interferon gamma (133). Interferon-gamma (IFN- γ) is crucial 
for immunity against intracellular pathogens and for tumor control. It is produced by activated 
CD4+ T lymphocytes (TH1), NKT, and  NK cells (134). IFN-γ is known to be a pleiotropic cytokine 
that induces and modulates an array of immune responses. IFN-γ down regulates expression 
of IL-4 and inhibits differentiation and activity of TH2 cells. IFN-γ induces the production of 
CXC receptor 3 (CXCR3) binding three chemokines, CXCL9, CXCL10, and  CXCL11. These 
chemokines have crucial roles in recruitment of leukocytes to the site of inflammation (135, 
136). 

TNF -alpha: Tumor necrosis factor (TNF) superfamily composes of a group of cytokines and 
their receptors, which can reduce cell death. TNF-alpha (α) is the best studied member of 
this class. TNF- α is a pro-inflammatory cytokine and a part of the host response to bacteria, 
viruses and cancer. Monocytes, macrophages, lymphoid cells, mast cells, endothelial cells, 
fibroblasts, and  neurons secrete it after infection and by TH1 cells after activation by IL12. 
TNF- α exists as trimeric molecule and binds two types of receptors: TNF receptor type 1 
(TNFR1) and TNF receptor type 2 (TNFR2). TNFR1 is expressed on almost all nucleated cell 
types, whereas expression of TNFR2 is immune cells specific (137). TNF-α recruits the immune 
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cells to sites of inflammation. TNF- α signaling regulates a number of critical cell functions 
including cell proliferation, survival, differentiation, and apoptosis (138, 139). 

1.4.6 T Helping Type 2 (TH2) Related Cytokines 
A signal molecule presented by DCs in the absence of TGF-β and IL-12, or/and present of IL4 
induces a maturation of naïve cells (TH0) into effector type 2 helping (TH2) cells, which in turn 
produce IL-4, IL-13, and  IL-5. 

IL-4: Interleukin 4 (IL-4) is a cytokine that induces differentiation of naïve helper T cells (TH0 
cells) to Th2 cells. Activated TH2 cells then subsequently produce additional IL-4 in a positive 
feedback loop. It is also produced by macrophages, basophils and mast cells, and  group-2 
innate lymphoid cells (ILC2s) in the presence of GM-CSF and IL-3. IL-4 is a key regulator in 
humoral and adaptive immunity. IL-4 can initiate signal transduction through two different 
receptor complexes, a type I receptor expressed on hematopoietic cells or a type II receptor 
expressed on non-hematopoietic cells (140). Beside T cells proliferation, IL-4 stimulates the 
activated B-cell into plasma cells, which then produce immunoglobulin. IL-4 induces B-cell 
class switching to Ig E, and up-regulates MHC class II production. IL-4 along with IL10 
counteracts TH1 differentiation and their production of IFN-γ. It can block the production of 
IL-12 by macrophages and dendritic cells, thus blocking the maturation of TH0 into TH1 cells 
(141). 

IL-5: Interleukin 5 (IL5) stimulates B cell differentiation and stimulates immunoglobulin (Ig) 
secretion. It is produced by activated TH2 cells, NK, mast cells, and  adipocytes. It is also a key 
mediator in the activation of eosinophils and their recruitment to the tissues (142). Its 
elevated circulating levels are related to obesity (143). 

IL-9: Interleukin-9 (IL-9) is produced by variety of cells like mast cells, NKT cells, TH2, TH17, 
Treg, ILC2, and TH9 cells in different amounts. Among them, TH9and TH2 cells are regarded 
as the major CD4+ T cells that produce IL-9. It stimulates cell proliferation and prevents 
apoptosis (144). 

IL-13: Interleukin-13 (IL13) is an activated TH2 related cytokine also produced by monocytes 
after LPS stimulation. It is implicated as a central regulator in IgE synthesis, mucus hyper-
secretion, airway hyper-responsiveness, and fibrosis. It is produced by (145). IL-4 and IL-13 
genes are co-located and often co-transcribed (146). 
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1.5 Aim of the Studies 

- To measure the concentrations/ levels of cytokines in blood/plasma/serum from 
breast cancer patients, as well as in normal and tumor breast tissue 

- To investigate whether serum cytokine levels correlate to diagnostic/prognostic or 
clinical features in breast cancer, including patient survival 

- To investigate the potential of the serum cytokine levels to serve as predictive 
biomarkers of chemotherapy and targeted therapy in breast cancer patients 

- To investigate the effect of the metastasis -associated factor S100A4 on cytokine 
secretion in breast cancer cells (BCCs) and the resulting impact on myeloid cells 

- To investigate the role of genetic variation in chemotherapy resistance and cancer 
patient survival. 

- The specific objectives of the separate studies were as follows: 

Paper 1 

(i) To identify and compare the abundance of cytokines and growth factors present in 
tumor (TIF) versus normal interstitial fluids (NIFs) 

(ii) To characterize and compare the cytokine profiles of various tumor subtypes 

(iii) To identify correlations between cytokine levels measured in TIF with 
subpopulations of tumor-associated TILs 

(iv) To identify cytokines with similar levels in TIF and matched serum 

(v) To identify associations between the cytokine profile of breast TIF and clinical 
outcome. 

Paper 2 

(i) To investigate whether there is a correlation between serum protein-cytokine 
levels and their corresponding tumor mRNA levels in breast cancer patients 

(ii) To investigate the inter-correlated variation of serum cytokines 

(iii) To analyze the serum cytokine levels relative to clinical features of the tumor 

(iv) To correlate the pre-treatment cytokine levels to the disease-free survival in the 
patients, thus find the immune pattern, which can facilitate better prognosis 
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Paper 3 

(i) To study the effect of bevacizumab (Avastin) on the immune system as seen by 
serum cytokine levels 

(ii) To compare the effect of FEC and taxane therapy with or without the combination 
with bevacizumab and its impact on the circulating cytokines 

(iii) To study the correlation between cytokine serum levels and tumor infiltrating 
leukocytes during time course of treatment. 

Paper 4 

(i) To investigate the effect of the S100A4 on BCCs secreted cytokines 

(ii) To observe the effect of S100A4 stimulated secretion on the myeloid cells 

(iii) To portray the tumor pro-tumorigenic and pro-metastatic microenvironment 

Paper 5 

To assess the effect of single nucleotide polymorphism in genes of chemotherapeutic drug 
(methotrexate) metabolic pathways on: 

(i) disease specific survival 

(ii) adverse effect of the therapy 
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2.0 MATERIALS AND METHODS 
The studies included here are listed in the following table with their cohort identifications and 
related information. 

Studies Specifications  

Paper 
no. 

Study 
cohorts 

No. of 
patients 

Samples 
collection 

period 
Age 

range (y) 
Samples 

types 
Collection 
timepoint Major analysis Analysis

method 

Paper1  DCTB 78 2003- 2012 32- 84 TIF a, NIF b,
serum c 

pre- 
treatment 

Cytokine 
concentrations 

Luminex 
xMAP and 
IHC 

Paper2 MicMa 131 1995- 1998 32- 90 Serum, mRNA,
and TIF 

pre- 
treatment 

Cytokine 
concentrations 

Luminex 
xMAP and 
xCELL 

Paper3 NeoAva 98 2008- 2012 25- 70 Serum and
mRNA 

pre- 
treatment, 
12 week d, 
25 week e, 
31 week f 

Cytokine 
concentrations 

Luminex 
xMAP and 
CIBERSORT 

Paper4 BCC 6 types g  NA  NA Cell-culture 
supernatant 

Pre- and 
post S100A4 
stimulation 

Cytokine 
concentrations 

Luminex 
xMAP, IHC 

Paper5 MTX 63 1994- 2003 9- 50 DNA from 
serum 

after 
1st 
treatment 
cycle 

Germline single 
nucleotide 
polymorphism 

Nanogen 
genotyping 

a TIF: tumor interstitial fluid, b NIF: normal interstitial fluid, c 25 samples, used for validation for Micma study; d after 12 
weeks neo-adjuvant therapy of FEC+/- bevacizumab, e after another 12 weeks of neo-adjuvant therapy of taxane+/-
bevacizumab or 25 weeks from therapy start, f six week after neo-adjuvant cessation, g human breast cancer cells and cell 
lines, and THP1 cell line 

Table 2.1: Specifications of studies included in the thesis 
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2.1 Patients and Primary Materials in the Cohorts 

DCTB Cohort 

Female breast cancer patients who underwent a mastectomy as part of the Danish Center for 
Translational Breast Cancer Research program were included from 2003 to 2012. Patient 
inclusion criteria were: (1) a unifocal tumor with an estimated size of more than 20 mm in 
diameter, (2) none of the patients had a history of breast surgery and (3) none received 
preoperative treatment. 

Patients were defined as high risk according to the Danish Breast Cooperative Group 
(www.dbcg.dk, accessed 22.10.200916) and were followed after surgery. Cancer-specific 
survival was measured from the date of primary surgery until the date of death. The date and 
cause of death were assigned in accordance with the Danish Cancer Registration System and 
the Danish Register of Cause of Death. Death records were complete up to October 08, 2014. 
The age range of the selected cohort was 32–84 y (median age 68.5 y). 

Pre-treatment tumor and adjacent tissue biopsies were taken to extract Tumor interstitial 
fluid (TIF), normal breast epithelial fluid (NIF), and fat interstitial fluid (FIF). Tumor tissue with 
paraffin-embedded sections were used for IHC staining. Blood samples were drawn at the 
same time as serum samples. 

MicMa Cohort 

Nine hundred twenty female breast cancer patients from five hospitals in Oslo (Norway) 
including Ulleval University Hospital, Norwegian Radium Hospital, Baerum Hospital, Aker 
University Hospital, and Buskerud Hospital were chosen for micro metastasis (Micma) study 
from 1995 to 1998. The original clinical Micma study reported for 817 patients, details by 
Wiedswang et al., 2003 (147). The routine diagnosis included mammography, chest x-ray, 
blood sampling, and clinical examination. Patients were followed up until death or for seven 
years. The median follow-up time was 49 months (range, 0.5 to 85 months). One hundred 
seventy-five patients (21.4%) experienced recurrence of the disease. During the observation 
period, 88 (10.8%) of the 817 patients died of metastatic disease. Pre- treatment serum was 
available from 131 patients, and tumor mRNA was available from 98 patients aged 31- 89.7 
years (median age: 59 years). 

NeoAva Cohort 

Female patients with large primary breast tumors (≥ 2.5 cm) (T2-T4), were included in the 
NeoAva trial from Oslo University Hospital, Oslo, and St. Olav’s Hospital, Trondheim, between 
November 2008 and July 2012. The recruited patients provided written informed consents 
prior to inclusion. Inclusion criteria were: (1) previously untreated for breast cancer were 
eligible. (2) WHO performance status ≤ 2 (148), (3) adequate hematological and biochemical 
parameters, (4) no sign of metastatic disease, (5) normal organ function in general and normal 
left ventricular ejection fraction. 
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During selection, the patients were not allowed concomitant medications with anticoagulants 
(other than low dose acetylsalicylic acid, 160 mg or lower). 

The patients were stratified based on their tumor size (2.5 ≤ T ≤ 5 cm, T > 5 cm) and hormone 
receptor status (positive for estrogen 
(ER), progesterone, or both). Patient 
received neo-adjuvant (pre-surgery) 
treatment. The patient selection was 
randomized 1:1 to receive 
bevacizumab and chemotherapy 
(bevacizumab (Bev) arm) or 
chemotherapy alone (chemotherapy 
arm). Randomization was performed 
by the centralized research support 
facility at Oslo University Hospital. The 
randomization list was not known to 
the personnel responsible for providing 
information or treatment to the 
patients. 

The plan for time course of treatment 
and serum cytokines assessment is 
shown in figure 2.1. 

Out of the 150 patients (age: 25- to 70 yrs) enrolled, 138 were assigned to treatment with 
chemotherapy, and 12 (independently randomized; not reported herein) received endocrine 
therapy as determined by the responsible oncologist. Of the 138 patients treated with 
chemotherapy, 66 in each group were included in the primary efficacy analysis. 

Tumor samples were sequentially collected as core needle biopsies before the start of 
treatment, during treatment (after 12 weeks) and after treatment at surgery, minimum three 
weeks after the last therapy. Matched tumor samples from all three time points were available 
from 96 patients. Serum from blood sample and mRNA from tumors for this sub study were 
available from 98 patients (49 per each arm of treatment) before start of the neo-adjuvant 
treatment (screening: SC), 12 and 25 weeks from start of neo-adjuvant treatment, and  six 
weeks after surgery (before start of radiation therapy), which is 31-32 weeks from study entry. 
Platelet and white blood cell (WBC) counts were also analyzed by routine methods. 

Breast Cancer Cells 

Primary cultures from BC patient biopsies Surgical specimens of BC tumors were obtained 
from patients enrolled in the “OSL2” study, conducted at several hospitals in the Oslo region. 
Informed and written consent was obtained from all patients, and the project was approved 
by the South East Regional Committee for Medical and Health Research Ethics (Ref. no. 
2007/1125, 2016/433). Cells from fresh tissue were extracted and cultured as described in 

Figure 2.1: Neoadjuvant therapy plan in the study 
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Prasmickaite et al., 2018 (149). Cultures were fed 1-3 times per week by replacing half of the 
medium with fresh medium. Cells propagating outward from adherent explants were 
harvested by trypsination and used for further experiments. 

MTX Cohort 

Sixty-five consecutive patients with high grade osteosarcoma treated with HD MTX at the 
Norwegian Radium Hospital between September 1994 and April 2003 were included. Patients 
were defined as paediatric (<15 years) or adults (≥15 years), age ranging from nine to 51 years 
(median age 18yrs). Both gender included, whereas 39 male and 26 females. Patients did not 
have a history of renal or cardiac disease and none had underlying Epstein Barr, herpes or 
cytomegalovirus infection. In two patients, osteosarcoma occurred in previously irradiated 
areas (bilateral retinoblastoma and Hodgkin's lymphoma). Patients <40 years were treated 
according to current institutionally approved protocols. For patients who could not follow the 
ongoing protocol due to toxicity, disease progression or age ≥ 40 years, protocols were 
modified. All protocols were multi-drug regimens consisting of HD MTX, cisplatin, doxorubicin, 
ifosfamide, and—in some patients—etoposide. The number of HD MTX cycles planned to be 
given in each treatment protocol varied from 2 to 10 cycles. Concomitant drugs with known 
interference with MTX were not administered during the HD MTX treatment cycles. Eight 
blood samples (and serum from them) were taken before infusion, one at 0, at 2, 4, 12, 24, 
48, and  72 h subsequent to start of MTX infusion were taken. Patients DNA was isolated from 
serum these samples for genotyping. Blood was also used to measure alanine 
aminotransferase (ALAT), alkaline phosphatase (ALP), gamma-glutamyl transferase (γGT), 
total bilirubin, and  creatinine as usual lab routines (150). 
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2.2 Samples, Treatment, and Clinical Data 

Paper 1 

The study uses biological material collected pre-treatment. The clinicopathological data for 
the included patients was provided by the Pathological Department of Copenhagen University 
Hospital. Although survival analysis is performed relative to some parameters, the treatment 
information is not specific enough to stratify the survival relative to treatment type. Multi-
drug regimens were given to different patients. The date and cause of death were assigned in 
accordance with the Danish Cancer Registration System and the Danish Register of Cause of 
Death. Death records were complete up to October 08, 2014 and served as the censor date. 

At the time of collection, each tumor biopsy and matched non-malignant tumor biopsy were 
divided into two pieces. One piece was stored at – 80o C and was subsequently prepared as a 
FFPE sample that was sectioned, mounted on glass slides, and stained for histological 
characterization, tumor subtyping, TIL scoring, and IHC studies. The second biopsy piece was 
placed in PBS at 4o C within 30–45 min of surgical excision and then was subjected to 
interstitial fluid recovery. 

