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INTRODUCTION

Breast cancer remains the predominant form of cancer worldwide according 
to the World Health Organization (WHO) [1], which leads to it also being the 
primary cause of death resulting from malignant tumours. Given its higher 
incidence in women compared to men (about 0.5−1 % of breast cancers occur 
in men as reported by WHO), it becomes a daunting aspect in the broader 
context of women’s health. According to the American Cancer Society, it is 
estimated that one in eight women will develop breast cancer at some point 
in their lifetime [2]. Despite advancements in breast cancer survival rates 
through interventions like mastectomies and chemotherapy, early detection 
and personalised treatments are still a matter of high importance to reduce the 
psychological burden for patients and to increase their overall survival. 

After Warburg’s discovery of cancer cells being able to carry out aerobic 
glycolysis to meet their increased metabolic demands [3], the scientific 
interest in alterations of cancer metabolism increased amongst scientists. 
Metabolic reprogramming emerged as a hallmark of cancer [4]. It became 
clear that exploring these subtle differences in metabolism between malignant 
and healthy tissues could lead to finding metabolic vulnerabilities of cancer 
for new targeted therapies. Finding these weak spots poses a challenge, as 
alterations in metabolic pathways differ even among the same type of cancer. 

Besides glucose, amino acids have proven their importance in tumour 
progression. In addition to being building blocks for proteins, they can also 
be broken down into intermediates for the Krebs cycle or other biosynthetic 
pathways. They are not only fuel for rapidly dividing cancer cells but play an 
important role in controlling immune response, regulating signalling pathways, 
maintaining redox balance and resistance to various chemotherapeutic agents. 
Some cancer cells are dependent on non-essential amino acids due to loss-
of-function mutations in biosynthetic enzyme-coding genes. In other cases, 
cancer cells have a higher demand for particular amino acids, that are used 
as biosynthetic building blocks, making their uptake and synthesis pathways 
upregulated compared to normal cells. These differences are crucial in the 
search for therapeutic agents with fewer side effects. 

Branched-chain amino acids (BCAAs) – leucine, isoleucine, and valine, 
have been shown to be involved in different metabolic diseases such as obesity, 
diabetes, cardiovascular and neurodegenerative diseases [5]. The importance 
of BCAA catabolism in cancer was noticed in 2013 when Tönjes et al. 
noticed that the first cytosolic enzyme in the breakdown cascade of BCAAs 
– branched-chain amino acid transferase 1 (BCAT1) was overexpressed in 
glioblastoma cells and demonstrated that suppression of BCAT1 significantly 
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reduced proliferation of these cells [6]. Our group also showed that the 
enzyme branched-chain amino acid transferase 2 (BCAT2), the mitochondrial 
counterpart of BCAT1, is overexpressed in some breast cancer cell lines and 
that BCAA degradation accounts for a significant part of the cellular energy 
metabolism [7]. As a result of the mentioned observations, perturbed BCAA 
metabolism is considered to be a potential therapeutic target for different 
cancer types [8], however, the exact reasons for the mentioned metabolic 
disturbances are not entirely known. 

Understanding the intricate landscape of cancer metabolism by unravelling 
key pathways and molecular players offers promising targets for new 
targeted therapies and unlocking the full potential of personalised medicine. 
Advancements in molecular and systems biology as well as genomic sciences 
are providing deeper insight into cancer metabolism for the development of 
new, more efficient diagnostic and treatment approaches in the near future.

Aim and objectives

This work aims to determine the role of amino acids in breast cancer cell 
metabolism by using different omics- techniques and bioinformatic pipelines 
in search of chemotherapeutic drug targets.

Objectives

1.	 Identify the role of branched-chain amino acids in cellular energetics 
and biosynthesis of mevalonate by using isotopically labelled amino 
acids in breast cancer cells.

2.	 Perform a comparative analysis of branched-chain amino acid metabo-
lism from the blood plasma of breast cancer patients and healthy con-
trols.

3.	 Determine alterations of amino acid metabolism in breast cancer cells 
by combining metabolomic and transcriptomic data to identify possible 
drug targets.

Scientific novelty of the work 

Even though the association between cancer and the overexpression 
of BCAA-degrading enzymes has been a topic of discussion for about a 
decade, a clear picture of the links between BCAA metabolism and cancer 
has yet to emerge. In this work, we shed light on some previously unknown 
mechanisms by which BCAAs promote the progression of breast cancer by 
tracing their breakdown and transformation into cellular energy and building 
blocks. This, in turn, contributes to the search for new therapeutic approaches 
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and biomarkers for early diagnostics. Novel discoveries of this work include 
measures of the influence BCAA catabolism has on acetyl coenzyme A and 
mevalonate production in breast cancer cells, as well as the determination of 
possible biomarkers for breast cancer, following increased BCAA catabolism 
in the plasma of women with newly diagnosed invasive ductal carcinoma. 
Furthermore, by combining metabolomic and transcriptomic data from breast 
cancer cells using a bioinformatic pipeline, we identify perturbations in one-
carbon metabolism, which could be a topic for further investigation on the 
role of amino acids in cancer progression.

Other important aspects

The results of this dissertation were part of a project called “The effect 
of branched-chain amino acid degradation on cancer cell metabolism and 
proliferation” (S-SEN-20-6), funded by the Lithuanian Research Council. 
The results are divided into seven parts for better discrimination of the 
different aspects studied, however, the conclusions were written taking into 
consideration several of these aspects. The results of sections 3.1 and 3.2 
were published in one peer-reviewed article. The aforementioned together 
with the unpublished results of section 3.3 constitute the first conclusion. Due 
to a different objective for the work in section 3.4, the unpublished results 
make up the second conclusion, while the results from sections 3.5–3.7 are 
published in a second peer-reviewed article and constitute the third conclusion 
of this dissertation.
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1. LITERATURE REVIEW

1.1. Pathophysiology and treatment strategies of breast cancer

The term “breast cancer” covers a range of malignancies that occur in 
the mammary glands [9]. The classification of breast cancer depends on the 
specific cells that are affected. Based on cell origin, breast cancers can be 
broadly categorised into carcinomas and sarcomas. Carcinomas originate from 
the epithelial cells in the breast, which line the lobules and ducts responsible 
for milk production [10, 11]. They make up the majority of breast cancers. 
Sarcomas, on the other hand, are much rarer (<1 % of primary breast cancer), 
and arise from the stromal components of the breast, like myofibroblasts 
and blood vessel cells [10]. Based on the pathology and invasiveness of the 
disease, common breast cancers can be divided into three basic categories: 
non-invasive (in-situ), invasive, and metastatic [11]. Ductal carcinoma in 
situ is a pre-invasive form of breast cancer that develops inside existing milk 
ducts, while lobular carcinoma in situ develops in milk glands or lobules. 
Although not in itself invasive, breast carcinoma in situ has the potential to 
become invasive, thus early diagnosis and subsequent treatment are essential 
[12]. Invasive or infiltrating breast cancer invades the surrounding tissues 
outside of the ducts and lobules. Invasive carcinomas have the potential to 
spread to other sites of the body, such as lymph nodes or other organs, making 
their way to the metastatic classification. Based on what tissues and cells 
are involved, invasive breast cancers can be divided into two main groups: 
invasive ductal carcinoma (accounting for 80 % of all breast cancers) and 
invasive lobular carcinoma (10–15 % of all breast cancers) [13]. These can be 
further divided into subgroups. Distinguishing between subtypes of cancer is 
crucial as they may have different prognoses and treatment options [9]. Late-
stage breast cancers or stage IV metastatic cancers spread to other areas of the 
body making it very difficult to treat. Unfortunately, about 30 % of women 
diagnosed with early-stage breast cancer will eventually develop metastases 
[11]. 

From a molecular point of view, breast cancer can be divided into subtypes 
based on the expression of hormone receptors. Breast cancers are typically 
classified into four categories based on the immunohistochemical expression 
of these receptors: estrogen receptor (ER), progesterone receptor (PR), and 
human epidermal growth factor receptor (HER2) positive (+), as well as triple 
negative, which lacks expression of any of the mentioned receptors. ER plays 
a crucial role in diagnosis, as around 70–75 % of invasive breast carcinomas 
exhibit significantly high ER expression [14]. PR is found in over 50 % of 
ER+ patients and is rarely seen in those with ER negative (–) breast cancer 



14

[15]. Another prominent trait used in cancer classification is the expression of 
protein Ki-67. It is a proliferation rate marker used in pathology and is absent 
or low in resting cells [16]. Based on the measurements of these proteins, 
breast cancers are divided into five subtypes: luminal A, luminal B, HER2 
related, triple negative, and normal like. A more detailed explanation of each 
subtype can be seen in Table 1.1.1 [11, 17].

Table 1.1.1. Molecular subtypes of breast cancer [11]

Subtypes Molecular 
signatures Characteristics Treatment options*

Luminal A ER+, PR±, HER2–, 
Low Ki-67

~70 %, most common,
best prognosis

Hormonal therapy, 
targeted therapy

Luminal B ER+, PR±, HER2±,
High Ki-67

10 %–20 %, lower survival 
than Luminal A

Hormonal therapy, 
targeted therapy

HER2 related ER–, PR–, HER2+ 5 %–15 % Targeted therapy
Triple negative ER–, PR–, HER2– 15 %–20 %, more common 

in black women, diagnosed 
at a younger age, worst pro-
gnosis

Limited targeted 
therapy

Normal like ER+, PR±, HER2–, 
Low Ki-67

Rare, low proliferation gene 
cluster expression

Hormonal therapy, 
targeted therapy

* Besides conventional surgical and non-surgical treatment.

After the initial diagnosis, tests are performed to determine the stage of 
the disease, which also determines the possible treatment outcomes. This is 
done using a classification system based on the American Joint Committee on 
Cancer (AJCC) and the International Union for Cancer Control. It is called 
the tumour, node, and metastasis (TNM) breast cancer staging system and it 
consists of stages 0 to IV based on the anatomical features of a tumour (see 
Table 1.1.2) [11]. 

If no metastases are observed, the main goal of the treatment is to eradicate 
the tumour from the breast and regional lymph nodes. This consists of surgical 
removal of the mentioned tissues with the consideration of postoperative 
radiation [18]. There are two major types of surgeries for removing cancerous 
tissue: breast-conserving surgery or lumpectomy and the complete removal 
of the breast – mastectomy. Even though a breast-conserving surgery is 
much more appealing for the patients, the majority of women with previous 
lumpectomies eventually have to be treated with a full mastectomy [19, 20].
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Table 1.1.2. Anatomical TNM classification of breast cancer stages defined 
by AJCC [11]
Stages Definition
Stage 0 Ductal carcinoma in situ
Stage I IA Small primary invasive tumour, measuring ≤20 mm, no involvement of 

nearby lymph nodes
IB Nodal micrometastases (>0.2 mm, <2.0 mm) with or without ≤20 mm 

primary tumour
Stage II IIA Movable ipsilateral level I, II lymph node metastases and a primary 

tumour ≤20 mm; or if the tumour is larger (20−50 mm), with no  
involvement of nearby lymph nodes

IIB Movable ipsilateral level I, II lymph node metastases with 
20 mm−50 mm tumour; or a larger (>50 mm) tumour with no nodal 
involvement

Stage III IIIA Movable ipsilateral level I, II lymph node metastases with >50 mm 
tumour; or primary tumour of any size with fixed ipsilateral level I, II 
or internal lymph node metastases

IIIB Primary tumour with chest wall and/or skin invasion
IIIC Any size primary tumour with supraclavicular or ipsilateral level III 

lymph node metastases; or with ipsilateral level I, II and internal lymph 
node metastases

Stage IV Any case with distant organ metastasis

Other treatment methods include chemotherapy, radiation therapy, 
endocrinal (hormonal) therapy and targeted (biological) therapy [20]. 
Systemic treatment can occur before surgery (neoadjuvant), after surgery 
(adjuvant), or in both instances [5]. Current chemotherapeutic approaches 
consist of the following drugs: carboplatin, cyclophosphamide, 5-fluorouracil/
capecitabine, taxanes (paclitaxel, docetaxel), and anthracyclines (doxorubicin, 
epirubicin). Choosing an appropriate drug for the type of breast cancer being 
treated is essential, as different subtypes of the disease react differently to 
chemotherapy [20, 21]. While chemotherapy is considered to be effective, it 
usually results in a number of side effects. These include but are not limited 
to hair loss, nausea, vomiting, diarrhoea, mouth sores, fatigue, heightened 
vulnerability to infections, bone marrow suppression, leucopenia, anaemia, 
and increased susceptibility to bruising or bleeding. Less commonly observed 
side effects encompass cardiomyopathy, neuropathy, hand-foot syndrome, 
and impaired cognitive functions. In younger women, disturbances in the 
menstrual cycle and potential fertility issues may arise [20]. Radiotherapy 
is a local treatment for breast cancer, often performed after surgery and/or 
chemotherapy. It is used to ensure that all cancerous cells are destroyed, to 
minimize reoccurrence. Radiation therapy is associated with a significant 
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improvement in overall survival but is also associated with several side 
effects, most commonly: irritation and darkening of the exposed skin, fatigue, 
and lymphoedema [20, 22]. Endocrinal therapy is another type of systemic 
therapy that aims to reduce estrogen levels or prevent the hormonal stimulation 
of cancer cells. Medications that inhibit ER include selective ER modulators 
like tamoxifen and toremifene, as well as selective ER degraders such as 
fulvestrant. Treatments aimed at reducing estrogen levels include aromatase 
inhibitors like letrozole, anastrozole, and exemestane [20, 23]. Unfortunately, 
about half of hormone receptor positive breast cancers develop resistance to 
hormonal therapy as they undergo this form of treatment [20]. Resistance 
to endocrine therapies remains a challenge in both clinical and scientific 
realms. Current efforts to enhance the outcomes of ER+ breast cancer focus 
on targeting pathways, that are associated with ER function, such as the 
phosphoinositide 3-kinase/mammalian target of rapamycin (PI3K/mTOR) 
and cyclin pathways, that often undergo mutations in ER+ cancers [6]. 
This can be done through targeted therapies that exploit biological entities 
like interferons, interleukins, or monoclonal antibodies for a more specific 
approach. These include trastuzumab (targeting HER2), everolimus (targeting 
mTOR), palbociclib (targeting cyclin-dependent kinase 4/6), etc. Regardless, 
these therapies still produce off-target adverse effects like thrombocytopenia, 
fatigue, and anaemia [24]. 

1.2. Perturbations in tumour metabolism

Cancer is a disease in which cells, due to certain mutations at the genomic 
level, begin to divide uncontrollably, grow into tumours, and spread to other 
organs. Increased proliferation requires a lot of inner resources of the cell, 
which makes it hard to maintain sustained proliferation without additional 
sources of fuel. Thus, another characteristic trait of cancer cells is the ability 
to obtain essential nutrients from an often nutrient-deprived environment and 
utilize these nutrients for both keeping cell viability and synthesizing biomass. 
Cancer-derived metabolic reprogramming has a significant impact on gene 
expression, cellular differentiation, and the tumour microenvironment [25]. 
The first study to spark the interest in cancer metabolism was the work carried 
out by Otto Warburg in the 1920’s [3]. It showed that cultured cancer cells, as 
compared to normal ones, have a higher uptake of glucose and production of 
lactic acid, even in the presence of oxygen, suggesting glycolysis − the main 
form of energy production in anaerobic organisms, might have an impact in 
tumour metabolism. This added to the usual primary source of energy for 
aerobic organisms, that is oxidative phosphorylation (OXPHOS), results in 
a higher production rate of adenosine triphosphate (ATP). Glycolysis might 
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be a way to generate additional energy without the formation of excess 
mitochondrial reactive oxygen species (ROS) that come with OXPHOS, but 
it is not the most efficient way for producing ATP, meaning the main function 
of aerobic glycolysis in cancer might be different. Even though a century has 
passed since Warburg’s discovery, the reasoning behind this phenomenon is not 
yet clearly understood. Experimental models show that withdrawal of glucose 
or inhibition of glycolysis disrupts tumourigenicity and the proliferation of 
cancer cells [26–28]. Rapid glucose uptake might be there to feed the pathways, 
leading to non-mitochondrial macromolecular synthesis. These involve the 
pentose-phosphate pathway (produces ribose for nucleotide synthesis and 
nicotinamide adenine dinucleotide phosphate (NADPH) for certain biological 
processes), the hexosamine pathway (necessary for adding sugar molecules 
to proteins − glycosylation), serine-glycine-one-carbon metabolism (helps 
in producing glutathione, nucleotides, and supports methylation reactions) 
and glycerol synthesis (involved in creating complex lipids). These are all 
pathways often activated in cancer [26]. However, lactic fermentation does 
not provide the biosynthetic pathways with any carbon, as all the carbon from 
glucose is secreted as lactic acid, meaning that if the Warburg effect really does 
supply the biosynthetic pathways, it does so indirectly, by providing pools 
of glycolytic intermediates, which feed the metabolic pathways involved in 
biomolecular synthesis [26, 29]. Even though exploiting the Warburg effect 
was proven to be an effective targeting strategy for cancer, the difficulty in 
finding the Holy Grail of chemotherapy lies in the flexibility of the metabolic 
systems involved. It is essential to track the contribution of multiple nutrients 
at the same time, as when it comes to cancer, reprogramming the preferred 
bioenergetic pathway can always get in the way. 

Another of the key nutrients that tumours rely on is glutamine, a nonessential 
amino acid and the most abundant in the bloodstream. Experimental evidence 
underscores the significance of glutamine in tumour cells, ranking it second 
only to glucose [30]. Glutamine’s role is to provide reduced hydrogen atoms 
for the production of NADPH. The latter is then used by cancer cells for 
fatty and nucleic acid synthesis. Another way glutaminolysis contributes to 
biosynthesis is by fueling the Krebs cycle, providing it with α-ketoglutarate. 
Glutamine is also involved in the synthesis of an antioxidant tripeptide 
glutathione (comprised of glutamic acid, cysteine, and glycine), which serves 
as a protective agent against ROS, repairs DNA damage, activates transcription 
factors, etc. [31]. Although glutathione is an important part of healthy cell 
detoxification, which in terms helps reduce carcinogens, increased levels of 
glutathione in malignant cells are associated with tumour progression and 
increased resistance to chemotherapeutic agents [32], thus making it an 
attractive reprogramming strategy for cancer. 
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As cancer cells are derived from the same organism as healthy ones (as 
opposed to bacteria or other pathogenic microorganisms, whose treatment 
can rely on the differences in structural components of the cell) a better 
understanding of the differences in intracellular metabolism between healthy 
and malignant cells is crucial for finding a therapeutic window, in which 
cancer cells have a greater dependence on certain metabolic enzymes, than 
normal cells. This makes targeting cancer cells more specific than relying only 
on the rapid proliferation of the cells, which can be also seen in other quickly 
regenerating tissues like hair follicles, bone marrow, or skin, accounting for 
most of the side effects of traditional chemotherapy.

1.3. Amino acid metabolism as a target for chemotherapy

A high rate of proliferation requires not only energy but also an array of 
different “building blocks” for biosynthesis. When faced with an increased 
demand, cancer cells can either depend on exogenous amino acids or de novo 
synthesis [33]. The latter would be much more effective in a nutrient-low 
environment, where cancer usually grows. However, due to the mutant nature 
of cancer, some of the enzymes, responsible for de novo synthesis of amino 
acids can get “lost in translation”, making the cells depend on exogenous 
sources, thus even the nonessential amino acids come to be essential, as 
cancer becomes auxotrophic to them [34]. One example would be the non-
essential amino acid arginine. Arginine is the precursor of an array of different 
biomolecules, such as urea, creatine, glutamate, nitric oxide and polyamines. 
Although it is a nonessential amino acid that could be synthesised in the body 
under normal conditions, some cancers lack the enzyme argininosuccinate 
synthetase 1, which converts citrulline to arginine, making them dependent 
on exogenous arginine [35]. Reduced expression of the mentioned enzyme 
was also shown to be a biomarker for metastasis in osteosarcoma patients 
[36], as it plays an important role in cancer cell motility [34, 37, 38]. This 
makes arginine synthesis a potential target for arginine auxotrophic cancers 
[39–41]. Another example of amino acid dependency in cancer is the so-
called Hoffman effect or methionine dependency. It was first noticed in 1959 
when conducting experiments with diets, each lacking an essential amino 
acid, in tumour-bearing rats [42]. Sugimura et al. noticed a reduction in 
tumour size with a lack of methionine in the diet. Later, experiments proved 
that some cancer cells cannot proliferate if methionine in their nutritional 
media is replaced by its precursor L-homocysteine [43] (Fig.1.3.1). Even 
though cancer cells are able to synthesize methionine, the rate of biosynthesis 
does not meet the demand for cell proliferation, and malignant cells become 
auxotrophic to extracellular methionine, while normal cells have no problem 
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with making their own. The mechanisms involved in methionine dependency 
are still not fully understood [44].

Fig. 1.3.1. A simplified diagram of the methionine cycle. 

 These alterations in amino acid metabolism in cancer are already a subject 
for drug design with some of the newly found compounds showing great 
success in clinical trials. One strategy for targeting auxotrophic cancers is 
enzymatic depletion. For example, the mentioned dependency on arginine 
in some cancers is exploited with a microbial-derived enzyme – arginine 
deiminase [33]. It catalyses the transformation of arginine to its precursor 
citrulline and has proved its effectiveness in clinical trials with metastatic 
melanoma [45] and hepatocellular carcinoma [46]. Using arginine deiminase 
together with a chemotherapeutic agent cytarabine also proved to be more 
effective than using cytarabine alone to treat acute myeloid leukaemia [47]. 
Another example of enzymatic depletion is recombinant methioninase, which 
is involved in the degradation of methionine into α-ketobutyrate, ammonia, 
and methanethiol. It recently displayed promising results by lowering free 
methionine levels in the blood plasma of xenografic mice [48] and humans 
with prostate and ovarian cancer [49]. Other strategies for targeting amino 
acid metabolism in cancer include dietary restriction of certain amino acids 
and pharmacological inhibition of their metabolic enzymes [33].
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1.4.  Branched-chain amino acid metabolism in cancer

Leucine, isoleucine, and valine are three essential amino acids called 
branched-chain amino acids (BCAAs). Alterations in their metabolism are 
associated with obesity, diabetes, cardiovascular and neurodegenerative 
diseases as well as immune response [5, 50]. Increasing evidence also 
suggests BCAAs are important modulators of cancer progression due to their 
role in cellular energetics, biomolecular synthesis, and activation of various 
signalling pathways [33], making them an exciting new object for further 
research. 