The proportion of TILs in tissue sections was evaluated in accordance with the 
recommendations of the International TILs Working Group 2014. An assessment of overall 
inflammatory reactions and the number of lymphoid cells present within biopsies were 
determined for hematoxylin- and eosin stained sections. IHC analyses were also performed to 
examine the most prominent components of the immune microenvironment in the breast 
tumors examined (151). 

Paper 2 

The treatment was breast-conserving surgery or breast ablation and axillary clearance. The 
routine selection of patients to adjuvant treatment was based upon the prevailing National 
Guidelines, where postmenopausal hormone receptor (HR) positive patients received 
tamoxifen only, postmenopausal HR negative patients received CMF and premenopausal 
patients received CMF followed by tamoxifen if HR positive. Five patients received high dose 
chemotherapy and another five, preoperative chemotherapy due to large tumor size. After 
completed primary therapy, the patients were followed at 6–12 months intervals. The clinical 
examination follow up continued after each six to twelve month either at the hospital 
outpatient departments or by the patients’ primary doctors, with mammography annually. 
Further diagnostic work-up was performed only if the patients had symptoms or signs of 
progression. Patients were followed up until death or for seven years. The median follow-up 
time was 49 months (range, 0.5 to 85 months). One hundred seventy-five patients (21.4%) 
experienced recurrence of the disease. During the observation period, 88 (10.8%) of the 817 
patients died of metastatic disease. 



28 

With the patients’ consent, bone marrow (BM) aspiration was performed in general 
anesthesia, just prior to primary surgery for suspected breast cancer. Histologic tumor type, 
tumor size, and nodal involvement were analyzed according to the TNM system (World Health 
Organization). Lymph nodes invaded tumor cells were scanned using light microscope. Tumor 
slides were also screened for vascular invasion. Tumor grading was performed as described by 
Elston and Ellis, 1991 (152). 

Tumor receptor status for subtyping was assessed by automatic immunostaining, all 
procedures are available at http://genome-www.stanford.edu/breast_cancer/ and all raw 
data can be obtained from the Stanford Microarray Database (SMD) (http://genome-
www5.stanford.edu//). The data have been deposited in NCBIs Gene Expression Omnibus 
(GEO, http://www.ncbi.nlm.nih.gov/geo/) and are accessible through GEO Series accession 
number GSE3985. A subset of 20 tumors was analyzed by three different DNA microarray 
platforms for validation credibility of assessments (153, 154). 

Amplification of the HER2 gene was assessed by FISH (fluorescence in situ hybridization), 
whereas, a HER2/centromere 17 ratio of more than two defined as HER2 positive. Details of 
antibodies, probes, and  protocols are described previously (155). Besides immunostaining, 
molecular subtype classification was performed, and TP53 gene was screened for mutations 
by Temporal Temperature Gel Electrophoresis (TTGE) as described in detail elsewhere (153). 

Paper 3 

Neoadjuvant treatment was given with or without bevacizumab, a drug which targets 
circulating VEGF-A. The patients were randomized to treatment with or without bevacizumab. 
All patients received chemotherapy. The chemotherapy regimen consisted of 4 cycles of 
FEC100 (5-fluorouracil 600 mg/m2, epirubicin 100 mg/m2, and  cyclophosphamide 600 
mg/m2) every 3 weeks, followed by docetaxel 100 mg/m2 every 3 weeks or 12 weekly 
infusions of paclitaxel 80 mg/m2. Bevacizumab was administered intravenously at a dose of 
15 mg/kg every third week or 10 mg/kg every other week in patients receiving docetaxel or 
paclitaxel, respectively. 

The National Cancer Institute Common Terminology Criteria for Adverse Events v.3.0 (CTCAE), 
score system was applied for grading hepatic, renal, hematologic, and  mucosal toxicity, while 
occurrence of dermatitis and pleuritis was categorized as absent or present (-/+) (156). 

The Granulocyte colony-stimulating factor (G-CSF) was given as indicated by the national 
guidelines to patients suffering from febrile neutropenia, during the FEC chemotherapy in the 
first 12 weeks of therapy. 

Hematological parameters were evaluated before and after each chemotherapy 
administration, which is at week zero, week 12, and  week 25 under normal clinical and 
pathological routines. The biochemical parameters were evaluated every third week. The local 
pathologist, blinded to the treatment assignment, performed histopathological examination 
of the breast using study-specific guidelines. 
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Pathological complete response (pCR), herein defined as complete eradication of all invasive 
cancer cells in both breast and axillary lymph nodes, was the primary end point. Thus, 
response to treatment was evaluated at surgery time by pathological assessment of the 
remaining tumor to determine the response (pathological complete (pCR) or partial response). 

Paper 4 

Cell lines included MDA MB 231, MDA MB 468, SKBR3, MCSF7, HMLE, and  THP1. Moreover, 
one luminal and one basal-like patient derived xenografts (PDXs) were established as 
described previously (157). All animal experiments were performed according to protocols 
approved by the National Animal Research Authority and conducted according to regulations 
of the Federation of European Laboratory Animal Science Association (FELASA). 

Human peripheral blood monocytes cells (PBMC) were isolated from buffy coats from blood 
donors (The blood bank, Oslo university hospital (Ullevaal), Norway) by using Ficoll-Hypaque 
density gradient and following the standard protocol 

Paper 5 

All treatment protocols in this study were multi-drug regimens consisting of high dose 
methotrexate (HDMTX), cisplatin, doxorubicin, and  ifosfamide, and in some patients, 
additional etoposide was administered. The patients were treated at weekly intervals with 12-
15 g/m2 MTX as a 4-hour infusion with leucovorin rescue rescue started 24 hours after start 
of the MTX infusion. Patients under 40 years were treated according to current institutionally 
approved protocols. The number of HD MTX cycles planned to be given in each treatment 
protocol varied from 2 to 10 cycles. For patients who could not follow the ongoing protocol 
due to toxicity, disease progression or with age over 40 years, protocols were modified. 
Eighteen pediatric and 47 adult patients received a median of five and three HD MTX cycles, 
respectively. Ablative surgery was performed 9–12 weeks after initiation of treatment. 
Postoperatively, patients received adjuvant chemotherapy for up to 30 weeks. 

MTX and 7-OH-MTX concentrations were measured in each serum sample using the HPLC 
method. Lack of interference from endogenous substances or drugs was verified by visual 
inspection of all chromatograms, including chromatograms from samples taken just before 
the start of MTX infusion. S-folate and ER-folate were measured in pre-treatment samples. In 
blood samples before infusion and 4, 12, 24, 48, and  72 h subsequent to start of MTX infusion, 
alanine aminotransferase (ALAT), alkaline phosphatase (ALP), gamma-glutamyl transferase 
(γGT), total bilirubin, creatinine, platelet, and  white blood cell (WBC) counts were analyzed 
by routine methods and data were extracted from patient files. The Common Toxicity Criteria 
(CTC) score system for reporting treatment-related adverse events was developed by the 
National Cancer Institute in 1982 and all patients were graded at each treatment course. 
Evaluation of efficacy and toxicity was assessed by case note review from three independent 
investigators (KRH, JRFC, and  DPJ), blinded for genotyping results. Patients were followed up 
for 138 months (median 88 months) after end of treatment until metastasis or death (150).
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2.3 Methodology 

2.3.1 Introduction to the Major Laboratory Assays 

2.3.1.1 Cytokine Concentrations Assessments by Luminex Technology 

Cytokine concentrations were assessed in patient serum in three of the studies included in 
this thesis. In the first paper, cytokine levels were measured also in in TIF and NIF. All these 
assessments were performed by using multiplex analysis panels at Luminex instrument (figure 
2.2), collectively called Luminex xMAP technology. 

Principle of the Assay 

The technology function on ELISA sandwich principle. The solid magnetic microsphere of size 
of around 5 microns are used in the assay. These microspheres are filled with dyes of specific 
intensity that can be excited by a specific laser, and corresponding detector built in the 
Luminex instrument can detect their emitting intensities. A set of microspheres with one 
specific color intensity is used for detection one specific analyte. A primary antibody specific 
to that analyte is coupled to the surface COO- ions in one set of the microspheres. Different 
sets of microspheres with different inner color intensity and coupled antibodies are mixed 
together to create one multiplex assay. Which are then incubated with samples of interest. 
The specific antibodies then pick up the analytes of interest from the samples under study. A 
biotinylated secondary antibody is used to complete the sandwich, the fluorescence from 
which is then excited by a second laser, and its correspondent detector, built in the Luminex 
instrument (figure 2.2), then detects its emission. 

Figure 2.2: Luminex xMAP instrument 
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A number of target analytes of interest can be detected and quantified in one assay. We 
quantified 27 cytokines per sample under one experiment. Luminex instrument (figure 2.3) is 
built on flow cytometer principle. The samples are incubated with antibodies coupled 
magnetic spheres as well as with a series of known concentrations of analytes of interest to 
create standard curves, on a 96-well plate. After working through the protocol, as instructed 
by the suppliers, the 96-well plate is installed into the instrument. Microspheres are sucked 
up through a needle and analyzed one by one in the nozzle of a cytometer. Microspheres flow 
through in a stream one by one through two laser beams. After excitation from the beams, 
the corresponded detectors (figure 2.4) detect the emission Intensities of the dye inside the 
bead, and on the surface from reporter molecule. 

To conclude 

- Each microsphere/bead is classified for one specific analyte on basis of fluorescence 
from inside. 

A   

B   

C   

Figure 2.3 (A) Illustration to show the variety creation in Luminex microsphere/beads. (B) 
Size of a microsphere, and (C) antibody-coupling molecule attached to the microsphere 
surface. Adapted from BioRad 

Figure 2.4 Principle of microspheres substrate binding and detection 
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- Intensity of excitation emission of reporter molecule on the surface determines the 
quantity of the bound reagents/anti-stuff/molecules. 

- The collective signal (from two detectors) for each analyte is then compared to the 
known concentrations signals (standard curve), and proprietary software is used to 
calculate and convert it into numbers. 

- These numbers can be exported to work sheets and statistical analysis is performed. 

The assay we used included nine standard samples with known concentrations of cytokines of 
interest. The unknown samples were analyzed in duplicates using software (Bio-plex manager 
6.0) calculated the concentrations of unknown by comparing the signal from standard curves. 
Data was then exported to excel files for normalization and statistical analysis. 

2.3.1.2 Immunohistochemistry (IHC) 
In paper 1, the validation of cytokines expression within tumor and its microenvironment was 
performed by using the tumor- and normal- tissue sections from corresponding samples. 

Principle of IHC 

This is a technique for identifying cell types through cellular or tissue specific antigens. For the 
purpose antigen- antibody interactions are utilized. A tissue section is immobilized on a glass 
slide, which is then incubated with antibodies of interest to detect a molecule of interest in 
the tissue. The site of antibody binding is identified either by direct labeling of the antibody, 
or by use of a secondary antibody labeling method by use of fluorescent dye, colloidal metal, 
hapten or a radioactive marker. Slide is then visualized by confocal microscope (figure 2.5). 

In the first paper, The IHC analysis of the most prominent components of immune 
microenvironment of breast tumors was performed to identify macrophages, monocytes, 
neutrophils, basophils, and natural killer (NK) cells infiltrating stroma, an antibody to the cell 
surface protein CD 68 was utilized. The distribution of TILs rich in regulatory T cells (Tregs) was 
evaluated using immunohistochemistry with two commonly used CD molecules CD4 and CD8. 

Figure 2.5 Principle of IHC at left (Ab1= primary antibody, Ab2= secondary antibody), 
microscope in the middle, labeled molecules of interest detected under microscope at the left. 
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Which are, in general, used as markers for helper and cytotoxic T cells, respectively. 
Additionally, the presence of CD3, the marker of T-cell at all stages of development has been 
evaluated. Scoring of CD3+, CD4+, and  CD8+ T-lymphocyte infiltrate was performed according 
to principle as described above. Details are described by Espinoza et al., 2016 (151). 

2.3.1.3 Genotyping by Nanogene 

Principles of the Assay 

Genotyping on Nanogen platform involves attachment of a biotinylated PCR product 
(amplicon down approach) to a chip coated with hydrogel enriched with streptavidin, which 
is addressed by a stabilizer and a fluorescent labeled probe reporting for each of the variant 
alleles (figure 2.6). The results output from the Nanogen platform is shown in figure 2.7. (158). 

Figure 2.6 Principle of SNP detection with the Nanogen system. Genotyping involves attaching a 
biotinylated PCR product to a streptavidin-coated chip. Fluorescent probes that report the 
respective alleles are addressed to the amplicon. Alternatively, the probe can be attached to the 
solid surface and addressed by the PCR product. The methods are described in further detailed in 
Gilles PN et al., 1999 (158). 

Figure 2.7 (A) Genotyping on Nanogen. The genotypes are scored counting fluorescent 
intensities. Red half circle indicates homozygous mutant genotype, green half circle homozygous 
wild type genotype, and a red and a green half circle indicates a heterozygous genotype. (B) 
Intensities bar plots given by the Nanogen after genotyping the SNP in ABCB1 in a population of 
healthy Norwegian women (Mt=mutation, WT=wild type). 
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2.3.1.4 Extraction of Interstitial Tissue Fluid 
For paper 1 (DCTB) TIF and NIF samples were extracted from small surgically resected breast 
tumor pieces and from normal breast epithelial tissues that were collected proximal to the 
tumor cells, respectively, as previously described (159). Briefly, for each sample, 
approximately 0.1–0.3 g of clean tissue was cut into small pieces (≈1 mm3 each), washed twice 
in cold PBS to remove blood and cell debris, and then incubated in PBS for 1 h at 37o C in a 
humidified CO2 incubator. The samples then were centrifuged consecutively at 1,000 rpm and 
5,000 rpm for 2 min and 20 min, respectively, each at 4o C. After the supernatants were 
carefully aspirated, total protein concentration for each sample was determined with the 
Bradford assay (160). The samples were frozen at -80oC until analysis. 
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2.4 Data Analysis 

Data Normalization 

The signal intensity observed by the all analyzing techniques mentioned above was converted 
to numbers by the corresponding software and exported to excel sheet for statistical analysis. 

The data for all projects was normalized before analysis by natural log transformation. 

Haploview to Analyze Haplotype 

A haplotype is a set of DNA variations, or polymorphisms, that tend to be inherited together. 
A haplotype can refer to a combination of alleles or to a set of single nucleotide 
polymorphisms (SNPs) found on the same chromosome. Information about haplotypes has 
been collected by the International HapMap Project and is used to investigate the influence 
of genes on disease (https://www.genome.gov/glossary/index.cfm?id=99). 

Haploview is designed to simplify and expedite the process of haplotype analysis by providing 
a common interface to several tasks relating to such analyses. Haploview supports the LD 
(linkage disequilibrium: a non-random association of alleles at different loci in a given 
population) and haplotype block analysis, haplotype population frequency estimation, single 
SNP and haplotype association tests, and permutation testing for association significance. 

Deconvolution of Cell Types from Whole Genome Expression by CIBERSORT 

CIBERSORT, (Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts), a 
method for characterizing cell composition of complex tissues from their gene expression 
profiles. It is a deconvolution algorithm that uses a set of reference gene expression values 
(547 genes) to predict immune cell type proportions, for that the program utilizes expression 
data derived from the bulk tumor by using support vector regression (161). To assess the 
reliability of the deconvolution, CIBERSORT derives a p-value for each sample. When applied 
to enumeration of hematopoietic subsets in RNA mixtures from fresh-frozen and fixed tissues, 
including solid tumors, CIBERSORT outperformed other methods with respect to noise, 
unknown mixture content, and  closely related cell types. CIBERSORT should enable large-
scale analysis of RNA mixtures for cellular biomarkers and therapeutic targets (http://
cibersort.stanford.edu/). For this purpose, Newman et al designed and validated a leukocyte 
genes’ signature matrix, termed LM22. The matrix contains 547 genes that distinguish 22 
human hematopoietic cell phenotypes, including seven T-cell types, naïve and memory B 
cells, plasma cells, natural killer (NK) cells, and  myeloid subsets (161). Newman et al. (2015) 
tested the reliability of the technique against flow cytometry for immune cell identification 
from solid tumor and found out that 90% of the detected immune cell types were correctly 
identified (161). 
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Whole genome RNA expression data was available from tumors in all studied breast cancer 
materials (DCTB, Micma, and  NeoAva) studied here and was subjected to deconvolution 
using immune cells specific marker genes (CIBERSORT) (http://cibersort.stanford.edu/). 

The analysis was performed using the default signature matrix at 1000 permutations to find 
out the tumor infiltrated leukocytes patterns. Normalized gene expression data (details in 
Pandit et al 2017: (162) were used to infer the relative proportions of 22 types of infiltrating 
immune cells using a set of 547 reference gene expression values from bulk tumor samples 
(161). We sought for all possible correlations between the levels of the 27 cytokines measured 
in the serum of patients and the relative immune cell infiltrations. 

Deconvolution of Expressions for Whole Genome by xCell 

xCell (cell type enrichment analysis) is a novel method that integrates the advantages of 
gene set enrichment with deconvolution approaches. A webtool that performs cell-type 
enrichment analysis. It uses gene expression data for 64 cell types, spanning multiple 
adaptive and innate immunity cells, hematopoietic progenitors, epithelial cells, and 
extracellular matrix cells derived from 1822 pure cell types from various sources. It applies a 
novel technique for reducing associations between closely related cell types. xCell signatures 
were validated using extensive in-silico simulations and cytometry immunophenotyping 
(163). (http://xcell.ucsf.edu/). 

Using in silico mixtures, the xCELL program transforms the enrichment scores to a linear scale, 
and it uses a spillover compensation technique to reduce the dependencies between closely 
related cell types. It evaluates these adjusted scores in RNA-seq and microarray data from 
primary cell type samples from various independent sources. It examines their ability to 
digitally dissect the tumor microenvironment by in silico analyses and compares the findings 
with cytometry immunophenotyping. It compares its inferences with available methods to 
create the more reliable digital dissection of mixed tissues. The method has been applied on 
TCGA tumor samples to portray a full tumor microenvironment landscape across thousands 
of samples (163). 

Statistical Analysis 

We used ANalysis Of Variance (ANOVA) (164) , Mann-Whiteny (MW) test (165), Kruskal- Wallis 
(KW) test (166), regression analysis (167), and  t-tests to find the significant variations in our 
data sets relative to known clinical and prognostic parameters. 

For paper 1, paired t-test with Bonferroni correction (168-170) and Fisher’s exact test (171) 
was used to study the variations between two types of material from same source. Paper 2 
showed variations by use of Mann-Whiteny (165) and Kruscal- Wallis (166) tests validated in 
another cohort (DCTB). The Kruskal–Wallis test by ranks is a non-parametric method used for 
comparing two or more independent samples of equal or different sample sizes (166). In paper 
3, ANOVA and t-tests were used with post-hoc tests like Bonferroni and FDR (adjusted for the 
False Discovery Rate). In paper 4, statistical analysis was performed using two-tailed Student’s 
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t-test or non-parametric The Kruskal–Wallis test. In Paper 5, regression analysis was used to 
analyze parameters against SNPs frequencies in the cohort. 

Survival analysis was performed for paper 1, 2, and 5 using Kaplan-Meier curves (172, 173) 
and log rank test (174). A plot of the Kaplan–Meier estimator is a series of declining horizontal 
steps which, with a large enough sample size, approaches the true survival function for that 
population also taking in account for censored data. Censoring occurs when a patient 
withdraws from a study and his/her data become unavailable, or is alive until last follow-up. 
A log-Rank test is a hypothesis test to compare the survival distributions of two samples. It is 
a nonparametric test for stratification (175). 

Bonferroni and FDR 

For multiple comparisons, post hoc tests like Bonferroni corrections (168-170) and t-tests for 
sub-groups of the data sets were performed for paper 1 and 3. While FDR was used in addition 
for paper 3 and 5. 

When multiple parameters are analyzed simultaneously, some will have P values less than 
0.05 purely by chance, even if all the null hypotheses are true. Statistical hypothesis testing is 
based on rejecting the null hypothesis if the likelihood of the observed data under the null 
hypotheses is low. If multiple hypotheses are tested, the chance of a rare event increases, and 
therefore, the likelihood of incorrectly rejecting a null hypothesis increase (Type I error) 
(Bonferroni 1936; Dunn, 1958; Mittelhammer et al 2000: (176-178)). The Bonferroni 
correction is one simple way to take this into account (168-170). 

However, there are some drawbacks in the traditional post-hoc techniques such as the 
Bonferroni correction- while reducing the number of false positives; they may also reduce the 
number of true discoveries. The False Discovery Rate (FDR) approach is a more recent 
development (179). This approach also determines adjusted p-values for each test. It controls 
the number of false discoveries in the findings or the significant results by conceptualizing the 
rate of type I errors in null hypothesis testing when conducting multiple comparisons. FDR-
controlling procedures are designed to control the expected proportion of "discoveries" 
(rejected null hypotheses) that are false (incorrect rejections) (179). Adjusting the false 
discovery rate using the Benjamini-Hochberg procedure is a powerful method, which is less 
conservative than the Bonferroni approach. 
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3.0 RESULTS 

3.1 Brief Results from Four Studies 

Paper1 
When comparing tumor interstitial fluid (TIF) with that obtained from normal tissue (NIF), eleven 
cytokines exhibited significantly higher levels in the TIF samples compared with the NIF 
samples: IL--7, IL-10, FGF basic, IL-13, IP-10, IL-1RA, PDGF-bb, IL-1B, RANTES, VEGF-A, and  IL-
12. 

An immunohistochemical analysis further demonstrated that many of them, e.g. IL-1RA, IP-
10, IL-10, PDGF-bb, RANTES, and VEGF-A are found in both cancer cells and tumor-infiltrating 
lymphocytes (TILs), whereas IP-10 and RANTES were particularly abundant in triple-negative 
breast cancers (TNBCs) compared to Luminal A subtype cancers. The latter observation 
corresponds with the higher level of TILs in the TNBC samples. 

Further, a correlation between the levels measured in the TIF samples and those in matched 
sera were observed for four cytokines: IL-1B, IL-7, IL-10, and PDGF-bb, suggesting the 
possibility to assess these non-invasively. 

In a survival analysis, high levels of IL-5, a hallmark TH2 cytokine, in the TIF samples were 
associated with a worse patient prognosis. 

Paper 2 
In this paper, the findings from Micma cohorts were validated by using DCTB cohort. High 
serum levels of IL17 related to ER negative and PR negative status in BC patients in both 
cohorts. 

Both in Micma and DCTB, high serum levels of PDGFβ related to HER2 positive status and 
larger tumors in BC patients. The mRNA expression for IP10 or CXCL10 at the tumor site 
correlated serum IP10 levels in both cohorts. High serum levels of IP10 were associated with 
poor survival in BC patients. 

Paper 3 
The cytotoxic chemotherapy regimen of fluorouracil, epirubicin, and cyclophosphamide (FEC) 
had a profound impact on both circulating white blood cells and circulating cytokine levels. 

FEC combined with bevacizumab (Bev) caused a global decrease in cytokine levels which was 
correlated with the drop in white blood cell counts and was significantly more profound for 
some cytokines including VEGF-A, IL12, IP10, and  IL10. 

Among patients who received Bev, those with pathological complete response (pCR) achieved 
significantly lower levels of VEGF-A, IFN-γ, TNF-α, and IL4 than patients without pCR. This 
effect was not observed in the chemo-arm. 
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Certain circulating cytokine profiles were found to correlate with particular immune cell types 
at the tumor site in the patients. In the patients from the Bev arm, the serum cytokine levels 
correlated with higher levels of cytotoxic T cells at the end of the therapy regimen and were 
indicative of treatment response. 

Paper 4 
Presence of extracellular S100A4 stimulates the breast cancer cells to secrete richer cocktail 
of cytokines and molecules that educate monocytes into macrophages with TAM features. 
The effect was higher in basal-like compared to luminal BCCs. TAM-like cells help cancer cells 
to achieve more aggressive phenotypic/functional characteristics - mesenchymal traits, higher 
proliferation, higher chemo-resistance, and  enhanced motility. 

Paper 5 
Patients harboring the GG genotype in reduced folate carrier 1 (RFC1) rs1051266 had 
significantly better survival in comparison with patients having the AA genotype. These 
patients also had a lower frequency of metastasis. The germ-line variations in the MTX 
metabolic pathway may associate with survival and side effects in patients treated with MTX. 

The patients homozygous for the G allele of rs1053129 in the dihydrofolate reductase (DHFR) 
gene had higher rate of metastasis, and the methylenetetetrahydrofolate reductase (MTHFR) 
677C allele was associated with higher degree of liver toxicity in osteosarcoma patients. 
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3.2 Results of clinical importance 

Under this thesis, a few cytokines emerged as relevant to clinical characteristics of breast 
tumors in more than one studies. 

PDGF-bb levels were associated to tumor size (validated in independent dataset) and PDGF-
bb mRNA expression in the tumor correlated with the measured protein serum levels in the 
correspondent patients (validated in two datasets), indicating that the tumor and tumor 
microenvironment can contribute to serum levels of this proinflammatory and pro -angiogenic 
growth factor. 

 IL-17A levels correlated with estrogen receptor and progesterone receptor status (validated), 
with higher serum levels measured in patients with negative hormone receptor status of their 
tumors, suggesting that hormone receptor negative tumors constitute a microenvironment, 
which may support the production of inflammatory, and proangiogenic cytokine IL-17A. 

Serum levels of TH2 related cytokine IL-5 were found to be associated with survival (in two 
cohorts). 

A significant positive correlation between serum levels of interferon gamma-induced protein 
10 (IP10) and its mRNA expression at the tumor site (validated), which suggested that tumor-
IP10-production may outflow to the bloodstream. High IP10 serum levels were associated with 
a worse prognosis. 

Basal-like or TNBC subtype tumors had higher levels of TILs (in vivo, ex vivo, and  in vitro), and 
together both contribute to higher levels of inflammatory cytokines into tumor 
microenvironment- particularly IL10 and RANTES. 

Treatment with Bevacizumab resulted in depletion of circulating VEGF-A, to a higher degree 
when compared to treatment with only chemotherapy (neo-adjuvant). 

Pre-treatment personalized genotyping can help better prognosis. For better effect of 
methotrexate, pre-therapy genotyping of genes in folate metabolic pathway may help better 
treatment plan, thus better survival in osteosarcoma patients. 
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4.0 DISCUSSION 
Tumors present with different degree of immunogenicity (180). Our previous studies of 
integrated molecular profiles revealed differential vascular and interleukin signaling in both 
invasive breast tumors and ductal carcinoma in situ (DCIS) (181). The interleukin signaling 
profiles observed in invasive cancers were absent or weakly expressed in healthy tissue but 
already prominent in ductal carcinoma in situ, together with extracellular matrix (ECM) and 
cell-cell adhesion regulating pathways. The most prominent difference between low and high 
mammographic density in healthy breast tissue by PARADIGM was that of STAT4 signaling 
(181). We have also shown that the density of immune cells that infiltrate a breast tumor 
tissue is highly dependent on tumor subtype (181) and TP53 mutation status (182). Moreover, 
the specter of immune cell types found in the vicinity of growing tumor cells is very wide and 
complex and can include: B cells, NK cells, cytotoxic T cells (CTL), Th1 cells, Th2 cells, Treg cells, 
Th17 cells, macrophages, and  dendritic cells. It has become clear that immune cells could 
influence tumors differently depending on the predominant type of infiltrating leukocyte, or 
their location within the growing tumor (183). We have recently provided evidence that the 
association of the levels of both adaptive and innate immune cells in breast tumors with ER 
status may be directly linked to the anti-inflammatory and anti-immune effects of estrogen 
(184). Age and elevated BMI were associated with molecular markers of inflammation in 
peritumoral normal tissue but not tumors, where it was higher than that in the adjacent non-
cancerous sample, but also very heterogeneous from patient to patient (185). ER-negative 
tumors had increased macrophage expression, while ER-positive tumors had a decrease, even 
lower than seen in normal breast tissue obtained by reduction mammoplasty (185). CD8 T cell 
expression increased in all tumors, but the increase was greatest in ER-negative tumors. In 
tumors, the change in macrophage expression was mediated by ER status (149). In these 
studies estrogen receptor positive (ER+) breast cancers had lower relative levels of tumor 
macrophage expression, which suggested an immunosuppressive effect of estrogen signaling 
in the breast tumor microenvironment. Gene expression profiles obtained by mRNA 
expression can be used to ascertain immunological cell types and can be confirmed by 
immunohistochemistry at protein level (186). However, there are no good clinical guidelines 
for the use of information on immune infiltration into the treatment of breast cancer. In this 
thesis we measured the serum cytokine levels in breast cancer patients and correlated those 
to the cell types, in the form of interstitial fluid or computationally derived from the 
intratumoral gene expression in breast cancer patients at diagnosis and in clinical trial setting. 
Our studies suggest that serum cytokines can be used as biomarkers with a predictive value 
for tumor microenvironment and in relation to molecular characteristics of the tumor and 
clinical presentation, treatment response and patient survival. 
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4.1 Methodological considerations and general discussions 

Tumor and Normal Interstitial Cytokines Profiling 

Experimental and clinical evidence suggests that cancers elicit an immune response through 
the expression of neo-antigens or by modifying the tumor microenvironment (58, 187). 
Cytokines, the molecules orchestrating the immune response, are still poorly characterized in 
breast cancer. Here we used the methods to profile and picture the tumor micro- and macro-
environment. Further, we suggest that the circulating immune-signaling molecules can be 
used as a tool or method of disease discovery, staging, and  prognosis. 

In the Danish- DCTB cohort we aimed to comprehensively profile a spectrum of various 
cytokines in the extracellular local tumor interstitium fluid of breast cancer patients. We 
profiled a group of 27 cytokines in matching normal breast tissue samples using multiplex-
array platform, i.e., Luminex. The chemokines IP10 and RANTES; the growth factors PDGF-bb, 
VEGF, and FGF-basic; and the immune-suppressive interleukins IL-10 and IL-1RA were found 
consistently elevated in the breast TIF samples when compared to the matched normal 
samples. The increased levels of these cytokines in the tumor interstitium reflect the patients’ 
response to tumor growth and proliferation. Further, we used immunohistochemistry (IHC) to 
ascertain the location of these cytokines and cytokine producing leukocytes. All six of these 
cytokines (IP10, RANTES, VEGF, PDGF-bb, IL10, and  IL-1RA) stained co-localized with the 
tumor infiltrating leukocytes (TILs, including CD45+ hematopoietic cells, CD3+ T-cells, and 
CD8+ cytotoxic T-cells) proximal to the cancer cells. 

Previous studies have shown that serum levels of IP-10 are elevated in BC patients compared 
to controls (188). Here we show that also breast tumor tissue can secrete IP-10 at higher levels 
than matching normal tissue. Higher IP-10 secretion also correlated with T-cell infiltration, 
particularly in the TNBC subtype. Previously, positive IHC staining of IP-10 in BC sections has 
been correlated with a higher infiltration of CD4+ and CD8+ T-cell lymphocytes including 
regulatory T-cells (Treg) (189, 190). 