As essential amino acids, BCAAs cannot be synthesised in human cells, 
meaning they usually are a product of protein degradation or the outcome of 
reversible transamination reactions [51]. Animal cells are thus dependent on 
outside sources of BCAAs – they are transferred through the membrane by 
L-type amino acid transporters [52, 53] and into mitochondria by SLC25A44 
[52, 54]. BCAAs can have several fates after entering the cell – they can 
either be directly incorporated into protein [55] or come in contact with 
branched-chain amino acid transaminases (BCATs), that carry out the first 
and reversible step in BCAA metabolism – their conversion to respective 
α-keto acids (Fig. 1.4.1). This step yields glutamate after the amino group is 
transferred to α-ketoglutarate [52]. BCAT has two isoforms: cytosolic BCAT1 
and mitochondrial BCAT2 [51]. BCAT2 can be found ubiquitously in most 
tissues, however, BCAT1 can only be found in certain organs, such as the brain, 
kidney and ovaries [8, 56]. While these two isoforms are similar in substrate 
specificities, they have different amino acid sequences and play different 
roles in diseases [8, 56]. For example, BCAT1 is highly expressed in HER2+ 
and luminal B subtypes of breast cancer, whereas BCAT2 expression mostly 
correlates with luminal A subtype [57]. Some researchers also report the two 
having different regulatory mechanisms and physiological functions [8, 58]. 
The second step of the BCAA catabolism is catalysed by the multienzyme 
complex called branched-chain α-ketoacid dehydrogenase, which irreversibly 
transforms α-ketoacids to corresponding acyl-coenzyme A esters, releasing 
CO2 and NADH as byproducts. Finally, metabolic intermediates of BCAAs 
enter the Krebs cycle, thus providing energy to the cell [56].



21

Fig. 1.4.1. A simplified diagram of BCAA degradation. 
BCKD – branched-chain ketoacid dehydrogenase.

In previous experiments, our group showed BCAT2, as well as other 
enzymes involved in the pathway, to be overexpressed in most cancer cells by 
conducting an extensive microarray data analysis from the National Center 
for Biotechnology Information’s (NCBI’s) Gene Expression Omnibus (GEO) 
database [7]. Metabolic reprogramming associated with BCAA degradation 
was observed in different human cancer types by other researchers too. 
BCAT1 for example was found to be exclusively expressed in glioblastoma 
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with functioning isocitrate dehydrogenase 1 while also promoting glioma 
cell proliferation by increasing glutamate production [6]. It was also shown, 
that hypoxic conditions upregulate BCAT1, but not BCAT2 in glioblastoma 
cells [59]. Mice models with bearing blast crisis phase of chronic myeloid 
leukaemia had significant elevations of glutamate, alanine and BCAAs in their 
plasma, as compared to the chronic phase, suggesting that increased BCAA 
uptake might contribute to the progression of leukaemia [60]. Accumulation 
of BCAAs was also seen in clear-cell renal carcinoma [61]. Higher expression 
of the enzyme BCAT1 is deemed to be responsible for progression of chronic 
myeloid leukaemia, endometrial, and ovarian cancers [60, 62–65]. BCAT2 on 
the other hand is elevated in pancreatic ductal adenocarcinoma – knockdown 
of BCAT2 results in reduced cell proliferation  [66, 67]. Osteosarcoma tumour 
biopsies were found to have higher expression of both BCAT1 and BCAT2, as 
compared to chondrosarcoma samples, showing that differential expression 
of these enzymes can be seen in different types of bone cancer [68]. The same 
discrepancies between the expression of BCAT isoforms can be seen in breast 
cancer [7, 57, 69]. The inhibition of both enzymes showed damaging effect 
on non-small cell lung carcinoma tumour formation as well [55].

It is not completely understood, why cancer cells have a higher demand 
for these amino acids specifically. Like most amino acids, they break down 
to produce acetyl coenzyme A (acetyl-CoA), propionyl coenzyme A, and 
succinyl coenzyme A, which could then be used for energy production. 
However, in almost every step of the BCAA degradation pathways, the 
resulting metabolites can be used for different purposes, such as fatty acid 
or cholesterol synthesis. Yang et al. revealed that increased consumption of 
BCAAs is activated under glutamine-starved conditions in hepatocellular 
carcinoma cells, suggesting BCATs have another important function – 
providing the byproduct glutamine to highly proliferating cells [70]. Leucine, 
the most abundant of the three amino acids, is also responsible for regulating 
the mTOR signalling pathway, highly associated with malignancy [71].

Contrary to glutamine or methionine, BCAAs are still quite a new field in 
cancer research [6], meaning there is still a lot to learn about the underlying 
mechanisms of why and how BCAAs benefit cancer, however, the sheer 
number of evidence linking BCAA metabolism to cancer suggests it as an 
attractive drug target for several cancer types. 

1.5. The mevalonate pathway in cancer

The product of BCAA breakdown – acetyl-CoA, contributes to more 
than just energy in the cell. It also provides precursor molecules for the 
biosynthesis of fatty and amino acids, as well as secondary metabolites, like 
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flavonoids and isoprenoids [72]. The latter are highly diverse molecules with 
functions including gene expression regulation, involvement in signalling 
pathways and membrane integrity, while also being precursor molecules for 
vitamin and reproductive hormone synthesis [73]. They are also involved in 
the synthesis of small GTPases such as those of Ras and Rho families, that are 
essential for invasion and metastasis of different types of cancer, including 
breast carcinomas [73]. The first and rate-limiting step in the synthesis of 
isoprenoids, as well as cholesterol and steroid hormones, is the conversion 
of 3-hydroxy-3-methylglutaryl coenzyme A (HMG-CoA), derived from 
acetyl-CoA, into mevalonate [74] (Fig. 1.5.1). Enzymes involved in the so-
called mevalonate pathway are overexpressed in various types of cancer [76], 
including melanoma [77], glioblastoma [78, 79], breast [80], lung [81, 82], 
colorectal [83], prostate [84], and ovarian cancer [85], prompting researchers 
to investigate them as potential chemotherapeutic targets. However, the 
relevance of HMG-CoA reductase as a target for cancer treatment seems to be 
highly tumour type specific, therefore is a controversial topic in the scientific 
community [76]. 

Fig. 1.5.1. The mevalonate pathway. 
The rate-limiting step, catalysed by the enzyme HMG-CoA reductase can be inhibited by 
antihypercholesterolemic drugs – statins, which are used to control the risk of atherosclerotic 
events in patients with dyslipidemia. Figure adapted from Rikitake et al. [75].
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1.6. Bioinformatics in cancer research

Even though medicine progressed a lot in the field of oncology, there 
is still a considerable amount of work ahead to enhance clinical results. 
Two main issues still stand in the way: the need for a definitive and early 
diagnosis and options for effective and long-lasting therapy. Understanding 
the molecular mechanisms of cancer is needed for both problems to be solved 
[86]. Following the initial version of the human genome project, the focus 
shifted from the genes themselves to their products. Functional genomics 
explores the role of genetic information, examining genes, the proteins they 
code, and their functions. Proteomics examines all the proteins in the cell, 
while transcriptomics looks at all the transcripts of the cell’s RNA, known 
as the transcriptome. Due to the large amount of data generated by such 
techniques, these sciences go hand in hand with information technology 
[87]. For example, findings from metabolomics undergo multiple rounds of 
processing. This procedure can be broken down into two primary phases: the 
first step involves handling the initial mass spectrometry data, including peak 
detection, alignment, and annotation. This step results in a table containing 
all identified metabolites in the samples. The second stage of data processing 
involves computations of metabolite quantities, statistical analysis, and 
aligning the results with the biological context of the study [88]. 

Understanding metabolic flux distributions is crucial for figuring out how 
metabolic reactions interplay in the cell. All bioinformatics methods mentioned 
can be used to tackle cancer, starting with genetic studies of tumours [89] and 
ending with mapping out their metabolic pathways on a genome-scale [90]. 

Modelling of metabolism at the genome scale is rapidly increasing in 
popularity among scientists as a sufficiently accurate method to predict 
metabolic phenotype, for example: the rate of growth and nutrient absorption 
or the importance of certain genes [91]. Briefly, metabolic modelling consists 
of five steps: 1) selection of an appropriate database, 2) mapping of metabolic 
pathways, 3) network pruning, 4) search algorithm implementation, and 5) 
metabolic pathway evaluation to select the best one. Genome-scale metabolic 
models (GSMMs) are databases of all biochemical reactions, metabolites, and 
genes of a given organism. GSMMs also describe the biophysical constraints 
of metabolic systems, such as nutrient uptake, oxygen availability or the 
stoichiometry and reversibility of reactions [91].

Computational studies like these can help find principal metabolic pathways 
in cancer and form hypotheses, which can then be used for further research 
and eventually – drug development. With the help of computer systems, we 
can now learn more about cancer than we could ever imagine.
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2. MATERIALS AND METHODS

2.1. Materials

2.1.1. Cell culture reagents and materials

Reagent/Material Distributor
Cholera toxin from Vibrio cholerae Sigma-Aldrich, St. Louis, MO, USA 
Dulbecco’s Modified Eagle Medium 
(DMEM)

Sigma-Aldrich, St. Louis, MO, USA 

Fetal bovine serum (FBS) Sigma-Aldrich, St. Louis, MO, USA 
Fibronectin Sigma-Aldrich, St. Louis, MO, USA 
Ham’s F-12 Nutrient Mix (F-12) Life Technologies, Carlsbad, CA, USA 
Horse serum (HS) GE Healthcare Life Sciences, Logan, UT, USA 
Hydrocortisone Sigma-Aldrich, St. Louis, MO, USA 
Penicillin-Streptomycin (10,000 units 
penicillin and 10 mg streptomycin/mL) 
(pen-strep)

Sigma-Aldrich, St. Louis, MO, USA 

Phosphate-buffered saline (PBS) Life Technologies, Carlsbad, CA, USA
Recombinant human epidermal growth 
factor (rHu EGF)

Thermo Fisher Scientific, Frederick, MD, USA 

Recombinant human insulin (rHu insu-
lin)

Life Technologies, Carlsbad, CA, USA 

Trypsin-EDTA Sigma-Aldrich, St. Louis, MO, USA

2.1.2. Cell lines 

Cell line/biomaterial Distributor
Breast cancer cells (BCC) [7]
Michigan Cancer Foundation-10A 
(MCF-10A)

ATCC, Wesel, Germany 

Michigan Cancer Foundation-7 (MCF-7) CLS-Cell Lines Service, Eppelheim, Germany 

2.1.3. Chemicals and reagents

Reagent Distributor
5,5’,6,6’-tetrachloro-1,1’,3,3’-tetraethyl-
benzimidazolylcarbo-
cyanine iodide (JC-1)

Merck, Darmstadt, Germany

7-aminoactinomycin D (7-AAD) Thermo Fisher Scientific, Frederick, MD, USA
Acetonitrile Scharlau, Barcelona, Spain
Ammonium bicarbonate Sigma-Aldrich, St. Louis, MO, USA 
Dimethyl sulfoxide (DMSO) Sigma-Aldrich, St. Louis, MO, USA
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DNA/RNA ShieldTM Zymo Research, Irvine, CA, USA
Ethanol 96 % Vilniaus Degtinė, Vilnius, Lithuania
Formic acid Merck, Darmstadt, Germany
Hydrochloric acid 12M Honeywell, Charlotte, NC, USA
L-Glutamine-13C5 Sigma-Aldrich, Hamburg, Germany 
L-Isoleucine-13C6,

15N Sigma-Aldrich, Hamburg, Germany
L-Leucine-13C6,

15N Sigma-Aldrich, Hamburg, Germany
L-Valine-13C5,

15N Sigma-Aldrich, Hamburg, Germany
Methanol Sigma-Aldrich, St. Louis, MO, USA
Trypan blue Sigma-Aldrich, St. Louis, MO, USA

2.1.4. Databases

Database Website
Ensembl Biomart https://www.ensembl.org/info/data/biomart/
Kyoto Encyclopedia of Genes and 
Genomes (KEGG)

https://www.genome.jp/kegg/

NCBI’s GEO https://www.ncbi.nlm.nih.gov/geo/

2.1.5. Instruments

Instrument Distributor
Acquity H-Class Ultra-Performance 
Liquid Chromatography system (UPLC)

Waters, Milford, MA, USA 

Binder CB 150 CO2 incubator Binder, Tuttlingen, Germany
Concentrator Merck, Darmstadt, Germany
Holten Safe 2010 laminar Holten A/S -Thermo, Allerod, Denmark
Illumina NovaSeq system Illumina, San Diego, CA, USA 
Neubauer hemocytometer BRAND GMBH + CO KG, Warthelm, Germa-

ny
Peristaltic pump (for vacuum filtration) VWR, Radnor, PA, USA
Sigma 1-14 microcentrifuge Sigma Laborzentrifugen, Hartz, Germany
Sigma 3-18KS centrifuge Sigma Laborzentrifugen, Hartz, Germany
Triple quadrupole tandem mass spec-
trometer (MS/MS) Xevo TQD with an 
electrospray ionization (ESI) ion source

Waters, Milford, MA, USA 

Ultra-low temperature freezer Thermo Electron Corporation, Marietta, OH, 
USA

Vortex mixer IKA-Werke, Staufen, Germany
Water deionisation system Barnstead|Thermolyne, Dubuque, IA, USA
YMC-Triart C18 column, 100 × 2.0 mm, 
1.9 µm

YMC, Kyoto, Japan
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2.1.6. Kits

Kit Distributor
JetPRIME transfection reagent kit Polyplus-transfection, Illkirch-Graffenstaden, 

France
Zymo-Seq RiboFree total RNA library 
prep kit

Zymo Research, Irvine, CA, USA 

2.1.7. Other materials

Material Distributor
siRNA against BCAT2 (cat#4392420 s1905) Ambion, Austin, TX, USA

2.1.8. Software and tools

Software Company
Bowtie2 Johns Hopkins University (open-source) 

[92]
COBRApy The cobrapy core team (open-source) 

[93]	
HTSeq the HTSeq team (open-source) [94]
MetaboAnalyst XiaLab Analytics Inc at McGill University 

(open-source) [95]
Microsoft Excel 16.75 Microsoft, Redmond, WA, USA
WebGestalt Zhang Lab at the Baylor College of Medici-

ne (open-source) [96]

2.2. Methods

2.2.1. Cell cultures and their growing conditions 

Throughout this dissertation, two commercial cell lines were used: epithelial 
breast adenocarcinoma (Michigan Cancer Foundation-7; MCF-7) and normal 
epithelial breast (Michigan Cancer Foundation-10A; MCF-10A) cells. Our 
model of ductal carcinoma cells BCC (breast cancer cells) is a patient-derived 
primary cell culture described in an earlier publication [7]. MCF-7 and BCC 
cell lines reflect Luminal A and B subtypes of breast cancer. MCF-7 and BCC 
cells were grown in DMEM/F-12 (1:1) cell culture media, supplemented with 
10 % FBS and 1 % pen-strep. MCF-10A cells were cultured in DMEM/F-12 
(1:1) supplemented with 5 % HS, 1 % pen-strep, rHu insulin (10 µg/mL), 
cholera toxin (100 ng/mL), rHu EGF (20 ng/mL) and hydrocortisone (500 
ng/mL). For experiments where different amounts of nutrients were needed, 
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custom media was prepared following the composition of DMEM. All media 
used was sterile-filtered through a 0.2 µM surfactant-free cellulose acetate 
membrane vacuum filtration system. Cells were cultivated in surface-treated 
flasks or plates in a humidified incubator at 37 °C with a CO2 concentration 
of 5 %. A solution of trypsin-EDTA, diluted to the final concentration of 
0.05 % with PBS was used to detach the cells before re-seeding. DMEM 
media supplemented with 15 % FBS and 10 % DMSO was used for long-
term cryopreservation of cells in an ultra-low temperature freezer at –80 °C.

2.2.2. Transfection

All necessary transfection procedures were executed following the protocol 
for jetPRIME® transfection reagent. Cells were seeded in 6-well plates or 
35 mm ∅ Petri dishes a night before so that 60-80 % confluency would be 
reached at the time of transfection. A 5 nM concentration of siRNA against the 
BCAT2 gene and an appropriate amount of transfection reagent jetPRIME® 
were used to suppress the BCAT2 gene. An appropriate amount of siRNA 
was added to a sterile tube with jetPRIME® buffer, mixed by a vortex mixer 
for 10 seconds, and centrifuged, then the transfection reagent was added to 
the test tube, mixed again for 10 seconds and incubated at room temperature 
for 10 min. After incubation, the mixture was dispensed into respective wells. 
Controls were performed the same way, without the addition of siRNA. Cell 
culture media is changed 24 hours after transfection to eliminate residues of 
transfection reagents.

2.2.3. Wound healing assay

Prior to the experiment, 35 mm ∅ Petri dishes were coated with fibronectin 
dissolved in a minimal volume of PBS (1 µg/cm2) and air-dried in the laminar 
at room temperature. Cells were seeded so that their confluence at the time of 
transfection would be 50 %. A 24-hour period after transfection was used as a 
starting point for wound healing. A monolayer of cells is then scraped with the 
sharp edge of a disposable 10 µL pipette tip and the track formed is then fixed 
into position for time-lapse imaging in a temperature-controlled microscope 
stage with CO2 control. 8 hours past the start of the experiment, the first and 
last images are measured for wound closure, using the calculations below:

Wound closure (%) = (A(t = 0h) – A(t = Δh))/(A(t = 0h))
A(t = 0h) – area of the wound immediately after scrape (time zero)
A(t = Δh) – area of the wound h hours after scrape
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2.2.4. Experiments with 13C isotope-labelled amino acids

For the isotope labelling experiments, cells were cultured for 24 hours in 
custom media replacing BCAAs or glutamine (depending on the experiment) 
with their isotope-labelled counterparts. This media was designed following 
the composition of DMEM, supplemented with 10 % FBS, and 1 % pen-strep. 
To assess the BCAA labelling pattern, L-Valine13C5,

15N, L-Leucine13C6,
15N, 

and L-Isoleucine13C6,
15N were each added to the final concentration of  

0.8 mM. Only L-Leucine13C6,
15N was added to the media in the concentration 

mentioned above to determine the labelling pattern of mevalonate. The 
assessment of glutaminolysis was carried out by supplementing the media 
with L-Glutamine13C5 in the final concentration of 4 mM.

2.2.5. Metabolite extraction from cells

For the metabolomics analysis, the cell extracts were prepared as in the 
protocol by Sellick and co-workers [97]. Quenching of the cells (to stop 
cell metabolism) requires a solution comprised of 60 % methanol (diluted 
with deionised water) and 0.85 % ammonium bicarbonate. The pH of this 
solution is adjusted with 12 M hydrochloric acid to 7.4. After detaching and 
centrifuging the cells, one volume of the pellet is resuspended with 5 volumes 
of quenching solution and transferred to a 50 mL centrifuge tube. The tubes 
with the quenching solution are cooled beforehand in an ethanol/dry ice bath 
to the exact temperature of –40 °C. After the addition of the cells, the tubes 
are shaken gently and immediately transferred to a refrigerated centrifuge 
at –20 °C, 1000×g for 1 min. The supernatant is removed, and the cells are 
resuspended in 500 µL of methanol (chilled at –80 °C) and transferred to a 
microcentrifuge tube (tube 1). The tube is then submerged in liquid nitrogen 
for immediate freezing. After the contents of the tube are completely frozen, 
the tube is thawed and vortexed for 30 seconds. Then the tube is centrifuged 
at 800×g for 1 min. The supernatant is transferred to a new microcentrifuge 
tube (tube 2) kept on dry ice for later use. The pellet from tube 1 is then 
resuspended in methanol and submerged in liquid nitrogen again, following 
the same steps until after centrifugation, when the supernatant is transferred to 
tube 2. The pellet from tube 1 is resuspended in 250 µL of cold deionised water 
and frozen again in liquid nitrogen, thawed and vortexed for 30 seconds, and 
centrifuged at 15000×g. The supernatant is then collected and mixed with the 
methanol fractions in tube 2. All the extraction fractions are then centrifuged 
at 15000×g for 1 min and the remaining supernatant is transferred to a new 
tube (tube 3). Tube 3 is then dried with a concentrator at 30 °C. The dried 
metabolite extracts can then be stored at –80 °C or rehydrated with deionised 
water and analysed with UPLC-ESI-MS/MS. 
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2.2.6. Plasma preparation for mass spectrometry analysis

A permit from the Kaunas Regional Biomedical Research Ethics Committee 
(2021-03-23, No. BE-2-32, Supplement S1) was obtained for the analysis of 
blood plasma. All subjects were women and gave written informed consent. 
20 blood samples were taken in total: 10 taken from healthy control subjects 
and 10 from patients with an early diagnosis of invasive ductal carcinoma of 
the same subtype as BCC cell line (T1 N0 M0 G2, ER+, PR+, HER2(3+)). The 
samples consisted of 3 mL of freshly drawn blood in EDTA-treated (purple) 
blood collection tubes. Immediately after collection, the samples were 
centrifuged at 1300×g for 20 min at 10 °C. 1.5 mL of the supernatant (plasma) 
was then carefully transferred to a new tube and centrifuged at 15500×g for 10 
min at 10 °C. The supernatant collected was aliquoted into microcentrifuge 
tubes and kept in the freezer at –80 °C for long-term storage. To prepare the 
plasma for chromatographic analysis, 1.5 mL of ice-cold methanol was added 
to 250 µL of plasma for protein separation. Samples were then mixed for 
10 seconds and kept at –20 °C for 20 min. The precipitated samples were 
centrifuged at 18000 × g for 10 min at 4 °C. The supernatant was then dried 
in a vacuum concentrator and kept at –80 °C until instrumental analysis. The 
dried pellet was dissolved in acetonitrile in preparation for chromatography.