The growth factor PDGFβ signaling is known to support tumor progression and metastasis 
(191, 192). Here, the PDGFβ was found to be expressed in both TIF and NIF; however, its 
expression was exacerbated in cancer cells and in other components of the tumor stroma, 
including immune cells. VEGF (or VEGF-A) production is triggered by hypoxia. Solid tumors are 
hypoxic at the cores that triggers higher levels of productions of VEGF by the tumors (193). 
Our findings support this hypothesis, where levels of VEGF were higher in TIF compared to the 
matching NIF tissue. 

The use of inflammatory mediators as biomarkers can be controversial, since these may get 
elevated under neoplastic or non-neoplastic pathological conditions. However, certain 
inflammatory mediators may be generated as part of a general response to cancer, either by 
tumor cells, TILs, or by both. This production may contribute to the blood/serum levels in the 
cancer patients. 
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Breast Tumor Contribution to Cytokines Levels in Blood/Serum 

We further went on to assess the serum levels of the same 27 cytokines in the same breast 
cancer patients and correlated these levels to the TIF cytokines concentrations. The TIF levels 
of PDGFβ (PDGF-bb), IL-7, IL-1b, and IL-10 were correlating to the corresponding levels in 
matched sera. These results support the hypothesis that in breast cancer patients, an increase 
in serum levels of cytokines might be contributed by the tumors, thus, providing a readout of 
biological processes that are directly associated with cancer development/progression. 

A positive correlation between higher levels in TIF and serum was observed also for IL-5. 
Elevated production of IL-5 in tumor interstitium correlated to poor survival in the breast 
cancer patients. IL-5 is a hallmark cytokine of the TH2 response that is associated with allergies 
and parasitic infections. In addition, it has a prominent role in the promotion of B cell and 
eosinophil differentiation and proliferation (194). Correspondingly, evidence supports a 
critical role for IL-5 in cancer prognosis. The IL-5 depleted lung cancer models showed reduced 
metastasis, whereas the administration of recombinant IL-5 to IL-5-knockout mice significantly 
increased pulmonary metastasis (195). Previously, it has been observed that CD4+ TH2 cells 
and TH2-associated cytokines promote the tumor metastasis (196). This finding is in favour of 
therapeutic strategies that inhibit or reverse the TH2 response in tumors to improve the 
patients’ prognosis. 

Intra-tumor Cytokines mRNA Expression and its Correlation to the Circulating Cytokines 

Following these encouraging results, we assessed the serum cytokines levels in another, larger 
series of 131 patients from the Micma study, and validated the results in the 28 patients from 
DCTB cohort. I order to extract the significant and reproducible results we treated the two 
cohorts as discovery (Micma) and validation (DCTB) cohorts. We had access to the matched 
intra-tumor mRNA expressions for these cytokines for both cohorts. The intra-tumor mRNA 
and circulating cytokines were analyzed to find the correlations using Pearson correlation. 
Serum IP10 (CXCL10) correlated to its intra-tumoric mRNA levels in both cohorts. Both, the 
cancerous cells and the TILs, might contribute the production. 

 Using the intra-tumoral whole genome expression data and the xCell algorithm, we assessed 
the cell types and abundance of tumor infiltrating leukocytes, which were correlated to the 
circulating cytokine levels. We found that high levels of PDGFB in the serum were associated 
with lower abundance of NKT and high abundance of pro-B cells. Given that both B cells and 
PDGF are involved in lymphangiogenesis (197, 198), these results suggest that elevated levels 
of serum PDGF may reflect lymphangiogenesis in cooperation with B cells at the tumor site. 
Further, the serum IP10 levels showed a positive correlation with type M1 macrophages in 
both cohorts. IP10 acts as a chemo-attractant for monocytes (199, 200), which may explain 
the herein reported positive correlation between IP10 and type M1 Macrophages. As it was 
shown in the first paper of this thesis, the staining for PDGF-bb and IP10 (proteins) and the 
TILs were shown to be proximal to the cancer cells when examined by IHC analyses. 
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The immune system plays a pivotal role in cancer recognition and eradication (201). The 
spectrum of immune cell types found in the vicinity of growing tumor cells is very wide and 
complex. The predominant type of infiltrating leukocytes or their location within the growing 
tumor do influence pathogenesis (202). Recent studies have assessed the relevance of 
immune infiltration concerning risk of relapse, clinical subtypes or response to therapy in 
breast cancers (184, 203-205). However, there are no good clinical guidelines for the use of 
information on immune infiltration into the treatment of breast cancer. Pending additional, 
independent validation, these results give excellent ground for more targeted cytokine 
measurement and emphasize the potential of using readily available serum samples in breast 
cancer research and clinical practice. 

Circulating Cytokines Levels and Their Relation to Clinical Make-Up of the Tumors 

In the thesis circulating cytokine levels were associated to the clinical and molecular makeup 
of the tumor and found that PDGFb, IL17, and  IP10 serum levels may reflect some 
characteristics of the breast tumors. 

The PDGF family of growth factors play a role in lymphangiogenesis (198). We found PDGF-bb 
levels significantly higher in the serum of patients with advanced/larger tumors or with a 
positive HER2 status. These results suggest that high serum levels of PDGF-bb reflect a more 
aggressive and advanced tumor phenotype. Previously, it has been shown that higher PDGF-
bb expression levels are associated with poor prognosis in certain cancer types (206, 207). 
Here, the higher levels of PDGF-bb were associated with worse prognosis also in breast cancer. 
The same tendency although not significant, was observed in the smaller DCTB cohort in 
support of the hypothesis that PDGF acts as a pro-tumorigenic cytokine and its inhibition may 
enhance the efficacy of chemotherapy (208). 

Further, we found that the circulating levels of IL17 in the serum of patients with ER negative 
tumor were higher compared to the serum of ER positive patients. IL17 is a pleiotropic 
cytokine mainly secreted by Th17 cells, which may exert pro- or anti- tumorigenic effects 
(209). Elevated levels of IL17 have been found in the microenvironment of ER negative breast 
tumors and are associated with a worse prognosis (210, 211). This finding reinforces the 
association between IL17 levels and ER status. Further, the higher levels of IL17 may reflect 
higher activity by TH17 cells, which might be measured in the serum of the patients. 

IP10 has been reported as a pro- tumorigenic chemokine. Increased expression of IP10 and its 
receptor CXCR3 has been observed in many types of cancers (212-216). Previously, the role of 
IP10 and its receptor in breast cancer progression has been demonstrated using breast cancer 
cell lines (217). In second paper, we found that the high IP10 serum levels correlated with high 
IP10 in the tumor microenvironment and the elevated IP10 serum levels might be a measure 
of worse prognosis. 

Cancer patients with advanced stage disease may experience immunostimulation or 
immunosuppression which may lead to disturbed cytokine production (218). Although breast 
cancer tumors are highly heterogeneous, there are common clinical/ molecular characteristics 
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in patients with more advanced tumor phenotype. We reported in the second paper that PDGF 
and IP10 serum levels as paraneoplastic signals may reflect the presence of larger/advanced 
tumor and a worse prognosis. Our findings emphasize the significance of measuring serum 
cytokine levels in cancer patients. 

The Impact of Treatment on Circulating Immune-signaling Molecules 

In the third paper, the circulating levels of 27 cytokines were assessed in 98 breast cancer 
patients with advanced tumors (size>2T) with HER2 negative characteristics (Neoava cohort). 
Patients were divided into two arms of treatment, receiving only two courses of neoadjuvant 
chemotherapy (control arm) and the other received bevacizumab in addition to the 
chemotherapy (Bev arm). Elevated levels of circulating VEGF-A have been reported earlier in 
cancers (219, 220). Bevacizumab depletes circulating VEGF-A molecules (types 165 and 121), 
which we measured in addition to other 26 serum cytokines before and after each treatment 
combination. The decrease in circulating levels of VEGF-A was most significant after 12 weeks 
of FEC plus bevacizumab therapy and was most prominent in patients, who exhibited good 
treatment response. Moreover, these effects were sustained for at least six weeks after the 
therapy ended. These results suggest that a certain threshold of VEGF-A inhibition in serum is 
necessary for bevacizumab therapy to be effective in breast cancer. Previously, it has been 
reported that low serum levels of VEGF are correlated with better survival and prognosis in 
different types of cancer patients (221-223). Here, we show that targeted depletion of VEGF-
A by bevacizumab influenced the serum levels of other cytokines. The strongest correlation 
was observed among cytokines in the bevacizumab receiving arm of treatment during the 
treatment course. 

Serum levels of IL-12 (p70) also decreased in the Bev arm both after FEC and taxane therapy, 
irrespective of treatment response in the patients. IL-12 is mainly secreted by antigen 
presenting cells and can act as suppressor of angiogenic activity of VEGF (224-226). Subset of 
CD49d+ pro-inflammatory leukocytes also produce IL-12 and express both VEGF-A binding 
receptors, VEGFR1 and VEGFR2 (227-229). Bev-induced depletion of VEGF-A may directly 
affect the function and production of these cells causing decreased production of IL-12. The 
role of IL-12 in the initiation of TH1 related activity and suppression of VEGF renders further 
studies of this cytokine. 

Levels of IL-17A and PDGF-bb were highly correlated in both treatment arms, and these 
correlations were stronger after the second course of neoadjuvant treatment with taxane. FEC 
affected the levels of both inflammatory cytokines and growth factors concomitant with 
significant reductions in blood levels of IL-17A and PDGF-bb. High levels of IL-17A and PDGF-
bb have previously been associated with resistance to anti-VEGF therapy (87, 230-232). The 
serum levels of PDGF-bb, IL-17A, and IP-10, which decreased after 12 weeks of FEC, elevated 
again after another 12 weeks of treatment with taxane. The efficacy of FEC should be studied 
respective to proinflammatory and proangiogenic PDGFβ, IL-17, and  IP10. 
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Circulating Cytokines Levels Relative to Treatment Response 

In the neoava cohort (N= 132) we assessed the pathological response after treatment with or 
without bevacizumab in addition to neoadjuvant chemotherapy (162). Treatment with 
bevacizumab increased the number of patients with complete response in breast and axillary 
nodes from 12% to 23% (162). The decrease in circulating levels of VEGF-A was most significant 
after 12 weeks of FEC plus bevacizumab therapy and was most prominent in patients, which 
exhibited good treatment response. Moreover, the patients exhibiting good response in the 
Bev arm concomitantly exhibited reductions in levels of IL-12, IFN-γ, and VEGF-A. These results 
suggest that the interaction of VEGF-A with IL-12 and IFN-γ, as well as their effect on IP-10 
(CXCL10), should be examined in future studies of resistance to anti-angiogenic treatment. IP-
10 recruits cytotoxic T cells and NK cells, which express a receptor for IP-10, CXCR3 (233-236). 
Therefore, the induction of higher levels of IP-10 may account for the observed increase in 
levels of CD8+ T cells that were found in the Bev-responsive tumors/ tumor 
microenvironment. 

The low levels of IL17-A and TNF-α were also associated with better treatment response in the 
Bev arm. FEC suppressed the IL17 levels most in the Bev arm. In the responders, the low level 
of TH2 related cytokines, IL-4 and IL-5, were suppressed after treatment with taxane in the 
Bev arm. It has been hypothesized that a TH2 dominant immune response at a tumor site can 
stop tumor rejection and/or promote factors involved in tumor recurrence (237). Consistent 
with this concept, a decrease in IL-4 and IL-5 levels was observed in the serum of patients 
showing good prognosis. Easily accessible biomaterial from, blood/serum can be used to 
profile the cancer related macro-environment, which may help predicting treatment response 
and better prognosis for the cancer patients. 

Treatments, Circulating Leukocytes, and TILs 

The association to the abundance of tumor infiltrating leukocytes suggested that cytotoxic 
therapy (FEC) radically affects circulating white blood cells (WBC) counts, and this facilitates a 
remodeling of the immune system to enhance treatment response by an increase in cytotoxic 
T cell infiltration to a tumor site. In order to get a better overview of cancer related 
immunoactivity at tumor site, we inferred tumor microenvironment by using whole intra-
tumoral genome expression data and CIBERSORT algorithm. The observed populations of the 
TILs and their concentrations were then analyzed in correlation with circulating cytokines 
concentrations. There were positive correlations observed between the cytokines and the 
cytotoxic (CD8 (+)) T cells within the Bev-treated patients. Correspondingly, the treatment 
responders in the Bev-treated arm had higher levels of cytotoxic T cells at the tumor site 
during therapy (i.e., at weeks 12 and 25). Previously, it has been proposed that 
immunotherapy is particularly effective against established tumors by increasing the tumor 
antigen-specific CD8 (+) T cell immune response (238). 

Although, the administration of bevacizumab in combination with chemotherapy suppressed 
the circulating levels of VEGF-A as well as the levels of other functionally related cytokines, 



47 

such as IFN-γ, TNF-α, IL-4, and IP-10, notably in the responders. IP-10 recruits cytotoxic T cells 
and NK cells, which express a receptor for IP-10, CXCR3 (233-236). The elevation in IP10 levels 
after the end of FEC therapy may account for the observed increase in levels of CD8+ T cells 
that were found in the Bev-responsive tumor sites. In the study, we demonstrated the 
potential for monitoring cytokine levels during treatment in treatment decisions in breast 
cancer. 

Five cytokines stand out prominent after the three studies: VEGF, PDGFβ, IP10, IL-17, and IL-
5, which should be studied further for their role breast cancer. 

Assessment of Role of Extracellular S100A4 in Tumor Microenvironment 

S100A4 is expressed by a variety of cell types present in the tumor microenvironment of 
human breast tumors (239). It induces a network of inflammatory cytokines that activate 
stromal cells to acquire pro-tumorigenic properties, and promote metastasis (240, 241). In 
breast cancer tumors, there is an association between extra cellular concentrations of S100A4 
and the levels of stroma cells and immune cells, including macrophages. This implies that 
S100A4 acts an extracellular factor that plays an important role in recruiting 
immune/inflammatory cells to the tumor site. 

In the fourth paper, we documented that extracellular S100A4, which has elevated levels in 
basal-like/TNBC (242), stimulates breast cancer cells (BCCs) to release a variety of 
proinflammatory cytokines. To assess the cytokines secretion from BCCs with / or without 
stimulation with extracellular S100A4, we analyzed cells of different origin including, cell lines, 
ex vivo cultures from patient- derived xenografts (PDXs) and primary cultures from patient 
biopsies, and these cells represented different BC subtypes. Conditioned media from non-
stimulated control cells (CM-Ctr) and cells stimulated with rS100A4 (CM-S100A4), was 
analyzed by multiplex immunoassay measuring levels of 27 cytokines. 

Results showed that breast tumor cells from the aggressive basal-like subtype were the most 
potent cytokine producers. Moreover, we observed that upon S100A4 stimulation, basal-like 
BCCs secreted factors that trigger monocyte-to-macrophage differentiation and polarization. 
Previously, it has been demonstrated that the basal-like /TNBC subtype, compared to luminal 
BC, has superior abilities to recruit macrophages to the tumor site (151, 243), modulate their 
polarization and stimulate protumorigenic functions (243-246). 