2.2.7. UPLC-ESI-MS/MS

After performing the metabolite extraction, samples were analysed with 
the Acquity H-Class UPLC system. A YMC-Triart C18 (100 × 2.0 mm, 1.9 
µm) column was used to separate the extracts and a triple quadrupole tandem 
mass spectrometer Xevo TQD coupled with an electrospray ionization (ESI) 
ion source was used for obtaining mass spectrometry data in negative mode 
with the range of 50 m/z to 250 m/z. The column’s temperature was set to 
40 °C. Elution with a mobile phase of 0.1 % formic acid aqueous solution 
(solvent A) and acetonitrile (solvent B) was performed at the flow rate of 0.4 
mL/min in a gradient with the proportions of solvent A changed as follows: 
0–0.2 min 95 %, 0.2–1.5 min 10 %, 1.5–1.8 min 90 % and 1.8–2 min back to 
starting conditions. The mass spectrometer’s capillary voltage was set to –2 
kV, source temperature set at 150 °C, desolvation gas (nitrogen) temperature 
was set at 400 °C, gas flow at 700 L/h, cone gas flow at –20 L/h. Cone voltage 
was set to 25 V.

2.2.8. Analysis of metabolomics data 

Three biological replicates of metabolic samples were carried out. 
Metabolites, that were present in all the samples, were identified based on their 



31

retention times, reported by Virgiliou and co-authors [98]. MetaboAnalyst [95] 
was used to analyze the data and a different tool – WebGestalt (webgestalt.
org) was used for pathway enrichment analysis, as MetaboAnalyst did not 
identify clear metabolic relationships between the perturbed metabolites 
(apart from the obvious, such as taurine and hypotaurine).

2.2.9. 13C-based flux patterns

The ratios of non-labelled (M0) malate and malate with two carbons 
labelled (M2), were used for the estimation of acetyl-CoA fractions derived 
from BCAAs. In the experiments with labelled glutamine, the extent of 
glutaminolysis was assessed using the fraction of malate with four carbons 
labelled (M4) as a direct estimation of the fraction of α-ketoglutarate originating 
from glutamine. The interactions with enzymes such as malic enzyme and 
pyruvate carboxylase create complex labelling patterns of the Krebs cycle 
intermediates, that were not modeled in this work. The metabolic fluxes 
around HMG-CoA resulted in a complex labelling pattern of mevalonate. The 
elementary metabolic units (EMU) method [99] was used to calculate the 
fluxes. A customised Python script was written to predict labelling patterns of 
mevalonate from flux distributions (Supplement S2). Metabolic fluxes were 
adapted to minimize the relative errors between predicted and observed mass 
fractions of mevalonate.

2.2.10. RNA sequencing

We prepared three biological replicates for each of the studied cell lines 
(MCF-7, MCF-10A, and BCC). After trypsinization, 1×106 cells from each 
sample were mixed with 500 µL of DNA/RNA ShieldTM transport and storage 
medium in preparation for shipment. Samples were sent to Zymo Research 
facilities for next-generation RNA sequencing (RNA-seq). The company 
constructed RNA-seq libraries from 500 ng of total RNA using the Zymo-Seq 
RiboFree Total RNA Library Prep Kit. The analysis was done on an Illumina 
NovaSeq system to a sequencing depth of at least 30 million read pairs (150 
bp paired-end sequencing) per sample.

2.2.11. Analysis of RNA-seq data

Bowtie2 [92] was used to align the pair-ended reads on a reference 
sequence (the complete list of human transcripts was obtained from Ensembl 
BioMart). Customised Python scripts (Supplement S3) based on the HTSeq 
library [94] were used to analyse the sequence alignment map files obtained. 
The expression of each gene was calculated in reads per kilobase per million 
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reads (RPKM). When comparing malignant and non-malignant cell lines, 
Student’s t-test was used to determine upregulated and downregulated genes. 
The values were corrected for multiple testing as described in previous 
work (Python code used for differential expression analysis is available as 
Supplement S4) [7]. Raw and processed data was submitted to NCBI’s GEO 
database (accession number GSE223718).

2.2.12. Integrated data analysis using pyTARG

A GSMM [100] was used to obtain meaningful relationships between 
metabolomics and transcriptomics so that perturbations in metabolite levels 
and concomitant changes in gene expression could be correlated. pyTARG – 
a Python library previously developed [100], was used to estimate metabolic 
fluxes from the gene expression data. The pyTARG library works as follows: 
each of the modelled reactions, catalysed by metabolic enzymes, is given a 
maximal rate that is proportional to the expression level of the gene coding 
the enzyme (obtained from RNA-seq data). After the model is constrained, 
a metabolic flux distribution is simulated by optimizing the rate of biomass 
production. As there are three biological replicates for each of the cell lines, 
three metabolic flux distributions are obtained. This enables the identification 
of statistical differences in the reaction rate between different cell lines. 
Metabolic reactions that differ between malignant and non-malignant cell 
lines were determined by Student’s t-test and a false discovery rate of 0.05 
after correction for multiple testing. An average difference in flux that was 
higher than 0.001 mmol h−1 g-DW−1 (millimoles per hour per gram of dry 
weight) was also required. Broad changes in metabolic flux distributions can 
be influenced by expression levels of a relatively small number of metabolic 
genes. To find out the flux-controlling genes, significant changes in both 
the estimated reaction rate and the expression level of at least one of their 
associated genes were identified.

2.2.13. Statistical analysis

All the experiments with the cells were performed with a minimum of 
three biological replicates (n = 3). Scattered data in plots was represented 
by standard error. Pairwise comparisons were performed using the Student’s 
t-test. The confidence level was p < 0.05. Statistical analysis for wound healing 
and experiments with blood plasma was performed using “Microsoft Excel 
16.75”. Metabolomics data analysis was conducted using MetaboAnalyst 
[101], a web-based software tool widely utilised for its comprehensive 
suite of analysis functionalities. Principal Component Analysis (PCA) was 
performed for dimensionality reduction and visualization of metabolite 
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profiles. Data preprocessing, including normalization and scaling, was 
carried out prior to PCA. Heat maps were generated to visualize the relative 
abundance of metabolites across samples, with options for data transformation 
and scaling selected by the user. Box plots were employed to illustrate the 
distribution of metabolite abundance among different sample groups, aiding 
in the identification of significant differences. After alignment, counting and 
normalization of reads, using a Python script based on the HTSeq library, 
differential expression analysis of RNA-seq data was also conducted 
using Python. The script employed a t-test to assess statistical significance 
between different cell lines, yielding p-values for each gene. Gene identifiers 
along with fold change values were extracted from the analysis results and 
organised into a tabular format suitable for plotting. Utilizing Python libraries 
for data visualization, a volcano plot was generated with fold change values 
on the x-axis and –log10 transformed p-values on the y-axis. Each point on 
the volcano plot represented an individual gene, allowing for customization 
to highlight genes meeting specific significance criteria. This methodology 
facilitated the visualization and interpretation of significant differential 
expression patterns between cell lines, thereby identifying genes of interest 
for further investigation.
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3. RESULTS AND DISCUSSION

3.1. Quantification of cellular energy derived from the degradation of 
BCAAs

It is not currently possible to obtain direct measurements of metabolic 
reaction rates, however, metabolic fluxes can be quantified indirectly, by 
measuring labelling patterns of intracellular metabolites. This method 
assumes that molecules, comprised of isotopic atoms (for example 13C versus 
12C) do not have a significant effect on metabolic reaction rates. These isotopic 
atoms can be used to track the metabolic pathways from which the resulting 
molecules have originated. The number of labelled atoms in a molecule can 
be obtained by highly sensitive methods, such as nuclear magnetic resonance 
or tandem mass spectrometry (MS/MS) [102, 103]. So in order to find out 
how BCAAs contribute to cellular energetics, we cultivated MCF-7, BCC, 
and MCF-10A cells in custom-made DMEM growth medium with fully 
13C and 15N labelled leucine, isoleucine, and valine instead of the naturally 
occurring BCAAs. We measured the fraction of acetyl-CoA, which originated 
from the breakdown of BCAAs, as a ratio of malate with two carbons labelled 
(M2) to non-labelled malate (M0) (see Fig. 3.1.1, a). This ratio provides an 
estimate of how much acetyl-CoA, originating from labelled amino acids, 
enters the Krebs cycle. However, first we have to rule out several factors, 
that can influence the amount of malate from other sources. During the 
breakdown of glutamine, α-ketoglutarate also enters the Krebs cycle, causing 
a dilution in the ratio of labelled/unlabelled malate (Fig. 3.1.1, b). Taking 
this into account, we performed parallel experiments with fully labelled 
glutamine to calculate the influence of glutaminolysis. Second, even though 
a custom media containing labelled amino acids was prepared, a fraction of 
non-labelled BCAAs could still be present due to protein turnover and bovine 
serum supplementation. In order to properly identify the fraction of labelled 
BCAAs, compared to the total BCAAs degraded, we measured fractions of 
BCAA transamination metabolites (4-methyl-2-oxopentanoate, 3-methyl-
2-oxopentanoate and 3-methyl-2-oxobutanoate) with and without isotopic 
labelling. The relative labelled fraction of the degradation intermediates was 
0.7 ± 0.02 for MCF-7 and 0.7 ± 0.004 for BCC (error values correspond 
to standard deviation). The fractions were remarkably equal for all three 
amino acids in both cell lines, suggesting that the remaining 30 % of the 
non-labelled BCAAs came from the complex cell culture media. Now we 
can divide the labelled acetyl-CoA fraction by 0.7 to find out the amount 
of mitochondrial acetyl-CoA originating from BCAA degradation. In the 
experiments with labelled glutamine, we considered the fraction of fully 
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labelled (M4) malate to be equal to the fraction of α-ketoglutarate derived 
from glutamine degradation. The other fractions of labelled malate (M1, M2 
and M3) derived from labelled glutamine could be a result of an array of 
reactions involving enzymes like malic enzyme and pyruvate carboxylase, 
which are not part of this work. It should be acknowledged, however, that the 
M2 malate fraction made up almost 50 % of all malate in MCF-10A, while 
little to none of the M1 fraction was observed, suggesting non-malignant cells 
use alternative malate synthesis pathways. The measured M4 malate fraction 
was 0.5 for BCC and 0.17 for both MCF-7 and MCF-10A. This indicates that 
glutaminolysis is more important for BCC cells. In experiments with labelled 
BCAAs, other fractions of labelled malate not looked at in this work (M1, 
M3 and M4) made up very small portions of all malate produced in BCC and 
MCF-7 and were only moderately higher in non-malignant MCF-10A cells. 
The complete distribution of labelled malate fractions in different cell lines 
can be seen in Fig. 3.1.2.

Fig. 3.1.1. Malate labelling patterns. Schemes show how the breakdown of 
labelled acetyl-CoA results in the formation of M2 malate (a) and labelled 

glutamine results in M4 malate (b). 
13C labelled carbons are shown in black. AcCoA – acetyl-CoA, KG – α-ketoglutarate. 
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Taking into consideration the α-ketoglutarate fraction calculated earlier 
and the fact that only 70 % of the BCAAs in the culture media were labelled, 
we calculated the fraction of acetyl-CoA originated from BCAAs in different 
cell lines as follows:
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in different cell lines as follows: 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =  
𝑀𝑀𝑀𝑀2 𝑀𝑀𝑀𝑀0⁄ 𝑚𝑚𝑚𝑚𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 

𝐵𝐵𝐵𝐵𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐵𝐵𝐵𝐵 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑙𝑙𝑙𝑙 (1 − 𝑔𝑔𝑔𝑔𝑓𝑓𝑓𝑓𝑔𝑔𝑔𝑔𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)
 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝐵𝐵𝐵𝐵𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) =
𝑀𝑀𝑀𝑀2/𝑀𝑀𝑀𝑀0

0.7(1 − 0.5)
=

0.05
0.35

≈ 0.14 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑀𝑀𝑀𝑀𝑓𝑓𝑓𝑓𝑀𝑀𝑀𝑀-7) =
𝑀𝑀𝑀𝑀2/𝑀𝑀𝑀𝑀0

0.7(1− 0.17)
=

0.2
0.58

≈ 0.34 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑀𝑀𝑀𝑀𝑓𝑓𝑓𝑓𝑀𝑀𝑀𝑀-10𝑓𝑓𝑓𝑓) =
𝑀𝑀𝑀𝑀2/𝑀𝑀𝑀𝑀0

0.7(1 − 0.17)
=

0.06
0.58

≈ 0.1 

These results indicate that 34% of the energy produced by the Krebs 
cycle in MCF-7 cells is derived from BCAA degradation. As glutaminolysis 
has a high impact on BCC energy metabolism, BCAA degradation results in 
only 14% of acetyl-CoA, which is still higher than in non-malignant 
MCF-10A cells, where BCAAs account for 10% of acetyl-CoA.  

Our findings suggest, that BCAA degradation accounts for up to a 
third of the energy produced by the Krebs cycle in MCF-7 breast cancer cells. 
However, the contribution varies from cell line to cell line, as was estimated 
in a previous study by our group [7]. During the study, in which all the 
degraded BCAAs were assumed to feed the Krebs cycle, it was estimated 
that BCAAs account for up to 47% of the total energy production in MCF-7. 
This experiment shows that the actual numbers are lower, suggesting that not 
all BCAAs are broken down to acetyl-CoA, with some degradation 
intermediates dedicated to the synthesis of other molecules, such as 
mevalonate, which is the focus of section 3.2 of this dissertation.  

BCAAs playing a role in the energy production of cancer cells by 
supplying carbon atoms to the Krebs cycle would be the most straightforward 
explanation for the observed association between BCAA degrading enzymes 
and cancer progression, however, current research struggles to find a definite 
answer. In a study focusing on the effect of malic enzyme depletion in 
pancreatic cancer cells, consequential elevation in BCAA levels was 
associated with highly aggressive pancreatic ductal adenocarcinoma, but no 
labelled BCAA intermediates were observed entering the Krebs cycle [104]. 
The same article also rejected the involvement of mitochondrial respiration, 
as neither knockdown nor overexpression of BCAT2 had an impact on the 
consumption rate of oxygen. Nonetheless, they concluded pancreatic cancer 
cells are highly dependent on BCAAs and suggested malic enzyme inhibition 
as a therapy option for a significant amount of patients. Other isotope 
labelling experiments involving BCAAs conducted by Hattori et al. on 

These results indicate that 34 % of the energy produced by the Krebs cycle 
in MCF-7 cells is derived from BCAA degradation. As glutaminolysis has a 
high impact on BCC energy metabolism, BCAA degradation results in only 
14 % of acetyl-CoA, which is still higher than in non-malignant MCF-10A 
cells, where BCAAs account for 10 % of acetyl-CoA. 

Our findings suggest, that BCAA degradation accounts for up to a third 
of the energy produced by the Krebs cycle in MCF-7 breast cancer cells. 
However, the contribution varies from cell line to cell line, as was estimated 
in a previous study by our group [7]. During the study, in which all the 
degraded BCAAs were assumed to feed the Krebs cycle, it was estimated that 
BCAAs account for up to 47 % of the total energy production in MCF-7. This 
experiment shows that the actual numbers are lower, suggesting that not all 
BCAAs are broken down to acetyl-CoA, with some degradation intermediates 
dedicated to the synthesis of other molecules, such as mevalonate, which is 
the focus of section 3.2 of this dissertation. 

BCAAs playing a role in the energy production of cancer cells by supplying 
carbon atoms to the Krebs cycle would be the most straightforward explanation 
for the observed association between BCAA degrading enzymes and cancer 
progression, however, current research struggles to find a definite answer. 
In a study focusing on the effect of malic enzyme depletion in pancreatic 
cancer cells, consequential elevation in BCAA levels was associated with 
highly aggressive pancreatic ductal adenocarcinoma, but no labelled BCAA 
intermediates were observed entering the Krebs cycle [104]. The same 
article also rejected the involvement of mitochondrial respiration, as neither 
knockdown nor overexpression of BCAT2 had an impact on the consumption 
rate of oxygen. Nonetheless, they concluded pancreatic cancer cells are 
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highly dependent on BCAAs and suggested malic enzyme inhibition as a 
therapy option for a significant amount of patients. Other isotope labelling 
experiments involving BCAAs conducted by Hattori et al. on murine models 
of chronic myeloid leukaemia found that the BCAAs are more likely to be 
transformed from corresponding branched-chain keto-acids than to them. 
That would explain the observations of elevated BCAAs in the plasma of 
patients and the overexpression of BCAT enzymes in cancer cells, as the first 
reaction in BCAA breakdown is reversible. However, it still does not explain 
why and how BCAAs are important for cancer progression. The possibility 
of BCAAs playing a key role as nitrogen sources via transamination has also 
been discussed [105], though the experimental uptake rates of BCAAs in 
cancer cells are in all cases [106] much lower than glutamine uptake, that is 
the main source of nitrogen by transamination. Taking all this into account 
we can conclude that even though BCAAs are definitely important for cancer 
progression, their utilization by different cancer cells can be challenging to 
understand completely, as it varies quite significantly from cell line to cell line. 

Our experiments show that a significant fraction of the cellular energy in 
MCF-7 is obtained by breaking down BCAAs and incorporating them into 
the Krebs cycle, which is not the case for other types of cancer. For example, 
the energy production of our model cell line BCC was less dependent on 
BCAAs, as their contribution was only 40 % higher than that of the non-
malignant MCF-10A cells. These results confirm, that different cancer cells 
can be very different concerning their metabolism, and suggest the need for 
a more personalised approach in search of the optimal treatment for each 
cancer patient. For instance, dietary BCAA reduction or inhibition of BCAA 
metabolism could be an effective adjuvant therapy for hormone receptor-
positive and HER2– luminal breast cancer (as is MCF-7), but might not do 
much for HER2+ (BCC).

3.2. Contribution of BCAAs to mevalonate metabolism 

Acetyl-CoA, besides its main function of energy production, can also be 
used for lipid synthesis following the mevalonate pathway [72]. Mevalonic 
acid is a precursor of cholesterol and other sterols essential for the cell. Since 
mevalonic acid is mostly found in carboxylate anion form in nature, it will 
be called mevalonate throughout this dissertation. Mevalonate is synthesised 
from HMG-CoA by an enzyme called HGM-CoA reductase. In humans, this 
enzyme is coded by a gene named HMGCR. HMG-CoA can be a product of 
leucine degradation, hence we performed experiments with 13C6

15N labelled 
leucine, to find the extent leucine contributes to the mevalonate pathway.  
Fig. 3.2.1 illustrates changes in carbon labelling patterns of intermediates in 
the pathway when leucine is fully 13C labelled. 
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Fig. 3.2.1. Leucine degradation to HMG-CoA with a carbon labelling 
pattern of intermediate metabolites. 
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HMG-CoA can also be synthesised from acetyl-CoA or acetoacetyl 
coenzyme A (acetoacetyl-CoA) by the enzyme HMG-CoA synthase, which is 
coded by two genes in the human genome: HMGCS1 and HMGCS2. Another 
enzyme in the pathway – HMG-CoA lyase, coded by the gene HMGCL, can 
break down HMG-CoA back to acetyl-CoA and acetoacetate. Acetoacetate 
can then be transformed into acetoacetyl-CoA by the enzyme acetoacetyl-CoA 
synthetase, which is coded by the gene AACS. The resulting acetoacetyl-CoA 
can be transformed back to HMG-CoA, this would give rise to three-carbon-
labelled mevalonate (M3). We could not see this phenomenon in BCC cells, 
but it appeared to be important in MCF-7 as can be seen in Fig. 3.2.2. It can 
also be seen in the graph that BCC cells get over 60 % of their mevalonate 
from other sources (M0), which is not the same in MCF-7, as mevalonate 
sourced from other substrates contributes to less than half of all mevalonate 
in the cells. The EMU method predicted the M1 fraction of mevalonate to be 
higher than it was after our calculations and did not predict the M6 fraction to 
appear at all, however, we can see it in both of the cell lines, which signifies 
an array of complex reactions beyond the scope of this work might occur. 
Both cell lines display the calculated malate fractions M2 and M5 as similar 
to the ones predicted, as they come quite directly from leucine degradation, 
while M4 is significantly higher than was predicted and might be a result of 
a complicated degradation pattern other enzymes might also be involved in.

Fig. 3.2.2. Relative isotopic distributions for mevalonate in two malignant 
cell lines after feeding fully labelled BCAAs, experimental versus predicted 

using the EMU method. 
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We minimised the sum of the squares of the relative errors to find 
optimal flux distributions. These distributions, normalised by the amount 
of mevalonate synthesised, can be seen in Fig. 3.2.3. We also fitted the M2 
labelled mitochondrial acetyl-CoA into the calculations and the optimal value 
of the fraction was 0.1 for both cell lines. We did this assuming that 70 % of 
HMG-CoA that results from the degradation of leucine is labelled. 

Fig. 3.2.3. Scheme showing how different reactions influence changes in 
labelling patterns of mevalonate. Numbers next to each reaction indicate the 
estimations of metabolic flux distributions calculated using Metabolic Flux 

Analysis for each of the studied cell lines. 
a – HMG-CoA synthesis from leucine degradation, b – acetoacetyl-CoA synthesis reacti-
on by acetoacetyl-CoA thiolase, c – HMG-CoA synthesis reaction by HMG-CoA synthase,  
d – break down reaction of HMG-CoA to acetyl-CoA by HMG-CoA lyase.

To quantify how much mevalonate (and acetoacetate) is produced from 
leucine, we compared the total carbon derived from the leucine degradation 
pathway with the total carbon that forms acetyl-CoA. The amount of carbon 
coming from leucine degradation in MCF-7 cells can be calculated like this: 
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over 60% of their mevalonate from other sources (M0), which is not the same 
in MCF-7, as mevalonate sourced from other substrates contributes to less 
than half of all mevalonate in the cells. The EMU method predicted the M1 
fraction of mevalonate to be higher than it was after our calculations and did 
not predict the M6 fraction to appear at all, however, we can see it in both of 
the cell lines, which signifies an array of complex reactions beyond the scope 
of this work might occur. Both cell lines display the calculated malate 
fractions M2 and M5 as similar to the ones predicted, as they come quite 
directly from leucine degradation, while M4 is significantly higher than was 
predicted and might be a result of a complicated degradation pattern other 
enzymes might also be involved in. 

 

Fig. 3.2.2. Relative isotopic distributions for mevalonate in two malignant cell 
lines after feeding fully labelled BCAAs, experimental versus predicted using 

the EMU method.  

We minimised the sum of the squares of the relative errors to find optimal 
flux distributions. These distributions, normalised by the amount of 
mevalonate synthesised, can be seen in Fig. 3.2.3. We also fitted the M2 
labelled mitochondrial acetyl-CoA into the calculations and the optimal 
value of the fraction was 0.1 for both cell lines. We did this assuming that 
70% of HMG-CoA that results from the degradation of leucine is labelled.  

To quantify how much mevalonate (and acetoacetate) is produced 
from leucine, we compared the total carbon derived from the leucine 
degradation pathway with the total carbon that forms acetyl-CoA. The 
amount of carbon coming from leucine degradation in MCF-7 cells can be 
calculated like this:  

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 𝑓𝑓𝑓𝑓 ×  𝑓𝑓𝑓𝑓 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) =  6 ×  1.3 =  7.8 

Leucine with 6 carbon atoms (n) in its backbone times the reaction rate 
of HMG-CoA formed per 1 unit of mevalonate that was produced in MCF-7 
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(the reaction rates can be seen in Fig. 3.2.3). We need to compare this with the 
amount of atoms that was consumed as acetyl-CoA. The net consumption of 
acetyl-CoA can be described as the sum of all reactions that consume it minus 
the production of acetyl-CoA by HMG-CoA lyase:

 42 

 

 

Fig. 3.2.3. Scheme showing how different reactions influence changes in 
labelling patterns of mevalonate. Numbers next to each reaction indicate the 
estimations of metabolic flux distributions calculated using Metabolic Flux 

Analysis for each of the studied cell lines. a – HMG-CoA synthesis from 
leucine degradation, b – acetoacetyl-CoA synthesis reaction by acetoacetyl-
CoA thiolase, c – HMG-CoA synthesis reaction by HMG-CoA synthase, d – 

break down reaction of HMG-CoA to acetyl-CoA by HMG-CoA lyase. 

Leucine with 6 carbon atoms (n) in its backbone times the reaction rate of 
HMG-CoA formed per 1 unit of mevalonate that was produced in MCF-7 
(the reaction rates can be seen in Fig. 3.2.3). We need to compare this with 
the amount of atoms that was consumed as acetyl-CoA. The net consumption 
of acetyl-CoA can be described as the sum of all reactions that consume it 
minus the production of acetyl-CoA by HMG-CoA lyase: 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 𝑓𝑓𝑓𝑓 ×  (𝑙𝑙𝑙𝑙 + 𝑓𝑓𝑓𝑓 − 𝑙𝑙𝑙𝑙) 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 2 × (2.2 + 21.2 − 21.5) = 2 × 1.9 = 3.8 

Now we can calculate the total carbon atoms that originated from leucine 
degradation in MCF-7: 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) =  
𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) + 𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)
 

Now we can calculate the total carbon atoms that originated from leucine 
degradation in MCF-7:
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Now we can calculate the total carbon atoms that originated from leucine 
degradation in MCF-7: 
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𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) =
7.8

7.8 + 3.8
=

7.8
11.6

= 0.67 

These calculations indicate that 67% of the carbon atoms in mevalonate and 
acetoacetate are derived from the degradation of leucine. Following the same 
equations, we calculated the contribution of leucine in BCC cells as well: 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 6 × 0.3 = 1.8 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓-𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) = 2 × (2.5 + 2.5 − 1.8) = 2 × 3.2 = 6.4 

𝑓𝑓𝑓𝑓(𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) =
1.8

1.8 + 6.4
=

1.8
8.2

= 0.22 

Here, only 22% of the carbon is derived from the degradation of leucine. 
Contrary to the two cell lines mentioned above, we could not detect any 
mevalonate in MCF-10A (chromatograms available as Supplement S5). 

Interestingly, in BCC cells, the fraction of labelled mitochondrial 
acetyl-CoA derived from labelled leucine was similar to the one we 
estimated with all three BCAAs. This could suggest that out of all three 
BCAAs, leucine is the only one responsible for the supply of mitochondrial 
acetyl-CoA in this cell line. The fate of isoleucine and valine could be an 
interesting question to research in future studies of BCAA metabolism in 
cancer. 

The role of cholesterol in cancer progression is still a debated topic. 
Cholesterol levels are usually higher in cancer cells than they are in normally 
developing cells [77, 107, 108], however, the explanation for this 
phenomenon is not yet clear. In a previous work carried out by our group, it 
was revealed that most of the studied cancer cell lines did not express 
cholesterol transporters [100, 109]. As cholesterol is an important structural 
component of the cell membrane, a key regulator of cellular signal 
transduction, and a precursor for an array of different signalling molecules 
[110], cancer cells have to rely on the mevalonate pathway, to synthesize 
cholesterol. Our findings suggest that leucine plays an important role in the 
de novo synthesis of mevalonate, making it another mechanism by which 
leucine supports cell proliferation and invasiveness. These results would 
confirm the findings of other researchers, which concluded that leucine 
deprivation causes inhibition of proliferation and differentiation of cells by 
mechanisms, dependent and independent of the mTOR signalling pathway 
[111, 112]. Cholesterol is a precursor for steroid synthesis, suggesting it 
might have something to do with hormone-dependent cancer progression. 
While no clear conclusions regarding its role in breast cancer can be drawn 
yet, potential mechanisms could include cholesterol's involvement in 

These calculations indicate that 67 % of the carbon atoms in mevalonate 
and acetoacetate are derived from the degradation of leucine. Following the 
same equations, we calculated the contribution of leucine in BCC cells as 
well:
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acetyl-CoA derived from labelled leucine was similar to the one we 
estimated with all three BCAAs. This could suggest that out of all three 
BCAAs, leucine is the only one responsible for the supply of mitochondrial 
acetyl-CoA in this cell line. The fate of isoleucine and valine could be an 
interesting question to research in future studies of BCAA metabolism in 
cancer. 

The role of cholesterol in cancer progression is still a debated topic. 
Cholesterol levels are usually higher in cancer cells than they are in normally 
developing cells [77, 107, 108], however, the explanation for this 
phenomenon is not yet clear. In a previous work carried out by our group, it 
was revealed that most of the studied cancer cell lines did not express 
cholesterol transporters [100, 109]. As cholesterol is an important structural 
component of the cell membrane, a key regulator of cellular signal 
transduction, and a precursor for an array of different signalling molecules 
[110], cancer cells have to rely on the mevalonate pathway, to synthesize 
cholesterol. Our findings suggest that leucine plays an important role in the 
de novo synthesis of mevalonate, making it another mechanism by which 
leucine supports cell proliferation and invasiveness. These results would 
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Here, only 22 % of the carbon is derived from the degradation of leucine. 
Contrary to the two cell lines mentioned above, we could not detect any 
mevalonate in MCF-10A (chromatograms available as Supplement S5).

Interestingly, in BCC cells, the fraction of labelled mitochondrial acetyl-
CoA derived from labelled leucine was similar to the one we estimated with 
all three BCAAs. This could suggest that out of all three BCAAs, leucine is 
the only one responsible for the supply of mitochondrial acetyl-CoA in this 
cell line. The fate of isoleucine and valine could be an interesting question to 
research in future studies of BCAA metabolism in cancer.

The role of cholesterol in cancer progression is still a debated topic. 
Cholesterol levels are usually higher in cancer cells than they are in normally 
developing cells [77, 107, 108], however, the explanation for this phenomenon 
is not yet clear. In a previous work carried out by our group, it was revealed that 
most of the studied cancer cell lines did not express cholesterol transporters 
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[100, 109]. As cholesterol is an important structural component of the cell 
membrane, a key regulator of cellular signal transduction, and a precursor 
for an array of different signalling molecules [110], cancer cells have to rely 
on the mevalonate pathway, to synthesize cholesterol. Our findings suggest 
that leucine plays an important role in the de novo synthesis of mevalonate, 
making it another mechanism by which leucine supports cell proliferation and 
invasiveness. These results would confirm the findings of other researchers, 
which concluded that leucine deprivation causes inhibition of proliferation 
and differentiation of cells by mechanisms, dependent and independent of the 
mTOR signalling pathway [111, 112]. Cholesterol is a precursor for steroid 
synthesis, suggesting it might have something to do with hormone-dependent 
cancer progression. While no clear conclusions regarding its role in breast 
cancer can be drawn yet, potential mechanisms could include cholesterol’s 
involvement in estrogen’s biosynthesis, Ras, Erk1/2, Akt, and p38 signalling 
pathways as well as being a major component of lipid rafts, crucial for 
apoptosis, migration, and invasion [113]. While no specific pharmacological 
inhibitors of BCAA catabolism are yet on the market, the mevalonate 
pathway already has an array of inhibitors with years and years of clinical 
use for the prevention of cardiovascular events, that could be used to prove 
or disprove the hypothesis. Several clinical and pre-clinical trials have shown 
the antiproliferative effect of statins (inhibitors of HMG-CoA reductase, 
typically used to treat hypercholesterolemic patients) on cancer [114–116], 
suggesting them as prospective adjuvant therapy. The conflict emerges, 
however, following the inconsistencies in the results of epidemiologic 
studies. While some of them show an association between high serum levels 
of cholesterol and cancer development or the use of statins minimizing the 
risk for oncologic diseases and reoccurrences [117–122], almost equally as 
many studies show there is no association [123–126] or even claim statins 
can be dose-dependently carcinogenic [127]. Although some criticize these 
kinds of studies for having many limitations, it should be kept in mind that 
observational epidemiologic studies use real-world data, as opposed to 
highly controlled clinical and preclinical trials. While the question of whether 
cholesterol affects cancer progression is still debated, this additional pathway 
leucine plays a role in, added to energy production, signalling, and aiding 
biomolecular synthesis might be enough to have a significant effect on cancer 
development.

3.3. The role of BCAAs in cell invasiveness

Our previous experiments showed that leucine plays a significant role 
in the synthesis of cholesterol. As already mentioned in section 1.5 of this 
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dissertation, the invasiveness of breast cancer cells relies heavily on the 
mevalonate pathway [128–130]. We were interested in whether a decrease 
in BCAA levels would affect the invasiveness of our studied cell lines. We 
used two different methods of BCAA reduction: a knockdown using siRNA 
against BCAT2 to suppress BCAA catabolism and a reduction of BCAAs in 
the nutritional media (from the usual 0.8 mM to 0.2 mM). To assess the impact 
of BCAAs on the invasiveness of breast cancer cells, we used a method called 
wound healing assay. The in vitro wound healing assay is a relatively simple 
and cost-effective way to assess cell migration under different experimental 
conditions. It involves opening a “wound” in the cell monolayer with a sharp 
object, creating a cell-free region for the cells to migrate and close the wound. 
The two-dimensional (2D) cell monolayer model is most widely used because 
2D studies can be performed under normal cell culture conditions available 
in most cell culture laboratories. We investigated the effect of reduced BCAA 
content and BCAT2 gene inhibition on BCC, MCF-7, and MCF-10A cell 
migration. Just after scraping, we changed the cell culture media to either the 
DMEM/F-12 normally used or the custom 0.2 mM BCAA media to remove 
the debris that was left after the scratch, and fixed the culture plate into 
position for time-lapse imaging (Fig. 3.3.1). We chose an interval of 8 hours 
between the first and the last image taken, to minimise the influence cell 
division has on the movement of cells in the wound closure area.
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Fig. 3.3.1. The depiction of the wound healing assay. The first picture (start) 
shows the wound area in red at the beginning of the experiment and the 

second one shows the area 8 hours after the experiment was started.

BCAT2 inhibition had a greater effect on BCC cell invasiveness than the 
reduction of BCAAs in the media, as compared to the control (Fig. 3.3.2). 
The wound in the control group contracted 72.05 % (± 6.90 % standard 
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error (SE)) and only 35.96 % (± 3.88 % SE) in the BCAT2-inhibited group, 
meaning BCAT2 inhibition significantly reduced invasiveness. We could also 
see statistically significant results in the 0.2 mM BCAA group, compared 
to the control, although it was not as effective as gene silencing (the wound 
closed 50.54 % (± 1.21 % SE) in the group with a reduced amount of BCAAs). 
Surprisingly, MCF-7 was more affected by the reduced amount of BCAA in 
the media, while no statistical difference was observed in the BCAT2-inhibited 
group. This, and the fact, that BCC was more sensitive to changes in BCAA 
levels, even though they contribute less to mevalonate and mitochondrial 
acetyl-CoA production, could be a result of MCF-7 cells not being able to 
form a stable monolayer, thus providing difficulties in evaluating the results 
of this experiment. Regardless, the 0.2 mM BCAA group had significantly 
slower wound closure in MCF-7: 7.20 % (± 1.53 % SE) after the 8-hour time-
lapse, as opposed to the control, in which the closure was 19.35 % (± 1.12 % 
SE). We observed no statistically significant results in the benign MCF-10A 
cells, which may suggest that BCAAs are involved in cancer invasiveness but 
not in the migration of healthy epithelial cells or that the contribution is not 
as significant. 

Fig. 3.3.2. The effect of reduced BCAA concentration (0.2 mM BCAA) and 
BCAT2 gene inhibition by siRNA on cell migration, evaluated using the 

wound healing assay.

The main challenge of this study was the fact that some of the studied cell 
lines do not form a stable monolayer, meaning that the wound-healing assay 
might not be the best method to track migration for these cell lines, as they are 
not as prone to attract one another to try and close the “wound”. Nonetheless, 
the results still show a significant reduction in wound closure in MCF-7 after 
BCAA content is reduced, suggesting these cells do need a certain amount of 
BCAAs to move around and proliferate. Future experiments should involve 
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another aspect of the migratory properties, such as single-cell migration 
analysis, also achieved by time-lapse imaging. In this way, the results would 
not be as influenced by the phenotype of the cell line.

mTOR signalling pathway also plays a huge role in cell migration [131, 
132], as does cellular energetics, meaning that the depletion of BCAA 
catabolism can influence cancer cell migration by a combination of different 
mechanisms. However, there should be an increase in intracellular BCAAs 
after BCAT2 inhibition, meaning it is less likely, that the suppression of 
migration in the BCAT2-inhibited group of BCC cells is caused by mTOR, as 
the mTOR signalling pathway is activated by intracellular leucine.

Additionally, elevated BCAAs in the media also seem to suppress breast 
cancer cell migration [133], which may mean that a completely different 
mechanism takes place. The authors suggest the immune cells, which are also 
in high demand for BCAAs, might be involved in their unexpected results in 
animal studies, but less could be said about the wound healing and transwell 
assays with LM2 breast cancer cells. N-cadherin (but not E-cadherin) was 
also downregulated in the presence of elevated BCAAs in this cell line, 
showing that the migration disturbances are not a coincidence. A study by 
Sciacovelli et al. revealed that a part of BCAA-derived nitrogen bypasses 
the Krebs cycle and channels into the biosynthesis of arginine exclusively 
in metastatic renal carcinoma cells [38]. Section 1.3. of this dissertation 
mentioned that the enzyme argininosuccinate synthetase 1, involved in the 
synthesis of arginine, is also an important factor in cell migration, suggesting 
yet another mechanism for BCAA-driven migration of cancer cells. Taking 
all that into account, it is hard to conclude the underlying cause of our results, 
however, it is clear that BCAAs do have an impact on cancer cell migratory 
properties, with mechanisms for it still being quite a large knowledge gap, 
providing interesting questions for further research in the field.

3.4. Determination of intermediate metabolites of the BCAA 
degradation pathway in blood plasma

In order to determine whether there are any changes in the BCAA 
degradation pathway of breast cancer patients in a clinical setting, we 
performed a small-scale experiment using human blood plasma. We performed 
a targeted chromatographic analysis of blood plasma samples from 10 women 
with breast adenocarcinoma and 10 healthy individuals for control (more in 
Materials and Methods). We chose to investigate 5 BCAA metabolites in 
this study: 3-hydroxyisovalerate and mevalonate, as intermediates of leucine 
degradation, 3-methyl-2-oxopentanoate as an intermediate of isoleucine 
degradation and 3-aminoisobutanoate and 3-hydroxyisobutyrate from the 
degradation pathway of valine. 
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The differences between the control and study groups are depicted in Fig. 
3.4.1. First of all, we found that the amounts of intermediates studied varied 
widely between different samples. Despite that, we observed a statistically 
significant increase in the amount of 3-hydroxyisobutyrate (of valine 
degradation) in the blood plasma of patients as compared to control, while its 
concentration in MCF-7 and BCC cancer cells was low (results not shown). 
This could mean, that cancer cells excrete 3-hydroxyisobutyrate, however, 
the reason for this is still yet to be explained.

Fig. 3.4.1. Metabolic intermediates of BCAA degradation in the blood 
plasma of healthy individuals and patients with breast cancer. 

A star (*) near the name of the studied metabolite indicates statistically significant 
differences.

We also observed a statistically significant increase of 3-hydroxyisovalerate 
in patient plasma samples. 3-hydroxyisovalerate branches out in the 
degradation pathway of leucine and is not involved in the synthesis of acetyl-
CoA or mevalonate for that matter (the scheme for BCAA degradation is 
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available as Supplement S6). Seeing that mevalonate was significantly 
downregulated in breast cancer patients, it could be said that there is a higher 
demand for it in the tumour itself, upregulating the degradation pathway of 
leucine and the intermediates that do not eventually result in mevalonate are 
secreted out of the cell, giving rise to 3-hydroxyisovalerate in our plasma 
samples. 

Also, when we tested cell extracts using isotopically labelled BCAAs, 
malignant cell samples contained relatively high levels of 3-methyl-2-
oxopentanoate (results not shown), suggesting upregulated degradation of 
isoleucine, meanwhile, the amount in blood plasma did not differ significantly 
between groups of patients and healthy individuals. 3-aminoisobutanoate of 
valine degradation did not differ between the two groups. 

Other metabolomic studies of breast cancer patient plasma samples have 
also reported a significant increase in BCAA degradation intermediates [134–
136]. Having this in mind, a determination of some intermediates of BCAA 
metabolism, along with other perturbed amino acids and their metabolites, in 
the blood could be a prognostic marker of early-stage breast cancer and could 
be applied in clinical practice. As for the BCAAs themselves, higher levels 
of circulating BCAAs were found to be associated with a lower risk of breast 
cancer in premenopausal women and a higher risk among postmenopausal 
women, suggesting hormonal changes have a lot to do with their role in 
disease progression. As mentioned in the discussion part of section 3.3. of 
this dissertation, elevated circulating BCAAs could activate the immune 
response [133], eventually leading to a lower risk of breast cancer in the 
premenopausal group. In another study with premenopausal women without 
a known cancer diagnosis, high plasma levels of BCAAs were significantly 
positively correlated with free testosterone levels [137]. The perturbations in 
sex hormone levels are established biomarkers for breast cancer risk [138, 
139]. The downside of using BCAAs alone as biomarkers is the diversity 
of metabolic diseases, that could also cause changes in the plasma content 
of these three amino acids. These are the diseases related to perturbations in 
BCAA metabolism mentioned earlier. For example, a higher plasma profile 
of BCAAs and their related metabolites were the most promising biomarkers 
for cardiometabolic risk and inflammation [140, 141]. Amino acid plasma 
content can also be influenced by body mass index [142] meaning all of these 
measures should be taken into account when developing BCAAs and their 
metabolites into clinically accurate biomarkers. 
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3.5. Metabolomic analysis of amino acids associated with malignancy in 
breast-derived cells

Next, we were interested in identifying a broader spectrum of amino acid-
related changes in the metabolome of the studied cell lines. A metabolomic 
analysis allowed the quantification of 33 internal metabolites, in all the three 
studied cell lines. We performed a PCA, which revealed that 97.6 % of the 
variance in the metabolic data could be assigned to the first two principal 
components (PCs), with the first one accounting for 61.6 % of variability, 
and the second for 36 %. The second component clearly separated MCF-10A 
from the malignant MCF-7 and BCC cell lines, while the first component 
showed some variation between the three cell lines (Fig. 3.5.1). These results 
indicate that 36 % of the variation in metabolite concentrations between the 
three cell lines could be associated with malignancy. 

Fig. 3.5.1. PCA plot showing the variation in metabolite profiles of the three 
studied cell lines between the two PCs.
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For a better understanding of which metabolites are best for distinguishing 
malignant cells from non-malignant ones, we represented the concentration 
data in a heat map (Fig. 3.5.2). Now we can clearly see the diversity of 
intracellular amino acid profiles. The heat map also shows that the three 
BCAAs: leucine, isoleucine, and valine have lower relative concentrations 
in BCC cells. These results could either mean BCAAs are less important for 
BCC or that the cell line is auxotrophic to them. The latter is more likely 
regarding our previous experiments where we show that these cells were 
always in between MCF-7 and MCF-10A regarding BCAA utilisation and 
that BCAT2 is overexpressed in both cancer cell lines [7].

Fig. 3.5.2. A heat map showing the relative abundances of the 33 studied 
metabolites in each sample. Dendrograms identify similarities between 
groups of metabolites that have similar concentration patterns across 

different samples, determined by hierarchical clustering.
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Broader profiling of metabolomes for the three studied cell lines revealed 
new amino acid-related perturbations between healthy and malignant 
cells. Six metabolites at the top of the heat map could be characterised by 
higher concentrations in MCF-10A than in the malignant cell lines. These 
metabolites were tyrosine, methionine, mannitol, hypotaurine, choline, and 
taurine. Another group of metabolites formed a cluster characterised by 
higher concentrations in MCF-7 and BCC instead. These four metabolites 
were betaine, acetylcarnitine, serine, and pyroglutamic acid.

Out of all the mentioned perturbed metabolites, six (methionine, taurine, 
hypotaurine, choline, betaine, and pyroglutamic acid) are related to the 
methionine cycle to some extent (a more detailed concentration distribution 
for some of the mentioned compounds is depicted in box plots in Fig. 3.5.3). 
The downregulation of these metabolites in MCF-7 and BCC cells may mean 
they are highly consumed due to the importance of the methionine cycle in 
rapidly dividing cells. Indeed, even though cancer cells have the ability to 
synthesize methionine, the supply often does not catch up with the demand, 
making the cells auxotrophic to it [43]. Methionine dependency is a long-
known characteristic of cancer but is still a very relevant topic when it comes 
to personalised treatment strategies [143–146]. 
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Fig. 3.5.3. Box plots showing concentration distributions of the metabolites, 
related to the methionine cycle. 