The S100A4 activates the basal-like BCCs, which further may promote tumor-supportive 
phenotype in macrophages, called tumor associated macrophages or TAMs. The S100A4 
educated THP1 (monocytes) show morphology and characteristics of the tumor associated 
macrophages (TAMs). We demonstrated that the TAM-like THP1 produced elevated levels of 
pro-tumorigenic cytokines, including the IL-8, IL-6, CXCL10, CCL2, and  CCL5. Thereby, BCC-
educated macrophages could secrete higher levels of cytokines. This observation is in 
concordance with previous reports from TNBC, where it was shown that tumor infiltrating 
immune cells contribute to the total pool of tumor cytokines (151). Interestingly, Picon-Ruiz 
et al. (247) identified the same five cytokines to be up regulated in BCC-educated adipocytes, 



48 

and showed their pro-tumorigenic influence. Further, correlation between S100A4 levels and 
infiltration of macrophages and T cells was observed. Previously, it was demonstrated that 
extracellular S100A4 was involved in recruiting T lymphocytes and making them release 
cytokines, which altogether, stimulated metastasis (248). To conclude, the S100A4-rich 
tumors may possess higher pro-inflammatory microenvironment, which may facilitate tumor 
progression and metastasis. Cytokines assessments proved to be suitable method to 
demonstrate the inflammatory tendencies of the extra cellular matrix factors like S100A4. 

The major theme of this thesis was the immune signaling proteins and their relation to the 
cancer progression and treatment outcome. Except we intend to explore further the other 
criteria which may contribute to the treatment efficacy, notably the genomic variations which 
may affect the outcome of a cancer treatment. 

Single Nucleotide Polymorphism and Chemotherapy Resistance 

Previously, it has been suggested that a polymorphism in the base excision repair gene PARP2 
(rs878156) showed to be associated with differential prognosis by chemotherapy among 
postmenopausal breast cancer patients (249). We aimed to study the role of single nucleotide 
polymorphism in genes involved in metabolic pathways of drugs used for the cancer therapy. 
Initially, we aimed at studying the SNPs in metabolic pathways of a common 
chemotherapeutic drug, the methotrexate (MTX), which is an analogue of folate. Folate is 
essential for DNA synthesis. We plan to investigate further the probability of inter-correlations 
between SNPs in the genes that are involved in the drugs metabolic pathways, and 
immunoprofiles of the tumor micro- and macro-environment. 

In the fifth paper, circulating DNA was extracted from serum samples that were collected from 
a cohort of 62 patients, who were suffering from osteosarcoma and were treated with high 
dose methotrexate (HDMTX) regimes. DNA was analyzed for the germ-line polymorphism for 
the eight selected SNPs in the four major genes that are a part of folate/methotrexate 
metabolic pathway. The SNPs included were: RCF1 rs1051266 (exon2 (80)G/A: substitution of 
Arg27His in mRNA); DHFR rs1053129 (3ʹ-UTR G/T); DHFR rs1650723 (3ʹ-UTR G/A); DHFR 
rs1677666 (3ʹUTR, C/G); MTHFR rs1801133 (mRNA position, 677 C/T: substitution of 
Ala222Val in mRNA); MTHFR rs1801131 (mRNA position 1298 A/C: substitution of Glu429Ala 
in mRNA); ABCG2 rs2231135 (5ʹ-UTR, T/C); and ABCG2 rs2231142 (5ʹ-UTR, C/A) . In this 
association study, we have applied the co-dominance genetic model as this model is 
considered as the most powerful one (over additive, recessive or dominant) to detect 
associations when the inheritance model is not known (250). The results showed that patients 
with different allelic forms of the certain genes had variable outcome. 

The possible functional effects of SNPs are either impaired uptake of MTX due to polymorphic 
variation of RFC1, or altered substrate affinity resulting from varied activity or levels of the 
enzyme DHFR. Further causes of impaired uptake of the drug can be either, a shorter MTX 
intracellular retention time due to varied form of folypolyglutamate synthase, or the elevated 
levels of one or more of the efflux proteins such as ABCG2 or ABCC1–5 (47, 251-253). 
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Previously, it has been suggested that the altered expression of DHFR and RFC1 is a feasible 
mechanism by which osteosarcoma cells become resistant to methotrexate (254). RFC180A is 
associated with poor prognosis and a higher risk of proliferation in certain cancers (255-260). 
Our results showed that genotype RFC1 80AA was associated with poor survival and 
metastasis in the osteosarcoma patients. Patients with genotype RFC1 80GG showed better 
survival, as there were comparably fewer cases which carried the allele G and developed 
metastasis in this study. We concluded that bearing allele G of rs1051266 polymorphism in 
RFC1 may contribute to increased efficacy of MTX treatment and may contribute to improved 
outcome in osteosarcoma patients. The SNPs from DHFR included for study here are located 
in 3ʹ-UTR of DHFR gene. We observed that DHFR rs1053129 T allele may have a protective role 
against metastasis of tumor cells, and DHFR rs1650723 T allele may have a role in inducement 
of digestive tract toxicity. Any alteration/variation in 3ʹ-UTR of DHFR can have a varied effect 
on termination codon, polyadenylation signal, translation rate and/or, secondary structure 
and stability of mRNA and protein, hence altering DHFR’s enzymatic properties (261). 

MTHFR 677T has been regarded to relate the adverse effects of MTX therapy in the patients 
suffering from different types of cancers (262-264). On the contrary, we observed that 
patients with MTHFR 677C allele had significantly higher liver toxicity, measured as ALAT 
score. There might be many reasons for the contradictory findings in the fourth paper, 
including type of tumor, type of therapies, and their combinations ratios and/or cohort’s type, 
age, ethnicity, gender or size. These polymorphisms are of particular interest as they are 
reported to change the activity of MTHFR (decrease in case of minor allelic form) and the levels 
of homocysteine (increase in case of minor allele). An interesting dose-dependent interaction 
was observed between the genotype in MTHFR 1298C and the increasing number of MTX 
treatment cycles. The number of treatment cycles were least for the patients with CC 
genotype (1-3 cycles), and increased gradually for the patients AC. The maximum cycles of 
treatments were administered to patients with AA genotype (10 cycles). MTHFR 1298C may 
result in lower activity of MTHFR thus low de novo purine synthesis, which might result in 
increased rate of cell death due to more active MTX thus increasing the effectiveness of the 
MTX treatment. These finding emphasize the need to study the genetic polymorphism in 
different kinds of cancers patients before and after the administrations of drug therapies. This 
should include the breast cancer patients, which is our next target of study. As well as, we aim 
to analyze the circulating cytokines in MTX cohort, from which we have access to time-coursed 
drawn serum samples. 
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4.2 Biological, Ethical, Statistical, and Other Considerations 

4.2.1 Patient Material 
This work is comprised of research projects based on the molecular analyses of tumors and 
sera obtained from cancer patients. For first paper (DCTB), the Copenhagen and Frederiksberg 
regional division of the Danish National Committee on Biomedical Research Ethics (KF 01-
069/03) approved the project. For the second paper (micma), the Regional Ethics Committee 
(S-97103; j.nr. 2015-41-4269) approved the study. For the third paper (neoava), the regional 
ethics committee, the Norwegian Medicines Agency approved the trial, the study is registered 
at http://www.ClinicalTrials.gov/ database with the identifier NCT00773695. Patient 
biomaterials included serum, mRNA, and  DNA extracted from tumors, tumor interstitial fluid, 
and normal (adjacent to tumor) interstitial fluid. DNA was extracted from tumor (Neoava and 
Micma) and from the serum (MTX). 

Collection and Handling of Serum 

Serum is the biomaterial used in all the studies included here. It was collected over periods as 
mentioned in material section. Serum was collected at more than one hospital, at least for the 
NeoAva cohort. More than one protocol is available for serum extraction from blood samples, 
which can effect proteins levels in the serum and may contribute to false negatives in the 
study. 

mRNA and DNA Extraction 

For Micma and Neoava, the mRNA expression data came from tumor sites. This included 
expression from both tumor cells and tumor infiltrating leukocytes. The degree of infiltration 
may vary relative to different subtypes and histological features of the tumors (265, 266). The 
variations due to personal material handling and tumor subtypes and its histological features 
may add to confounding effects to the patients’ data. We performed post-hoc analysis for the 
most, to avoid the false positive discoveries as results of minor variations. For MTX study DNA 
for genotyping was extracted from the serum. To our best knowledge, a limited number of 
people at the same hospital collected material for this study. Material handling variations 
should be minimal in these studies. 

4.2.2  Study Power Cohort Size 
In general, most effect sizes require to increase the power by increasing sample size (267). 
The estimates of effect sizes in published work tend to be inflated as a result of the use and 
abuse of “researcher degrees of freedom,” such as selectively omitting studies or conditions, 
or making selective decisions about the use of covariates and transformations or about the 
removal of participants from the analysis (267). 

For all the four projects included in this work, cohort size was limited (DCTB=78, Micma=131, 
Neoava=98, and MTX=62). This factor contributes to lower power of these studies and further 
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larger studies are needed to confirm the findings from these studies. It may not be feasible to 
recruit extremely large samples needed to detect small effects with acceptable power. Our 
report includes post hoc analysis (Neoava study), which increases the apparent strength of 
the evidence, and/or validation from other cohort (Micma/ DCTB studies). These analyses may 
overstate the likelihood that the effect can be replicated using the same procedure and 
analysis. 

4.2.3 Other Methodological Considerations 

Tumor Microenvironment: in silico Deconvolution Methods and IHC 

Lately, the location and abundance of immune cells have shown the prognostic values for 
predicting patient outcome after standard therapy (268, 269). Palmer et al. (2006) studied the 
common gene clusters among the leukocytes, and found out that gene expression signatures 
for B-cells (427 genes), T-cells (222 genes), CD8+ T-cells (23 genes), granulocytes (411 genes), 
and lymphocytes (67 genes). They found statistically significant gene expression signature for 
CD4+ cells. The genes that distinguished among the lymphocyte subpopulations included the 
genes that encode cell surface proteins (270). 

Theoretically, it is possible to infer the immune, tumor, and stroma cell content of a solid 
tumor from its overall gene expression profile, and the reference gene expression profiles 
(RGEPs) can be established for each tumor-associated cell type, mathematically deconvolution 
of the gene-data (271). Newman et al. (2015) established a deconvolution method, called 
CIBERSORT, to assess immune cell population types in bulk tissue samples using cell 
composition characterization out of whole genome bulk expression (161). xCell is another 
novel method that integrates the advantages of gene set enrichment with deconvolution 
approaches. A webtool that performs cell-type enrichment analysis and applies a novel 
spillover compensation technique for reducing associations between closely related cell types 
(163). 

Aran et al. (2017) presented seven major issues raise concerns that the in silico 
(computational) methods, which could be prone to errors and cannot reliably portray the 
cellular heterogeneity of the tumor microenvironment (163). (1)- These depend on the 
expression profiles of purified cell types to identify reference genes and therefore rely heavily 
on the data sources of these references, which may incline to over-fit these data. (2)- The 
major focus includes only a very narrow range of the tumor microenvironment, usually a 
subset of immune cell types, and thus does not account for non-immune cell types in the 
microenvironment, including blood vessels and other types of cells (272, 273). (3)- Ignoring 
the ability of cancer cells to mimic the other cell types by expressing immune-specific genes, 
such as a macrophage-like expression pattern in tumors with para-inflammation (274, 275). 
(4)- The absence of multiple validation methods. Cytometry is a common method for counting 
cell types in a mixture. Cytometry performed in combination with gene expression profiling, 
can be used to validate the in silico estimations (161, 276). (5)- The deconvolution 
approaches are prone to many different biases because of the strict dependencies among all 
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cell types that are inferred. This could highly affect reliability when analyzing tumor samples, 
which are prone to form non-conventional expression profiles (163). (6)- To infer the 
increasing number of closely related cell types is another issue (277). (7)- The deconvolution 
analysis heavily relies on the structure of the reference matrix, which limits its application to 
the resource used to develop the matrix (161). 

IHC is the most relied technique to study cell-matrix (278), which is used to study tumor 
microenvironment as well (279). IHC can show the exact location of the infiltrating cells in 
tumor microenvironment. It can be the best validation to the ‘in silico’ tumor 
microenvironment- immune cells detection methods. IHC has the shortcomings as well, like: 
(1) - availability of the tumor tissue. (2)- Reliability on correct material handling and storage. 
(3)- Reliable IHC method application on tumor sections. (4)- Availability of the antibodies 
against cell of interests and, (5) - the limitation of number of antibodies that can be applied to 
a limited surface on a slide, thus limitation in types of immune cells that can be detected under 
one IHC application. 

We aimed to validate the CIBERSORT algorithms findings for Neoava and Micma. 
Unfortunately, the tumor material was not available for dissection and histological staining 
(IHC). For DCTB, we had IHC sections of the tumor but available bulk tumor whole genome 
expression data was not reliable. We could not found the original data and its normalization 
history. 

Using in silico mixtures, the xCELL transform the enrichment scores to a linear scale, and 
evaluates these adjusted scores in RNA-seq and microarray data from primary cell type 
samples from various independent sources. The method is established in 2017 (157), its 
drawbacks are not revealed or discussed yet. The best validation to xCell in our micma paper 
(2nd paper) would be IHC of the tumor sections, which are not available. 
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4.3 Conclusions 

General Conclusions 
Higher immune activity is often indication of an abnormality, which may include microbial 
invasion, autoimmune disease or cancer. Disease related covariates that enhance the impact 
of disease on immune system may be age, BMI, genetic or epigenetic profiles etc. These 
factors may vary from patient to patient. The immune profiles of a cancer patient may reflect 
the disease. Cytokines as circulating immune signaling molecules reflect the immune profiles. 
If one specific cytokine shows correlation to a covariate of one specific disease, that can be 
used as a biomarker. Pretreatment assessment and treatment monitoring of cytokine levels 
in a cancer patient may contribute to better treatment response monitoring and prognosis. 
Likewise, genotyping the genes involved in the drugs metabolic pathways can predict the 
degree of drug efficacy for each patient. 

Study Specific Conclusions 
In first paper, we provided evidence that tumor-infiltrating lymphocytes are contributors to 
the total pool of secreted cytokines, and in some cases, the extent of which was tumor subtype 
dependent. Furthermore, the leakage of tumor-produced cytokines into the bloodstream may 
account for the higher levels of certain cytokines in the serum of breast cancer patients. The 
intra-tumoral levels of IL-5, a TH2- cytokine, were associated with poor prognosis in the breast 
cancer patients. Tumor site cytokines levels measurement might help to understand the 
tumor microenvironment better. 

In the second paper, we expanded and validated our studies on serum samples in the MicMa 
cohort and showed that breast tumor contributed to the serum levels of proangiogenic PDGFβ 
(PDGF-bb) and the proinflammatory IL17-A, which had high circulating concentration in 
ER/PgR negative tumors. Higher IP10 levels were also found associated to poor survival in 
breast cancer patients. Pretreatment circulating cytokine levels measurement might help to 
better adjust the prognosis for BC patients. 

In the third paper show that bevacizumab therapy suppressed levels of VEGF-A as well as the 
levels of a series of functionally related cytokines. Combinatorial chemotherapy with 
bevacizumab further resulted in immune system remodeling, which led to the suppression of 
IL-12 levels and reduced CD4 T cells related activity, while infiltration of CD8 T cells at the 
tumor site was enhanced. Lower serum levels of VEGF-A, and other inflammatory cytokines 
were related to pathological complete response (pCR). These results demonstrate the 
potential for cytokine level monitoring during treatment to contribute to treatment decisions 
in breast cancer. 