The concentrations depicted are not absolute and reflect the normalised areas of the corres-
ponding peaks in the chromatograms.

Besides being a building block for proteins, methionine is involved 
in several crucial metabolic pathways that take part in epigenetics 
(S-adenosylmethionine), nuclear processes (polyamines), detoxification 
(glutathione), and the formation of cellular membranes (phospholipids) [144]. 
The methionine cycle is a part of the so-called one-carbon metabolism [147], 
which allows cells to generate methyl groups (or one-carbon units) to utilize 
them in methylation processes crucial for transcription, replication, and DNA 
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repair. The folate cycle, another part of one-carbon metabolism, has long been 
a target for treating cancer, followed by the development of antifolates. The 
best-known drug in this class – methotrexate is being used for the treatment 
of many cancers to this day, however, it has many side effects caused by the 
importance of the foliate cycle for healthy proliferating cells [144, 147]. One 
way to combat this would be to selectively target specific enzymes in the one-
carbon metabolism pathways. We will discuss possible drug targets later on 
in the dissertation.

3.6. Differential gene expression of the three breast-derived cell lines 

Extracting conclusions about metabolism, only having the concentrations 
of metabolites in question, would be unreasonable, as metabolism is a 
complex net of interactions between different enzymes and their substrates. 
Keeping that in mind, we paired the metabolomics data with data from next-
generation RNA sequencing (RNA-seq) for a bigger picture of the underlying 
processes involved in cancer progression. Knowing the expression of genes 
that code different metabolic enzymes gives us valuable information on what 
could have caused the disturbances in the metabolic profiles of the cells. As 
we are only interested in the differences between the metabolism of healthy 
and malignant cells, we performed a differential expression analysis on the 
RNA-seq data. To find the differentially expressed genes between the three 
studied cell lines, we used cut-off values of 0.01 for false discovery rate and 2 
for fold change. According to the processed RNA-seq data, 1495 genes were 
significantly upregulated in MCF-7 as compared to MCF-10A, while 1335 
genes were significantly downregulated respectively. When comparing BCC 
to the healthy epithelial cells, 1926 of the genes in common were upregulated, 
and 1669 were downregulated in BCC cells. 274 of the upregulated genes 
and 563 of the downregulated genes were common in both cancer cell lines. 
A broader summary of the differential expression analysis can be seen in Fig. 
3.6.1. 
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Fig. 3.6.1. Volcano plots visualising the genes that are upregulated (red), 
downregulated (blue), and have no differential expression (black) in both of 
the studied cancer cells as opposed to the non-malignant MCF-10A cells.

Next, we carried out a Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment test using the WebGestalt online gene set 
analysis toolkit [96] and found no significantly enriched pathways among the 
upregulated genes (the cut-off false discovery rate was 0.05). On the other 
hand, we identified 10 significantly enriched KEGG-described downregulated 
pathways, as can be seen in Fig. 3.6.2.

Fig. 3.6.2. Enriched pathways among the downregulated genes in BCC and 
MCF-7. 

Names of the pathways correspond to pathologies or other processes the genes are mostly 
involved in.

Half of the mentioned pathways relate to certain diseases, others are 
associated with signalling (such as the IL-17 signalling pathway) or 
cell adhesion. In general, these results indicate that cancer cells are less 
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sensitive to extracellular signalling and detach from the extracellular matrix 
easily. However, we could not identify any metabolic processes that were 
significantly enriched while analysing this gene set, which addressed the 
need to integrate metabolomic data in the analysis using GSMMs as scaffolds 
for the interpretation of transcriptomic data. Among the 274 genes that were 
upregulated in both cancer cell lines, 44 were metabolic genes, involved in 
131 metabolic reactions. Among the 563 downregulated genes, 130 were 
involved in metabolic processes, associated with 832 metabolic reactions. 
The large number of reactions comes from the fact that downregulated genes 
are involved in cross-membrane transport. One example would be the solute 
carrier family 36 member 4 coded by the gene SLC36A4. It is involved in 
the transport reactions of four amino acids (glycine, alanine, proline, and 
serine). The solute carrier family 6 member 15 (SLC6A15) is involved in the 
transport of 11 amino acids. The remaining course of this work will focus on 
the relationships between the changes at the transcriptomic and metabolomic 
levels. 

3.7. The search for potential drug targets for breast cancer by 
combining metabolic and genomic data 

Three of the perturbed metabolites from the previous analysis (methionine, 
taurine, and hypotaurine) can be tracked down to a common precursor – 
homocysteine (Fig. 3.7.1.), an intermediate in the methionine cycle. Another 
metabolite, pyroglutamic acid, formed by the breakdown of glutathione, can 
also be traced back to homocysteine, although the carbon atoms in pyroglutamic 
acid come from glutamine involved in the synthesis of glutathione. We found 
that the gene AHCY coding the enzyme adenosylhomocysteinase, which 
is involved in the breakdown of S-adenosylhomocysteine into adenosine 
and L-homocysteine, is significantly downregulated in MCF-7 and BCC 
as compared to MCF-10A. AHCY was previously implicated as a tumour 
suppressor gene involved in p53-induced cell cycle arrest [148]. This function 
seems to be cell type-specific, as some cancers, for example, neuroblastoma, 
overexpress AHCY, making it a tumour promoter [149, 150].  In our case, 
the downregulation of AHCY together with the decreased concentration of 
methionine in cell extracts, led to the assumption that the malignant cell lines 
we study have a lower activity of the methionine cycle. Two of the other 
perturbed metabolites – betaine and choline, also are linked to the methionine 
cycle. Choline is a vitamin obtained from the diet. It is involved in the synthesis 
of betaine (Fig. 3.7.1), which provides methyl groups to the methionine cycle. 
The aforementioned groups are then used in the methylation of DNA and 
protein with S-adenosyl methionine (SAM) as a methyl donor [151]. The 
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internal choline pool appeared to be lower in both cancer cell lines. That 
could be explained by the downregulation of the gene solute carrier family 
44 member 5 (SLC44A5), which codes a choline transporter. Betaine, on the 
other hand, had higher concentrations in malignant cell lines. As mentioned 
before, betaine is produced from choline, but it can also be a product of 
glycine metabolism. However, betaine can only be consumed by the enzyme 
betaine-homocysteine methyl transferase, which is a step in the methionine 
cycle. Ultimately, due to the reduced activity of the methionine cycle, the 
consumption of betaine decreases, resulting in its accumulation in the cells. 

Fig. 3.7.1. Altered metabolic pathways in the studied breast cancer cells, 
identified by an integrated metabolomic and transcriptomic analysis. 

Metabolites and genes that are lower in concentration or expression in malignant cells are 
depicted in blue, while the ones with higher profiles in cancer cells are marked in red.

Methionine is involved in the synthesis of SAM –  a donor of methyl groups, 
used for protein and DNA methylation [152]. High SAM concentrations 
can have an anti-cancer effect by inducing apoptosis or down-regulating 
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oncogenes by methylation [153]. Our observations regarding the lower 
activity of the methionine cycle might mean a lower re-methylation rate of 
SAM has a protective effect on malignant cells. The possibility of using SAM 
in cancer therapy was shown by several groups on different breast [154, 155] 
and liver [156] cancer cells. 

Other researchers have shown that methionine sulphoxide reductase 
A, another enzyme that contributes to the pool of methionine by reducing 
oxidised methionine, is downregulated in MCF-7 cells, as compared to 
HEK-293 [157]. The same group also showed that the downregulation of 
this enzyme is associated with a more aggressive phenotype of breast cancer 
[158], proposing that this phenomenon is related to the antioxidant nature 
of the enzyme, as ROS are important mediators of invadopodia formation, 
necessary for cell invasion [158, 159]. 

Tumour-suppressor genes are usually neglected when it comes to target-
based discovery of anti-cancer agents, mainly because inhibiting the gain-of-
function with small molecules looks like an easier approach, than restoring the 
loss-of-function [160]. However, in terms of nutrition, the methionine cycle 
in cancer could easily be activated by an increased methionine intake, which 
would also be a less toxic path in targeting cancer. Several studies have shown 
that excess methionine stopped the proliferation of MCF-7 and other cells 
through p53 [161–164], without affecting benign cells. Clinical implications 
should be addressed with caution though, as some breast and other cancer 
types are methionine dependent and a higher intake of methionine could 
benefit the cancer more than the patient. This further stresses the importance 
of personalised medicine in the field of oncology. In the future, new treatment 
strategies should consider a thorough metabolic investigation of the tumour 
beforehand. Other limitations of metabolite supplementation in cancer 
therapy could include the possibility that using SAM as an adjuvant might 
trigger the methylation of other tumour-suppressor genes, thus promoting 
carcinogenesis [156]. 

Our gene expression data also showed that the two genes involved in the 
biosynthesis of serine from 3-phosphoglycerate (PHGDH and PSPH) were 
overexpressed in MCF-7 and BCC as compared to MCF-10A (charts with more 
detailed gene expression data can be seen in Fig. 3.7.2). The gene PHGDH 
codes phosphoglycerate dehydrogenase and was shown to be overexpressed 
in several cancers before [165]. Studies have shown that overexpression of 
this gene in non-malignant MCF-10A cells can cause phenotypic alterations 
that predispose cells to malignancy [166]. A higher expression of PHGDH in 
breast cancer patients was also associated with a shorter time to relapse and 
decreased overall survival [167]. PSPH codes phosphoserine phosphatase, 
which is involved in the last step of L-serine synthesis. Overexpression of 
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PSPH is also a presumed marker for colorectal cancer [168]. The role of these 
two genes in cancer is still not fully understood. Together with the elevated 
intracellular serine pool, our results indicate a greater biosynthesis rate of 
serine. Serine is another important contributor to one-carbon metabolism as 
it is a major source of methyl groups for methylation reactions [169]. Apart 
from that, serine is also a precursor for the biosynthesis of many molecules, 
such as glycine (ultimately resulting in glutathione, purines, and porphyrins), 
cysteine as well as sphingo- and phospholipids [170]. Because of this, many 
tumours can develop a dependency on extracellular serine. This was shown 
on xenografic mice − tumours grew almost twice as fast when on a serine and 
glycine-rich diet [171]. Other studies show that PSPH can promote cancer 
invasion and colony formation by pathways, unrelated to synthesis of L-serine 
[172, 173], suggesting a pharmacologic inhibition of the enzyme would be a 
better alternative for cancer treatment than dietary restriction in this case.

Fig. 3.7.2. Expression levels of genes, involved in the observed 
perturbations in intracellular metabolic pools. 

The expression data is presented in RPKM. Error bars represent standard deviations (n=3). 
Statistical significance determined by t-test as compared to MCF-10A: p<0.05 (*),  p<0.01 
(**), p<0.001 (***).
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Due to increased mitochondrial activity, ROS are usually significantly 
elevated in cancer. They activate ROS-mediated signalling in cancer, by 
oxidation of phosphatases in mitogen-activated protein kinase (MAPK) 
signalling cascades or the PI3K/protein kinase B (Akt) signalling pathway 
[174]. Glutathione scavenges free radicals and acts as a detoxifying agent in 
cells [175]. Degradation of glutathione results in a metabolic dead end that 
is pyroglutamic acid (also depicted in Fig. 3.7.1.), which was upregulated in 
our malignant cell lines. Our transcriptomic analysis revealed that the gene 
CHAC1 was also overexpressed in both MCF-7 and BCC. The product of 
this gene – glutathione-specific γ-glutamylcyclotransferase 1, breaks down 
glutathione into cysteinyl-glycine and pyroglutamic acid [176]. Knock-down 
of this gene can reduce cell migration and proliferation, while overexpression 
of this gene can have the opposite effect. Also, a higher expression of the gene 
correlates with poorer prognosis in breast and ovarian tumours [177, 178]. 
Taking this into account, our findings suggest pyroglutamic acid could also 
be a potential metabolic biomarker of breast cancer and CHAC1 a target for 
drug design and development.

Our results also showed a higher concentration of acetyl-carnitine 
in malignant cells, suggesting a higher activity of the carnitine shuttle, 
responsible for the transportation of fatty acids from cytosol to mitochondria. 
The association between the carnitine shuttle and cancer is also well-
established [179]. Acetyl-carnitine was shown to be a prognostic biomarker 
for hepatocellular carcinoma [180] and effective in enhancing the antitumoural 
effects of cisplatin or histone deacetylase inhibitors [181]. Other perturbations, 
like a lower concentration of mannitol in the malignant cell lines, can only be 
explained by alterations in transporter activity, as mannitol is a metabolically 
inert molecule in humans. Indeed, SLC26A6, coding a mannitol transporter, 
showed a lower expression in BCC and MCF-7 compared to MCF-10A. 

Finally, the gene expression data was used to constrain a GSMM and it was 
analysed using a previously created Python library pyTARG [88]. pyTARG 
is a set of functions that take GSMMs as input and predicts metabolic fluxes 
as well as outputs a list of possible drug targets in the form of perturbed 
reactions from the model. We used flux balance analysis to predict metabolic 
flux distributions. The analysis revealed a downregulation of the respiratory 
chain in the malignant cell lines, which is consistent with Warburg’s effect 
and was previously observed in a larger panel of different cancer cells [88]. 
We found that the reaction rate of ATP-synthase was lower in the two cancer 
cells and genes ATP1B3 and ATP6V1H were downregulated. Similar results 
were seen in human colon cancer cells with resistance to 5-fluorouracil [182]. 
Complex III of the respiratory chain had a lower reaction rate, and two of 
the genes involved (UQCRH and UQCR1) were downregulated. We also 
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observed a lower metabolic flux in Complex II of the respiratory chain, due 
to the downregulation of the gene NDUFB8. The lower reaction rate of ATP-
synthase can be explained by a metabolic “switch” that was observed in the 
work of Sánchez-Cenizo et al. The ATPase inhibitory factor 1 controls a shift 
from OXPHOS to enhanced aerobic glycolysis and is highly overexpressed 
in all lung, colon, and breast cancers [183]. As we have already discussed 
throughout the dissertation, aerobic glycolysis supports cancer by providing 
more than just energy and the shift from OXPHOS protects from reaching 
lethal levels of ROS. We found extracellular serine uptake was also lower 
in both studied cancer cells because of the downregulation of the serine/
proton symporter, coded by the gene SLC36A4. This further supports our 
previous findings regarding upregulated serine biosynthesis in the studied 
cancer cells, making serine biosynthesis even more of a prospective target 
for drug development. Finally, the model predicted lower CO2 transformation 
to bicarbonate in malignant cell lines, as a result of the downregulation of 
two carbonic anhydrases (CA6 and CA2). Carbonic anhydrases have been 
recognised as crucial regulators of tumour cell pH, as they adjust bicarbonate 
and proton levels essential for cell survival and growth. This recognition has 
driven efforts to inhibit particular carbonic anhydrase isoforms as potential 
cancer drug targets. Only two of the 12 active isoforms, carbonic anhydrases 
IX and XII have been identified as anti-cancer targets. Other isoforms have 
not been explored as potential therapeutic targets for cancer therapy [184]. 
Low carbonic anhydrase II protein expression often serves as a biomarker 
associated with tumour aggressiveness and poor prognosis in various 
cancers, including pancreatic ductal adenocarcinomas, colorectal, gastric, 
and gastrointestinal stromal cancers [185–188]. Because of that, this isoform 
can be viewed as both a diagnostic and an independent prognostic factor for 
favourable outcomes and overall survival in the mentioned cancers. However, 
in other cancers like astrocytomas, oligodendrogliomas, melanomas, 
pulmonary endocrine tumours, as well as breast cancer, the upregulation 
of carbonic anhydrase II is linked to poor prognosis, tumour progression, 
and metastasis [187, 189–191]. There are no studies to this date linking the 
other isoform we found downregulated – carbonic anhydrase VI to cancer 
progression [184], suggesting an interesting research question for the future. 
A complete list of all the perturbed metabolic reactions and their associated 
genes we found to be significant for cancer can be found in the supplements 
section as Supplement S7.
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CONCLUSIONS

1.	 The extent of BCAA degradation in the production of cellular energy 
by the Krebs cycle was 34 % in MCF-7 cells, 14 % in BCC cells, and 
10 % in MCF-10A cells. Mevalonate production from the breakdown of 
leucine was exclusive to breast tumour cells; the percentage of carbon 
from leucine that eventually formed mevalonate was 67 % in MCF-7 
cells and 22 % in BCC cells. Consequently, the suppression of BCAA 
metabolism significantly slowed down breast tumour cell invasiveness. 

2.	 An upregulation of 3-hydroxyisovalerate and 3-hydroxyisobutyrate, 
along with a downregulation of mevalonate was observed in the blood 
plasma of patients with breast tumours compared to healthy control. 
The metabolic pathways of breast cancer patients are regulated in a way 
that satisfies the high demand for mevalonate and acetyl-CoA. There-
fore, the aforementioned metabolites could be used as biomarkers for 
identifying early-onset breast cancer. 

3.	 Thirty-three internal metabolites were identified as common among 
BCC, MCF-7 and MCF-10A cells. Ten of them – tyrosine,  mannitol, 
acetylcarnitine, serine, methionine, taurine, hypotaurine, choline, be-
taine, and pyroglutamic acid – were associated with malignant breast 
tumours. The last six of the aforementioned are metabolically linked 
to the methionine cycle. An integrated analysis of the metabolome 
and transcriptome revealed that the genes AHCY, PHGDH, PSPH and 
CHAC1 involved in methionine and serine metabolism, could be che-
motherapeutic targets for the studied breast tumour cells.
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SANTRAUKA

Įvadas

Pasaulio sveikatos organizacija pripažino krūties piktybinius navikus vy-
raujančia navikų forma visame pasaulyje [1]. Apskaičiuota, kad šia liga per 
gyvenimą susirgs viena iš aštuonių moterų [2]. Nepaisant dėl mokslo ir me-
dicinos pažangos pagerėjusių prognozių, ankstyvas ligos aptikimas ir indivi-
dualizuotas gydymas išlieka svarbūs uždaviniai, siekiant sumažinti pacientų 
naštą ir padidinti išgyvenamumo rodiklius. Vienas sunkiausiai įveikiamų on-
kologinių ligų bruožų – metabolinis perprogramavimas – sulaukė didžiulio 
mokslininkų susidomėjimo prieš beveik šimtmetį, kai Otto Warburg paskelbė 
apie navikinėse ląstelėse vykstančią aerobinę glikolizę [3]. Nuo to laiko, skir-
tumų tarp piktybinių ir sveikų audinių tyrimai yra tikslinės terapijos atradimų 
pagrindas. 

Be gliukozės, naviko progresavimui itin svarbi aminorūgščių medžiagų 
apykaita. Navikui jos ne tik baltymų statybinė medžiaga, bet ir signalinės 
molekulės, tarpiniai produktai kitoms biologinės sintezės reakcijoms bei 
papildomas energijos šaltinis [5]. Šakotos grandinės aminorūgštys (angl. 
branched-chain amino acids, BCAA) sulaukė didelio susidomėjimo po to, 
kai navikinėse ląstelėse buvo pastebėta padidėjusi fermentų, atsakingų už jų 
metabolizmą raiška [6]. Pirmasis fermentas BCAA skilimo kelyje – šakoto-
sios grandinės aminorūgščių transferazė (angl. branched-chain amino acid 
transferase, BCAT) yra vienas iš potencialių chemoterapinių taikinių [8], taigi 
gilesnis navikų aminorūgščių metabolizmo supratimas yra daug žadantis bū-
das plėtoti tikslinę onkologinių ligų terapiją. Kartu su molekulinės biologijos 
ir genomikos mokslų pažanga žengia ir noras sumažinti bauginančios krūties 
piktybinio naviko diagnozės naštą ateities kartoms.

Tyrimo tikslas

Šio darbo tikslas išaiškinti sudėtingą aminorūgščių vaidmenį krūties pikty-
binių navikų medžiagų apykaitoje, taikant įvairius omikos metodus bei bioin-
formacinę analizę chemoterapinių vaistų taikinių paieškoms.

Tyrimo uždaviniai

1.	 Nustatyti šakotos grandinės aminorūgščių vaidmenį krūties naviko ląs-
telių energetikoje ir biologinėje mevalonato sintezėje, naudojant izoto-
pais žymėtas aminorūgštis.
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2.	 Atlikti palyginamąją krūties piktybiniais navikais sergančių pacienčių 
ir sveikų moterų kraujo plazmos analizę, ieškant šakotos grandinės 
aminorūgščių metabolizmo tarpinių produktų.

3.	 Derinant metabolomikos ir transkriptomikos duomenis nustatyti ami-
norūgščių metabolizmo pokyčius krūties naviko ląstelėse, siekiant rasti 
potencialius vaistų taikinius.

Darbo mokslinis naujumas

Nors ryšys tarp navikų ir padidėjusios BCAA skaidančių fermentų raiškos 
yra diskusijų tema jau apie dešimtmetį, aiškus mechanizmas, kuriuo BCAA 
metabolizmas veikia navikų vystymąsi dar nėra žinomas. Šiame darbe mes 
atskleidžiame naujus mechanizmus, kuriais BCAA skatina krūties navikų 
progresavimą, sekdami jų metabolizmą bei virtimą ląsteline energija ir ląste-
lės statybinėmis medžiagomis, o tai savo ruožtu prisideda prie naujų terapinių 
metodų paieškos ir biožymenų ankstyvai diagnostikai atradimo. Nauji šio dar-
bo atradimai apima BCAA katabolizmo įtakos acetilkofermento A ir mevalo-
nato gamybai įvertinimą navikinėse ląstelėse bei potencialių plazmos krūties 
navikų biožymenų atradimą, atsižvelgiant į padidėjusį BCAA katabolizmą, 
aptiktą moterų, kurioms naujai diagnozuota invazinė duktalinė karcinoma, 
kraujyje. Be to, jungdami krūties navikinių ląstelių metabolominius ir trans-
kriptominius duomenis naudodamiesi bioinformaciniais metodais, nustatome 
sutrikimus navikinių ląstelių vienos anglies metabolizme, kurie galėtų būti 
tolimesnių tyrimų apie aminorūgščių vaidmenį navikų progresavime tema.

Kiti svarbūs su darbu susiję aspektai

Šios disertacijos rezultatai buvo Lietuvos mokslo tarybos finansuojamo 
projekto „Šakotosios grandinės aminorūgščių degradacijos įtaka navikinių 
ląstelių metabolizmui ir proliferacijai“ (S-SEN-20-6) dalis. Tyrimų rezultatai 
padalinti į septynias dalis, siekiant geriau atskirti skirtingus tiriamus aspektus, 
tačiau išvados buvo formuluojamos atsižvelgiant į kelis iš jų. Skyrių „Ląstelių 
energijos, gautos skaidant BCAA, kiekybinis įvertinimas“ ir „BCAA indėlis 
į mevalonato metabolizmą“ rezultatai buvo paskelbti viename recenzuoja-
mame straipsnyje. Jie, kartu su neskelbtais skyriaus „BCAA reikšmė ląstelių 
invazyvumui“ rezultatais sudaro pirmąją išvadą. Antrąją išvadą sudaro ne-
skelbti rezultatai pateikti skyriuje „BCAA katabolizmo tarpinių metabolitų 
nustatymas kraujo plazmoje“, o kitų skyrių rezultatai publikuojami antrajame 
recenzuojamame straipsnyje ir sudaro trečiąją šios disertacijos išvadą.
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TYRIMŲ METODAI

Ląstelių kultūros ir jų kultivavimo sąlygos

Šioje disertacijoje buvo naudojamos dvi komercinės ląstelių linijos: epi-
telinės krūties adenokarcinomos (MCF-7) ir normalaus krūties epitelio 
(MCF-10A) ląstelės. Mūsų duktalinės karcinomos ląstelių  modelis (BCC) 
yra iš paciento išskirta pirminė ląstelių kultūra, aprašyta ankstesnėje publi-
kacijoje [7]. MCF-7 ir BCC ląstelių linijos atitinka luminalinius A ir B krū-
ties navikų potipius. MCF-7 ir BCC ląstelės buvo auginamos DMEM/F-12 
(1:1) mitybinėje terpėje, papildytoje 10 proc. fetaliniu jaučio serumu (angl. 
fetal bovine serum, FBS) ir 1 proc. penicilino-streptomicino (pen-strep) tir-
palu (10,000 TV penicilino ir 10 mg streptomicino mililitre tirpalo). MCF-
10A ląstelės buvo kultivuojamos DMEM/F-12 (1:1) terpėje, papildytoje  
5 proc. arklio serumu, 1 proc. pen-strep, rekombinantiniu žmogaus insulinu  
(10 µg/ml), choleros toksinu (100 ng/ml), rekombinantiniu žmogaus epider-
miniu augimo faktoriumi (20 ng/ml) ir hidrokortizonu (500 ng/ml). Ląstelės 
buvo kultivuojamos apdoroto paviršiaus flakonuose arba plokštelėse, drėgna-
me 37 °C temperatūros ir 5 proc. CO2 koncentracijos inkubatoriuje. Trip-
sino-EDTA tirpalas, praskiestas fosfatiniu buferiu (angl. phosphate-buffered 
saline, PBS) iki galutinės 0,05 proc. koncentracijos, buvo naudojamas ląste-
lėms atlipinti nuo flakono kitam sėjimui. DMEM terpė, papildyta 15 proc. 
FBS ir 10 proc. dimetilsulfoksidu, buvo naudojama ilgalaikiam ląstelių krio-
konservavimui itin žemos temperatūros šaldiklyje –80 °C temperatūroje.

Transfekcija

Transfekcija buvo atlikta vadovaujantis jetPRIME transfekcijos reagen-
to protokolu. Ląstelės sėjamos į 6-ių šulinėlių plokšteles arba 35 mm ∅ Petri 
lėkšteles naktį prieš transfekciją, kad būtų pasiektas 60–80 proc. padengimas. 
Mitochondrinės šakotos grandinės aminorūgščių transferazės (BCAT2) ge-
nui slopinti buvo naudota 5 nM siRNR prieš BCAT2 geną koncentracija ir 
reikiamas transfekcijos reagento jetPRIME® kiekis. Į sterilų mėgintuvėlį su 
jetPRIME® buferiu buvo įpiltas atitinkamas siRNR kiekis, jis 10 sekundžių 
maišomas sūkuriniu maišytuvu, centrifuguojamas, tada į tą patį mėgintuvėlį 
įpilamas transfekcijos reagentas, mėgintuvėlis vėl 10 sekundžių maišomas ir 
inkubuojamas kambario temperatūroje 10 min. Po inkubacijos mišinys išpils-
tomas į atitinkamus šulinėlius. Kontrolinė transfekcija be siRNR buvo atlikta 
taip pat. 
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„Žaizdos gijimo“ metodas

Prieš eksperimentą 35 mm ∅ Petri lėkštelės buvo padengtos fibronektinu, 
ištirpintu minimaliame PBS tūryje (1 µg/cm2) ir džiovintos laminare, kam-
bario temperatūroje. Ląstelės buvo sėjamos taip, kad jų padengimas trans-
fekcijos metu būtų 50 proc. Eksperimentas pradedamas praėjus 24 val. po 
transfekcijos. Siauras ląstelių sluoksnis nubraukiamas aštriu vienkartinio  
10 µl pipetės antgalio kraštu. Suformuotas plyšys tuomet reikiama kryptimi 
fiksuojamas ant mikroskopo stalelio tvirtinamame inkubatoriuje su tempera-
tūriniu rėžimu bei CO2 tiekimu ir paliekamas vaizdinti 8 val. Praėjus 8 valan-
doms nuo eksperimento pradžios, pirmasis ir paskutinis vaizdai analizuojami 
matuojant „žaizdos“ užsivėrimo plotą, pagal toliau nurodytus skaičiavimus:

„Žaizdos“ užsitraukimas (%) = (A(t = 0h) – A(t = Δh))/(A(t = 0h))
A(t = 0h) – „žaizdos“ plotas iš karto po nubraukimo (laikas nulis)
A(t = Δh) – „žaizdos“ plotas praėjus h val. po nubraukimo

Eksperimentai su 13C izotopais žymėtomis aminorūgštimis

Ląstelės buvo kultivuojamos 24 val. terpėje, kurioje BCAA arba glutami-
nas (priklausomai nuo eksperimento) pakeisti izotopais žymėtais jų atitikme-
nimis. Terpė buvo gaminama individualiai pagal įprastos DMEM mitybinės 
terpės sudėtį ir papildyta 10 proc. FBS bei 1 proc. pen-strep. Norint įvertinti 
žymėtų BCAA skilimo profilį, terpė buvo papildyta 0,8 mM galutinės kon-
centracijos L-Valinu13C5,

15N, L-Leucinu13C6,
15N ir L-Izoleucinu13C6,

15N. Me-
valonato skilimo profiliui įvertinti į terpę buvo pridėta tik aukščiau nurodytos 
koncentracijos L-Leucino13C6,

15N. Glutaminolizės įvertinimui terpė buvo pa-
pildyta tik 4 mM galutinės koncentracijos L-Glutaminu13C5. 

Metabolitų išskyrimas iš ląstelių

Metabolominei analizei ląstelių ekstraktai buvo paruošti kaip nurodyta 
Sellick ir bendraautorių protokole [97]. Išdžiovinti metabolitų ekstraktai gali 
būti laikomi –80 °C temperatūroje arba rehidratuojami dejonizuotu vande-
niu ir analizuojami pasitelkiant itin aukšto našumo skysčių chromatografiją 
su elektropurkštuvinės jonizacijos šaltiniu ir tandeminiu masių spektrometru 
(angl. ultra-performance liquid chromatography system with electrospray  
ionisation source and tandem mass spectrometer; UPLC-ESI-MS/MS). 

Plazmos paruošimas masių spektrometrijos analizei

Kraujo plazmos analizei gautas Kauno regiono biomedicininių tyrimų eti-
kos komiteto leidimas (2021-03-23, Nr. BE-2-32). Visi tiriamieji buvo mote-
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rys ir davė raštišką informuotą sutikimą. Iš viso buvo paimta 20 kraujo mė-
ginių: 10 kontrolinių mėginių iš sveikų moterų  bei 10 iš pacienčių, kurioms 
anksti diagnozuota to paties potipio, kaip BCC ląstelių linijos (T1 N0 M0 
G2, ER+, PR+, HER2(3+)) invazinė duktalinė karcinoma. Mėginius sudarė 
3 ml šviežiai paimto kraujo vakuuminiuose EDTA apdorotuose (purpuriniu 
dangteliu) kraujo surinkimo mėgintuvėliuose. Iš karto po paėmimo mėginiai 
buvo centrifuguojami 1300×g 20 minučių 10 °C temperatūroje. Tada 1,5 ml 
supernatanto (plazmos) buvo atsargiai perkelta į naują mėgintuvėlį ir centri-
fuguojama 15500×g 10 minučių 10 °C temperatūroje. Surinktas supernatan-
tas buvo paskirstytas į mikrocentrifuginius mėgintuvėlius ir laikomas šaldi-
klyje –80 °C temperatūroje ilgalaikiam saugojimui. Norint paruošti plazmą 
chromatografinei analizei, į 250 µl plazmos buvo pridėta 1,5 ml ledo šaltumo 
metanolio baltymų nusodinimui. Tada mėginiai buvo 10 sekundžių purtomi, 
po to 20 minučių laikomi –20 °C temperatūroje. Tuomet mėginiai 10 minu-
čių centrifuguojami 18000×g 4 °C temperatūroje. Supernatantas džiovinamas 
vakuuminio koncentratoriaus pagalba ir laikomas –80 °C temperatūroje iki 
instrumentinės analizės. Ruošiantis chromatografijai, išdžiovintos nuosėdos 
buvo ištirpintos acetonitrile.

UPLC-ESI-MS/MS

Atlikus metabolitų ekstrakciją, mėginiai buvo analizuojami naudojant 
Acquity H klasės UPLC sistemą. Ekstraktams atskirti buvo naudojama 
YMC-Triart C18 (100 × 2,0 mm, 1,9 µm) kolonėlė, o masių spektrometri-
jos duomenims gauti buvo naudojamas trigubo kvadrupolio tandeminis ma-
sės spektrometras Xevo TQD, sujungtas su elektropurkštuvinės jonizaci-
jos (angl. electrospray ionisation, ESI) jonų šaltiniu, neigiamu režimu nuo  
50 m/z iki 250 m/z. Kolonėlės temperatūra buvo nustatyta ties 40 °C. Eliucija 
judančia 0,1  proc. skruzdžių rūgšties vandeninio tirpalo (tirpiklis A) ir ace-
tonitrilo (tirpiklis B) faze buvo atlikta 0,4 ml/min tekėjimo greičiu, keičiant 
tirpiklio A proporcijas gradientu: 0–0,2 min. 95 proc., 0,2–1,5 min 10 proc., 
1,5–1,8 min 90 proc. ir 1,8–2 min atgal į pradines sąlygas. Masių spektro-
metro kapiliarinė įtampa –2 kV, šaltinio temperatūra 150 °C, desolvatacijos 
dujų (azoto) temperatūra 400 °C, dujų srautas 700 l/val, kūgio dujų srautas –  
20 l/val., o įtampa 25 V.

Metabolomikos duomenų analizė

Kiekvienam mėginiui buvo atlikti trys biologiniai pakartojimai. Metabo-
litai, aptikti visuose mėginiuose, atpažinti pagal jų sulaikymo laiką, kurį nu-
statė Virgiliou ir bendraautoriai [98]. Duomenims analizuoti buvo naudoja-
mas MetaboAnalyst [95], tačiau kelių praturtinimo analizei buvo naudojamas 
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kitas įrankis – WebGestalt [96], kadangi MetaboAnalyst nepavyko nustatyti 
aiškių ryšių tarp sutrikusių metabolitų (išskyrus akivaizdžius, tokius kaip tau-
rinas ir hipotaurinas).

Metabolizmo srauto modeliavimas remiantis 13C izotopų sekimu

Apskaičiuojant acetil-KoA frakcijas, gautas skylant BCAA, buvo naudo-
jamas nežymėto (M0) malato ir malato su dviem žymėtomis anglimis (M2) 
santykis. Eksperimentuose su žymėtu glutaminu, glutaminolizės mastas buvo 
įvertintas naudojant malato frakciją su keturiomis žymėtomis anglimis (M4), 
kaip tiesioginis α-ketoglutarato frakcijos, gautos iš glutamino atitikmuo. Dėl 
sąveikos su fermentais, tokiais kaip malato dehidrogenazė ir piruvato kar-
boksilazė, susidaro sudėtingi žymėti Krebso ciklo tarpinių produktų profi-
liai, kurie šiame darbe nebuvo tiriami. Metaboliniai srautai aplink 3-hidrok-
si-3-metilglutaril-kofermentą A (HMG-KoA) sudarė sudėtingus mevalonato 
žymėjimo modelius. Srautams apskaičiuoti naudotas elementariųjų metaboli-
nių vienetų metodas [99]. Python programavimo kalba buvo parašytas kodas, 
kuriuo galima numatyti mevalonato ženklinimo modelius iš srautų pasiskirs-
tymo. Metaboliniai srautai buvo koreguoti, siekiant sumažinti santykines pa-
klaidas tarp numatomų ir stebimų mevalonato masės dalių.

RNR sekoskaita

Kiekvienai tirtai ląstelių linijai (MCF-7, MCF-10A ir BCC) paruošėme 
po tris biologinius mėginio pakartojimus. Po tripsinizacijos 1×106 ląstelių iš 
kiekvieno mėginio buvo sumaišyta su 500 µl DNA/RNA ShieldTM transpor-
tavimo terpės, taip paruošiant mėginius siuntimui. Mėginiai buvo išsiųsti į 
Zymo tyrimų laboratorijas naujos kartos RNR sekoskaitai. Tyrimų laboratori-
ja sudarė RNR sekoskaitos bibliotekas iš 500 ng RNR, naudodama Zymo-Seq 
RiboFree Total RNA Library Prep Kit rinkinį. Analizė buvo atlikta naudojant 
„Illumina NovaSeq“ sistemą. Sekos gylis buvo mažiausiai 30 milijonų bazių 
porų (150 bp porinių galų sekoskaitai) vienam mėginiui.

RNR sekoskaitos duomenų analizė

Gautų sekoskaitos bazių porų prilyginimui standartinei sekai (žmogaus 
transkriptomo standartas buvo gautas iš Ensembl BioMart duomenų bazės) 
buvo naudojamas Bowtie2 [92] įrankis. Gautų suderintos sekos žemėlapio 
failų analizavimui buvo parašytas Python kodas, pagrįstas HTSeq biblioteka 
[94]. Kiekvieno geno ekspresija apskaičiuota rodmenimis per kilobazę mi-
lijonui skaitymų. Padidėjusios ir sumažėjusios raiškos genams įvertinti tarp 
piktybinių ir sveikų ląstelių linijų buvo naudojamas Stjudento t-testas. Gautos 
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reikšmės buvo koreguotos siekiant išvengti daugkartinio testavimo paklaidų, 
kaip aprašyta ankstesniame darbe [7]. Apdoroti ir neapdoroti duomenys pa-
talpinti į NCBI GEO duomenų bazę (įrašo numeris GSE223718).

Integruota duomenų analizė pasitelkiant pyTARG

Reikšmingų ryšių tarp metabolomikos ir transkriptomikos duomenų paieš-
kai buvo naudojamas genomo masto metabolinis modelis (angl. genome- 
scale metabolic model, GSMM). Tokiu būdu siekta rasti koreliaciją tarp meta-
bolizmo ir genų ekspresijos pokyčių. pyTARG – tai anksčiau mūsų komandos 
sukurta [100] Python biblioteka metaboliniams srautams numatyti pasitel-
kiant genų ekspresijos duomenis. Metabolinės reakcijos, kurios skiriasi tarp 
sveikų ir piktybinių ląstelių linijų, buvo nustatytos naudojant Stjudento t-testą 
su 0,05 klaidingo aptikimo dažniu po daugkartinio testavimo paklaidų korek-
cijos. Vidutinis srautų skirtumas, didesnis nei 0,001 mmol h-1 g-DW-1 (mili-
molių per valandą vienam gramui sausos masės) buvo reikalingas reikšmin-
giems rezultatams nustatyti. Plataus spektro metabolinio srauto pasiskirstymo 
pokyčiams įtakos gali turėti santykinai nedidelis metabolinių genų skaičius. 
Norint išsiaiškinti srautą kontroliuojančius genus, buvo nustatyti reikšmingi 
apskaičiuoto reakcijos greičio ir bent vieno su reakcija susijusio geno ekspre-
sijos lygio pokyčiai.

Statistinė analizė

Visi eksperimentai su ląstelėmis buvo atlikti mažiausiai trimis biologi-
niais pakartojimais (n = 3). Duomenų išsibarstymas diagramose išreiškiamas 
standartine paklaida. Poriniai palyginimai atlikti naudojant Stjudento t-tes-
tą. Reikšmingumo lygmuo p < 0,05. „Žaizdos gijimo“ bei eksperimentų su 
kraujo plazma statistinė analizė atlikta naudojant „Microsoft Excel 16.75“. 
Metabolizmo duomenų analizė atlikta naudojant MetaboAnalyst [101] – in-
ternetinį įrankį. Pagrindinių komponentų analizė (angl. principal component 
analysis, PCA) buvo atlikta siekiant sumažinti gautų duomenų matmenis ir 
vizualizuoti skirtingus metabolitų profilius. Prieš PCA atliktas išankstinis 
duomenų apdorojimas, įskaitant normalizavimą bei mastelio pritaikymą. Po 
prilyginimo standartinei sekai, duomenų apskaičiavimo ir normalizavimo, 
naudojant anksčiau minėtus Python kodus, pagrįstus HTSeq biblioteka, RNR 
sekvenavimo duomenų diferencinės ekspresijos analizė taip pat buvo atlik-
ta naudojant Python. Siekiant įvertinti statistinį reikšmingumą tarp skirtingų 
ląstelių linijų panaudotas t-testas ir gautos kiekvieno geno p reikšmės. 
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REZULTATAI IR JŲ APTARIMAS

Ląstelių energijos, gautos skaidant BCAA, kiekybinis įvertinimas

Kol kas dar nėra įmanoma tiesiogiai išmatuoti metabolinių reakcijų grei-
čio, tačiau kiekybiškai įvertinti medžiagų apykaitos srautus galima netiesio-
giai, matuojant tarpląstelinių metabolitų ženklinimo profilius. Šis metodas 
apima izotopiškų atomų (pvz., 13C vietoje 12C) sekimą molekulėse, kad būtų 
galima atsekti jų metabolizmo kelius. Šiems matavimams naudojami tokie 
jautrūs metodai kaip branduolinis magnetinis rezonansas arba tandeminė 
masių spektrometrija. Norėdami išsiaiškinti, kokią įtaką BCAA turi ląstelių 
energetikai, ląsteles kultivavome terpėje, papildytoje pilnai izotopais pažymė-
tomis BCAA. Acetilkofermento A (acetil-KoA) dalis, susidariusi BCAA ski-
limo metu, buvo įvertinta pagal žymėto ir nežymėto malato santykį. Vertinant 
rezultatus, buvo atsižvelgta ir į glutaminolizę, turinčią įtakos malato santykiui 
– atlikti eksperimentai su žymėtu glutaminu. Baltymų skilimo reakcijų metu 
ar terpę papildžius serumu joje gali atsirasti nežymėtų BCAA, taigi norėdami 
atmesti jų įtaką ląstelių energetiniam metabolizmui, matavome BCAA tran-
saminacijos produktų (4-metil-2-oksopentanoato, 3-metil-2-oksopentanoato 
ir 3-metil-2-oksobutanoato) frakcijas, žymėtas ir nežymėtas izotopais. Nuo-
seklios metabolitų frakcijos, susidariusios tirtose ląstelėse skylant BCAA, 
parodė, kad maždaug 30 proc. nežymėtų BCAA atsirado iš ląstelių mitybinės 
terpės. Skaičiavimus atlikome laikydami, kad pilnai pažymėta malato frakci-
ja atitinka α-ketoglutaratą, gautą glutamino skaidymo metu, o kitos žymėtos 
malato frakcijos atsirado įvairių fermentinių reakcijų metu. Gauta 0,5 M4 ma-
lato frakcija BCC ląstelėse ir 0,17 M4 malato frakcija MCF-7 bei MCF-10A  
ląstelių linijose byloja apie didesnę glutaminolizės svarbą BCC ląstelėms. 
Tolimesniais skaičiavimais buvo vertinama acetil-KoA frakcija, atsižvelgiant 
į glutaminolizę ir nežymėtų BCAA kiekį terpėje. Rezultatai parodė, kad 34 
proc. energijos, susidariusios Krebso ciklo metu MCF-7 ląstelėse, buvo gauta 
BCAA skaidymo metu. Dėl didesnės glutaminolizės įtakos BCAA ląstelių 
energetiniam metabolizmui, energijos kiekis, susidaręs BCC ląstelėms skai-
dant BCAA, buvo 14 proc., o MCF-10A – 10 proc. Ankstesnis mūsų grupės ty-
rimas [7] numatė, kad energija, susidaranti MCF-7 ląstelėms skaidant BCAA, 
turėtų siekti 47 proc. visos ląstelinės energijos. Šis eksperimentas parodo, kad 
realybėje šis skaičius yra mažesnis ir kad dalis BCAA sunaudojama kitoms 
biosintezės reakcijoms, tokioms kaip mevalonato sintezė. Bendrai šio sky-
riaus rezultatai parodo, kad skirtingų navikinių ląstelių BCAA apykaita gali 
būti labai skirtinga, o tai tik dar kartą įrodo individualizuoto gydymo svarbą, 
pavyzdžiui, BCAA sumažinimas dietoje gali būti efektyvus kaip papildoma 
priemonė hormonų receptorius turinčių ir HER2 neigiamų luminalinių krūties 
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navikų gydymui (kaip MCF-7), bet mažiau efektyvus HER2 teigiamų (kaip 
BCC) navikų gydymui.