In the fourth paper, we demonstrated that assessment of cytokine levels may be involved in 
the invasiveness and metastatic potential of tumors suggesting the interplay between the 
immune system and/or cancer cells. 
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In the last paper (5th) we genotyped osteosarcoma patients for genetic variation in genes that 
were relevant to the treatment metabolic pathways, and found a group of patient with lower 
survival. Those patients could not get maximum benefit from the treatment, though they had 
to go through the severe side effects of the treatment. It may be helpful to genotype the 
patients DNA before start of treatment and these patients might benefit from a different drug 
therapy plan. 
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4.4 Future Considerations 

Relationship between inflammatory cytokines, TILs, and  ER positive tumor progression: Our 
next study would involve analysis of inflammatory cytokines and TILs in ER positive breast 
cancer tumors. We aim to analyze the relationship between the degree of inflammation and 
tumor progression. The study will also follow the impact of anti-estrogen therapy on the 
immune infiltrates in the tumors and on circulating inflammatory cytokines levels. Analysis 
would include comparisons the patients’ immune profile relative to tumor subtypes and 
histological grades, general health of the patients, and  their body mass index (BMI). Patient 
serum and biopsies collection is in the progress. 

Neoava validation study: In the future, we aim to validate the finding from the Neoava study 
into a larger clinical trial. The aim will be to study further the inflammatory cytokines relative 
to breast cancer treatment over time points. The serum samples for the purpose are already 
available from a past study. 

SNPs and cytokine levels: To further investigate the relationship between survival and 
treatment, we aim to analyse genotype data, which is already available for both Micma and 
NeoAva studies. The relationship between immune profiles and the polymorphisms in the 
immune genes would be part of the analysis. 

Cytokines in MTX study: We also aim to study the change in immune patterns on cytokines 
levels over time periods in MTX study. Aim is to analyze the impact of HDMTX treatment on 
immune system over time and its relation to the side effects of chemotherapy. The serum 
samples series of eight samples is collected for each patient. Blood was drawn before start of 
first treatment cycle and after each eight hours. 
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Abstract 

Cancers elicit an immune response by modifying the microenvironment. The immune system plays 

a pivotal role in cancer recognition and eradication. While the potential clinical value of infiltrating 

lymphocytes at the tumor site has been assessed in breast cancer, circulating cytokines—the 

molecules coordinating and fine tuning immune response—are still poorly characterized. 

Using two breast cancer cohorts (MicMa, n = 131, DCTB, n = 28) and the multiplex Luminex 

platform, we measured the levels of 27 cytokines in the serum of breast cancer patients prior to 

treatment. We investigated the cytokine levels in relation to clinicopathological characteristics and 

in perspective of the tumor infiltrating immune cells predicted from the bulk mRNA expression 

data. 

Unsupervised clustering analysis of the serum cytokine levels in the MicMa cohort identified a 

cluster of pro-inflammatory, pro-angiogenic, and Th2-related cytokines which was associated with 

poor prognosis. Notably high levels of platelet derived growth factor BB (PDGF) reflected a more 

aggressive tumor phenotype and larger tumor size. A significant positive correlation between 

serum levels of interferon gamma-induced protein 10 (IP10) and its mRNA expression at the tumor 

site suggested that tumor-IP10-production may outflow to the bloodstream. High IP10 serum levels 

were associated with a worse prognosis. Finally, we found serum levels of both PDGF and IP10 

associated with enrichment scores of specific tumor infiltrating immune cells. 

Our study suggests that monitoring cytokine circulating levels in breast cancer could be used to 

characterize breast cancers and the immune composition of their microenvironment through readily 

available biological material. 

Abbreviations: ER: estrogen receptor; PR: progesterone receptor; IHC: immunohistochemistry; 
HER2: Human epidermal growth factor receptor 2; PAM50: Prediction Analysis of Microarray 
50; TIF: tumor interstitial fluid; NIF: normal interstitial fluid; PCA (statistics): Principal 
component analysis; ssGSEA: single sample gene set enrichment analysis; TAMs: tumor-
associated macrophages; DCIS: ductal carcinoma in situ
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Introduction 

The immune system plays a key role in cancer recognition and eradication. More than 60 years ago 

the idea that the immune system recognizes cancer cells and inhibits their growth was introduced.1 

Cancers induce a local immune response through the expression of neo-antigens and/or by 

modifying the microenvironment.2 Characterizing the quality and the quantity of local immune 

response at the tumor site will improve our understanding of how the microenvironment influences 

tumor progression and clinical outcome. Cytokines, chemokines, and growth factors are small 

molecules secreted by stromal, immune, and/or tumor cells, to coordinate and fine tune the immune 

response.3-5 Cytokine serum levels may represent interesting noninvasive biomarker of tumor-

induced immune response, in the detection of cancers or in the monitoring of pathogenesis. 

Breast cancer is the most frequent cancer among women worldwide. Classical clinical and 

pathological markers used to stratify patients are tumor size, estrogen receptor (ER) status, and 

human epidermal growth factor receptor 2 (HER2) status. The recently clinically approved PAM50 

classification divides breast cancers into five subgroups according to gene expression6 which 

comprehensively recapitulates the classical pathological markers. Lymphocytic infiltration is more 

abundant in ER negative compared to ER positive breast cancers. In addition, high immune 

infiltration has been associated with an increased response to neo-adjuvant and adjuvant 

chemotherapy.7 Various methods have been used to quantify immune infiltration in breast cancer, 

however, they are all invasive and very few studies have assessed cytokines levels as surrogates of 

immune infiltration. 

In a recent study performed in the DCTB cohort, we measured the levels of cytokines in breast 

tumor interstitial fluid (TIF) and compared it to levels in the interstitial fluid from normal breast 

specimens (NIF) recovered from the same patient.8 Our results, based on both cytokine 

measurements and immunohistochemistry (IHC) of immune cells indicated that the presence of a 

tumor increased the levels of several cytokines in the interstitial fluid. Of particular interest, 

increased levels of IL5 in the TIF was associated with worse prognosis.8 

As tumor interstitial fluid is hardly accessible and to further investigate the relevance of circulating 

cytokines in breast cancer, we measured serum levels of 27 cytokines in two breast cancer cohorts 

(MicMa, n = 131 and DCTB, n = 28) using the multiplex Luminex technology. We investigated 

the relationship between cytokine levels and well-known clinicopathological parameters. We 
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report here findings from both cohorts. Our results indicate that high serum levels of pro-

inflammatory and Th2-related cytokines could be associated with a worse prognosis and may be 

an indicator of more advanced-staged and aggressive cancer. Notably, high serum levels of platelet 

derived growth factor BB (PDGF) were associated with larger tumors and HER2 positivity. Serum-

IP10 levels correlated with its mRNA expression levels within the tumor and with worse prognosis. 

Finally, we brought serum cytokine levels in perspective of the predicted infiltrating immune cell 

types at the tumor site to provide more explanation on how PDGF and IP10 levels may relate to 

pathogenesis. 
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Results 

Clustering of cytokines in the serum of breast cancer patients 

27 cytokines levels were measured in the serum of breast cancer patients using a multiplex bead-

based immune assay (Luminex). Two independent cohorts were evaluated: the MicMa (n = 131) 

collected in Oslo, Norway9 and the DCTB (n = 28) collected in Denmark.8 Principal component 

analysis (PCA) demonstrated a separation of the samples from the two cohorts based on the 

cytokine serum levels, possibly due to batch effects (Figure 1A). Observing a strong separation 

based on PCA, we further analyzed the two cohorts separately as discovery (MicMa) and validation 

(DCTB). 

We performed unsupervised clustering based on the cytokine serum levels from MicMa. The 

obtained clusters were independent of ER and HER2 statuses (Figure 1B). We identified four 

clusters composed of cytokines with similar functions. Of interest, cluster-4-cytokines was 

composed of pro-inflammatory, pro-angiogenic, and Th2-related cytokines (IL15, VEGF, GM-

CSF, PDGF, IL17, IL5, IL4, and FGF). These cytokines are known to act as pro-tumorigenic 

molecules.10, 11 We therefore sought to estimate the variation of cluster-4-cytokines activity over 

the MicMa cohort in an unsupervised manner using the Gene Set Variation Analysis (GSVA) 

method.12 We found that breast cancer patients with a cluster-4-cytokines enrichment score above 

the median had a significantly worse overall survival (Figure 1C). We also scored the DCTB 

samples using the same method. In the DCTB, we found more samples with higher cytokine-

cluster-4 enrichment scores as depicted in Supplementary Figure 1, we therefore used the bimodal 

Gaussian distribution of the score and a finite mixture model to define samples with high or low 

score. We confirmed the tendency of worse prognosis for patients with a higher cytokine-cluster- 

4 enrichment score (Figure 1D). 

This initial analysis of all 27 cytokines together highlighted the relevance of measuring circulating 

cytokines in breast cancer patients’ serum. 

Assessment of individual cytokines 

We next investigated the relationship between each cytokine and clinical parameters (see 

Supplementary Table 1-3, for summary of the statistics according to ER status HER2 status and 

tumor size). In both MicMa and the DCTB cohorts IL17, a cytokine mainly produced by Th17 

cells,13 was the only cytokine with significantly different serum levels according to hormone 
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receptors status (ER or PR); showing higher expression in the serum of breast cancer patients with 

an ER negative (Figure 2A and 2B) or PR negative tumor (Supplementary Figure 2A and 2B). 

Platelet derived growth factor BB (PDGF) is a growth factor mainly produced by activated 

platelets, macrophages, endothelial, smooth, and tumor cells,14 we found higher serum levels of 

PDGF associated with HER2 positive tumors (Figure 2C and 2D) and with larger tumor size 

(Figure 2E and 2F). PDGF is part of the cluster-4-cytokine identified in Figure 1B; and high 

levels may therefore reflect the presence of a more aggressive breast cancer type. Indeed, patients 

with the highest serum levels of PDGF (highest tertile) had a trend for worse prognosis 

(Supplementary Figure 3A and 3B; MicMa: p = 0.06, DCTB: p = 0.24, log-rank tests). 

In one cohort only: significantly lower levels of G-CSF were associated with HER2 positivity in 

the MicMa study, while high levels of IL2, IL17, FGF, and GM-CSF were detected among HER2 

positive DCTB patients (Supplementary Table 2). Furthermore, higher levels of IP10 in MicMa 

and of IL2, IL8, and IL9 in DCTB, were associated with larger tumors (Supplementary Table 3). 

Together, these analyses suggest that serum levels of PDGF and IL17 may reflect important clinical 

parameters of the breast tumor. 

Serum cytokines levels and their intra-tumor mRNA expression levels 

To investigate whether the levels of serum cytokines may be affected or may derive from tumor-

produced cytokines, we retrieved the tumor expression data for the MicMa (GSE19783),15 while 

for the DCTB, we generated mRNA expression profiles from fresh frozen tumors. The DCTB data 

set of mRNA expression is now available in GEO with accession number GSEXXX. 98 MicMa 

and 25 DCTB samples were assessed, for both serum cytokine levels and for mRNA profiling. 

Heatmaps using Pearson correlations were generated to visualize the degree of correlation between 

the cytokine serum levels and their corresponding mRNA levels at the tumor site (Supplementary 

Figure 4A and 4B). We found the pattern of intercorrelation between cytokine-serum levels and 

tumor mRNA expression significantly different between the two cohorts (paired t-test > 0.05). 

When we focused only on each cytokine serum level and their corresponding mRNA expression at 

the tumor site we found only IP10 serum level positively correlated with its gene expression 

(CXCL10) in the primary tumor in both cohorts; MicMa (r = 0.32, p = 0.001) and DCTB (r = 0.66, 

p = 0.0003) (Figure 3A and 3B, Supplementary Table 4).IP10 (CXCL10) is a pro-inflammatory 

cytokine which may promote breast cancer cell proliferation.16 Survival analyses revealed that high 
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serum levels of IP10 (higher than the median) were significantly associated with worse outcome 

in the MicMa cohort (Figure 3C, p = 0.004). Although not significant, the same trend was 

observed in the smaller DCTB cohort (Figure 3D). 

Altogether, these results indicate that IP10 serum levels may be possibly explained by leakage of 

tumor-produced IP10 into the bloodstream; high IP10 serum levels may indicate worse prognosis. 

Tumor immune infiltration and circulating cytokine levels. 

To further investigate the possible mechanisms by which cytokine serum levels may be related to 

pathogenesis, we analyzed cytokine profiles in perspective of the tumor infiltrating immune cells. 

Using expression data and the algorithm, xCell, we inferred the extent of immune cell infiltration 

in the tumor of the patients in both cohorts. xCell uses the single sample gene set enrichment 

analysis (ssGSEA) method17 to predict the relative enrichment of 64 cell types by using gene 

expression values from bulk tumor samples. Here, we focused on the 26 most common immune 

cell types (Supplementary Table 5). 

Immunohistochemistry (IHC) has been previously performed on the DCTB cohort to estimate the 

type of leukocyte infiltration present in the tumors, notably, cytotoxic T-lymphocytes (anti-CD8+ 

antibodies), and tumor-associated macrophages (TAMs) (anti-CD68 antibodies) were assessed8. 

We therefore examined the relationship between intensity of CD8 and CD68 staining and xCell 

scores for immune cell types expressing these surface markers. We found a positive correlation 

between IHC staining and xCell scores (Supplementary Figure 5A and B) which indicates that 

xCell scoring could be a good surrogate to investigate immune cell infiltration. 

Then, in both cohorts, we assessed the relationship between the measured serum levels of the 27 

cytokines and the inferred immune cell infiltration using Pearson correlation heatmaps (Figure 

4A and 4B). As our initial results pointed to PDGF and IP10 being the most interesting cytokine 

to measure in the serum, in respect to the tumor phenotype, we looked for immune cell types 

infiltrating the tumor correlating with the levels of these two cytokines. We found that patients 

with the highest levels of pro-B cells (highest quartile) in their tumor also show significantly 

higher levels of PDGF in matched serum (Figure 4C and 4D). Furthermore, samples with low 

natural killer T (NKT) scores (lowest quartile) had higher levels of PDGF (Figure 4E and 4F). In 

summary, high levels of PDGF in the serum, which we found associated to more advanced and 

aggressive tumors are associated with lower levels of NKT and high levels of pro-B cells.
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Concerning IP10 levels, the heatmaps revealed a positive correlation with type M1 macrophages 

(MicMa, r =  0.2, p = 0.05; DCTB, r = 0.57, p = 0.003) (Supplementary Figure 6). Altogether, 

these analyses provide clues to understand the mechanisms by which the serum cytokine levels 

associate with clinicopathological parameters. 
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Discussion 

The immune system plays a pivotal role in cancer recognition and eradication.18 Experimental and 

clinical evidence suggests that cancers elicit an immune response through the expression of neo-

antigens or by modifying the tumor microenvironment. Recent studies have assessed the relevance 

of immune infiltration in regard to risk of relapse, clinical subtypes or response to therapy in breast 

cancers.19-22 Here, we focused on circulating cytokine levels and found that PDGF, IL17, and IP10 

serum levels may be used to characterize breast cancers and the immune composition of their 

microenvironment. 

Our previous studies of integrated molecular profiles of invasive breast tumors and ductal 

carcinoma in situ (DCIS) obtained by PARADIGM revealed differential vascular and interleukin 

signaling associated with different tumor phenotype. The interleukin signaling profiles observed 

in invasive cancers were absent or weakly expressed in healthy tissue, but already prominent in 

DCIS. The most prominent difference associated with mammographic density in healthy breast 

tissue was that of STAT4 signaling.23 We have also shown that the density of immune cells that 

infiltrate a breast tumor tissue is highly dependent on tumor subtype.24 The immune cell types 

found in the vicinity of growing tumor cells is very wide and complex, the predominant type of 

infiltrating leukocyte, or their location within the growing tumor influence pathogenesis.25 

However, there are no good clinical guidelines for the use of information on immune infiltration 

into the treatment of breast cancer. 