BCAA indėlis į mevalonato metabolizmą 

Be energijos gamybos, acetil-KoA gali būti panaudotas ir lipidų sintezei 
per mevalonato metabolinį kelią. Mevalono rūgštis arba mevalonatas yra 
cholesterolio ir kitų sterolių pirmtakas. Mevalonatą iš HMG-KoA sintetina 
fermentas, vadinamas HMG-KoA reduktaze. HMG-KoA gali būti leucino 
skilimo produktas, todėl atlikome eksperimentus su 13C6

15N žymėtu leucinu, 
siekdami išsiaiškinti, kiek leucinas prisideda prie mevalonato kelio. HMG-
KoA taip pat gali būti sintetinamas iš acetil-KoA arba acetoacetilkofermento 
A (acetoacetil-KoA), naudojant fermentą HMG-KoA sintazę. Kitas fermentas 
– HMG-KoA liazė, gali HMG-KoA suskaidyti atgal į acetil-KoA ir acetoa-
cetatą. Tada fermento acetoacetil-KoA  sintetazės pagalba acetoacetatas gali 
būti paverstas acetoacetil-KoA. Gautas acetoacetil-KoA  gali būti paverstas 
atgal į HMG-KoA – taip susidaro trimis anglimi pažymėtas mevalonatas 
(M3). Šis reiškinys nebuvo pastebėtas BCC ląstelėse, tačiau jis pasirodė svar-
bus MCF-7. Tuomet apskaičiavome optimalius metabolinių srautų pasiskirs-
tymus ir normalizavome skaičius pagal pagaminto mevalonato kiekį. Į skai-
čiavimus taip pat įtraukėme M2 žymėtą mitochondrinį acetil-KoA. Abiejų 
navikinių ląstelių linijų optimali frakcijos vertė buvo 0,1. Skaičiavimai atlikti 
darant prielaidą, kad 70 proc. HMG-KoA, susidarančio leucino skilimo metu, 
yra žymėtas. Norėdami įvertinti, kiek mevalonato (ir acetoacetato) susidaro 
iš leucino, palyginome bendrą anglies kiekį, gautą iš leucino skilimo kelio, 
su visa anglimi, kuri sudaro acetil-KoA. Anglies kiekį, susidarantį MCF-7 
ląstelėms skaidant leuciną, galima apskaičiuoti taip: 6 leucino anglies atomai 
padauginami iš HMG-KoA reakcijos greičio vienam mevalonato vienetui pa-
gaminti (6 × 1,3 = 7,8). Rezultatas lyginamas su suvartoto acetil-KoA atomų 
kiekiu. Grynąjį acetil-KoA suvartojimą galima apskaičiuoti iš visų jį varto-
jančių reakcijų greičių sumos atėmus reakcijos, kurios metu HMG-KoA liazė 
pagamina acetil-KoA, greitį (2 × (2,2 + 21,2 – 21,5) 2 × 1,9 = 3,8). Dabar ga-
lime apskaičiuoti bendrą anglies atomų, susidariusių MCF-7 skaidant leuciną, 
kiekį (7,8 / (7,8 + 3,8) = 0,67). Skaičiavimai rodo, kad 67 proc. mevalonato ir 
acetoacetato anglies atomų susidaro leucino skilimo metu. Remdamiesi tais 
pačiais skaičiavimais, mes išsiaiškinome leucino įtaką mevalonato sintezei 
ir BCC ląstelėse (1,8 / (1,8 + 6,4) = 0,22). Čia tik 22 proc. anglies gaunama 
iš leucino degradacijos. Priešingai nei navikinėse, sveikose MCF-10A ląs-
telėse mevalonato visai neaptikome. Įdomu ir tai, kad BCC ląstelių žymė-
ta mitochondrinio acetil-KoA frakcija, kilusi iš leucino, buvo labai panaši į 
tą, kuri apskaičiuota eksperimente su visomis trimis BCAA. Tai gali reikšti, 
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kad šiose ląstelėse, iš trijų BCAA, vienintelis leucinas yra atsakingas už ace-
til-KoA tiekimą. Ankstesnis mūsų grupės tyrimas [100, 109] atskleidė, kad 
daugumoje tirtų navikinių ląstelių linijų nerasta cholesterolio nešiklių, o tai 
rodo, kad norėdamos apsirūpinti cholesteroliu šios ląstelės yra priklausomos 
nuo mevalonato kelio. Leucino dalyvavimas de novo mevalonato sintezėje 
yra dar vienas mechanizmas, kuriuo jis palaiko ląstelių proliferaciją ir in-
vaziškumą. Šios išvados sutampa su tyrimais, rodančiais leucino vaidmenį 
proliferacijoje ir diferenciacijoje, nepriklausomai nuo mTOR signalizacijos 
kelio [111, 112]. Statinai, skirti cholesterolio kiekio kraujyje mažinimui, ma-
žino navikų proliferaciją klinikinių ir ikiklinikinių tyrimų metu [114–116], 
o tai reiškia, kad jie galėtų būti pritaikomi kaip pagalbinė priemonė onkolo-
ginių ligų gydymui. Tačiau epidemiologinių tyrimų rezultatai nenuoseklūs: 
kai kurie rodo ryšį tarp didelio cholesterolio kiekio ir navikų arba rodo, kad 
statinai mažina navikų riziką [117–122], o kiti neranda jokio ryšio [123–126] 
arba netgi rodo, kad statinai gali būti kancerogeniški, priklausomai nuo dozės 
[127]. Nors cholesterolio įtaka navikams vis dar neaiški, papildomas leucino 
vaidmuo cholesterolio sintezėje, kartu su vaidmenimis energijos gamyboje, 
biomolekulių sintezėje ir signalizavime gali būti viena BCAA poveikio navi-
kų proliferacijai priežasčių.

BCAA reikšmė ląstelių invazyvumui

Žinodami, kad krūties navikinių ląstelių migracija priklauso nuo meva-
lonato kelio [128, 129], bandėme patikrinti, ar BCAA trūkumas turės įtakos 
mūsų tirtų ląstelių invazyvumui. Naudojome du skirtingus BCAA kiekio ma-
žinimo ląstelėse metodus: genų slopinimą naudojant siRNR prieš BCAT2 ir 
BCAA kiekio sumažinimą mitybinėje terpėje (nuo įprastos 0,8 mM iki 0,2 
mM koncentracijos). Norėdami įvertinti BCAA įtaką krūties navikinių ląste-
lių invazyvumui, taikėme „žaizdos gijimo“ tyrimo metodą. In vitro „žaizdos 
gijimo“ tyrimas yra gana paprastas ir ekonomiškas būdas įvertinti ląstelių 
migraciją skirtingomis eksperimentinėmis sąlygomis. Tyrimas vykdomas 
vientisame ląstelių sluoksnyje aštriu daiktu atveriant „žaizdą“, t.y. laisvą plo-
tą, į kurį ląstelės galėtų migruoti, siekdamos išlaikyti sluoksnio vientisumą. 
Tyrėme sumažinto BCAA kiekio terpėje ir BCAT2 geno slopinimo povei-
kį BCC, MCF-7 ir MCF-10A ląstelių gebėjimui užverti „žaizdą“. Iškart po 
„žaizdos“ atvėrimo, pakeitėme ląstelių auginimo terpę į įprastai naudojamą 
DMEM/F-12 arba terpę, kurioje BCAA koncentracija 0,2 mM, siekdami 
pašalinti po atvėrimo likusias ląstelių nuolaužas, ir tvirtinome lėkštelę ant 
mikroskopo stalelio esančiame inkubatoriuje, kad būtų galima atlikti uždels-
to veikimo vaizdinimą. BCAT2 slopinimas turėjo didesnę įtaką BCC ląste-
lių migracijai, nei BCAA kiekio sumažinimas terpėje, lyginant su kontrole. 
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Kontrolės grupės „žaizda“ susitraukė 72,05 proc. (standartinė paklaida (angl. 
standard error, SE) ± 6,90 proc.) ir 35,96 proc. (± 3,88 proc. SE) BCAT2 slo-
pinimo grupėje. Statistiškai reikšmingi rezultatai matomi ir 0,2 mM BCAA 
terpės grupėje, lyginant su kontrole (50,54 proc. ± 1,21 proc. SE). Kita vertus, 
MCF-7 labiau paveikė sumažintas BCAA kiekis terpėje, o BCAT2 slopinimo 
grupėje statistiškai reikšmingo skirtumo nepastebėta. Šiuo atveju BCC ląste-
lės buvo jautresnės BCAA kiekio pokyčiams, nors jos ir mažiau prisideda prie 
mevalonato ir mitochondrinio acetil-KoA gamybos. Taip gali būti dėl to, kad 
MCF-7 ląstelės nesudaro stabilaus monosluoksnio, todėl atsiranda sunkumų, 
vertinant šio eksperimento rezultatus. Nepaisant to, MCF-7 ląstelių „žaizda“ 
žymiai lėčiau užsivėrė 0,2 mM BCAA terpės grupėje: 7,20 proc. (± 1,53 proc. 
SE) po 8 val. laiko intervalo (kontrolės grupėje „žaizdos“ užsivėrimas po  
8 val. buvo 19,35 proc. ± 1,12 proc.  SE). Nepiktybinėse MCF-10A ląstelėse 
statistiškai reikšmingų rezultatų nepastebėjome, o tai gali reikšti, kad BCAA 
yra susijusios su navikinių, bet ne sveikų epitelio ląstelių migracija arba jų 
indėlis sveikų ląstelių atveju nėra toks reikšmingas. Norint tiksliau įvertinti 
šio tyrimo rezultatus, ateityje būtų tikslinga atlikti vienos ląstelės judėjimo 
įvertinimą. Tokiu būdu būtų sumažintas netolygaus skirtingų ląstelių linijų 
monosluoksnio sudarymo sukeltas šališkumas. 

Ląstelių migracijai įtakos turi ne tik mevalonato sintezė, bet ir ląstelių ener-
getinis metabolizmas bei mTOR signalinis kelias [131, 132], o tai reiškia, kad 
BCAA ląstelių migraciją gali veikti daugiau nei vienu mechanizmu. mTOR 
signalinį kelią aktyvina viduląstelinis leucinas, kurio kiekis gali padidėti dėl 
sutrikdyto BCAA katabolizmo po BCAT2 slopinimo, taigi mažai tikėtina, kad 
judėjimo sulėtėjimas slopinant BCAT2 yra sukeltas mTOR. Šį teiginį papildo 
ir tyrimai, rodantys, kad didesnė BCAA koncentracija terpėje slopina krūties 
ląstelių judėjimą [133], kas gali reikšti, jog šiame procese dalyvauja visiškai 
kitas mechanizmas. Autorių teigimu, tam įtakos gali turėti padidėjęs BCAA 
poreikis imuninėms ląstelėms. Sciacovelli ir kt. atliktas tyrimas atskleidė, kad 
būtent metastazavusiose inkstų karcinomos ląstelėse dalis BCAA kilmės azo-
to apeina Krebso ciklą ir patenka į arginino biosintezę [38]. Fermentas argini-
nosukcinato sintetazė 1, kurio pagalba ir sintetinamas argininas, taip pat yra 
svarbus ląstelių migracijos veiksnys, o tai rodo dar vieną mechanizmą, kuriuo 
BCAA gali skatinti navikinių ląstelių migraciją. 

BCAA katabolizmo tarpinių metabolitų nustatymas kraujo plazmoje

Siekdami nustatyti, ar klinikinėje aplinkoje yra kokių nors pokyčių krū-
ties navikais sergančių pacienčių BCAA skaidymo kelyje, atlikome nedidelio 
masto eksperimentą, naudodami žmogaus kraujo plazmą. Atlikome tiksli-
nę chromatografinę dešimties sveikų moterų ir dešimties moterų, sergančių 
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krūties adenokarcinoma, kraujo plazmos mėginių analizę (daugiau skyriuje 
„Medžiagos ir metodai“). Šiame tyrime pasirinkome tirti penkis BCAA meta-
bolitus: 3-hidroksiizovaleratą bei mevalonatą, kaip tarpinius leucino skilimo 
produktus, 3-metil-2-oksopentanoatą kaip tarpinį izoleucino skilimo produk-
tą ir 3-aminoizobutanoatą bei 3-hidroksiizobutiratą iš valino skaidymo kelio. 

Kiekvieno tirtų tarpinių produktų kiekiai stipriai varijavo tarp skirtingų 
mėginių. Nepaisant to, pacientų kraujo plazmoje pastebėjome statistiškai 
reikšmingą 3-hidroksiizobutirato (valino degradacijos produkto) kiekio padi-
dėjimą, lyginant su kontrolės grupe, nors jo koncentracija MCF-7 ir BCC na-
vikinėse ląstelėse nebuvo didelė. Tai gali reikšti, kad naviko ląstelės išskiria 
3-hidroksiizobutiratą į išorę, tačiau to priežastis nežinoma. 

Stebėjome ir statistiškai reikšmingai didesnį 3-hidroksiizovalerato kiekį 
pacienčių plazmos mėginiuose. 3-hidroksiizovaleratas išsišakoja leucino de-
gradacijos kelyje ir nedalyvauja acetil-KoA bei mevalonato sintezėje. Maty-
dami, kad mevalonato kiekis krūties navikais sergančių pacienčių plazmo-
je buvo gerokai mažesnis, galime teigti, kad padidėjęs jo poreikis pačiame 
navike, taigi aktyvinamas leucino skilimo kelias, o nereikalingi mevalonato 
sintezei tarpiniai produktai išskiriami į ląstelės išorę – todėl mūsų plazmos 
mėginiuose stebimas 3-hidroksiizovalerato kiekio padidėjimas.

Be to, atlikdami eksperimentus su izotopiškai žymėtomis BCAA, naviki-
nių ląstelių ekstraktų mėginiuose pastebėjome palyginti didelį 3-metil-2-ok-
sopentanoato kiekį, kas galėtų reikšti padidėjusį izoleucino skaidymo kelio 
aktyvumą, tuo tarpu šio tarpinio produkto kiekis kraujo plazmoje reikšmingai 
nesiskyrė tarp pacienčių ir sveikų moterų. Valino degradacijos tarpinio pro-
dukto 3-aminoizobutanoato kiekis nerodė statistiškai reikšmingų skirtumų 
tarp tiriamųjų.

Reikšmingi pokyčiai BCAA skilimo kelyje buvo stebimi ir kitų mokslinin-
kų atliktuose tyrimuose [134, 136], taigi BCAA skilimo produktai galėtų būti 
panaudojami kaip biožymenys ankstyvos stadijos krūties navikų aptikimui. 
Didesni pačių BCAA kiekiai kraujo plazmoje siejami su mažesne krūties na-
vikų rizika moterims, dar neturėjusioms menopauzės, ir didesne rizika mo-
terims po menopauzės. Tai gali reikšti, kad hormonų pokyčiai labai svarbūs 
šių aminorūgščių vaidmeniui ligos progresavime. Kaip jau minėta vienoje 
šios disertacijos diskusijos dalyje (žr. skyrių „BCAA reikšmė ląstelių inva-
zyvumui“), padidėjęs cirkuliuojančių BCAA kiekis gali sužadinti imunines 
reakcijas [133] − tai gali turėti įtakos mažesnei krūties navikų rizikai prieš 
menopauzę. Kitame tyrime, kuriame buvo tiriamos moterys prieš menopau-
zę be žinomos onkologinės ligos diagnozės, didelis BCAA kiekis plazmoje 
reikšmingai teigiamai koreliavo su laisvojo testosterono lygiu [137]. Lytinių 
hormonų lygio pokyčiai yra gerai žinomi krūties navikų rizikos biožymenys 
[138, 139].
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Aminorūgščių, susijusių su piktybiškumu krūties kilmės ląstelėse, 
metabolitų analizė

 Toliau buvome suinteresuoti nustatyti platesnį su aminorūgštimis susijusių 
pokyčių spektrą tirtų ląstelių linijų metabolomuose. Metabolizmo analizė lei-
do kiekybiškai įvertinti 33 vidinius metabolitus visose trijose tirtose ląstelių 
linijose. PCA atskleidė, kad 97,6 proc. metabolinių duomenų dispersijos gali 
būti priskirta pirmiesiems dviems pagrindiniams komponentams –  pirmasis 
sudaro 61,6 proc. kintamumo, o antrasis – 36,0 proc. Antrasis komponentas 
aiškiai atskyrė MCF-10A nuo piktybinių MCF-7 ir BCC ląstelių, o šie rezul-
tatai rodo, kad 36 proc. metabolitų koncentracijų skirtumų tarp trijų ląstelių 
linijų yra susiję su piktybiniais krūties navikais.

BCC ląstelėse pastebėta mažesnė trijų BCAA: leucino, izoleucino ir vali-
no, koncentracija. Tai gali reikšti, kad BCC ląstelėms šios aminorūgštys ma-
žiau svarbios arba kad ši linija joms auksotrofinė. Pastarasis teiginys labiau 
tikėtinas, atsižvelgiant į tai, kad kituose mūsų atliktuose eksperimentuose 
BCC visada buvo tarp MCF-7 ir MCF-10A, kas liečia BCAA panaudojimą, 
bei tai, kad BCC, kaip ir MCF-7, pastebėta padidėjusi BCAT2 raiška [7].

Šeši metabolitai iš 33-jų minėtų metabolitų pasižymi didesnėmis koncen-
tracijomis MCF-10A, lyginant su piktybinėmis ląstelių linijomis. Tai tirozi-
nas, metioninas, manitolis, hipotaurinas, cholinas ir taurinas. Kita metabolitų 
grupė sudarė klasterį, kuriam būdinga didesnė koncentracija MCF-7 ir BCC 
ląstelėse. Šie keturi metabolitai buvo betainas, acetilkarnitinas, serinas ir pi-
roglutamo rūgštis. Iš visų paminėtų pakitusios koncentracijos metabolitų šeši 
(metioninas, taurinas, hipotaurinas, cholinas, betainas ir piroglutamo rūgštis) 
tam tikru mastu susiję su metionino ciklu. Sumažėjusį šių metabolitų kiekį 
MCF-7 ir BCC ląstelėse gali lemti didesnis jų suvartojimas, dėl metionino 
ciklo svarbos greitai besidalijančioms ląstelėms. 

Nors navikinės ląstelės ir turi galimybę sintetinti metioniną, jo pasiūla daž-
nai nepaveja paklausos, todėl ląstelės tampa auksotrofinėmis [43]. Priklau-
somybė nuo metionino yra seniai žinoma navikų savybė, tačiau vis dar labai 
aktuali tema, kai kalbama apie individualizuoto gydymo strategijas [44, 143, 
144, 146]. Be to, kad metioninas yra baltymų statybinė medžiaga, jis daly-
vauja ir keliuose svarbiuose metaboliniuose keliuose epigenetikoje (S-ade-
nozilmetioninas), branduoliniuose procesuose (poliaminai), detoksikacijoje 
(glutationas) bei ląstelių membranų (fosfolipidų) susidaryme. Metionino ci-
klas yra vadinamojo vienos anglies metabolizmo dalis, leidžianti ląstelėms 
generuoti metilo grupes (vienos anglies struktūrinius vienetus) bei panaudoti 
jas metilinimo procesuose, kurie yra labai svarbūs transkripcijai, replikacijai 
ir DNR pažaidų taisymui. Folio ciklas, kita vienos anglies metabolizmo dalis, 
ilgą laiką buvo taikinys navikų gydymui – vadovaujantis tuo buvo atrasti fo-
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lio rūgšties antagonistai. Žinomiausias šios klasės vaistas – metotreksatas vis 
dar naudojamas daugelio navikų gydymui [144], tačiau sukelia daug nepagei-
daujamų reakcijų. To galima būtų išvengti selektyviai taikantis į fermentus 
vienos anglies metabolizmo keliuose.

Krūties navikinių ir sveikų ląstelių diferencinė genų ekspresija

Išvadų apie ląstelių metabolizmą formulavimas, žinant tik atitinkamas 
metabolitų koncentracijas, būtų netikslingas, kadangi medžiagų apykaita 
yra sudėtingas skirtingų fermentų ir jų substratų sąveikos tinklas. Turėda-
mi omenyje tai, sujungėme metabolomikos duomenis su naujos kartos RNR 
sekoskaitos duomenimis, kad turėtume platesnį pagrindinių su piktybiniais 
navikais susijusių procesų vaizdą. Žinodami genų, koduojančių skirtingus 
metabolinius fermentus, raišką, gauname vertingos informacijos apie galimus 
ląstelių metabolizmo profilių pokyčius. Atlikome RNR sekoskaitos duome-
nų diferencinės ekspresijos analizę. Klaidingo aptikimo dažniui pasirinkome 
ribinę 0,01 vertę, o raiškos pokyčiai vertinti, jeigu raiškos skirtumas tarp ti-
riamų grupių buvo mažiausiai 2 kartai. Apdoroti RNR sekoskaitos duomenys 
parodė, kad 1495 genai MCF-7 ląstelėse pasižymėjo padidėjusia raiška, lygi-
nant su MCF-10A, o 1335 genai – sumažėjusia raiška. Lyginant BCC su svei-
komis krūties epitelio ląstelėmis, 1926 bendri genai pasižymėjo padidėjusia 
raiška, o 1669 – sumažėjusia raiška BCC ląstelėse. Abiejose piktybinėse ląs-
telių linijose buvo paplitę 274 genai, pasižymintys padidėjusia raiška, ir 563, 
pasižymintys sumažėjusia raiška, lyginant su sveikomis ląstelėmis. Tuomet 
atlikome Kioto genų ir genomų enciklopedijos (angl. Kyoto Encyclopedia of 
Genes and Genomes; KEGG) kelių praturtinimo analizę naudodami WebGes-
talt internetinį įrankių rinkinį (webgestalt.org), tačiau neradome reikšmingai 
praturtintų kelių tarp padidėjusia raiška pasižyminčių genų (ribinis klaidingo 
aptikimo dažnis buvo 0,05). Kita vertus, nustatėme 10 statistiškai reikšmingai 
praturtintų kelių, kuriuose genai pasižymi sumažėjusia raiška. Pusė minėtų 
kelių buvo susiję su tam tikromis patogenų sukeliamomis ligomis, kita pusė – 
su ląstelių signaliniais keliais, tačiau neradome praturtintų kelių, susijusių su 
medžiagų apykaita. Tai iškėlė poreikį integruoti į analizę anksčiau gautus me-
tabolomikos duomenis panaudojant GSMM duomenų interpretavimui. Iš 274 
genų, pasižyminčių padidėjusia raiška abiejose navikinėse ląstelių linijose, 44 
buvo metaboliniai genai, dalyvaujantys 131 metabolinėje reakcijoje. Iš 563 
genų, pasižyminčių sumažėjusia raiška piktybinėse ląstelių linijose, 130 buvo 
metaboliniai, susiję su 832 metabolinėmis reakcijomis. Didelis pastarųjų re-
akcijų skaičius susijęs su šių genų dalyvavimu transmembraninėje pernašoje. 
Pavyzdžiui, genai SLC36A4 ir SLC6A15 susiję su aminorūgščių pernaša.
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Potencialių vaistų taikinių krūties piktybiniams navikams paieška 
derinant metabolinius ir genominius duomenis

Trys iš anksčiau minėtų pakitusios koncentracijos metabolitų (metioninas, 
taurinas ir hipotaurinas) turi bendrą pirmtaką – homocisteiną, kuris yra tarpi-
nis metionino ciklo produktas. Kitas metabolitas, piroglutamo rūgštis, susida-
ranti glutationo skilimo metu, taip pat gali būti siejama su homocisteinu, nors 
jos skeletą sudarantys anglies atomai gaunami iš glutamino, kuris dalyvauja 
glutationo sintezėje. Mes nustatėme, kad genas AHCY, koduojantis fermen-
tą adenozilhomocisteinazę, dalyvaujančią S-adenozilhomocisteinui skylant į 
adenoziną ir L-homocisteiną, pasižymi sumažėjusia raiška MCF-7 ir BCC 
ląstelėse, lyginant su MCF-10A. Jau anksčiau pastebėta, kad AHCY yra navi-
ką slopinantis genas, susijęs su p53 sukeltu ląstelės ciklo sustabdymu [148]. 
Panašu, kad ši funkcija specifinė ląstelių tipui, nes kai kurios navikų rūšys, 
pavyzdžiui, neuroblastoma, turi padidėjusią AHCY raišką, kas reikštų, kad 
AHCY šiuo atveju yra onkogenas [149, 150]. Mūsų tyrimo atveju sumažėjusi 
AHCY raiška, kartu su sumažėjusia metionino koncentracija ląstelių ekstrak-
tuose, leidžia daryti prielaidą, kad mūsų tiriamose piktybinėse ląstelių linijose 
metionino ciklo aktyvumas mažesnis. Du kiti pakitusios koncentracijos me-
tabolitai, betainas ir cholinas, taip pat yra susiję su metionino ciklu. Cholinas 
yra vitaminas, gaunamas su maistu. Jis dalyvauja betaino sintezėje, o šis me-
tionino ciklui tiekia metilo grupes. Šios grupės, kartu su S-adenozilmetioninu 
(SAM) kaip metilo donoru, naudojamos DNR ir baltymų metilinimui [152]. 
Cholino telkinys abiejose navikinėse ląstelių linijose buvo mažesnis dėl su-
mažėjusios geno SLC44A5, atsakingo už cholino pernašą, raiškos. Ir atvirkš-
čiai, piktybinėse ląstelėse betaino kiekis buvo didesnis greičiausiai dėl to, kad 
sumažėjus metionino ciklo aktyvumui, sumažėjo betaino suvartojimas. 

Sumažėjęs metionino ciklo aktyvumas taip pat reiškia sumažėjusią SAM 
sintezę. SAM, kaip maisto papildo, potencialas onkologinių ligų terapijoje 
buvo įrodytas ne vienu tyrimu [154–156]. Tikslinėse vaistų taikinių paieš-
kose naviką slopinantys genai dažnai pamirštami, kadangi atrodo paprasčiau 
mažomis molekulėmis slopinti onkogeno skatinamą funkciją, nei aktyvinti 
slopinančio geno slopinamą [160]. Tačiau, aminorūgščių kontekste, šią už-
duotį galima lengvai išspręsti papildant mitybą atitinkamomis aminorūgšti-
mis. Keli tyrimai jau parodė, kad didesnė metionino koncentracija terpėje 
slopino MCF-7 ir kitų ląstelių proliferaciją per p53, nepaveikiant sveikų ląs-
telių [161–164]. Tačiau tokie gydymo būdai turėtų būti priimami kritiškai 
vertinant kiekvieną atvejį, kadangi, kaip minėta anksčiau, kai kurie navikai 
turi priklausomybę nuo metionino. Tai pabrėžia individualaus gydymo svarbą 
onkologijoje. Ateityje kiekvieno paciento gydymui įvertinti turėtų būti atlie-
kamas nuodugnus metabolinis naviko ištyrimas, siekiant didžiausio efekto ir 
mažiausio nepageidaujamo poveikio.
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Mūsų genų ekspresijos duomenys taip pat parodė, kad du genai, dalyvavę 
serino biosintezėje iš 3-fosfoglicerato (PHGDH ir PSPH), pasižymėjo padi-
dėjusia raiška MCF-7 ir BCC, lyginant su MCF-10A. Genas PHGDH, ko-
duojantis fosfoglicerato dehidrogenazę, padidėjusia raiška pasižymi ir kitų 
navikų tyrimuose [165], o padidėjusi jo raiška MCF-10A ląstelėse gali sukelti 
piktybinius pakitimus [166]. Padidėjusi krūties onkologinių pacientų PHG-
DH raiška susijusi su trumpesniu recidyvo laikotarpiu ir mažesniu bendru 
išgyvenamumu [167]. PSPH koduoja fosfoserino fosfatazę, kuri dalyvauja 
paskutiniame L-serino sintezės etape. Padidėjusi PSPH raiška taip pat pers-
pektyvus kolorektalinių navikų biožymuo [168]. Šių dviejų genų vaidmuo 
navikuose vis dar nėra pilnai suprantamas. Kartu su susikaupusiu viduląsteli-
niu serinu, mūsų rezultatai rodo didesnį serino biosintezės greitį. Serinas yra 
dar vienas svarbus vienos anglies metabolizmo dalyvis, nes yra pagrindinis 
metilo grupių šaltinis [169]. Dėl šios priežasties daugeliui navikų gali išsi-
vystyti priklausomybė nuo viduląstelinio serino. Ksenografinių pelių mode-
liuose, navikai augo beveik dvigubai greičiau, kai pelės buvo šeriamos serinu 
ir glicinu papildytu pašaru [171]. Kiti tyrimai rodo, kad PSPH gali skatinti 
navikų metastazes ir nesusijusiais su L-serino sinteze keliais [172, 173], o 
tai rodo, kad farmakologinis fermento slopinimas šiuo atveju būtų geresnė 
alternatyva, nei dietinis serino ribojimas.

Padidėjęs mitochondrijų aktyvumas navikuose lemia padidėjusį reaktyvių-
jų deguonies rūšių, vaidinančių svarbų vaidmenį naviko signaliniuose keliuo-
se, kiekį [174, 175]. Glutationas neutralizuoja laisvuosius radikalus ir detok-
sikuoja ląsteles [175]. Glutationo skilimo metu susidaro piroglutamo rūgštis, 
kurios koncentracija mūsų tirtose piktybinėse ląstelių linijose yra padidėjusi. 
Integruota analizė atskleidė padidėjusią geno CHAC1 raišką tiek MCF-7, 
tiek BCC ląstelėse. Šio geno produktas, glutationui specifinė γ-glutamilciklo-
transferazė 1, skaido glutationą į cisteinil-gliciną ir piroglutamo rūgštį [176]. 
Slopinant CHAC1, sumažėja ląstelių migracija ir proliferacija, o padidėjusi 
šio geno raiška turi priešingą poveikį. Be to, didesnė CHAC1 raiška koreliuo-
ja su prastesne krūties ir kiaušidžių navikų prognoze [177, 178]. Atsižvelg-
dami į savo ir kitų mokslininkų rezultatus, manome, kad piroglutamo rūgštis 
galėtų būti potencialus krūties navikų biožymuo, o CHAC1 – perspektyvus 
vaistų kūrimo taikinys.

Galiausiai, genų raiškos duomenys buvo panaudoti kuriant GSMM pasi-
telkiant prieš tai sukurtą Python biblioteką pyTARG [100]. Norėdami numa-
tyti metabolinių srautų pasiskirstymą, pritaikėme srautų balanso analizę. Ji 
atskleidė sumažėjusį kvėpavimo grandinės aktyvumą navikinėse ląstelėse, o 
tai sutampa su Warburgo efektu ir buvo pastebėta didesnėje grupėje skirtingų 
navikų ląstelių [100]. Taip pat nustatėme, kad ATP-sintazės reakcijos greitis 
dviejose mūsų tirtose navikinėse ląstelėse buvo mažesnis bei susijusių genų 
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ATP1B3 ir ATP6V1H raiška sumažėjusi. Panašūs rezultatai gauti tyrimuose 
su 5-fluorouracilui atspariomis storosios žarnos navikinėmis ląstelėmis [182]. 
Kvėpavimo grandinės komplekso reakcijos greitis taip pat buvo mažesnis bei 
dviejų su juo susijusių genų (UQCRH ir UQCR1) raiška sumažėjusi. Pastebė-
tas mažesnis metabolitų srautas ir antrajame kvėpavimo grandinės komplekse 
dėl sumažėjusios geno NDUFB8 raiškos. Užląstelinio serino pasisavinimas 
abiejose navikinėse ląstelėse buvo blogesnis, dėl mažesnės serino/protonų 
simporterio, kurį koduoja SLC36A4, raiškos. Tai dar kartą įrodo serino sinte-
zės svarbą navikinėse ląstelėse. Modelis taip pat numatė mažesnį CO2 virtimo 
bikarbonatu reakcijos greitį navikinėse ląstelėse dėl sumažėjusios karboninių 
anhidrazių CA6 ir CA2 raiškos. Karboninės anhidrazės svarbios navikų pH 
reguliavimui, IX ir XII izoformos pripažįstamos priešnavikinių vaistų taiki-
niais, tačiau kitos izoformos vis dar nėra pakankamai ištyrinėtos [184]. Tai 
galėtų būti tolimesnių tyrimų tąsa.

IŠVADOS

1.	 BCAA skilimo įtaka ląstelinės energijos gamybai Krebso cikle buvo 
34 proc. MCF-7 ląstelėse, 14 proc. BCC ląstelėse ir 10 proc. MCF-10A 
ląstelėse. Mevalonato sintezė iš leucino vyko išskirtinai krūties naviko 
ląstelėse; MCF-7 ląstelėse 67 proc. leuciną sudarančių anglies atomų 
galiausiai virto mevalonatu, BCC ląstelėse šis kiekis atitiko 22 proc. 
BCAA metabolizmo slopinimas taip pat žymiai sulėtino krūties naviko 
ląstelių invazyvumą.

2.	 Krūties navikais sergančių pacienčių kraujo plazmoje pastebėtas sta-
tistiškai reikšmingai didesnis 3-hidroksiizovalerato ir 3-hidroksiizo-
butirato kiekis bei mažesnis mevalonato kiekis, lyginant su sveikomis 
moterimis. Rezultatai rodo, kad krūties navikais sergančių pacienčių 
medžiagų apykaita pakitusi taip, kad patenkintų padidėjusį mevalona-
to ir acetil-KoA poreikį. Dėl šios priežasties, minėti metabolitai galėtų 
būti naudojami kaip biožymenys ankstyviems krūties navikams aptikti.

3.	 Buvo nustatyti 33 vidiniai metabolitai, kurie buvo bendri tarp BCC, 
MCF-7 ir MCF-10A ląstelių. Dešimt iš jų: tirozinas, manitolis, ace-
tilkarnitinas, serinas, metioninas, taurinas, hipotaurinas, cholinas, be-
tainas ir piroglutamo rūgštis buvo susiję su krūties piktybiniais navi-
kais. Paskutinės šešios iš pirmiau minėtų medžiagų yra metaboliškai 
susijusios su metionino ciklu. Integruota metabolomo ir transkriptomo 
analizė atskleidė, kad su metionino ir serino metabolizmu susiję genai 
AHCY, PHGDH, PSPH bei CHAC1 gali būti tirtų krūties naviko ląste-
lių chemoterapinis taikinys.
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S2. Python script for flux distribution calculations 

 
import numpy as np 
 
def convolution(a, b): 

lo = len(a) + len(b)- 2 
con = [] 
for k in range(lo + 1): 

v = 0 
 for i in range(len(a)): 

  if i < k + 1 and (k – i) < len(b): 
  v = v + a[i] * b[k - i] 
 con.append(v) 

return con 
 
def labels(f, V4, V6, V1): 

V5 = V4 + V6 
V3 = V1 + V5 - 1 

  
#EMUs of 4 carbons 
#External variables 

 
unlabeledAcCoA = convolution([0.989, 0.011],[0.989, 0.011]) 
AcCoA = [ 

unlabeledAcCoA[0] * (1 - f), 
unlabeledAcCoA[1] * (1 - f), 
unlabeledAcCoA[2] * (1 - f) + f 

] 
 

AcetoaCoAex = convolution(AcCoA, AcCoA) 
  

MG3456un = convolution( 
convolution([0.989, 0.011], [0.989, 0.011]), 
convolution([0.989, 0.011], [0.989, 0.011]) 

) 
MGCoA3456 = [ 

0.3 * MG3456un[0], 
0.3 * MG3456un[1], 
0.3 * MG3456un[2], 
0.3 * MG3456un[3] + 0.7, 
0.3 * MG3456un[4] 

] 
print MGCoA3456 

  
#Matrix of balances 
 
HMGCoA3456 = [-V1 -V5, 0, V5] 
Acetoa = [V3, -V3, 0] 
AcetoaCoA = [0, V4, -V4 - V6] 
A = np.array([HMGCoA3456, Acetoa, AcetoaCoA]) 

 
HMGCoA3456 = [V1, 0] 
Acetoa = [0, 0] 
AcetoaCoA = [0, V6] 

  
B = np.array([HMGCoA3456, Acetoa, AcetoaCoA]) 
x = np.array([MGCoA3456, AcetoaCoAex]) 

 
C = np.dot(B, x) 

  
y = np.linalg.solve(A, -C) 

 
print y 
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AcetoaCoA = y[2] 
  

#EMUs of 6 carbons 
#External 

 
MGun = convolution(MG3456un, unlabeledAcCoA) 
MGlab = [0, 0, 0, 0, 0, 1, 0] 

  
MG=[] 

  
for i in range(7): 

 MG.append(0.3 * MGun[i] + 0.7 * MGlab[i]) 
 

#Convolutions 
 

AcCoAxAcetoaCoA = convolution(AcetoaCoA, AcCoA) 
 

f1 = float(V1) / float(V1 + V5) 
f2 = float(V5) / float(V1 + V5) 

 
Mev=[] 
for i in range(7): 

 Mev.append(f1 * MG[i] + f2 * AcCoAxAcetoaCoA[i]) 
 

return Mev 
 
Mev = labels(0.1, 0, 2.5, 0.3) 
 
print Mev 
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S3. Python script for processing sequence alignment files 

 
import HTSeq 
import math 
import pickle 
 
 
#Get transcript lengths 
 
transcripts = HTSeq.FastaReader('Transcripts.fasta') 
lengths = {} 
for t in transcripts: 

lengths[t.name.split('|')[1]] = len(t.seq) 
 
#Make a dictionary of splicing variants 
 
vardic = {} 
for t in transcripts: 

sp = t.name.split('|') 
 if sp[0] not in vardic: 

vardic[sp[0]] = [sp[1]] 
 else: 

vardic[sp[0]].append(sp[1]) 
 
import os 
 
#Process SAM files 
 
for subdir, dirs, files in os.walk('.'): 

for f in files: 
 s = f.find('1.sam') 
 if s != -1: 

genexp = {} 
gencount = {} 
transabs = {} 
fragments = 0 

 
alms = HTSeq.SAM_Reader(f) 
for bundle in HTSeq.pair_SAM_alignments(alms, bundle=True): 

  fragments += 1 
  genes = [] 
  transcripts = [] 
  
  for m in bundle: 

first_al, second_al = m 
if first_al.aligned and second_al.aligned: 

   if first_al.iv.chrom == second_al.iv.chrom: 
if first_al.inferred_insert_size < 600: 

genes.append(first_al.iv.chrom.split('|')[0]) 
transcripts.append( 
first_al.iv.chrom.split('|')[1] 
) 

  
  if len(genes) > 0: 

ambiguous = 0 
for g in genes: 

if g != genes[0]: 
    ambiguous = 1 

if ambiguous == 0: 
l = 0 
n = len(transcripts) 
for t in transcripts: 

l += lengths[t] 
avlen = float(l) / float(n) 
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   fpk = 1000 / float(avlen) 
    
   if genes[0] not in genexp: 

genexp[genes[0]] = fpk 
gencount[genes[0]] = 1 

   else: 
genexp[genes[0]] += fpk 
gencount[genes[0]] += 1 

        
   for tr in vardic[genes[0]]: 

if tr not in transcripts: 
if tr not in transabs: 

transabs[tr] = 1 
else: 

transabs[tr] += 1 
 

gen_fpkm = {} 
for g in genexp: 

gen_fpkm[g] = genexp[g] * float(1000000) / float(fragments) 
name = f[:s] + '.pkl' 

 
 

with open(name, 'wb') as output: 
  pickle.dump(gen_fpkm, output) 
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S4. Python script for differential gene analysis 

 
import pickle 
import HTSeq 
import math 
import sys 
import scipy 
from scipy import stats 
from scipy.stats import ttest_ind 
from scipy.stats import pearsonr 
import numpy as np 
import matplotlib as mpl 
mpl.use('agg') 
import matplotlib.pyplot as plt 
import os 
 
#Read expression files 
 
refe = {} 
sal = {} 
 
for subdir, dirs, files in os.walk('.'):  

for f in files: 
 if f.find('.pkl') != -1: 

with open(f, 'rb') as input: 
  expresion = pickle.load(input) 
     

if f.find('MCF7') != -1:  
  refe[f[:-4]] = expresion 

if f.find('BCC') != -1: 
  sal[f[:-4]] = expresion 
 
print(sal) 
print(refe) 
 
#Read all the sequenced genes 
 
genes = [] 
 
for s in refe: 

for g in refe[s]: 
 if g not in genes: 

genes.append(g) 
 
for s in sal: 

for g in sal[s]: 
 if g not in genes: 

genes.append(g) 
 
#Differential expression 
 
pvals = {} 
mlogpvals = {} 
lograts = {} 
dif = {} 
 
for ge in genes: 

x = [] 
for s in refe: 

 if ge in refe[s]: 
x.append(refe[s][ge]) 

 else: 
x.append(0) 

y = [] 
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for s in sal: 
 if ge in sal[s]: 

y.append(sal[s][ge]) 
 else: 

y.append(0) 
 

t, pv = ttest_ind(x, y, equal_var=False) 
if math.isnan(pv) == False: 

 pvals[ge] = pv 
 mlogpvals[ge] = -math.log10(pvals[ge]) 
 dif[ge] = np.mean(y)-np.mean(x) 

if np.mean(x) > 0 and np.mean(y) > 0: 
 lograts[ge] = math.log(float(np.mean(y)) / float(np.mean(x)), 2) 
 
import operator 
 
sorted_vals = sorted(pvals.items(), key = operator.itemgetter(1)) 
 
#Correct for multiple testing 
 
n = len(sorted_vals) 
print(n) 
hvals = {} 
for i in range(n): 

hvals[sorted_vals[i][0]] = float(n) * float(sorted_vals[i][1]) /  
float(i + 1) 

 
for j in range(n - 1): 

for i in range(n - 1): 
 if hvals[sorted_vals[i][0]] > hvals[sorted_vals[i + 1][0]]: 

hvals[sorted_vals[i][0]] = hvals[sorted_vals[i + 1][0]]  
 
upre = [] 
 
#Differential expression results 
 
with open("Upregulated.txt", "w") as text_file: 

for g in hvals: 
if hvals[g] < 0.01 and dif[g] > 0: 

upre.append(g) 
if g not in lograts: 

line = g + '\t' + str(pvals[g]) + '\t' + str(hvals[g]) + 
'\t' + str(dif[g]) + '\r' 
text_file.write(line)  

else: 
if lograts[g] > 1: 

line = g + '\t' + g + '\t' + str(pvals[g]) + '\t' + 
str(hvals[g]) + '\t' + str(dif[g]) + '\r' 
text_file.write(line) 

 
with open("Downregulated.txt", "w") as text_file: 

for g in hvals: 
 if hvals[g] < 0.01 and dif[g] < 0: 

if g not in lograts: 
line = g + '\t' + str(pvals[g]) + '\t' + str(hvals[g]) + 
'\t' + str(dif[g]) + '\r' 
text_file.write(line) 

else: 
if lograts[g] < -1:  

line = g + '\t' + g + '\t' + str(pvals[g]) + '\t' + 
str(hvals[g]) + '\t' + str(dif[g]) + '\r' 
text_file.write(line) 

 
with open("AllTheGenes.txt", "w") as text_file: 

for g in hvals: 
 if g not in lograts: 
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line = g + '\t' + str(pvals[g]) + '\t' + str(hvals[g]) + '\t' + 
str(dif[g]) + '\r' 
text_file.write(line) 

 else: 
line = g + '\t' + g + '\t' + str(pvals[g]) + '\t' + 
str(hvals[g]) + '\t' + str(dif[g]) + '\r' 
text_file.write(line) 

 
x = [] 
y = [] 
for g in lograts: 

x.append(lograts[g]) 
y.append(mlogpvals[g]) 

 
xu = [] 
yu = [] 
for g in lograts: 

if hvals[g] < 0.01 and lograts[g] > 1: 
xu.append(lograts[g]) 
yu.append(mlogpvals[g]) 

 
xd = [] 
yd = [] 
for g in lograts: 

if hvals[g] < 0.01 and lograts[g] < -1: 
xd.append(lograts[g]) 
yd.append(mlogpvals[g]) 

   
   
plt.scatter(x, y, s=3, c='black') 
plt.scatter(xu, yu, s=5, c='red') 
plt.scatter(xd, yd, s=5, c='blue') 
 
plt.xlabel('log2(FC)') 
plt.ylabel('-log10(p-val)') 
plt.savefig('volcano.png') 
plt.close() 
 
with open('pvals.pkl', 'wb') as output: 

pickle.dump(pvals, output) 
 
with open('dif.pkl', 'wb') as output: 

pickle.dump(dif, output) 
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S5. Chromatograms

Mevalonate standard (retention time 9.97)

MCF-7
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BCC

MCF-10A (no signal following the retention time 9.97)
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S6. BCAA degradation scheme from KEGG
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S7. Complete list of perturbed metabolic reactions
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