Cytokines, the molecules orchestrating the immune response, are still poorly characterized in breast 

cancer. We previously highlighted the relevance of measuring cytokines in breast cancer; we found 

several cytokines levels elevated in the tumor interstitial fluids when compared to the interstitial 

fluid of normal tissue.8 In the current study, we measured 27 cytokines in the serum of breast cancer 

patients from two cohorts (MicMa, n = 131) and DCTB (n = 28). We assessed cytokine serum 

levels in perspective of clinicopathological features. To extract the significant and reproducible 

results we treated the two cohorts as discovery (MicMa) and validation (DCTB) cohorts. The low 

number of samples in the DCTB cohort may have hindered the validation of results discovered in 

the MicMa cohort. We believe that the smaller sample size in the DCTB cohort was the reason 

why the significant survival results found in the MicMa were not fully validated in the DCTB 

cohort. In addition, ER, PR, and HER2 definitions were different in both cohorts; for example, the 
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MicMa tumors were considered ER positive if more than 10% of the tumor cells were positively 

immunostained, while in DCTB which is a “newer” cohort, the current St Gallen 201526 ( > 1%) 

criteria were used. This led to differences in classification of the samples and may also have 

interfered with validation of some results. Finally, even though the number of tests was relatively 

small (27 cytokines) we did not correct our p-values in each cohort according to multiple testing 

and instead focused on the significant results found in both cohorts. 

Therefore, our results would benefit from additional, independent validations, but give excellent 

ground for more targeted cytokine measurement and emphasize the potential of using readily 

available serum samples in breast cancer research and clinical practice. 

We found PDGF levels significantly higher in the serum of patients with larger tumors or with a 

positive HER2 status. These results suggest that high serum levels of PDGF reflect a more 

aggressive and advanced tumor phenotype. Matsumoto et al., showed that higher levels of PDGF-

bb were associated with poor prognosis in esophageal cancers,27 while Eide et al found higher 

PDGF-bb serum levels in lung cancer compared to COPD patients.28 In the MicMa cohort higher 

levels of PDGF were associated with worse prognosis, the same tendency although not significant, 

was observed in the DCTB cohort. The PDGF family of growth factors play a role in 

lymphangiogenesis.29 Even though we did not find a correlation between PDGF serum levels and 

its tumor mRNA expression, we previously reported that the tumor interstitial fluid levels of PDGF 

were higher than in the normal interstitial fluid,8 which suggest that the tumor microenvironment 

may contribute to the production of PDGF. Using mRNA expression data to predict for different 

immune cell type infiltration, we report a positive correlation between PDGF serum levels and pro-

B cells infiltration. Given that both B cells and PDGF are involved in lymphangiogenesis,30 our 

result suggest that high levels of serum PDGF may reflect lymphangiogenesis in cooperation with 

B cells at the tumor site. As proposed also by others31 our study comes to suggest that PDGF acts 

as a pro-tumorigenic cytokine and its inhibition may enhance the efficacy of chemotherapy. 

In this study, we found higher levels of IL17 in the serum of patients with an ER negative tumor 

when compared to the serum ER positive patients. IL17 is a pleiotropic cytokine mainly secreted 

by Th17 cells, which may exert pro- or anti- tumorigenic effects.13 Elevated levels of IL17 have 

been found in the microenvironment of ER negative breast tumors and associated with a worse 

prognosis.32, 33 Our study reinforces the association between IL17 levels and ER status and further 
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suggest that the higher levels of IL17 and therefore Th17 cell activity observed in the 

microenvironment of ER negative breast cancers can also be measured in the serum. 

We previously reported higher IP10 levels on the tumor interstitial fluid of breast cancer patients. 

IP10 is widely expressed by both cancer cells and tumor-infiltrating lymphocytes.8 Here we report 

a positive correlation between IP10 tumor-derived mRNA expression and circulating serum levels. 

IP10 act as a chemo-attractant for monocytes34, 35 which may explain the herein reported positive 

correlation between IP10 and type M1 Macrophages. IP10 has been reported as a pro- tumorigenic 

chemokine. Increased expression of IP10 and its receptor CXCR3 has been observed in many 

cancers, including malignant melanoma,36 ovarian carcinoma,37 multiple myeloma,38 B-cell 

lymphoma,39 and basal cell carcinoma.40 The role of IP10 and its receptor in breast cancer 

progression has been demonstrated using breast cancer cell lines.16 Our results suggest that high 

IP10 serum levels correlate with high IP10 in the tumor microenvironment and may be a measure 

of worse prognosis. 

In conclusion patients with advanced stage disease appear to experience a simultaneous 

immunostimulation and immunosuppression which may lead to disturbed cytokines production.41 

Breast cancer tumors are highly heterogeneous. However, there are common clinical characteristics 

in patients with more advanced tumor phenotype. We report that PDGF and IP10 serum levels as 

paraneoplastic signals may reflect the presence of larger tumor and a worse prognosis. We further 

suggest that cytokine serum levels may be associated with specific immune cell types at the tumor 

site. Our results emphasize the value of measuring serum cytokine levels in breast cancer. 
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Materials and Methods 

Patient material 

MicMa cohort 

Operable early breast cancer patients were included in the Oslo1 micrometastasis observational 

study between 1995 and 1998.42 Related to the current results, sera were collected at the time of 

surgery. A subset of the patient’s fresh primary tumors was collected for detailed molecular 

analyses, a cohort called MicMa. Only patients within the MicMa subset were included in the 

current analysis. The study is approved by the Regional Ethics Committee. Written informed 

consent was obtained from all participants, the study was conducted in accordance with the 

Declaration of Helsinki. Sera from 137 MicMa samples were available, six patients were excluded 

from the analysis due to administration of neo-adjuvant therapy. For the remaining 131 patients, 

their characteristics are shown in Supplementary Table 6. Immunostaining was performed using 

mouse antibody against estrogen receptor and progesterone receptor (clones 6F11 and 1A6, 

respectively; Novocastra, Cat. Nos. NCL-L-ER-6F11 and NCL-L-PGR), c-erbB-2 (clone CB11; 

BioGenex, Cat. No. AM134). Automated immunostaining systems were used, Ventana Medical 

Systems, Inc (Tucson, AZ). Immunopositivity was recorded if more than 10% (ER, PR, c-erbB-2) 

of the tumor cells were immunostained as previously described.43 The gene expression data was 

generated using Agilent whole genome 4x44K oligo array (Agilent Technologies, Cat. No. 

G4112F) as previously described15 and is available at GEO with accession number GSE19783. 

DCTB cohort 

The DCTB study was conducted in compliance with the Helsinki II Declaration, written informed 

consent was obtained from all participants. The project was approved by the Copenhagen and 

Frederiksberg regional division of the Danish National Committee on Biomedical Research Ethics 

(KF 01-069/03). 79 breast cancer patients were included in this cohort as previously described.8 In 

our recent publication using this cohort, tumor interstitial fluid was extracted from small surgically 

resected breast tumor pieces, matched sera from 28 women were obtained prior surgery. 

Characteristics of these 28 patients are shown in Supplementary Table 6. Samples were considered 

negative for ER when the percentage of nuclear immunoreactivity within the invasive cancer cells 

was < 1%. Samples with HER2/centromere 17 ratio > 2 were considered HER2 positive. 
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mRNA expression profiling 

Total RNA was isolated    using the TRIzol reagent (Thermo Fisher Scientific, Cat. No. 15596026) 

following the manufacturer’s instructions. NanoDrop spectrophotometeric analysis (Thermo Fisher 

Scientific, Waltham, MA, USA) assessed RNA concentration and purity. RNA quality and integrity 

were assessed by the 2100 Bioanalyzer instrument (Agilent Technologies, Santa Clara, CA, USA). 

mRNA expression was measured using SurePrint G3 Human GE 8x60K one-color microarrays 

from Agilent (Agilent Technologies, Cat. No. G4851A) according to the manufacturer’s protocol 

and using 100 ng of RNA as input for amplification. 

Scanning was performed with Agilent Scanner G2565A, and signals were extracted using Feature 

Extraction v.10.7.3.1 (Agilent Technologies). Non-uniform spots were excluded and missing data 

were imputed using local least squares imputation (LLSimpute from the R package 

“pcaMethods”)44. Arrays were log2-transformed and quantile-normalized. mRNA expression data 

have been submitted to the Gene Expression Omnibus (GEO) database under accession number 

(GSEXXX). 

Cytokine profiling 

A total of 27 molecules including interleukins, chemokines, growth factors, interferon (IFN), and 

tumor necrosis factor (TNF), were measured in a 27-plex commercially available cytokine panel 

(Bio-Rad Laboratories, Cat. No. M500KCAF0Y) and were analyzed with the Luminex xMAP 

200 platform (Luminex Corporation, Austin, TX, USA). The assays included a series of known 

concentrations to generate standard curves. The results obtained were collected and processed 

with Bio-Plex Manager 6.0 (Bio-Rad Laboratories). Details of the cytokines are given in 

Supplementary Table 7. Natural log transformed cytokines levels (pg/mL) for the MicMa and the 

DCTB cohorts are given in Supplementary Table 8. 

Statistical analysis 

All analyses were performed in the R45 version 3.3.2. Cytokine levels were analyzed in relation to 

clinical parameters using Mann-Whitney-U (MWU) or Kruskal-Wallis tests. Unless otherwise 

stated, results were considered statistically significant, if p-value < 0.05. Hierarchical clustering 

was performed using the R package pheatmap (version 1.08)46 clusters were identified using the 

cutree function. Pearson rank correlations were visualized using R package corrplot (version 0.84). 

Survival analysis using Kaplan-Meier survival curves for overall survival were compared by the 
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log-rank test. Cytokine-cluster4 scores were calculated using the GSVA Bioconductor package.12 

Enrichment score for immune cell type at the tumor site was calculated using xCell R package with 

default parameters.17 xCell relies on single-sample GSEA (ssGSEA) and newly generated gene 

signatures for 64 cell types to digitally dissect the tumor microenvironment. In our study, we 

focused on 27 immune cell types, the xCell scores from these 27 immune cell types can be found 

in Supplementary Table 5. 
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Figure legends 

Figure 1: Clusters of cytokine serum levels in relation to prognosis. 

(A) Principal component analysis was performed using the serum levels of the 27 cytokines 

measured by Luminex. Scatter plot of principal component 1 and 2 are represented, each dot 

represents a sample projected in the two main principal components (PC1 and PC2); the dots are 

colored according to the cohort they belong to. 

(B) Unsupervised clustering of cytokine levels in the MicMa cohort (n  = 131) using the R package 

pheatmap with Euclidean distance and Ward.D linkage. Annotations of the rows of the heatmap 

indicate histopathological features of the patients: ER and HER2 statuses. Cytokines in columns 

are annotated in regard to the classical function they exert according to the literature. Cluster were 

identified using cutree. 

(C & D) Sample-wise enrichment scores for cluster-4-cytokines was calculated using Gene Set 

Variation Analysis (GSVA) and the 8 cytokines of cluster 4 (FGF, VEGF, GM-CSF, PDGF, IL17, 

IL5, IL4, IL15). MicMa and DCTB samples were divided in two groups (high and low score) 

according to the median for the MicMa and the density distribution of the score plotted in 

Supplementary Figure 1 for the DCTB. Kaplan-Meier survival curves for the high (red) and low 

(blue) cluster-4-cytokines scores are depicted for MicMa (C) and DCTB (D). The p-values are from 

log-rank tests. 

Figure 2: Serum cytokine levels and clinicopathological parameters. 

(A & B) Boxplots represent the average serum levels of IL17 (log pg/mL) in ER positive (ER pos, 

gray) and ER negative (ER neg, white) tumors in the MicMa (A) and DCTB (B) cohorts. IL17 

levels are significantly higher in ER negative samples. 

(C & D) Average PDGF serum levels (log pg/mL) are visualized using boxplot in regard to HER2 

status in the MicMa (C) and the DCTB (D) cohorts. White boxes, HER2 negative samples (HER2 

neg), pink boxes HER2 positive samples (HER2 pos). 

(E & F) Boxplots represent the average serum levels of PDGF (log pg/mL) in small (< 2cm, white) 

or larger (> 2cm, blue) tumors in the MicMa (E) and DCTB (F) cohorts. PDGF levels are 

significantly higher in the serum of patient with bigger tumors. The size 2cm was chosen as a cutoff 

to reflect the TNM staging of the American Cancer Society. 

Mann-Whitney test p-values are denoted in the bottom right of each boxplot. 
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Figure 3: Cytokines serum levels and corresponding tumor mRNA expression. 

 (A & B) Correlation analysis for IP10 serum levels and CXCL10 mRNA expression from the bulk 

tumor. Dots are colored according to ER status. 

(C & D) Patients were divided into two groups according to the median expression of IP10. Kaplan-

Meier survival curves for the high (red) and low (blue) levels of IP10 are depicted for MicMa (C) 

and DCTB (D). The p-values are from log-rank tests. 

Figure 4: Cytokine levels and infiltrating immune cells. 

(A & B) xCell and expression data were used to infer the presence of 26 immune cell types at the 

tumor site. Correlation heatmaps depict only the correlations with p < 0.1 between cytokine levels 

and infiltrating immune cells. Size of the dots reflect the strength of the Pearson correlation and 

colors the direction of the linear relationship. 

(C & D) Boxplots represent the average serum levels of PDGF (pg/mL) in respect to low or high 

(highest quartile) scores for pro-B cells infiltration at the tumor site in the MicMa (C) and DCTB 

(D) cohorts. PDGF levels are significantly higher in the serum of patient with higher pro-B cells 

scores. 

(E & F) Boxplots of serum PDGF levels according to low (lowest quartile) and high scores for 

natural killer T cells (NKT) infiltration at the tumor site in the MicMa (C) and DCTB (D) cohorts. 

Mann-Whitney test p-values are denoted in the bottom right of each boxplot. 

Supplementary Figure legends 

Supplementary Figure 1: Clusters of cytokine serum levels in relation to prognosis. 

Density plot showing the distribution of cluster-4-cytokine enrichment score for the MicMa (blue) 

and the DCTB (red) cohorts. 

Supplementary Figure 2: IL17 serum levels and progesterone receptor (PR) status. 

(A & B) Boxplots represent the average serum levels of IL17 (pg/mL) in PR positive (PR pos, 

gray) and PR negative (PR neg, white) tumors in the MicMa (A) and DCTB (B) cohorts. IL17 

levels are significantly higher in PR negative samples. 
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Supplementary Figure 3: PDGF serum levels and prognosis. 

(A & B) Patients were divided into two groups: high PDGF (highest tertile), low PDGF (lowest 

and second tertile). Kaplan-Meier survival curves for the high (red) and low (blue) levels of PDGF 

are depicted for MicMa (A) and DCTB (B). The p-values are from log-rank tests. 

Supplementary Figure 4: Correlation between cytokine serum levels and cytokine mRNA 
expression at the tumor site. 

(A & B) Correlation heatmaps illustrate the correlations between the 27 cytokines measured by the 

Luminex assay and their corresponding mRNA levels from bulk tumor sample expression data. 

Size of the dots reflect the strength of the Pearson correlation and colors the direction of the linear 

relationship between two variables. (A), MicMa, n = 98, (B) DCTB = 25 samples with cytokine 

levels and mRNA expression data. 

Supplementary Figure 5: Correlation between IHC staining and xCell scores. 

All samples in the DCTB cohort with expression data were analyzed with the xCell algorithm to 

infer for specific immune infiltration. (A) Averaged xCell scores for CD8+ naive T-cells, CD8+ 

T-cells, NK and NKT cells were analyzed in perspective of the levels of CD8+ immunostained 

lymphocytes. (B) Averaged xCell scores for Macrophages, Macrophages M1, Macrophages M2 

and Monocytes were analyzed in perspective of the levels of CD68+ immunostained leukocytes. 

Kruskal-Wallis test p-values are denoted in the top right of each boxplot. 

Supplementary Figure 6: IP10 serum levels and Macrophages enrichment at the tumor site. 

(A & B) Boxplots of Macrophages M1 enrichment scores according to low and high (highest 

quartile) scores for IP10 serum levels in the MicMa (C) and DCTB (D) cohorts. 

Mann-Whitney test p-values are denoted in the top right of each boxplot. 



Figure 1

-6

-3

0

3

6

-5 0 5 10
PC1

PC
2

DCTBMicMa

A

R
AN

TES

Eotaxin

G
_C

SF

G
M

_C
SF

IL8
M

IP1a
M

IP1b
IP10

IL9

M
C

P1
IL13
IL7
IL10
IL12
IL2
IL1R

A
IL6

IL1B
IFN

G
TN

Fa
IL4
IL5
IL17
PD

G
F

VEG
F

FG
F

IL15

ERH
ER

2

-4

-2

0

2

4

1 2 3 4

ERClassical function
Chemokine
Angiogenic
pro-inflammatory
Immuno-suppressive

Th1
Th2

HER2
HER2-
HER2+

ER-
ER+

B

0 2 4 6 8 10

0.0

0.2

0.4

0.6

0.8

1.0

Time (years)

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

low score (n=61)
high score (n=61)

p = 0.0474

C
p = 0.244

0.0

0.2

0.4

0.6

0.8

1.0

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

0 2 4 6 8 10
Time (years)

low score (n=6)
high score (n=19)

MicMa DCTB

D



Figure 2
A

C

B

D

E F

ER neg ER pos

4.
0

4.
5

5.
0

5.
5

6.
0

Av
er

ag
e 

IL
17

(lo
g 

pg
/m

L)

p = 0.015

(n=49) (n=74)
ER neg ER pos

5.
0

5.
5

6.
0

Av
er

ag
e 

IL
17

(lo
g 

pg
/m

L)

p = 0.025

(n=8) (n=16)

HER2 neg HER2 pos

6.
5

7.
0

7.
5

8.
0

8.
5

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

p = 0.06

(n=19)
HER2 neg HER2 pos

6.
0

6.
5

7.
0

7.
5

8.
0

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

p = 0.02

(n=8) (n=20)

=< 2cm > 2cm

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

Av
er

ag
e 

PD
GF

 (l
og

 p
g/

m
L)

p = 0.04

(n=56) (n=54)
=< 2cm > 2cm

5.
0

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

p = 0.038

(n=5) (n=23)

(n=97)

MicMa DCTB

MicMa DCTB

MicMa DCTB



Figure 3

A B

5.5 6.0 6.5 7.0 7.5

0.0

0.2

0.4

0.6

0.8

1.0

IP10 serum levels

CX
CL

10
 (I

P1
0)

 tu
m

or
 m

RN
A 

le
ve

ls

6.0 6.5 7.0 7.5 8.0 8.5

2

4

6

8

10

12

IP10 serum levels
CX

CL
10

 (I
P1

0)
 tu

m
or

 m
RN

A 
le

ve
ls

ER pos
ER neg
NA

C D
p = 0.004

0 2 4 6 8 10
Time (years)

p =0.21

low IP10 levels (n=65)
high IP10 levels (n=56)

low IP10 levels (n=12)
high IP10 levels (n=12)

MicMa DCTB

0 2 4 6 8 10
Time (years)

12
0.0

0.2

0.4

0.6

0.8

1.0

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

0.0

0.2

0.4

0.6

0.8

1.0

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

r = 0.66, p=0.0003

r = 0.32, p=0.001



-0.4

-0.2

0.2

0.4

0

Eo
ta

xi
n

FG
F

G
-C

SF
G

M
-C

SF
IF

N
G

IL
10

IL
12

IL
13

IL
15

IL
17

IL
1B

IL
1R

A
IL

2
IL

4
IL

5
IL

6
IL

7
IL

8
IL

9
IP

10
M

C
P1

M
IP

1a
M

IP
1b

PD
G

F
R

AN
TE

S
TN

Fa
VE

G
F

aDC
Basophils

CD4+ memory
CD4+ naive

CD4+ T-cells
CD8+ naive

CD8+ T-cells
cDC

CSM B-cells
DC

Macrophages
Macrophages M1
Macrophages M2

Mast cells
Memory B-cells

Monocytes
naive B-cells

Neutrophils
NK cells

NKT
Plasma cells

pro B-cells
Tgd cells
Th1 cells
Th2 cells

Tregs

-0.8

-0.4

0 0.4

0.8

Eo
ta

xi
n

FG
F

G
-C

SF
G

M
-C

SF
IF

N
G

IL
10

IL
12

IL
13

IL
15

IL
17

IL
1B

IL
1R

A
IL

2
IL

4
IL

5
IL

6
IL

7
IL

8
IL

9
IP

10
M

C
P1

M
IP

1a
M

IP
1b

PD
G

F
R

AN
TE

S
TN

Fa
VE

G
F

aDC
Basophils

CD4+ memory
CD4+ naive

CD4+ T-cells
CD8+ naive

CD8+ T-cells
cDC

CSM B-cells
DC

Macrophages
Macrophages M1
Macrophages M2

Mast cells
Memory B-cells

Monocytes
naive B-cells

Neutrophils
NK cells

NKT
Plasma cells

pro B-cells
Tgd cells
Th1 cells
Th2 cells

Tregs

Figure 4

A B

C D

F

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

Av
er

ag
e 

PD
GF

 (l
og

 p
g/

m
L)

Av
er

ag
e 

PD
GF

(lo
g 

pg
/m

L)

MicMa DCTB

MicMa DCTB

low pro-Bcells high pro-Bcells

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

p = 0.01

(n=73) (n=25)
low pro-Bcells high pro-Bcells

5.
0

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

p = 0.04

(n=19) (n=6)

low NKT high NKT

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

p = 0.03

(n=25) (n=73)
low NKT high NKT

5.
0

5.
5

6.
0

6.
5

7.
0

7.
5

8.
0

p = 0.06

(n=7) (n=18)

E

MicMa
Serum cytokine levels

DCTB
Serum cytokine levels

Tu
m

or
 in

fil
tr

at
in

g 
im

m
un

e 
ce

lls



-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5

0.
0

0.
2

0.
4

0.
6

0.
8

De
ns

ity

Cluster-4-cytokine enrichment score

Supplementary Figure 1

Supplementary Figure 2

PR neg PR pos

5.
0

5.
5

6.
0

p = 0.04

(n=16) (n=12)
PR neg PR pos

4.
0

4.
5

5.
0

5.
5

6.
0

p = 0.05

(n=62) (n=57)

Av
er

ag
e 

IL
17

(lo
g 

pg
/m

L)
)

Av
er

ag
e 

IL
17

(lo
g 

pg
/m

L)
)

A B

MicMa DCTB

DCTB

MicMa



Supplementary Figure 4

A B

-0.4

-0.2

0

0.2

0.4Eo
ta

xi
n

FG
F

G
-C

SF
G

M
-C

SF
IF

N
G

IL
10

IL
12

IL
13

IL
15

IL
17

IL
1B

IL
1R

A
IL

2
IL

4
IL

5
IL

6
IL

7
IL

8
IL

9
IP

10
M

C
P1

M
IP

1a
M

IP
1b

PD
G

F
R

AN
TE

S
TN

Fa
VE

G
F

CCL11
FGF2
CSF3
CSF2
IFNG
IL10

IL12A
IL13
IL15

IL17A
IL1B

IL1R1
IL2
IL4
IL5
IL6
IL7

CXCL8
IL9

CXCL10
CCL2
CCL3
CCL4

PDGFB
CCL5

TNF
VEGFA

Tu
m

or
 cy

to
ki

ne
 m

RN
A 

ex
pr

es
sio

n

MicMa
Serum cytokine levels

-0.7

-0.5

-0.3

-0.1

0.1

0.3

0.5

0.7Eo
ta

xi
n

FG
F

G
-C

SF
G

M
-C

SF
IF

N
G

IL
10

IL
12

IL
13

IL
15

IL
17

IL
1B

IL
1R

A
IL

2
IL

4
IL

5
IL

6
IL

7
IL

8
IL

9
IP

10
M

C
P1

M
IP

1a
M

IP
1b

PD
G

F
R

AN
TE

S
TN

Fa
VE

G
F

CCL11
FGF2
CSF3
CSF2
IFNG
IL10

IL12A
IL13
IL15

IL17A
IL1B

IL1R1
IL2
IL4
IL5
IL6
IL7

CXCL8
IL9

CXCL10
CCL2
CCL3
CCL4

PDGFB
CCL5

TNF
VEGFA

Tu
m

or
 cy

to
ki

ne
 m

RN
A 

ex
pr

es
sio

n

DCTB
Serum cytokine levels

Supplementary Figure 3

0 2 4 6 8 10

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Time (years)

p = 0.06

0 2 4 6 8 10
0.

0
0.

2
0.

4
0.

6
0.

8
1.

0
Time (years)

p =0.24

low PDGF levels (n=86)
high PDGF levels (n=36)

MicMa

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

low PDGF levels (n=17)
high PDGF levels (n=7)

DCTB

O
ve

ra
ll

su
rv

iv
al

 p
ro

ba
bi

lit
y

A B



Supplementary Figure 5

A B

Supplementary Figure 6

low IP10 high IP10

0.
0

0.
2

0.
4

0.
6

M
ac

ro
ph

ag
es

 M
1 

en
ric

hm
en

t p = 0.01

(n=65) (n=33)
low IP10 high IP100.

00
00

0.
00

10
0.

00
20

0.
00

30
M

ac
ro

ph
ag

es
 M

1 
en

ric
hm

en
t p = 0.2

(n=18) (n=7)

A B

Low Medium High

0.
00

0
0.

00
5

0.
01

0
0.

01
5

0.
02

0

CD8 staining

p = 0.05

(n=26) (n=8) (n=3)
Low Medium High0.

00
00

0.
00

05
0.

00
10

0.
00

15

CD68 staining

p = 0.1

(n=19) (n=17) (n=3)





C
ytokine

G
ene sym

bol
G

ene nam
e

M
C

P
-1

C
C

L2
C

hem
okine (C

-C
 m

otif) ligand 2
M

IP
-1a

C
C

L3
C

hem
okine (C

-C
 m

otif) ligand 3
M

IP
-1b

C
C

L4
C

hem
okine (C

-C
 m

otif) ligand 4
R

A
N

TE
S

C
C

L5
C

hem
okine (C

-C
 m

otif) ligand 5
E

otaxin
C

C
L11

C
hem

okine (C
-C

 m
otif) ligand 11

IL-8
C

X
C

L8
C

hem
okine (C

-X
-C

 m
otif) ligand 8

IP
-10

C
X

C
L10

C
hem

okine (C
-X

-C
 m

otif) ligand 10
FG

F
FG

F2
Fibroblast grow

th factor 2 (basic)
V

E
G

F
V

E
G

FA
Vascular endothelial grow

th factor A
P

D
G

Fβ
P

D
G

FB
P

latelet-derived grow
th factor beta polypeptide

G
M

-C
S

F
C

S
F2

C
olony-stim

ulating factor 2
G

-C
S

F
C

S
F3

C
olony-stim

ulating factor 3
TN

F-a
TN

F
Tum

our necrosis factor
IFN

-γ
IFN

G
Interferon, gam

m
a

IL-1R
A

IL1R
N

Interleukin 1 receptor antagonist
IL-1b

IL1B
Interleukin 1, beta

IL-2
IL2

Interleukin 2
IL-4

IL4
Interleukin 4

IL-5
IL5

Interleukin 5
IL-6

IL6
Interleukin 6

IL-7
IL7

Interleukin 7
IL-9

IL9
Interleukin 9

IL-10
IL10

Interleukin 10
IL-12

IL12A
Interleukin 12

IL-13
IL13

Interleukin 13
IL-15

IL15
Interleukin 15

IL-17
IL17A

Interleukin 17













































































Paper IV 





A
cc

ep
te

d
 A

rt
ic

le
Article type: 

Basal-like breast cancer engages tumor-supportive macrophages via secreted factors 
induced by extracellular S100A4  

Corresponding author: 



A
cc

ep
te

d
 A

rt
ic

le
Running title 

Keywords 

Abbreviations 

 



A
cc

ep
te

d
 A

rt
ic

le
Abstract  

Introduction 

i.e.



A
cc

ep
te

d
 A

rt
ic

le



A
cc

ep
te

d
 A

rt
ic

le

Materials and Methods 

Cell lines 

).

Primary cultures from BC patient biopsies 

 

 

 g g/



A
cc

ep
te

d
 A

rt
ic

le

Ex vivo cultures from patient-derived xenografts (PDXs)

ex vivo 

Primary monocytes 

Recombinant proteins and drugs 

 g



A
cc

ep
te

d
 A

rt
ic

le

Preparation of conditioned medium (CM) from BCCs 

g

Treatment of monocytes with CMs 



A
cc

ep
te

d
 A

rt
ic

le
Effects of THP1 on BCCs in co-cultures 



A
cc

ep
te

d
 A

rt
ic

le
Multiplex analyses of cytokines 

RNA isolation, real-time qPCR and TCGA data analysis



A
cc

ep
te

d
 A

rt
ic

le

Immunohistochemistry (IHC) and immunofluorescence (IF).

Flow cytometry 



A
cc

ep
te

d
 A

rt
ic

le

Statistical analysis 

Results 

1. S100A4 levels correlate with abundance of stroma and immune cells in BC tissue 

in silico



A
cc

ep
te

d
 A

rt
ic

le
2. Extracellular S100A4 stimulates breast cancer cells to enhance production of pro-

inflammatory cytokines 

ex vivo

versus



A
cc

ep
te

d
 A

rt
ic

le
3. S100A4-activated basal-like BCCs trigger monocyte-to-macrophage differentiation 

and polarization.

ex vivo .



A
cc

ep
te

d
 A

rt
ic

le CD206 iNOS

4. S100A4-activated basal-like BCCs educate macrophages to produce cytokines. 

.

CCL2 IL6 CXCL10 IL8 CCL5



A
cc

ep
te

d
 A

rt
ic

le
5. BC-educated macrophages promote EMT, proliferation, chemoresistance and 

migration in BCCs.

CDH1 KRT19

EPCAM SNAI1



A
cc

ep
te

d
 A

rt
ic

le

Discussion 



A
cc

ep
te

d
 A

rt
ic

le

et al

.  



A
cc

ep
te

d
 A

rt
ic

le

et al.

e.g. et al

Conclusions 



A
cc

ep
te

d
 A

rt
ic

le
Acknowledgements 

Author contributions 

References 



A
cc

ep
te

d
 A

rt
ic

le



A
cc

ep
te

d
 A

rt
ic

le



A
cc

ep
te

d
 A

rt
ic

le



A
cc

ep
te

d
 A

rt
ic

le

Supporting Information 

Figure S1

Figure S2.

Figure S3. 

Table S1.

FIGURE TEXT 
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Figure 2. Cytokines secreted by BCCs at control and S100A4 stimulated conditions. 

ex vivo



A
cc

ep
te

d
 A

rt
ic

le
 g/

(A)

(B)

(C)

 

Figure 3. Effect of BCC-derived CMs on primary human monocytes. (A)

 μg/

(B)

versus

Figure 4. S100A4-activated basal-like BCCs stimulate THP1 monocyte differentiation 

and polarization towards M2-phenotype. 

(A)
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Figure 5. S100A4-activated basal-like BCCs educate THP1 cells to produce cytokines. 
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Figure 6. TAM-like THP1 make MDA468 cells gain mesenchymal traits. 
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Figure 7. TAM-like THP1 stimulate proliferation and reduce chemosensitivity of 

MDA468 cells. 
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Figure 8. TAM-like THP1 stimulate motility of MDA468 cells. (A) 

(B)

 

Figure 9. An illustrative summary of the findings
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